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ABSTRACT

tRNAscan-SE has been widely used for transfer RNA

(tRNA) gene prediction for over twenty years, devel-

oped just as the first genomes were decoded. With

the massive increase in quantity and phylogenetic di-

versity of genomes, the accurate detection and func-

tional prediction of tRNAs has become more chal-

lenging. Utilizing a vastly larger training set, we cre-

ated nearly one hundred specialized isotype- and

clade-specific models, greatly improving tRNAscan-

SE’s ability to identify and classify both typical

and atypical tRNAs. We employ a new compara-

tive multi-model strategy where predicted tRNAs are

scored against a full set of isotype-specific covari-

ance models, allowing functional prediction based

on both the anticodon and the highest-scoring iso-

type model. Comparative model scoring has also en-

hanced the program’s ability to detect tRNA-derived

SINEs and other likely pseudogenes. For the first

time, tRNAscan-SE also includes fast and highly ac-

curate detection of mitochondrial tRNAs using newly

developed models. Overall, tRNA detection sensitiv-

ity and specificity is improved for all isotypes, partic-

ularly those utilizing specialized models for seleno-

cysteine and the three subtypes of tRNA genes en-

coding a CAU anticodon. These enhancements will

provide researchers with more accurate and detailed

tRNA annotation for a wider variety of tRNAs, and

may direct attention to tRNAs with novel traits.

INTRODUCTION

Transfer RNAs (tRNAs) are ubiquitous in all living or-
ganisms as the key translator of the nucleic acid code
into proteins. tRNAscan-SE (1) is the most widely em-
ployed tool for identifying and annotating tRNA genes in
genomes. With over nine thousand citations, its users in-
clude sequencing centers, database annotators, RNA bi-

ologists and other researchers. To increase the ease of
use for scientists who cannot install and utilize UNIX-
based software, the tRNAscan-SE On-line website (2,3)
provides quick, in-depth tRNA analysis. tRNA genes pre-
dicted using tRNAscan-SE are also available in the Ge-
nomic tRNA Database (GtRNAdb) (4,5) for thousands
of genomes, enabling the research community to browse
high-quality tRNA collections across all three domains of
life. tRNAscan-SE can also predict full-length tRNA tran-
scripts in RNA sequence data, so its ability to detect either
the gene or RNA is implied when denoted simply as 8tRNA9
analysis in this manuscript.
Numerous other tRNA detection and classiocation

methods have become available since tRNAscan-SE was
orst developed, including ARAGORN (6), which detects
both tRNA genes and tmRNA genes; DOGMA (7), AR-
WEN (8), andMiTFi (9), which are designed for annotating
tRNA genes in various types of organellar genomes; TFAM
(10), which classioes bacterial tRNA genes based on log-
odds prooles built from covariance models; tRNAonder
(11), a rule-based program that detects tRNAgenes through
secondary structure; and SPLITS (12), which aims to dis-
cover split and intron-containing tRNA genes primarily in
archaeal genomes. All of these methods were designed to ei-
ther improve upon or complement tRNAscan-SE, and no-
tably, many depend on tRNAscan-SE9s core detection soft-
ware. None of these programs have been improved upon for
roughly a decade or more.
The original tRNAscan-SE implementation pioneered

the large-scale use of covariance models (CMs) (13) to an-
notate RNA genes in genomes, predating the invaluable
Rfam database (14). By training on structurally aligned
sequences of an RNA family, CMs capture RNA conser-
vation via stochastic context-free grammars that integrate
both primary sequence and secondary structure informa-
tion (13,15). Searches using a CM trained on an alignment
of 1415 tRNAs extracted from the Sprinzl tRNA database
(16,17) yielded unparalleled sensitivity and speciocity (13).
However, these gold-standard searches were too slow to
scale up to scan large genomes––at just 20 nucleotides per
second on contemporary computers, it would have taken
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almost ten CPU-years to scan the human genome (1). To
speed up CM-based tRNA searches to meet the demands
of full genome annotation, the original tRNAscan-SE used
two fast and sensitive algorithms as orst-pass screens to
identify putative tRNAs (18,19).When used in combination
with CM searches, this strategy increased the overall speed
by several orders of magnitude. However, this also greatly
restricted algorithmic nexibility, making detection of spe-
cialized classes of tRNAs, such as mitochondrial tRNAs,
more difocult.
With the innovation of a second-generation CM

search algorithm that is optimized and much faster (20),
tRNAscan-SE9s orst-pass scanners can now be eliminated,
vastly simplifying improvements. Adding new, specialized
tRNA search capabilities and better functional classioca-
tion is now only limited by curation of the high-quality
alignments needed for CM model creation. tRNAscan-SE
2.0 addresses many limitations in the former version by
leveraging new research in tRNA function and by deploy-
ing a large suite of new CMs derived from the massively
expanded universe of tRNA genes uncovered in the genome
era.
Here we describe the most signiocant update of

tRNAscan-SE since its initial release to demonstrate (i)
improved sensitivity and performance via incorporation
of Infernal 1.1 covariance model search software (20), (ii)
updated and expanded search models leveraging a more
representative diversity of tRNA genes from thousands
of newly sequenced genomes, (iii) better functional clas-
siocation of tRNAs, based on comparative analysis of
isotype-specioc tRNA CMs, (iv) accurate identiocation of
vertebrate mitochondrial tRNAs, (v) the ability to detect
multiple and/or noncanonically positioned introns in
archaeal tRNA genes and (vi) a new 8high conodence9 olter
to better discriminate tRNA-derived repetitive elements
from canonical tRNAs. With these new capabilities and
enhancements, we show that tRNAscan-SE 2.0 maintains
the original program9s high sensitivity and selectivity at
essentially no cost in execution efociency.

MATERIALS AND METHODS

Genomes analyzed and availability of tRNAscan-SE predic-
tion results

Predicted tRNA genes in nuclear genomes using
tRNAscan-SE 2.0 are currently available to browse in
the Genomic tRNA Database (GtRNAdb) (5) as well as
by ole download. The genome assemblies used in this study
include 4036 bacteria, 217 archaea and 540 eukaryotes.
Although these are not exhaustive analyses of all avail-
able genomic sequences (which are added constantly), it
constitutes a good representation of high quality, substan-
tially complete genomes. Bacterial, archaeal and fungal
genomes were obtained from NCBI GenBank (21) while
the other eukaryotic genomes were obtained from the
UCSC Genome Browser (22), NCBI GenBank (21) and
JGI Phytozome (23). For evaluating the mitochondrial
tRNA predictions in vertebrates, 3345 mitochondrial
genomes were retrieved from NCBI RefSeq (24). The spe-
cioc genomes with tRNA sets presented in this manuscript
are listed in Supplementary Table S1.

tRNA search modes

In default search mode, the new tRNAscan-SE 2.0 uses In-
fernal 1.1 (20) as the state-of-the-art sequence search en-
gine to ond and score tRNA genes (Figure 1). The original
tRNAscan-SE v1 used tRNAscan (18) and software imple-
menting an algorithm from Pavesi et al. (19) as the sensitive
orst-pass candidate-gathering searches, and Infernal9s fore-
runner, COVE (13), as the high-speciocity tRNA detector.
This v1 search mode is still available in 2.0 as the 8legacy
mode9 (-L) for researchers who wish to make backward ver-
sion comparisons. The Infernal software implements proole
stochastic context-free grammars (SCFGs), also known as
covariance models because of their ability to detect covari-
ation in conserved RNA secondary structures. Covariance
models can be created to identify members of any RNA
gene family based on structurally aligned, trusted examples
which serve as training sets. tRNAscan-SE 2.0 (Figure 1)
employs a combination of 76 different covariance models
(Table 1, Supplementary Table S2 and Supplementary Fig-
ure S1) for identifying and classifying the many different
types and biological sources of tRNAs in two phases. In
step one, models trained on all tRNAs from species in each
domain of life (Eukarya, Bacteria or Archaea) are used to
maximize sensitivity for predicting different types of tRNA
genes. The incorporation of the accelerated proole hidden
Markovmodel (HMM)methods used inHMMER3 (25,26)
and the constrainedCMalignment algorithms (20,27) in In-
fernal provide multiple levels of oltering as part of sequence
homology searches. In the default setting, tRNAscan-SE
2.0 adopts mid-level strictness by executing Infernal9s cm-
search with option 8--mid9 and a low score cutoff (10 bits)
to replace the original orst-pass olters in tRNAscan-SE 1.3.
Then, for the second-pass high speciocity scan, tRNAscan-
SE 2.0 runs Infernal without the HMM olter on the orst-
pass candidates, including extra nanking sequences and a
default score threshold of 20 bits. For users who need to
obtain maximum search sensitivity and can accept a longer
processing time, we also include the use of Infernal with-
out HMMolter (--max option) as an alternative single-pass
search option. It provides similar sensitivity as the COVE-
only search mode in v1.3 but is signiocantly faster than the
legacymethod by at least 15-fold, depending on the genome
size and number of repetitive elements (Supplementary Ta-
ble S3). To further improve identiocation of slightly trun-
cated tRNA genes, the new algorithm also makes use of
the truncated hit detection feature in Infernal to annotate
tRNA gene loci that may be truncated at either or both
ends of the sequence. After initial tRNA gene prediction,
the task of isotype classiocation is performed by compar-
ing each anticodon prediction, identioed by its position in
the anticodon loop of the predicted tRNA secondary struc-
ture, to the scores of the full tRNA sequence against a suite
of isotype-specioc covariance models, a strategy similar to
TFAM (28). Now, alongside the predicted anticodon, the
highest scoring isotype-specioc model can also be reported
in the search output (--detail option); any disagreement be-
tween the two functional prediction methods can be nagged
by tRNAscan-SE to facilitate closer inspection by the user.
While tRNAscan-SE v1.3 included an organellar tRNA

search option, it was not speciocally trained on mitochon-
drial tRNAs, thus did not identify them with high accu-
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Figure 1. Schematic diagram of tRNAscan-SE 2.0 search algorithm. Three pathways were developed for cytosolic tRNA search modes with the addition
of the mitochondrial tRNA search mode. The default method employs Infernal 1.1 (20) with newly built covariance models for similarity search while the
legacy search remains the same as tRNAscan-SE 1.3 (1) for backward compatibility.
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Table 1 Expanded phylogenetic representation of tRNA gene sets used

as training for tRNA covariance model creation. The tRNA genes were

grouped by source species9 domains for building domain-specioc covari-

ance models. For tRNAscan-SE 2.0, tRNA sequences were further sub-

grouped into different isotypes for the generation of domain-specioc,

isotype-specioc models.

Models in tRNAscan-SE
1.3

Models in tRNAscan-SE
2.0

Domain
Number of
genera

Number of
genomes

Number of
genera

Number of
genomes

Eukaryota 88 115 110 155
Bacteria 23 33 647 4016
Archaea 13 18 75 182
Total 124 166 838 4285

racy, especially those that do not have a canonical cloverleaf
secondary structure (29,30). In version 2.0, we have added
in a mitochondrial tRNA search option (-M) that can use
clade- and isotype-specioc covariance models trained on
mitochondrial tRNA (mt-tRNA) sequences. Currently, two
versions of these mitochondrial search models are avail-
able: one set trained on mammalian mt-tRNAs, and an-
other trained on a broader set of vertebrate mt-tRNAs.
Additional mt-tRNA models are in development, particu-
larly for species with highly degenerate mt-tRNA structures
(e.g. missing one or more tRNA arms). The mitochondrial
tRNA isotype indicated in prediction output corresponds
to the highest scoring covariance model, while the anti-
codon is determined by analysis of the Infernal secondary
structure output (middle three nucleotides found within the
anticodon loop). This allows nagging of tRNA genes with
inconsistent isotypes when comparing model-based versus
anticodon-based isotype prediction. When scanning nu-
clear genomes, users can optionally include mitochondrial
model scoring (--mt option) to identify and distinguish be-
tween cytosolic and nuclear-encoded mitochondrial tRNA
genes (31,32).

False positive analysis and score threshold determination

The default score cutoff for tRNA predictions in
tRNAscan-SE 1.3 using COVE (13) is 20 bits. To as-
sess if this threshold could be applied to the new version
with Infernal (20), we generated virtual genomes for
Escherichia coli K12, Halobacterium sp. NRC-1, Saccha-
romyces cerevisiae S288C and Homo sapiens by using a
ofth order Markov chain to retain the base frequencies of
actual genomes (Supplementary Table S4). These simulated
sequences enable testing a broad diversity of G/C contents
and genome sizes from evolutionarily distant phylogenetic
clades. The tRNAscan-SE 2.0 default search mode and
a score cutoff of 10 bits (8--score 109 option) was used to
search the equivalent of 100 genomes of each of the four
different species. The highest scoring hit in this negative
control sequence set was 29.5 bits, and the vast majority
of false positive hits (687 out of the total 704) had very
low scores ranging between 10 and 20 bits (Supplementary
Figure S2A). For reference, 100 700 tRNAs (100 genomes
× 1007 total tRNA genes) were identioed in the equivalent
copies of actual genomes using a score cutoff of 20 bits

or greater. Based on these results, we did not change
the original 20-bit default score threshold used in prior
versions of tRNAscan-SE. When scanning large eukaryotic
genomes and loss of identiocation of some tRNA-derived
pseudogenes is acceptable, a threshold of 30 bits (8--score
309 option) may be considered as a useful high-stringency
cutoff.
Similarly, we applied this strategy for estimating false

positive tRNA predictions in vertebrate mitochondria. A
total of 3500 virtual mitochondrial genomes were generated
with the same method as above for each of ove genomes
representing a range of G/C content (Supplementary Ta-
ble S5). tRNAscan-SE 2.0 mitochondrial search mode for
vertebrates (8-M vert9 option) was used to search the vir-
tual genomes. With the score cutoff set at 0 bits for this
search, a total of 1764 hits were identioed with scores rang-
ing between 0 and 16.5 bits (Supplementary Figure S2B).
For reference, 539 000 tRNAs (3500 genomes × 154 total
mt-tRNA genes) were identioed in the equivalent copies of
actual genomes using 20 bits as the score cutoff. Thus, we
kept a default cutoff of 20 bits for mitochondrial tRNA
genes. We also evaluated the performance of ARWEN (8)
and MiTFi (9) by scanning the same set of virtual genomes
for comparison (Supplementary Table S5). ARWEN with
-mtmam and -rp options were used for virtual genomes of
Homo sapiens andHemiechinus aurituswhile -gcvert and -rp
were used for the rest. MiTFi was run in default mode.

tRNAscan-SE 1.3 and 2.0 Search Comparisons

The genome assemblies used in this study were scanned
with tRNAscan-SE v1.3 and 2.0 using the corresponding
domain search modes (-E, -B or -A options). When run-
ning v1.3 on archaeal genomes, the --ncintron option was
also included to enable noncanonical intron searches (this
functionality is default in 2.0). Predicted tRNA genes in ar-
chaeal, bacterial and fungal genomes were compared on the
basis of similarity of genomic coordinates and tRNA iden-
tity (isotype and anticodon). Results were grouped into four
categories: (i) consistent––the predicted gene has consistent
identity and start and/or end positions differ by 10 nu-
cleotides or less, (ii) isotype mismatch––the predicted gene
coordinates are the same but the isotype does not match,
(iii) novel––the gene is only predicted by v2.0 but not v1.3,
(iv) not detected––the gene is predicted by v1.3 but not v2.0.
Within the 8consistent9 category (Table 2), only 0.69% ar-
chaeal, 6.8% bacterial, and 1.7% fungal tRNA predictions
were found to have slightly different start and/or end po-
sitions. Model organisms (Table 3) were compared by pre-
dicted gene counts and program execution time. All pre-
diction runs were conducted on Linux servers with iden-
tical conogurations (dual Intel 10-core HT processors at
2.30GHz and 128 GB memory). tRNAscan-SE 2.0 utilized
eight parallel threads for Infernal (20) searches (--thread 8
option) while v1.3 only allows a single thread.

Development of domain-specioc covariance models

We assembled three sets of domain-specioc genomic tRNA
sequences from a total of over 4000 genomes using exist-
ing tRNAscan-SE 1.3 predictions in GtRNAdb Release 15
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Table 2 Comparison of tRNA gene predictions in archaeal, bacterial and fungal genomes between tRNAscan-SE 1.3 and 2.0 show thousands of new

tRNA identiocations. tRNA gene counts and percentages given relative to v2.0 total predictions: 8Consistent9, v2.0 and v1.3 gene predictions that are

identical or nearly identical; 8Isotype mismatch9, v2.0 and v1.3 isotype predictions that disagree for the same tRNA gene; 8Novel9, v2.0 predictions that

were not found by v1.3. 8Not detected9 includes v1.3 predictions not found by v2.0 (percentages are relative to v1.3 total predictions).

Clade # of genomes
tRNAscan-SE 1.3

predictions
tRNAscan-SE 2.0

predictions Consistent
Isotype
mismatch Novel Not detected

Archaea 217 10 302 10 354 10 205 (98.5%) 79 (0.8%) 70 (0.7%) 29 (0.28%)
Bacteria 4036 240 352 246 226 239 612 (97.3%) 447 (0.2%) 6165 (2.5%) 293 (0.12%)
Fungi 432 81 620 80 824 74 997 (92.8%) 3398 (4.2%) 2426 (3.0%) 3225 (3.9%)

Table 3 Comparison of tRNAscan-SE prediction counts and search performance for selected model species. tRNA prediction counts for v1.3, and relative

change for v2.0, show no difference or small gains in bacteria and archaea. In eukaryotes with large numbers of pseudogenes, the differences between v1.3

and v2.0 are much reduced after excluding pseudogenes. Search times of genomes using v1.3 and v2.0 show small changes of less than a minute or two for

most genomes, depending on species, but notable improvements for large eukaryotic genomes (last three rows).

tRNAscan-SE 1.3 / 2.0

Genome Domain
Genome size
(million bp)

Total tRNA
predictions

tRNAs excluding
pseudogenes Search time

Bacillus subtilis 168 Bacteria 4.2 86/0 86/0 27s/+10s
Clostridioides difocile 630 Bacteria 4.3 87/+2 87/+1 19s/+18s
Escherichia coli K-12 Bacteria 4.6 88/+1 87/+1 43s/+5s
Mycobacterium tuberculosis H37Rv Bacteria 4.4 45/0 45/0 40s/-17s
Pseudomonas aeruginosa PAO1 Bacteria 6.3 64/0 63/0 56s/-23s
Halobacterium sp. NRC-1 Archaea 2.0 47/0 47/0 1m 35s/-44s
Methanocaldococcus jannaschii Archaea 1.7 37/0 37/0 29s/+13s
Pyrobaculum aerophilum Archaea 2.2 45/+2 45/+2 1m 10s/+9s
Pyrobaculum calidifontis Archaea 2.0 43/+3 43/+3 1m 43s/+26s
Pyrococcus furiosus DSM 3638 Archaea 1.9 46/0 46/0 33s/+24s
Sulfolobus acidocaldarius DSM 639 Archaea 2.2 49/+1 49/+1 47s/+14s
Saccharomyces cerevisiae S288c Eukaryota 12.2 275/0 275/0 52s/+1m 28s
Schizosaccharomyces pombe 972h- Eukaryota 12.6 171/0 171/0 36s/+48s
Caenorhabditis elegans Eukaryota 100.3 820/-99 609/+9 5m 9s/+30s
Drosophila melanogaster Eukaryota 143.7 295/0 291/+1 3m 54s/+2m 18s
Arabidopsis thaliana Eukaryota 119.7 639/+3 631/+3 4m 45s/+46s
Homo sapiens Eukaryota 3101 625/-29 515/-4 1h 37m/-47m 23s
Mus musculus Eukaryota 2731 26 287/+14 625 3296/+1201 7h 46m/-3h 13m
Zea mays Eukaryota 2134 2296/-213 1464/-76 1h 5m/-19m 21s

(4) plus additional predictions (also from tRNAscan-SE
1.3 for species not yet represented in GtRNAdb), repre-
senting a broad diversity of eukaryotes, bacteria, and ar-
chaea (Table 1 and Supplementary Figure S1). Before using
these tRNA sequences as training sets for building domain-
specioc covariancemodels,multiple oltering stepswere used
to maximize quality. To avoid the inclusion of common
tRNA-derived repetitive elements that exist in many eu-
karyotic genomes, especially those in mammals (33–35), we
orst selected only the eukaryotic tRNAs with a COVE score
>50 bits, a threshold renecting more conserved, canoni-
cal tRNA features. We then selected only the top 50 scor-
ing tRNAs for each isotype per organism to avoid over-
representation of high-scoring tRNA-derived repetitive el-
ements which are abundant in some species (e.g. elephant
shark has over 9500 tRNAAla scoring over 50 bits). For
the bacterial tRNA training set, all genes having potential
self-splicing introns were excluded to eliminate large align-
ment gaps (i.e. mostly over 200 nt) which can hinder efocient
model creation. Similarly for archaea, pre-processing of se-
quence training sets was necessary. Some species within the
phyla Crenarchaeota and Thaumarchaeota contain tRNA
genes that are known to have multiple noncanonical introns
(5,36,37). Atypical tRNAs such as trans-spliced tRNAs and
circularized permuted tRNAs have also previously been dis-

covered in Crenarchaeota and Nanoarchaeota (12,38,39).
To accommodate these special archaeal features with-
out sacriocing performance, both mature tRNA sequences
(without introns) and selected atypical genes with multi-
ple introns at different locations were included in the ar-
chaeal tRNA training sets. As a last step, anticodons of
tRNA sequences in all training sets were replaced with
NNN and aligned to the corresponding original domain-
specioc tRNA covariance models using Infernal (20).
The resulting alignments were then used to generate the
new set of domain-specioc tRNA covariance models with
Infernal.

Development of isotype-specioc covariance models

The isotype-specioc covariance models for the three phylo-
genetic domains were built iteratively through two rounds
of training to capture sequence features identifying each
tRNA isotype (Supplementary Figure S1). We found this
two-step process necessary to avoid polluting isotype-
specioc alignments with tRNA genes derived from other
isotypes but 8mislabelled9 by the prior tRNAscan-SE due
to mutations in anticodons (relatively common in high-
scoring pseudogenes). In the orst round, the tRNA genes
used for building the domain-specioc covariance models
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were divided into groups according to the tRNA isotypes
determined by the anticodon sequence. For archaeal mod-
els, tRNA sequences of genes with noncanonical introns
were 8pre-spliced9 to only include their mature sequences.
The sequences of each isotype group were then aligned
to the tRNA covariance model of the corresponding do-
main using Infernal (20). 8Intermediate9 covariance mod-
els for each isotype were built using the resulting align-
ments. In a second round of model-building, the original
training set from each domain was scored against the new
intermediate covariance models. The sequences were then
grouped according to isotype, this time primarily based on
which isotype-specioc covariance model yielded the high-
est score for each sequence (regardless of the anticodon se-
quence).We further performedmanual inspection of the ar-
chaeal tRNA alignments to ensure that tRNAs with un-
ambiguous isotypes, such as essential single-copy tRNA
genes, were grouped appropriately. Clear cases of erro-
neous initial isotype grouping were corrected because of
the strong effect of isotype confusion causing misclassi-
ocations given the limited number of training sequences
for archaea. Similar isotype confusion was not observed
for automatically generated bacterial and eukaryotic train-
ing alignments. These revised isotype-classioed sequence
groups were re-aligned to the corresponding intermedi-
ate models to build the onal isotype-specioc covariance
models.

Covariance models for methionine tRNAs and isoleucine tR-
NAs decoding AUA

In eukaryotes and archaea, initiator methionine tRNA
(tRNAiMet) and elongator methionine tRNA (tRNAMet)
have distinct sequence features and functions but contain
the same anticodon, CAU. Similarly, N-formylmethionine
tRNA (tRNAfMet) in bacteria also contains the same CAU
codon as the structurally distinct elongator methionine
tRNA. Further adding to anticodon-function ambiguity,
tRNAIle2, which decodes the isoleucine AUA codon, is also
encoded by tRNA genes containing a CAU anticodon.
These special tRNAIle2 are post-transcriptionally modioed
at their wobble bases (lysidine in bacteria and agmatidine
in archaea), effectively giving them isoleucine-specioc UAU
anticodons. The strategy of prior versions of tRNAscan-SE
to identify tRNAs based only on their anticodon failed to
separate these three functionally distinct tRNAs.
In order to develop accurate covariance models that rep-

resent these structurally and functionally different tRNAs,
we applied the above two-round training method with care-
fully selected training sets. For eukaryotes, the sequences
of tRNAiMet and tRNAMet were selected from the original
1415 tRNAs used for training tRNAscan-SE 1.3. For bac-
teria, we collected the sequences for tRNAfMet, tRNAMet,
and tRNAIle2 from 234 genomes where these tRNA genes
were classioed (40). For archaea, we curated the sequences
based on known identity elements of these three different
tRNAs (41). These sequences were aligned to the corre-
sponding domain-specioc covariance models for generating
the orst-round intermediate covariance models followed by
the second-round training step, producing the onal covari-
ance models.

Selenocysteine tRNA modelling

Selenocysteine tRNAs (tRNASeC) have secondary struc-
tures and loop sequence lengths that differ from other
tRNA isotypes and are a component of the protein trans-
lation system of species that employ selenoproteins (42).
While eukaryotic and archaeal tRNASeC have a 9-bp accep-
tor stem and a 4-bp T-arm (9/4 fold) (43–46), bacteria have
an 8-bp acceptor stem and a 5-bp T-arm (8/5 fold) (47,48).
To build covariance models for these special cases, we cu-
rated the sequences of tRNASeC from genomes where se-
lenoproteins were previously identioed and removed those
that do not retain published canonical features: the spe-
cial secondary structure of tRNASeC, a UCA anticodon
and G at position 73. The collected sequences, 65 eukary-
otic (49–60), 61 bacterial (61) and 13 archaeal (46,62–65),
were aligned to the original tRNASeC covariance models
from tRNAscan-SE 1.3, with manual inspection and ad-
justments. The resulting alignments were used to build the
domain-specioc tRNASeC covariance models.

Identiocation of noncanonical introns in archaeal tRNAs

All tRNA candidates predicted with the archaeal search
model are analyzed for noncanonical introns (Supplemen-
tary Figure S3). Two covariance models that include the
bulge-helix-bulge (BHB) secondary structure were built
with manually curated noncanonical tRNA introns from
(i) Crenarchaeota and Euryarchaeota and (ii) Thaumar-
chaeota, in order to capture the different consensus intron
sequences found in tRNA genes from these phylogenetic
groups. To improve the identiocation of introns located near
the 5′ and/or 3′ ends, tRNA candidates are extended with
60 nucleotides of nanking sequences and scanned with the
BHB covariance models. Predicted noncanonical introns
are conormedwhen the score of the predictedmature tRNA
with detected intron(s) removed is higher than the unspliced
form. Some tRNA genes contain two or three introns, with
introns located in such close proximity that one intron must
be removed before a second BHB motif can be formed and
detected in the second intron. Thus, multiple iterations of
the intron search are carried out until the tRNA prediction
score is maximized, or the length of the predicted mature
tRNA is <70 nucleotides (the typical minimum length of
archaeal tRNAs). Final reported scores in tRNAscan-SE
2.0 outputs are based on the predicted mature tRNAs.

Covariance models for detecting mitochondrial tRNAs in ver-
tebrates

Mitochondrial tRNA genes (mt-tRNAs) in 1085 vertebrate
species were obtained from mitotRNAdb (17) as the train-
ing set for building covariance models. In the mitochon-
dria of vertebrates, there is typically one tRNA for each
isotype, except mt-tRNALeu and mt-tRNASer which each
have two tRNAs with different anticodons (66). To achieve
high speciocity for each mt-tRNA type, we grouped the se-
quences by isotypes and anticodons resulting in 22 sets of
mt-tRNA genes for generating individual covariance mod-
els. To further increase prediction accuracy for mammalian
mt-tRNAs, we built a second set of covariance models
that only utilized mt-tRNA genes from 282 mammals as
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the training set. Both sets of covariance models were built
with two rounds of training. First, each subset of isotype-
specioc mt-tRNA sequences, excluding mt-tRNASer(GCU),
was aligned to the general covariance model from the orig-
inal tRNAscan-SE (1) using Infernal (20). The general
model was chosen because it was used in the organellar
search mode of tRNAscan-SE v1.3 and has the greatest di-
versity of tRNA training sequences from all three domains
of life. To accommodate the atypical secondary structure
of mt-tRNASer(GCU), a custom covariance model without
the D-armwas built and used for aligning mt-tRNASer(GCU)

genes. The resulting alignments were used to build the
orst set of 22 isotype-specioc covariance models for ver-
tebrates and mammals. For the second round of training,
the isotype-specioc mt-tRNA sequences were aligned to
the corresponding isotype-specioc covariance models gen-
erated in the orst round. These alignments were then used
to build the onal sets of mt-tRNA covariance models.

Prediction evaluation for mitochondrial tRNAs in vertebrates

NCBI RefSeq (24) mt-tRNA gene annotations from 3345
vertebrate mitochondrial genomes that include 739 mam-
mals (genome size range: 9118–28 757 bytes; median size:
16 616 bytes; average size: 16 802 bytes) (Supplementary
File S7) were obtained to compare with the tRNAscan-SE
2.0 predictions using the vertebrate mitochondrial search
mode in the corresponding genomes; the mammalian-
specioc mitochondrial models showed similar performance,
and therefore all subsequent analyses used the more di-
verse vertebrate mt-tRNA models for easier comparison.
For testing purposes, the score cutoff of tRNAscan-SE was
set to 0 bits to better identify potential 8false negatives9 scor-
ing just below the standard 20-bit cutoff (Supplementary
Figure S4 and Supplementary File S8). Comparison results
were grouped into ove categories: (i) consistent––the pre-
dicted gene overlaps within 15 nucleotides of the start and
end positions and also has a consistent isotype as annotated
in RefSeq, (ii) isotype mismatch––the predicted gene is lo-
cated in the same genomic locus as RefSeq annotation but
the isotype does not match, (iii) position mismatch––the
predicted gene has identical isotype as RefSeq annotation
but strandedness is different or the predicted gene bound-
aries are beyond ±15 nucleotides (although still overlap-
ping with RefSeq annotation), (iv) novel––the predicted
gene does not have a corresponding RefSeq annotation
in the same genomic locus, (v) not detected––RefSeq-
annotated gene not detected by tRNAscan-SE. Predictions
from tRNAscan-SE 2.0 that were not classioed as matches
were inspected to assess the accuracy of the program and/or
the existing annotation.
For algorithm performance comparison, mt-tRNA pre-

dictions in the same set of vertebrate mitochondrial
genomes were generated using ARWEN (8) andMiTFi (9).
ARWENwas runwith recommended options of –mtmat for
mammalian mitochondrial genomes and –gcvert for non-
mammalian vertebrate mitochondrial genomes; MiTFi was
run with default mode. Predictions from each algorithm
were also compared against NCBI RefSeq (24) gene anno-
tations and comparison results were grouped into categories
as described above. These results were compared with pre-

dictions of tRNAscan-SE 2.0 using the default score cutoff
(20 bits).

Custom search conogurations

To increase the nexibility of tRNAscan-SE 2.0, we include
a conoguration ole that accompanies the software. This ole
contains default parameters such as score thresholds of dif-
ferent search modes, ole locations of covariance models
and legacy search mode settings. Advanced users can make
changes to settings as appropriate for their research needs.
To further extend its capability, an extra search option was
implemented in tRNAscan-SE 2.0 that allows researchers
to use alternate covariance models specioed in the conogu-
ration ole for tRNA searching. If multiple alternate covari-
ance models are included, the top scoring one at each over-
lapping locus will be reported. This new feature enables the
use of custom-built covariance models that may better de-
tect tRNAs with atypical unique features.

Post-scan oltering of potential tRNA-derived repetitive ele-
ments and classiocation of high conodence tRNAs

EukHighConodenceFilter in tRNAscan-SE 2.0 is a post-
scan oltering program for better distinguishing tRNA-
derived repetitive elements in large eukaryotic genomes
(metazoans and plants) from 8real9 tRNAs that function
in protein translation. Three oltering stages are involved in
the classiocation (Supplementary Figure S5). First, tRNA
predictions that are labeled as possible pseudogenes are
excluded from the high conodence set; these criteria were
established by the prior version of tRNAscan-SE (overall
score below 55 bits and one of two conditions: primary se-
quence score below 10 bits or secondary structure score be-
low 5 bits). Second, predictions with any of the following at-
tributes are removed from the high conodence set: isotype-
specioc model score below 70 bits, overall score below 50
bits, or secondary structure score below 10 bits. Finally, if
there are >40 predicted hits remaining for any given anti-
codon, a dynamic score threshold is used, starting at 71 bits,
rising one bit and oltering lower-scoring hits, iteratively, un-
til the number of predictions for that anticodon is no longer
over 40 or when the score threshold reaches 95 bits. The
score thresholds in stages two and three were empirically
determined by comparing score distributions of predictions
among eukaryotic genomes with and without large num-
bers of tRNA-derived repetitive elements (Supplementary
Figure S6). The remaining tRNA predictions are included
in the high conodence set if (i) they have a consistent iso-
type prediction (inferred from anticodon versus the high-
est scoring isotype-specioc model) and (ii) they have an 8ex-
pected9 anticodon based on known decoding strategies in
eukaryotes where 15 anticodons are not used (67). There is
no corresponding olter for bacterial or archaeal tRNA, as
they have not been found to contain large families of tRNA-
derived repetitive elements.

RESULTS

Improvements in performance of tRNAscan-SE 2.0

With thousands of genomes that have become available
since the orst tRNAscan-SE was released, there is an op-
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portunity to improve the diversity of sequences used to
train its search models, ensuring high sensitivity for an ever-
broader group of sequenced organisms. Genome sequenc-
ing has far eclipsed direct tRNA sequencing for many years,
thus the vast majority of observed tRNA sequences are
no longer based on tRNA transcripts. Instead, they are
almost always computationally predicted from genomes,
most likely by an earlier version of tRNAscan-SE. As such,
the orst step in assessing the algorithm performance of
tRNAscan-SE 2.0 (Figure 1) is to compare it to the ex-
isting gold standard, tRNAscan-SE 1.3. One of the most
substantial advancements in the new version is incorpo-
ration of Infernal 1.1 (20) (see Materials and Methods),
which makes use of multi-core central processing units
(CPUs) that enable parallelization to achieve accelerated
searches (26). Integration of Infernal also enables elimina-
tion of the 8orst-pass9 scanning programs (Figure 1, 8Legacy
search9) required for speed in tRNAscan-SE 1.3. This algo-
rithmic streamlining provided new nexibility to develop a
broader suite of specialized tRNA covariance models (Sup-
plementary Table S2). New and updated models now in-
clude tRNA training data from over 4000 genomes across
the three domains of life (Table 1). As a result, tRNAscan-
SE 2.0 shows improvement in overall detection sensitivity,
increased accuracy in detection of particular classes of tR-
NAs, and a new way to better predict the tRNA isotype,
all at little to no cost in execution time relative to the prior
version.
Comparing detection results between tRNAscan-SE 1.3

and 2.0 across a wide swath of high-quality complete
prokaryotic genomes, we found 10 205 archaeal (98.5%)
and 239 672 bacterial (97.3%) predictions that were iden-
tical or substantially overlapping (Table 2), leaving a rel-
atively small proportion with differences to be examined
more closely. We noted these changes were among relatively
weak tRNA predictions (scores of <50 bits) for which nor-
mal tRNA processing and function is uncertain. All differ-
enceswere broken down into three classes: changes in tRNA
isotype, predictions only detected using v1.3, and new pre-
dictions found only using v2.0.
Among the 178 archaeal tRNAs showing differences (Ta-

ble 2), the majority of these were low-scoring (<50 bits),
including all 29 genes no longer reported by v2.0 (Figure
2A). Manual inspection showed that these low scores were
often caused by truncated genes (either on 5′ or 3′ end)
or noncanonical cloverleaf secondary structures (Supple-
mentary File S1), suggesting that they may have little or
no role in protein translation. Conversely, improvements in
v2.0 for detecting tRNA genes with noncanonical introns
(see Materials and Methods) enable identiocation of more
than three dozen high-scoring archaeal tRNA genes that
were previously missed, mostly in species from the phyla
Crenarchaeota and Thaumarchaeota (5,36,37,68) (Supple-
mentary File S1). Thus, v2.0 shows clear improvement in
sensitivity for the most difocult tRNA targets previously
overlooked. As more archaeal species with non-canonical
introns are isolated and studied, this improvement will be-
come even more essential for accurate, complete archaeal
genome analyses.
Within bacterial genomes, there were almost 7000 tRNA

genes with detection differences between v1.3 and v2.0 (Ta-

ble 2), but 6165 of these were new predictions found only
by v2.0 (Table 2). A majority of these detection differences
occurred in low-scoring tRNA genes (Figure 2B) –– for ex-
ample, the median score for predictions that matched be-
tween versions was 77.1 bits, whereas the medians were
28.4 bits for those not detected by v2.0, and 26.2 bits for
novel v2.0 predictions. Similar to those in archaea, we es-
timated that these low-scoring tRNA predictions are not
transcribed or normally processed, thus would have mini-
mal impact on protein translation. Of all the newly iden-
tioed bacterial tRNAs, selenocysteine tRNAs (tRNASeC)
stand out, as these tRNA genes are now detected by v2.0 as
high-scoring hits in 273 bacterial genomes due to the greatly
improved tRNASeC covariance models (see Methods). Of
the 293 bacterial tRNApredictions detected by v1.3 but not
v2.0, all were predicted by v1.3 to be pseudogenes, had atyp-
ical secondary structures and/or scored <50 bits (Supple-
mentary File S2). Our analyses of>240 000 bacterial tRNA
genes demonstrate a clear net gain in bacterial tRNA pre-
diction for v2.0.
While we observed mostly identical but slightly improved

detection in the new version of tRNAscan-SE for bacteria
and archaea, there were many more differences in eukary-
otes due to dramatically increased genome sizes, incom-
pletely assembled chromosomes, and increased frequency
of tRNA-derived repetitive elements. For this reason, we
utilized fungi for benchmarking, the eukaryotic subdomain
that has the largest number of complete, relatively com-
pact genomes which harbor smaller numbers of tRNA-
derived repetitive elements in contrast to many vertebrate
genomes (33,69). As described for bacteria and archaea, the
vast majority of inconsistencies between v1.3 and v2.0 were
from sub-50 bit tRNA gene predictions (Table 2, Figure 2C
and Supplementary File S3). The median score for fungal
predictions that matched between versions was 63.5 bits,
whereas the medians were 26.3 bits for those not detected
by v2.0, and 27.9 bits for novel v2.0 predictions. For tRNAs
showing differences in isotype prediction, the median score
was 36.8 bits; noncanonical cloverleaf secondary structures
in these genes, found in a small subset of fungal genomes
with tRNA-derived repetitive elements (69–71), accounted
for nearly all these differences in isotype prediction. Over-
all, the approximately 93% consistency between v1.3 and
2.0 predictions for 432 fungal genomes, with nearly all con-
nicts occuring in low-scoring hits, shows remarkably similar
performance for typical tRNAs (Figure 2C).

Effect of new algorithm on tRNA detection in model genomes

Focusingmore speciocally onmodel species (Table 3), we in-
vestigated the sequence basis for every difference in predic-
tions between versions. For Escherichia coliK-12, we noted
an extra predicted tRNA gene was identioed by tRNAscan-
SE 2.0, although it is very low-scoring (29.6 bits) with an
undetermined anticodon and isotype (Supplementary File
S2). Upon inspection, we found that it is part of gene
b2621, a transfer-messenger RNA (tmRNA) that is known
to have both tRNA-like andmRNA-like properties and res-
cues stalled ribosomes (72,73). In other well-studied bacte-
rial species, multiple tRNA genes in Bacillus subtilis 168 (2
genes) and Mycobacterium tuberculosis H37Rv (15 genes)
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Figure 2. Score distributions of tRNA genes comparing tRNAscan-SE 2.0 to 1.3 predictions show substantial agreement, with most differences among
low-scoring (<50 bit) tRNA genes. (A) 10 354 tRNA predictions in 217 archaeal genomes, (B) 246 271 predictions in 4036 bacterial genomes and (C) 80 824
predictions in 432 fungal genomes were detected using tRNAscan-SE 2.0 with default search modes for each respective domain. Prediction results were
grouped into four categories: (i) 8Consistent9 between versions, (ii) 8IsotypeMismatch9 where v2.0 and v1.3 predictions have different isotype classiocations,
(iii) 8Novel9 for predictions new in v2.0 and (iv) 8Not detected9 for prior 1.3 predictions no longer detected by v2.0. Each histogram represents the prediction
scores binned by 10 bits in the corresponding comparison category. Vertical black dashed lines represent the median score in the category, and vertical red
dashed lines demarcate the 50-bit 8low score9 threshold.

were predicted to be 3 nucleotides shorter using the new ver-
sion. Comparison of the sequence alignments revealed that
tRNAscan-SE 1.3 incorrectly included additional trailer se-
quences such as TCA and CTA as the 3′ CCA tail, indicat-
ing an improvement of the newly built covariance models
for identifying the 3′ ends of bacterial tRNAs in v2.0. In
addition, the better-trained model for bacterial tRNASeC

enables correct prediction of this tRNA9s gene boundaries
in Pseudomonas aeruginosa PAO1 and avoids v1.3′s omis-
sion of the gene in Clostridioides difocile 630 (heterotypic
synonym: Peptoclostridium difocile 630).

For model archaea such as Pyrococcus furiosus, Sul-
folobus acidocaldarius, Halobacterium sp. NRC-1 and
Methanocaldococcus jannaschii, the predicted genes were
identical or had a slight improvement in sensitivity for
intron-containing genes (Table 3 and Supplementary File
S1). Similarly, there were no changes in the number of
predicted genes for the model single-celled fungi Saccha-
romyces cerevisiae S288C (budding yeast) and Schizosac-
charomyces pombe 972h-. In Drosophila melanogaster,
tRNAscan-SE 2.0 correctly detects one more tRNA gene
(tRNA-Tyr-GTA-1–9) that was originally missed by v1.3
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due to its large 113-nt intron, while a likely pseudogene with
a very low score (28.6 bits) in the genome is dropped by
v2.0 (Supplementary File S3). By comparison, Caenorhab-
ditis elegans showed more differences than Drosophila, yet
95% (685 out of 721) of the predictions by v2.0 were consis-
tent with v1.3. Among the 14 predictions that had different
isotype/anticodon, 11 of themweremarked as pseudogenes
and the others had atypical predicted secondary structures
or sequence features. The remaining C. elegans differences
were again among predicted pseudogenes and other sub-
50 bit predictions, with one notable exception. Similar to
Drosophila, one of the novel high-scoring genes found exclu-
sively by v2.0 (tRNA-Ala-AGC-7–1) was predicted to have
a very large intron (323 nt). Thus, v2.0 is estimated to have
the same or slightly better sensitivity for well-studied model
species.

Human tRNA detection

Examination of the changes in human tRNA predictions
further illustrates subtle differences seen in other vertebrate
analyses, mostly among borderline predictions. Out of 625
prior tRNA predictions in the human genome, tRNAscan-
SE 2.0 detects 56 more candidates but does not report 65
predicted by v1.3. Within these non-intersecting sets, two-
thirds are classioed as possible pseudogenes by tRNAscan-
SE (see Materials and Methods), with the highest score
among predictions found only by v2.0 at 47.6 bits, or only
found by v1.3 at 34.44 bits. To gather experimental evidence
for transcription and/or processing of these low-scoring
predictions, we examined published small RNA sequenc-
ing data from ARM-Seq (74), DM-tRNA-seq (75,76) and
theDASHRdatabase (77). Based on tRNA read abundance
from these studies (Supplementary Table S6), we found that
only two of the predictions detected only by v1.3 are above
background (>5 reads per million, RPM; Supplementary
Table S6A), and these reads only aligned to the 3′ end of the
tRNA gene (Supplementary Figure S7). Among the high-
est scoring new v2.0 predictions examined, nine showed ex-
pression above background in at least one sample (Supple-
mentary Table S6B). Most genes showing some expression
have sequencing reads aligned to just the 5′ or 3′ end of the
gene body, suggesting possible roles as tRNA-derived small
RNAs. Two predictions show a different transcript pattern,
with RNA-seq reads aligned to the anticipated full length
pre-tRNA transcript. One of them is a low-scoring (22.8
bits) tRNATyr(GTA) gene with a 12-nt intron and low abun-
dance level across the entire precursor tRNA region (Sup-
plementary Figure S8A) (74). Based on the UCSCGenome
Browser 100-vertebrate conservation track (22), this tRNA-
like feature aligns to similarly low-scoring versions in pri-
mates but also high-scoring canonical tRNATyr(GTA) genes
in non-primate mammals. Recent mutations in the primate
lineage suggest it has become a tRNA-derived element that
is still transcribed but not processed into a functional tRNA
(Supplementary Figure S8B). Overall, our survey of human
tRNA sequencing data revealed a small fraction of these
8new9 predictions (all <50 bits) that have evidence of tran-
scription, yet apparently not as stable full-length tRNAs di-
rectly involved in ribosomal codon translation. Through-
out the comparisons between the two versions of the pro-

gram, this was a recurring theme: very few changes for high
conodence tRNAs with evidence of expected function, ver-
sus numerous changes in 8edge cases9 in the twilight region
(∼20–50 bits) where tRNA-derived gene remnants retain
some but not all the sequence features necessary for tran-
scription, processing to maturity and deployment for ribo-
somal translation.

False positive and speed comparison

To assess false positive rate, we used tRNAscan-SE 2.0
to search against the equivalent of 100 synthetic genomes
with preserved hexamer frequencies for each of four dif-
ferent model species (representing varied G/C content) in-
cluding E. coli K12, Halobacterium sp. NRC-1, Saccha-
romyces cerevisiae S288C and Homo sapiens (see Materi-
als and Methods). No false positives were detected above
20 bits in the three sets of virtual microbial genomes, and
only 17 hits were found above the default 20-bit cutoff
in the virtual human genomes (Supplementary Table S4
and Supplementary File S4). For context, 100 700 tRNA
genes were identioed in the equivalent number of copies
of the actual model genomes. The highest hit scored 29.5
bits (Supplementary Figure S2A), which is substantially
lower than the median score for typical tRNA genes (Fig-
ure 2), and all 17 would be classioed as pseudogenes. The
original version of tRNAscan-SE previously reported a
false positive rate of <0.00007 per million bp (1). Thus,
with a false positive rate of 0.00005 per million bp, v2.0
is estimated to have an equal or slightly better selectivity
than v1.3.
We compared the relative execution speed of both

versions of the program on model genomes (Table 3).
tRNAscan-SE 2.0 is slightly slower than v1.3 for organ-
isms with small genome size (e.g. E. coli and Saccharomyces
cerevisiae) due to the 21- or 22-fold isotype-specioc covari-
ance model analyses (depending on phylogenetic domain),
a key new feature giving better functional classiocation (de-
scribed below). However, the run time for large eukary-
otic genomes which have a lower density of tRNA genes is
much faster. For example, searching the human and mouse
genomes with v2.0 with eight computing cores (see Ma-
terials and Methods) reduces the processing time by over
40%. Just as with the prior version, large genomes that
have thousands of tRNA-derived repetitive elements are
slower (e.g. mouse, 4 h and 33 min for v2.0) and those with
few of these elements are much faster (e.g. human, 49 min
for v2.0).

Effective discrimination between initiator methionine, elon-
gator methionine and isoleucine 2 tRNAs

When tRNAscan-SE was originally designed, only a lim-
ited number of tRNA genes were identioed and available
in the 1993 Sprinzl database (16). The number and diver-
sity of these sequences was not sufocient to train robust
isotype-specioc covariance models. However, with the mul-
titude of complete genomes currently available, specialized
models for individual functional classes of tRNAs can now
be created. Each of the aminoacyl tRNA synthetase en-
zymes use sequence- and structure-based positive and neg-
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ative determinants to ascertain tRNA identity; these fea-
tures have been characterized in a number of model species
(78). For simplicity, the original version of tRNAscan-SE
used the anticodon exclusively to predict isotype because
anticodon-isotype pairings are highly conserved and the an-
ticodon is usually easy to determine in predicted tRNA
genes. However, this method does not provide the capa-
bility to distinguish between different tRNA types which
contain the same anticodon. The most ubiquitous exam-
ple of this is the group of tRNA genes with the anti-
codon CAT in their genomic sequences––these include ini-
tiator methionine/N-formylmethionine tRNAs (tRNAiMet

in archaea/eukaryotes or tRNAfMet in bacteria), elongator
methionine tRNAs (tRNAMet in all species) and isoleucine
tRNAs decoding the AUA codon (tRNAIle2 in bacteria and
archaea).
By employing specialized models for these sub-groups of

tRNAs in each domain of life (Supplementary Table S2),
tRNAscan-SE 2.0 is now able to distinguish them (Fig-
ure 3). When comparing the scores of the different isotype-
specioc covariance models for tRNAs across all three do-
mains of life (see Materials and Methods), we found that
the tRNAiMet/fMet, tRNAMet and tRNAIle2 form distinct
clusters (Figure 3), with the tRNAiMet/fMet group the best-
separated from the other two in bacteria and archaea.
This renects tRNAiMet/fMet translation-initiation features
that are distinct from tRNAMet and tRNAIle2 (41). To as-
sess overall sensitivity of the new v2.0 isotype models, we
checked the number of identioed tRNAs in each studied
genome (excluding incomplete fungal genomes), expecting
at least one of each CAT anticodon subtype. Nearly all
genomes contained the expected tRNA genes, leaving 3.5%
(6 of 173) eukaryotes, 1.8% (4 of 217) archaea and 3.5%
(143 of 4036) bacteria that were missing at least one gene
of each subtype. Of the eukaryotic genomes with 8miss-
ing9 CAT gene predictions (four human pathogenic fungal
species from the genus Encephalitozoon, and two biotrophic
pathogens of Zea mays), all appear to have their tRNAiMet

mis-labeled as tRNAMet because the iMet covariance model
scores second best, just below the elongator Met model
(Supplementary File S5). This small fraction of tRNA se-
quences from select fungal pathogens contain other atypical
tRNA features when compared to the eukaryotic consen-
sus but were manually identioed based on special features
of eukaryotic iMet tRNAs that are mostly absent in elon-
gator Met tRNAs such as A1:U72 base pair at the end of
the acceptor stem (79).
Among the four archaea with missing CAT-anticodon

tRNAs, only one appears to be due to a true isotype
model misclassiocation. Caldivirga maquilingensis contains
an extra tRNAMet, one of which we believe is a miss-
ing tRNAIle2 based on the Ile (instead of Ile2) covari-
ance model giving the highest score. For two other ar-
chaea, the absence of tRNAIle2(CAU) in Nanoarchaeum eq-
uitans and Korarchaeum cryptoolum is due to the pres-
ence of an uncommon tRNAIle3(UAU) obviating the need
for the Ile2 tRNA, as explained in detail in previous
studies (80). The remaining archaeon, Methanosarcina
mazei Tuc01, with a missing tRNAIle2 also does not have
ove other expected tRNAs (tRNAGly(UCC), tRNAGln(UUG),
tRNASer(UGA), tRNAThr(GGU) and tRNALeu(GAG)), suggest-

ing an incomplete genome assembly. Thus, the rate of mis-
classioed CAT tRNA genes is estimated to be 0.4% (1/217)
for the analyzed archaeal genomes.
We found that over a hundred bacterial genomes lacked

at least one tRNAfMet, tRNAMet or tRNAIle2 gene pre-
diction, but for different reasons (Supplementary File
S5). Similar to Nanoarchaeum equitans and Korarchaeum
cryptoolum in Archaea, we discerned that 17 bacterial
genomes including species of the Biodobacterium, My-
coplasma and Neorickettsia genera have tRNAIle3(UAU) in-
stead of tRNAIle2(CAU), with the majority previously iden-
tioed (80,81). In addition, we found that 36 genomes with
a missing fMet or Ile2 tRNA gene are caused by insertion
of self-splicing group I introns (82,83) which tRNAscan-SE
was not designed to detect. For example, previous studies
determined the presence of a group I intron inserted at the
anticodon loop of tRNAfMet in Gloeobacter violaceus PCC
7421 and Synechocystis sp. PCC 6803 (82,83). We also man-
ually identioed group I introns in tRNAIle2 of multiple Aci-
dovorax and Burkholderia species by sequence alignments
and RNA family similarity search (14,20). Aside from 43
genomes that may possibly have incomplete or erroneous
assemblies and one with tRNAIle2 split between the cir-
cular genome boundaries, the remaining 46 genomes have
tRNAMet misannotated as tRNAIle2 or vice versa. These
are apparently due to under-represented tRNA sequences
in the consensus alignment used to generate the bacterial
covariance models, particularly for divergent genera such
as Thermotoga and Desulotobacterium. Future versions of
tRNAscan-SE may be able to address these outlier tRNAs
by developing subdomain clade-specioc models. However,
given that only 1.2% (46/4036) of bacterial genomes have
misclassioed tRNAMet or tRNAIle2, this represents a mas-
sive improvement over the prior version of tRNAscan-SE.

High conodence predictions for metazoan and plant genomes

Short interspersed repeated elements (SINEs) that are de-
rived from tRNAs generally retain the well-conserved inter-
nal RNA polymerase III promoters found in tRNA genes
but often have mutations causing loss of typical cloverleaf
secondary structure (33–35). This attenuated conservation
pattern relative to true tRNAs enables covariance model
analysis to identify them, in that their scores often fall be-
low most true tRNA genes but are still detected above the
default score threshold (20 bits) in the original version of
tRNAscan-SE (1). tRNA-derived SINEs are numerous in
mammalian genomes and some other large non-primate
eukaryotes (33,84–87), resulting in many potentially inac-
curate predictions for 8young9 SINE families that have re-
tained most of the ancestral tRNA features. For example,
the cat genome has over 403 500 tRNA predictions (the
most among studied genomes) while the rat genome, pre-
viously reported to have many tRNA pseudogenes due to
repetitive elements (84), has over 211 000 tRNA predic-
tions (Table 4). Although tRNAscan-SE classioes over 80%
of the predictions in these mammals as pseudogenes, the
remaining still exceed our expected tally of roughly 400–
600 tRNA predictions in vertebrate genomes that have few
tRNA-derived SINE families. When comparing the non-
pseudogene prediction score distributions between primates
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Figure 3. Direct comparison of isotype-specioc covariance model scores provides an effective classioer of tRNAs with anticodon CAU. Dots represent
individual tRNA genes with the highest scores from the initiator methionine/N-formylmethionine model (tRNAiMet/fMet, red), elongator methionine
model (tRNAMet, blue) or isoleucine-decoding CAU model (tRNAIle2, green). Each tRNA gene was scanned with the isotype-specioc covariance models
of the corresponding genome9s domain (A) eukaryotes, (B) bacteria, or (C) archaea.

and other mammals, we noted that median scores in mam-
mals such as cow and armadillo are signiocantly lower than
those in primates like human (Supplementary Figure S6).
In addition, plants like Zea mays, known to contain repet-
itive elements, also have lower prediction median scores.
By checking against these repetitive elements well-studied
in mouse (86), we found that a fair portion of the lowest-
scoring tRNA predictions not categorized as pseudogenes
are mostly part of the B1 or B2 repeats. Across different

species, the inception of tRNA-derived repetitive elements
is variable, leading to more or less sequence divergence
from an ancestral tRNA, making hard cutoffs to remove
repetitive elements non-trivial. For example, tRNA-derived
SINES detected by tRNAscan-SE inmarinemammals such
as minke whale and dolphin tend to have relatively high
tRNA scores (both the domain-specioc eukaryotic model
and isotype-specioc), but can be identioed because of a loss
of normal base pairing in secondary structure (detectable
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by a drop in the tRNAscan-SE secondary structure score).
We therefore developed a oltering tool that can be option-
ally applied to tRNAscan-SE results for better discrimina-
tion of functional tRNA genes. It assesses the predictions
with a combination of domain-specioc, isotype-specioc and
secondary structure scores in two oltering stages after the
pseudogene classiocation (seeMaterials andMethods), and
determines the 8high conodence9 set of genes that are more
strictly enriched for tRNAs likely capable of protein transla-
tion. By applying this olter, we are able to remove thousands
of genes not marked as pseudogenes, but are clearly repet-
itive elements upon examination. For example, just over
4000 additional repetitive elements in mouse (mean score
27.8 bits), and almost 17 000 in minke whale (mean score
48.0 bits) are identioed and excluded from the high cono-
dence set, allowing the core sets of just over 400 tRNAgenes
to emerge from the repetitive element noise.We recommend
application of the high conodence olter for metazoans and
plants which include the bulk of the tRNA-derived SINE-
rich species we have tested. This quality olter may still allow
a small number of tRNA-derived SINES into the high con-
odence set, as being overly aggressive risks the removal of
unusual but potentially functional tRNA genes. While uni-
cellular eukaryotes also sometimes contain tRNA-derived
repetitive elements, the metazoan/plant oltering thresholds
appear to remove numerous unusual but legitimate tRNAs.
A different set of olter cutoffs (specioed by the user in run
options) would need to be developed and tested. tRNA-
derived repetitive elements have not been found in bacte-
ria or archaea, so this olter is not needed (and not recom-
mended) for those species.
An additional component of the high-conodence olter

nags predictions that have high scores but atypical features
such as unexpected anticodons (e.g. Pro-GGG, Asp-ATC,
Tyr-ATA and 11 others in eukaryotes), or if they have a con-
nict of tRNA isotype identity based on comparison of the
anticodon to the body of the tRNA (detailed in the next sec-
tion). Because these types of atypical tRNAs are unusual
and probably not functional but cannot be automatically
assumed to be pseudogenes, they are specially marked for
further investigation. In our study, the high conodence set
remains below 1000 tRNA genes in most genomes (Table
4), which provides researchers with a much better-enriched
tRNA set to study and focus their experimental efforts.

Isotype-specioc covariance models improve functional anno-
tation of tRNAs

Besides properly distinguishing the different CAU subtypes,
isotype-specioc covariance models (Supplementary Table
S2) have the potential to better classify or nag other un-
usual tRNA predictions. Among the genomes we studied,
over 95% of the typical predicted tRNA genes have anti-
codons that match with the highest scoring isotype-specioc
model (Supplementary File S6). When inspecting cases in
which the highest scoring isotype model and anticodon dis-
agree, we surmised that the connict could be caused for var-
ious reasons, including the possibility of altering the stan-
dard genetic code which has precedent (88). In our anal-
yses of human tRNAs, the high-scoring gene tRNA-Leu-
CAA-5–1 (66.5 bits) scores much higher with the tRNAMet

model than tRNALeu model (98.4 bits versus 2.6 bits). Its
secondary structure (Figure 4B) shows the lack of a long
variable arm, a typical identity element for tRNALeu(CAA)

(Figure 4C), and it only has seven nucleotide differences
from tRNA-Met-CAT-3–1 (Figure 4A and Supplementary
Figure S9A). The gene locus is present in most primates,
yet only human, chimp and gorilla have an unexpected A36

while the other genomes have U36 that would make it a
typical tRNAMet(CAU) (Supplementary Figure S9B). This
suggests that the mutation was acquired relatively recently.
Small RNA sequencing data from ARM-Seq (74), DM-
tRNA-seq (75,76) and DASHR (77) studies show very low
abundance level (4.98, 1.55 and 28 RPM, respectively), in-
dicating that this gene may no longer be expressed consti-
tutively in human cells and is either a silenced pseudogene
or may conceivably have an alternate role under special reg-
ulation. The new high conodence olter identioes all cases
of anticodon / isotype model connicts, and annotates them
when it is applied.
When reviewing fungal genomes, we found an unusual

statistic for the multicellular fungus Serpula lacrymans (70):
70% of its non-pseudogene tRNA predictions showed iso-
type model / anticodon disagreement. Closer inspection re-
vealed that the majority of these uncertain tRNA genes
displayed three characteristics that are indicative of pseu-
dogenes: (i) they are predicted to be tRNASer based on
the UGA anticodon, but the highest scoring isotype model
is tRNAThr; (ii) the secondary structure of these predic-
tions shows a variable loop instead of the expected vari-
able arm which is an identity element for tRNASer; (iii) the
sequences of these high copy number elements are identi-
cal, and most of them have identical 50 bp upstream and
downstream nanking regions, something not observed for
authentic tRNA genes in fungi. This strongly suggests that
they are repetitive elements and illustrates an example of
using the anticodon/isotype model comparison to distin-
guish real tRNAs from previously unidentioed repetitive el-
ements. While this species is not recommended for applica-
tion of the provided high conodence olter thresholds, the
anticodon/isotypemodel connict is annotated as 8IPD9 (iso-
type prediction disagreement) whenever the 8--detail9 op-
tion is selected for tRNAscan-SE 2.0 runs.
Alternatively, isotype- and domain-specioc classiocation

may uncover lateral tRNA gene transfer events. We found
a novel example for the archaeal methanogenMethanobre-
vibacter ruminantium, which has a tRNAArg with anti-
codon ACG that is not found in its closest sequenced rel-
atives in the same genus, Methanobrevibacter smithii and
Methanobrevibacter sp. AbM4. This is unusual, as A34 in
tRNAArg is generally only found in bacteria and eukary-
otes but not archaea, which use G34-containing tRNAs to
decode pyrimidine-ending codons (67). Furthermore, the
highest scoring isotype model prediction is for tRNATrp,

which also disagrees with the Arg-ACG anticodon encoded
in the gene. In a previous genome analysis, over 13% (294
out of 2217) of the coding genes in the bovine gut microbe
M. ruminantium were identioed to have originated from
other species present in the same environment, including
those from bacteria and eukaryotes (89). Horizontal gene
transfer commonly occurs in microbes that share the same
or similar habitats (90,91), yet most research has been fo-
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Table 4 tRNA predictions and post-oltered high conodence set in eukaryotic genomes with numerous repetitive elements. The top ten genomes with

very large numbers of raw predictions are shown in comparison with human and mouse. High conodence predictions are determined as a result of the

three-stage post-oltering process. The values in the table represent the number of gene predictions in each set, or removed by each olter.

Genome
All tRNA
predictions

tRNAscan-SE predicted
pseudogenes

Predictions removed
by secondary olter

Predictions removed
by tertiary olter

High conodence
set

Human 596 85 91 0 417
Mouse 40 912 36 415 4087 2 401
Rat 211 167 198 126 12 605 51 364
Squirrel 165 970 146 252 19 221 85 349
Cat 403 590 392 312 10 552 126 549
Cow 263 431 232 442 29 617 562 593
Sheep 256,819 225 920 29 710 420 534
Ferret 182 506 179 919 2167 40 360
Panda 187 373 183 250 3548 143 398
Minke whale 212 492 194 977 13 916 2879 428
Dolphin 172 909 157 354 12 694 2236 368
Armadillo 227 726 154 522 72 576 89 462

A B C

Figure 4. Isotype uncertainty in human tRNA-Leu-CAA-5–1. The primary sequence and the secondary structure comparison of (A) tRNA-Met-CAT-3–
1, (B) tRNA-Leu-CAA-5–1, and (C) tRNA-Leu-CAA-1–1 shows that tRNA-Leu-CAA-5–1 is more similar to a tRNAMet than a tRNALeu even though
it has an anticodon that would decode leucine. The bases highlighted in orange represent the differences between the respective sequence and tRNA-Leu-
CAA-5–1. The numbers next to the bases represent the Sprinzl canonical tRNA positions (16).

cused on protein-coding genes. The predicted tRNAArg(ACG)

scores 53.4 bits for the bacterial model and 55.1 bits for the
eukaryotic model, in contrast to a score of 37.6 bits using
the archaeal model. In addition, the highest scoring bacte-
rial and eukaryotic isotype-specioc models are both consis-
tent with the anticodon, further supporting that this gene
has been transferred from a species in another domain of
life.

Improved identiocation of archaeal tRNA genes with non-
canonical introns

Some tRNA genes in eukaryotes and archaea have introns
that are removed by tRNA splicing endonuclease during
maturation. The majority of archaeal tRNA introns are lo-
cated one nucleotide downstream of the anticodon (posi-
tion 37/38), yet some have been found at seemingly ran-
dom, 8noncanonical9 positions in tRNA genes (5,36,68,92).
In contrast to eukaryotic tRNA genes which are limited to
one intron, archaeal tRNA genes can contain up to three,
with Pyrobaculum calidifontis having the most tRNA in-
trons (71 introns in 46 tRNA genes) out of all assessed

complete genomes (36). These noncanonical introns have
presented a challenge for predicting archaeal tRNA genes
correctly. The introns preserve a general bulge-helix-bulge
(BHB) secondary structure (68) that can be modeled using
Infernal (20) for a covariance model search. In the previ-
ous version of tRNAscan-SE, we included a search routine
and a covariance model to detect the noncanonical introns
in archaea. The model was built using the known intron
sequences at the time, mostly identioed in Crenarchaeota.
Due to slower performance of the previous Infernal ver-
sions, we included this routine as an optional feature to
avoid signiocant increase to default search time. In addi-
tion, the original covariance model cannot effectively detect
noncanonical tRNA introns in genomes that are more dis-
tantly related from those used for the training data. There-
fore, we have redesigned the search process (see Materi-
als and Methods; Supplementary Figure S3) by including
two covariance models: one further optimized from the ex-
isting Crenarchaeal-focused model, and the other newly
trained with introns from the archaeal phylum Thaumar-
chaeota (Supplementary Table S2). Both models take ad-
vantage of Infernal9s newest performance improvements,
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making it feasible to use both for the default archaeal search
mode.
Among the 217 archaeal genomes analyzed, we found

1533 canonical and 673 noncanonical introns in a total of
10 372 predicted tRNA genes (Supplementary Table S7).
Previous study results and manual inspection show that our
process has a low error rate, with just 2.9% of the non-
canonical introns not detected due to extremely low simi-
larity to the consensus, plus four noncanonical introns mis-
annotated as canonical introns. Almost 70% of the identi-
oed introns across all studied species are canonical, while
a small number of clades have more noncanonical than
canonical tRNA introns. As described in previous studies,
many tRNA genes in Thermoproteales species (a family
within the Crenarchaeota) are known to harbormultiple in-
trons (36,37). In our analysis, we found an average of 0.84
intron per tRNA gene in Thermoproteales while the overall
average in the studied archaeal genomes is 0.21 per gene. In
comparison with tRNAscan-SE 1.3, the new search process
identioes 118 (21%) additional noncanonical introns with
54 of them previously mis-annotated as canonical introns.
Thaumarchaeota genomes that were originally predicted to
have a total of 58 noncanonical introns are now found to
harbor 107 noncanonical introns. This shows a signiocant
improvement to accurately identify archaeal tRNA introns
with the use of the clade-specioc covariance models.

Predicting mitochondrial tRNAs in vertebrates

Mitochondrial genomes in vertebrates, representing thema-
jority of available sequenced mitochondrial genomes, typ-
ically include 22 tRNA (mt-tRNA) genes (93). Each mt-
tRNA decodes one of the 20 amino acids, except for leucine
and serinewhich are decoded by twomt-RNAswith distinct
anticodons. Previous studies have shown that sequence and
structural simpliocation has resulted in mt-tRNAs to com-
monly deviate from the canonical clover-leaf structure of
their ancestral bacterial tRNAs (94). In addition to abbre-
viated stem and loop lengths in D- and T-arms, complete
loss of the D-arm is also observed in most vertebrate mt-
tRNASer(GCU) (66).
The original tRNAscan-SE was not designed to iden-

tify mitochondrial tRNAs, but it offered an ad hoc 8or-
ganellar searchmode9 which employed a general covariance
model trained with a mix of eukaryotic cytosolic, bacte-
rial, and archaeal tRNAs, plus a more permissive detec-
tion cutoff. As such, its performance was mediocre, and in
particular it misses mt-tRNAs with highly degenerate sec-
ondary structure. For example, in mammals, it consistently
fails to detect the mt-tRNASer(GCU) which lacks the D-arm
(29). To effectively identify mt-tRNAs in vertebrates, we de-
veloped 22 new covariance models, one for each specioc
isotype/anticodon (Supplementary Table S2). tRNAscan-
SE 2.0 scans input sequences with all 22 mt-tRNA covari-
ance models, merges results, and annotates each detected
tRNA locus with the identity and score of the highest scor-
ing model.
To assess the false positive rate of mt-tRNA gene predic-

tion, we applied the new vertebrate mitochondrial search
mode to a negative test set of 17 500 virtual mitochondrial
genomes generated with varying G/C content (Supplemen-

tary Table S5 and Supplementary File S4). For tRNAscan-
SE 2.0, no false positives were found at or above the de-
fault score cutoff (20 bits) within the virtual genomes, which
conorms very high speciocity characteristic of prior tRNA
covariance models at that score threshold (Supplementary
Table S5, Supplementary Figures S2B and S4, Supplemen-
tary File S8).We then applied existingmitochondrial search
tools MiTFi (9) and ARWEN (8) to the same set of virtual
genomes for comparison of false positive rates (Supplemen-
tary Table S5). Similar to tRNAscan-SE 2.0, MiTFi did not
have any false positives below its recommended e-value. In
contrast, ARWEN predicted 34 634 false positive hits with
11 949 (34.5%) classioed as possible pseudogenes, or about
2 to 3 false positives per virtual genome, which is consis-
tent with a relatively high false positive rate as previously
reported (8).

We assessed sensitivity by comparing prediction results
from a positive test set of 3345 actual mitochondrial
genomes from vertebrates (Supplementary File S7) which
contain 73 674 annotated mt-tRNA genes in NCBI Ref-
Seq (24) (Table 5 and Supplementary File S9). Predictions
consistent with RefSeq annotations were similarly high for
tRNAscan-SE 2.0 (99.0%) and MiTFi (98.8%). ARWEN
was signiocantly lower at only 87.7% consistency with Ref-
Seq annotations, meaning more than one in ten predictions
have no support in existing annotations. Regarding execu-
tion speed, tRNAscan-SE 2.0 andARWENperformed sim-
ilarly at 5.5 and 4.5 seconds per mitochondrial genome (av-
erage ∼3 kbp/s) (Table 5). The processing time of MiTFi
was almost 60 times longer (average ∼50 bp/s), although
this is likely due to the use of an older version of the Infer-
nal search engine––if it were updated to the newest version,
we expect it would perform similarly to tRNAscan-SE 2.0.
Although NCBI RefSeq (24) has a well-established col-

lection of mitochondrial genomes, most of the mt-tRNA
genes were annotated with a combination of 8imperfect9
gene prediction tools such as tRNAscan-SE 1.3 organellar
mode, BLAST (95) sequence similarity search, and man-
ual curation, leading to possible misannotations. For exam-
ple, when inspecting the tRNAscan-SE 2.0 predictions that
have position inconsistencies with RefSeq annotations, we
found that over 99% of them (522 out of 527) have iden-
tical sequence boundaries but with opposite strandedness.
Since the predictions from the other two tools also present
this comparison discrepancy, it suggests that those genes in
RefSeq were annotated with the incorrect strand. Similarly,
over 70% of the predictions that have connicting isotypes
(25 out of 35) were found to have incorrect isotype classioca-
tions in RefSeq by switching between mt-tRNAAsn and mt-
tRNAAsp or between mt-tRNAGln and mt-tRNAGlu. The
remaining disagreements are caused by unexpected anti-
codons that require further studies. In addition, connict-
ing genomic coordinates in RefSeq gene annotations, such
as identical sequence boundaries of mt-tRNAAla and mt-
tRNATrp in Solenostomus cyanopterus, results in both novel
and missing predictions in the comparison. On the other
hand, gene order rearrangements caused by models such
as tandem duplication and random loss (TDRL) occur in
some vertebrate mitochondrial genomes and may lead to
duplication of mt-tRNA genes (9,96–98). For instance, a
cluster of extra-copy mt-tRNA genes decoding tyrosine,
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Table 5 Comparison of mt-tRNA gene predictions with NCBI RefSeq annotations. About 73 674 annotated mt-tRNA genes in 3345 mitochondrial

genomes from NCBI RefSeq (24) were used as references for comparison. 8Consistent9 represents the count and percentage of predicted mt-tRNA genes

that are the same or nearly the same as RefSeq annotations (may include up to a 15-nt difference in start and/or end positions). 8Isotype mismatch9

represents the number and percentage of predicted mt-tRNA genes that have connicting isotype classiocation. 8Position mismatch9 represents the number

and percentage of predicted mt-tRNA genes that had connicting strand or start/end positions beyond ±15 nts. 8Novel9 represents the predicted mt-tRNA

genes that were not found in RefSeq annotations. 8Not detected9 is the count of RefSeq annotations that were not detected by the prediction algorithm.

Prediction algorithm
Predicted
mt-tRNAs Consistent

Isotype
mismatch

Position
mismatch Novel

Not
detected

tRNAscan-SE 2.0 (vertebrate mito mode) 73 671 72 920 (99.0%) 35 (0.05%) 527 (0.7%) 189 (0.3%) 192
ARWEN 80 617 70 677 (87.7%) 211 (0.3%) 551 (0.7%) 9178(11.4%) 2235
MiTFi 73 685 72 796 (98.8%) 96 (0.1%) 528 (0.7%) 265 (0.4%) 254

cysteine, asparagine and alanine were detected in Diretmus
argenteus by tRNAscan-SE 2.0 and MiTFi, suggesting a
pattern of tandem duplication that has not been previously
reported. With the absence of many of the duplicated mt-
tRNA genes in RefSeq annotations, these predictions from
tRNAscan-SE 2.0 contribute to the majority of the novel
predictions in the RefSeq comparison.
Given the combination of lowest false positivity rate,

highest sensitivity rate and fast execution, we suggest
tRNAscan-SE 2.0 as the new standard for vertebrate mito-
chondrial tRNA genome analyses, and it could be applied
to correct years of accumulated errors or omissions in pub-
lic database annotation.

DISCUSSION

tRNAscan-SE 2.0 has been in development, testing and
reonement for over 5 years, and is the culmination of an
improved search engine (Infernal v1.1), streamlined search
strategy, updated and expanded search models, improved
isotype predictions (fMet/iMet/Met/Ile2, SeC), new fea-
tures (archaeal multi-intron prediction, high conodence set
prediction), annotation of atypical tRNAs (unexpected an-
ticodons, anticodon/isotype model connicts) and new tar-
gets (vertebrate mitochondrial genomes). The 2.0 program
functionality has been available for web user analyses dur-
ing this time (http://trna.ucsc.edu/tRNAscan-SE/) (3), and
currently averages over 1100 users per month. It has also
been vetted and put into service at major genome centers
such as the latest version ofNCBI ProkaryoticGenomeAn-
notation Pipeline (99), DOE-JGI IMG annotation pipeline
(https://img.jgi.doe.gov/docs/pipelineV5/), and RNA 2D
Templates (R2DT) at RNAcentral for RNA secondary
structure visualization (100), with the 2.0 source code pack-
age downloaded over 18 000 times (Bioconda, GitHub and
LoweLabwebsite). The results from tRNAscan-SE 2.0 have
been publicly available in GtRNAdb 2.0 (5) and RNAcen-
tral (101,102) for over 3 years. Here, we have thoroughly
documented all new features and critically assessed the pro-
gram9s performance on >8000 complete or nearly complete
genomes.
The multi-isotype model strategy implemented by

tRNAscan-SE 2.0 provides an essential new perspective
for identiocation of functional ambiguity of likely pseu-
dogenes as well as atypical tRNA genes worthy of further
investigation. 8Hybrid9 tRNAs with anticodons that do
not match the expected isotype sequence features can now
be detected, providing examples of tRNAs which could

alter the genetic code in special situations such as cellular
damage or other stress conditions (103,104). While we
have not biochemically verioed the expression or efociency
of these candidate 8genetic code-breakers9, our tool can
readily reveal them and invite investigation by the commu-
nity. In other cases, anticodon-isotype model disagreement
are strong indicators of tRNA-derived repetitive elements
which are slowly decaying, thus anticodon mutations
affecting codon translation odelity are not selected against.
We have used this frequent property of non-functional
tRNA-derived elements plus new secondary structure score
thresholding to greatly reduce repetitive element noise,
producing 8high conodence9 sets that are better enriched for
functional core tRNA genes in metazoans and plants. This
should help researchers prioritize the most biologically rel-
evant tRNA genes for genetic manipulation using CRISPR
and other powerful tools to dissect individual tRNA gene
regulation and function. For example, the mouse and
rat tRNA sets now contain 401 and 364 high conodence
tRNA genes respectively, versus the prior tRNAscan-SE
1.3 analysis tallies of ∼4400 tRNA genes and ∼13 000
respective non-pseudogenes.
New models for proper classiocation and annotation of

CAU-anticodon tRNAs into initiator methionine, elonga-
tor methionine and isoleucine-2 groups are long overdue
and will improve the functional annotation for 5–10% of
all tRNAs. With detection of selenocysteine tRNAs greatly
improved, research in the regulation of selenoprotein pro-
duction will be better supported. Mitochondrial tRNAs
have also been overlooked for over 20 years, and now with
tRNAscan-SE 2.0′s new set ofmitochondrialmodels, it may
become the new reference tool for uniform, reliable verte-
brate mitochondrial genome analyses.
With this update, researchers can now detect archaeal

tRNA genes with noncanonical tRNA introns, by default,
in addition to those with canonical introns. Although this
feature was orst introduced in v1.3, the initial intron-
detecting covariance model and unoptimized processing re-
sulted in a signiocant increase of execution time for ar-
chaeal genomes, and in some cases, a high rate of missing
introns affecting as many as one-third of tRNA genes per
genome. With newly created intron models enabling detec-
tion of two distinct intron types and complete redesign of
the intron search process, the new release provides com-
prehensive identiocation of both canonical and noncanon-
ical tRNA introns. Also, due to misidentiocation of ar-
chaeal introns by v1.3, it sometimes caused incorrect anti-
codon and tRNA isotype prediction; v2.0 consequently im-

http://trna.ucsc.edu/tRNAscan-SE/
https://img.jgi.doe.gov/docs/pipelineV5/
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proves accuracy of archaeal tRNA functional annotation as
well.
Despite the multitude of improvements to tRNA detec-

tion, additional enhancements and capabilities are needed.
Vertebrate mitochondrial genomes were a practical orst tar-
get for organellar analyses due to their biomedical rele-
vance and their consistent, mostly canonical tRNA sec-
ondary structures. We plan to broaden this capability to
mt-tRNA detection in insects, nematodes, fungi and other
heavily studied clades. Somemt-tRNAs in these clades have
evolved to contain highly degenerate forms missing one
or two tRNA arms (105–107), and therefore, more diverse
model sets will be needed to attain high sensitivity and an-
notation accuracy. We anticipate new model sets can be
developed by or in collaboration with specioc user com-
munities, and we welcome these joint projects. We also
believe more work can be done to further improve func-
tional annotations and better classify true tRNA-derived
SINEs/pseudogenes/silenced tRNA genes versus those ac-
tively transcribed and/or likely used in translation. For
these goals, we will look to integrating contextual evolu-
tionary information predicting gene activity (108), contex-
tual genomic information (e.g. nanking regions characteris-
tic of repetitive elements, transcription termination signals)
or other types of readily available high-throughput sequenc-
ing data (e.g., tRNA-seq, ribosome prooling, ATAC-seq).
Furthermore, more specialized models are needed for non-
organellar tRNAs as we ond more exceptional tRNAs in
the tree of life. For example, the new isotype-specioc models
occasionally do not give the highest score for the true iso-
type identity, most likely due to exceptional features in spe-
cioc isotypes of some species. Thus, we believe more clade-
specioc isotype-specioc models will be needed to accurately
represent the true variation found in nature. Why this evo-
lutionary variation is so widespread is not easily explained
by tRNA9s well-deoned, relatively unchanging role in pro-
tein translation. Fairly recent discoveries of alternate reg-
ulatory roles of tRNAs, and in particular tRNA-derived
small RNAs (tDRs), may reveal the impetus for unexpected
tRNA sequence variation, requiring new models to identify
tRNA subtypes with specialized functions. Characterizing
the precise functionality, if any, associated with the grow-
ing gallery of atypical/borderline tRNAs that show exper-
imental or evolutionary evidence of biological importance
is beyond the scope of this work, but we anticipate there
are myriad new discoveries primed by tRNAscan-SE 2.0
improved annotation. Together with the ever-growing pool
of genomes, the continued enhancement of tRNAscan-SE
should assure its role as an essential tool for expanding the
world of tRNA biology.

DATA AVAILABILITY

tRNAscan-SE is open source software and released under
GNU General Public License v3. The installation package
with source code can be downloaded from the GitHub
repository https://github.com/UCSC-LoweLab/
tRNAscan-SE and http://trna.ucsc.edu/tRNAscan-SE/.
The seed alignments for building all covariance mod-

els can be downloaded in Stockholm ole format at
http://trna.ucsc.edu/tRNAscan-SE/.

SUPPLEMENTARY DATA

Supplementary Data are available at NAR Online.

ACKNOWLEDGEMENTS

We would like to thank Aaron Cozen for his valuable feed-
back during the development of tRNAscan-SE 2.0. We also
thank our lab members for their comments on software
functionality and the manuscript.

FUNDING

National Human Genome Research Institute, Na-
tional Institutes of Health [R01HG006753 to T.L.].
Funding for open access charge: National Institutes of
Health [R01HG006753].
Connict of interest statement.None declared.

REFERENCES

1. Lowe,T.M. and Eddy,S.R. (1997) tRNAscan-SE: a program for
improved detection of transfer RNA genes in genomic sequence.
Nucleic Acids Res., 25, 955–964.

2. Schattner,P., Brooks,A.N. and Lowe,T.M. (2005) The
tRNAscan-SE, snoscan and snoGPS web servers for the detection of
tRNAs and snoRNAs. Nucleic Acids Res., 33, W686–W689.

3. Lowe,T.M. and Chan,P.P. (2016) tRNAscan-SE On-line: integrating
search and context for analysis of transfer RNA genes. Nucleic Acids
Res., 44, W54–W57.

4. Chan,P.P. and Lowe,T.M. (2009) GtRNAdb: a database of transfer
RNA genes detected in genomic sequence. Nucleic Acids Res., 37,
D93–D97.

5. Chan,P.P. and Lowe,T.M. (2016) GtRNAdb 2.0: an expanded
database of transfer RNA genes identioed in complete and draft
genomes. Nucleic Acids Res., 44, D184–D189.

6. Laslett,D. and Canback,B. (2004) ARAGORN, a program to detect
tRNA genes and tmRNA genes in nucleotide sequences. Nucleic
Acids Res., 32, 11–16.

7. Wyman,S.K., Jansen,R.K. and Boore,J.L. (2004) Automatic
annotation of organellar genomes with DOGMA. Bioinformatics,
20, 3252–3255.

8. Laslett,D. and Canback,B. (2008) ARWEN: a program to detect
tRNA genes in metazoan mitochondrial nucleotide sequences.
Bioinformatics, 24, 172–175.

9. Juhling,F., Putz,J., Bernt,M., Donath,A., Middendorf,M.,
Florentz,C. and Stadler,P.F. (2012) Improved systematic tRNA gene
annotation allows new insights into the evolution of mitochondrial
tRNA structures and into the mechanisms of mitochondrial genome
rearrangements. Nucleic Acids Res., 40, 2833–2845.

10. Taquist,H., Cui,Y. and Ardell,D.H. (2007) TFAM 1.0: an online
tRNA function classioer. Nucleic Acids Res., 35, W350–W353.

11. Kinouchi,M. and Kurokawa,K. (2006) tRNAonder: A software
system to ond all tRNA genes in the DNA sequence based on the
cloverleaf secondary structure. J. Comput. Aided Chem., 7, 116–126.

12. Fujishima,K., Sugahara,J., Kikuta,K., Hirano,R., Sato,A.,
Tomita,M. and Kanai,A. (2009) Tri-split tRNA is a transfer RNA
made from 3 transcripts that provides insight into the evolution of
fragmented tRNAs in archaea. Proc. Natl. Acad. Sci. USA, 106,
2683–2687.

13. Eddy,S.R. and Durbin,R. (1994) RNA sequence analysis using
covariance models. Nucleic Acids Res., 22, 2079–2088.

14. Kalvari,I., Argasinska,J., Quinones-Olvera,N., Nawrocki,E.P.,
Rivas,E., Eddy,S.R., Bateman,A., Finn,R.D. and Petrov,A.I. (2018)
Rfam 13.0: shifting to a genome-centric resource for non-coding
RNA families. Nucleic Acids Res., 46, D335–D342.

https://github.com/UCSC-LoweLab/tRNAscan-SE
http://trna.ucsc.edu/tRNAscan-SE/
http://trna.ucsc.edu/tRNAscan-SE/
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkab688#supplementary-data


9094 Nucleic Acids Research, 2021, Vol. 49, No. 16

15. Krogh,A., Mian,I.S. and Haussler,D. (1994) A hidden Markov
model that onds genes in E. coli DNA. Nucleic Acids Res., 22,
4768–4778.

16. Steinberg,S., Misch,A. and Sprinzl,M. (1993) Compilation of tRNA
sequences and sequences of tRNA genes. Nucleic Acids Res., 21,
3011–3015.

17. Juhling,F., Morl,M., Hartmann,R.K., Sprinzl,M., Stadler,P.F. and
Putz,J. (2009) tRNAdb 2009: compilation of tRNA sequences and
tRNA genes. Nucleic Acids Res., 37, D159–D162.

18. Fichant,G.A. and Burks,C. (1991) Identifying potential tRNA genes
in genomic DNA sequences. J. Mol. Biol., 220, 659–671.

19. Pavesi,A., Conterio,F., Bolchi,A., Dieci,G. and Ottonello,S. (1994)
Identiocation of new eukaryotic tRNA genes in genomic DNA
databases by a multistep weight matrix analysis of transcriptional
control regions. Nucleic Acids Res., 22, 1247–1256.

20. Nawrocki,E.P. and Eddy,S.R. (2013) Infernal 1.1: 100-fold faster
RNA homology searches. Bioinformatics, 29, 2933–2935.

21. Benson,D.A., Cavanaugh,M., Clark,K., Karsch-Mizrachi,I.,
Ostell,J., Pruitt,K.D. and Sayers,E.W. (2018) GenBank. Nucleic
Acids Res., 46, D41–D47.

22. Navarro Gonzalez,J., Zweig,A.S., Speir,M.L., Schmelter,D.,
Rosenbloom,K.R., Raney,B.J., Powell,C.C., Nassar,L.R.,
Maulding,N.D., Lee,C.M. et al. (2021) The UCSC genome browser
database: 2021 update. Nucleic Acids Res., 49, D1046–D1057.

23. Goodstein,D.M., Shu,S., Howson,R., Neupane,R., Hayes,R.D.,
Fazo,J., Mitros,T., Dirks,W., Hellsten,U., Putnam,N. et al. (2012)
Phytozome: a comparative platform for green plant genomics.
Nucleic Acids Res., 40, D1178–D1186.

24. O9Leary,N.A., Wright,M.W., Brister,J.R., Ciufo,S., Haddad,D.,
McVeigh,R., Rajput,B., Robbertse,B., Smith-White,B.,
Ako-Adjei,D. et al. (2016) Reference sequence (RefSeq) database at
NCBI: current status, taxonomic expansion, and functional
annotation. Nucleic Acids Res., 44, D733–D745.

25. Eddy,S.R. (2008) A probabilistic model of local sequence alignment
that simplioes statistical signiocance estimation. PLoS Comput.
Biol., 4, e1000069.

26. Eddy,S.R. (2011) Accelerated proole HMM searches. PLoS
Comput. Biol., 7, e1002195.

27. Brown,M.P. (2000) Small subunit ribosomal RNA modeling using
stochastic context-free grammars. Proc. Int. Conf. Intell. Syst. Mol.
Biol., 8, 57–66.

28. Ardell,D.H. and Andersson,S.G. (2006) TFAM detects co-evolution
of tRNA identity rules with lateral transfer of histidyl-tRNA
synthetase. Nucleic Acids Res., 34, 893–904.

29. de Bruijn,M.H., Schreier,P.H., Eperon,I.C., Barrell,B.G., Chen,E.Y.,
Armstrong,P.W., Wong,J.F. and Roe,B.A. (1980) A mammalian
mitochondrial serine transfer RNA lacking the 8dihydrouridine9
loop and stem. Nucleic Acids Res., 8, 5213–5222.

30. Helm,M., Brule,H., Friede,D., Giege,R., Putz,D. and Florentz,C.
(2000) Search for characteristic structural features of mammalian
mitochondrial tRNAs. RNA, 6, 1356–1379.

31. Richly,E. and Leister,D. (2004) NUMTs in sequenced eukaryotic
genomes.Mol. Biol. Evol., 21, 1081–1084.

32. Hazkani-Covo,E., Zeller,R.M. and Martin,W. (2010) Molecular
poltergeists: mitochondrial DNA copies (numts) in sequenced
nuclear genomes. PLoS Genet., 6, e1000834.

33. Daniels,G.R. and Deininger,P.L. (1985) Repeat sequence families
derived from mammalian tRNA genes. Nature, 317, 819–822.

34. Okada,N. (1991) SINEs: Short interspersed repeated elements of the
eukaryotic genome. Trends Ecol. Evol., 6, 358–361.

35. Okada,N., Hamada,M., Ogiwara,I. and Ohshima,K. (1997) SINEs
and LINEs share common 3′ sequences: a review. Gene, 205,
229–243.

36. Sugahara,J., Kikuta,K., Fujishima,K., Yachie,N., Tomita,M. and
Kanai,A. (2008) Comprehensive analysis of archaeal tRNA genes
reveals rapid increase of tRNA introns in the order thermoproteales.
Mol. Biol. Evol., 25, 2709–2716.

37. Fujishima,K., Sugahara,J., Tomita,M. and Kanai,A. (2010)
Large-scale tRNA intron transposition in the archaeal order
Thermoproteales represents a novel mechanism of intron gain.Mol.
Biol. Evol., 27, 2233–2243.

38. Randau,L., Pearson,M. and Soll,D. (2005) The complete set of
tRNA species in Nanoarchaeum equitans. FEBS Lett., 579,
2945–2947.

39. Chan,P.P., Cozen,A.E. and Lowe,T.M. (2011) Discovery of
permuted and recently split transfer RNAs in Archaea. Genome
Biol., 12, R38.

40. Silva,F.J., Belda,E. and Talens,S.E. (2006) Differential annotation of
tRNA genes with anticodon CAT in bacterial genomes. Nucleic
Acids Res., 34, 6015–6022.

41. Marck,C. and Grosjean,H. (2002) tRNomics: analysis of tRNA
genes from 50 genomes of Eukarya, Archaea, and Bacteria reveals
anticodon-sparing strategies and domain-specioc features. RNA, 8,
1189–1232.

42. Serrão,V.H.B., Silva,I.R., da Silva,M.T.A., Scortecci,J.F., de Freitas
Fernandes,A. and Thiemann,O.H. (2018) The unique tRNASec and
its role in selenocysteine biosynthesis. Amino Acids, 50, 1145–1167.

43. Hubert,N., Sturchler,C., Westhof,E., Carbon,P. and Krol,A. (1998)
The 9/4 secondary structure of eukaryotic selenocysteine tRNA:
more pieces of evidence. RNA, 4, 1029–1033.

44. Mizutani,T. and Goto,C. (2000) Eukaryotic selenocysteine tRNA
has the 9/4 secondary structure. FEBS Lett., 466, 359–362.

45. Ioudovitch,A. and Steinberg,S.V. (1999) Structural compensation in
an archaeal selenocysteine transfer RNA. J. Mol. Biol., 290,
365–371.

46. Sherrer,R.L., Ho,J.M. and Soll,D. (2008) Divergence of
selenocysteine tRNA recognition by archaeal and eukaryotic
O-phosphoseryl-tRNASec kinase. Nucleic Acids Res., 36, 1871–1880.

47. Baron,C., Westhof,E., Bock,A. and Giege,R. (1993) Solution
structure of selenocysteine-inserting tRNA(Sec) from Escherichia
coli. Comparison with canonical tRNA(Ser). J. Mol. Biol., 231,
274–292.

48. Itoh,Y., Sekine,S., Suetsugu,S. and Yokoyama,S. (2013) Tertiary
structure of bacterial selenocysteine tRNA. Nucleic Acids Res., 41,
6729–6738.

49. Hatoeld,D.L., Lee,B.J., Price,N.M. and Stadtman,T.C. (1991)
Selenocysteyl-tRNA occurs in the diatom Thalassiosira and in the
ciliate Tetrahymena.Mol. Microbiol., 5, 1183–1186.

50. Novoselov,S.V., Rao,M., Onoshko,N.V., Zhi,H., Kryukov,G.V.,
Xiang,Y., Weeks,D.P., Hatoeld,D.L. and Gladyshev,V.N. (2002)
Selenoproteins and selenocysteine insertion system in the model
plant cell system, Chlamydomonas reinhardtii. EMBO J., 21,
3681–3693.

51. Obata,T. and Shiraiwa,Y. (2005) A novel eukaryotic selenoprotein in
the haptophyte alga Emiliania huxleyi. J. Biol. Chem., 280,
18462–18468.

52. Cassago,A., Rodrigues,E.M., Prieto,E.L., Gaston,K.W.,
Alfonzo,J.D., Iribar,M.P., Berry,M.J., Cruz,A.K. and
Thiemann,O.H. (2006) Identiocation of Leishmania selenoproteins
and SECIS element.Mol. Biochem. Parasitol., 149, 128–134.

53. Eisen,J.A., Coyne,R.S., Wu,M., Wu,D., Thiagarajan,M.,
Wortman,J.R., Badger,J.H., Ren,Q., Amedeo,P., Jones,K.M. et al.
(2006) Macronuclear genome sequence of the ciliate Tetrahymena
thermophila, a model eukaryote. PLoS Biol., 4, e286.

54. Lobanov,A.V., Delgado,C., Rahlfs,S., Novoselov,S.V.,
Kryukov,G.V., Gromer,S., Hatoeld,D.L., Becker,K. and
Gladyshev,V.N. (2006) The Plasmodium selenoproteome. Nucleic
Acids Res., 34, 496–505.

55. Lobanov,A.V., Fomenko,D.E., Zhang,Y., Sengupta,A.,
Hatoeld,D.L. and Gladyshev,V.N. (2007) Evolutionary dynamics of
eukaryotic selenoproteomes: large selenoproteomes may associate
with aquatic life and small with terrestrial life. Genome Biol., 8,
R198.

56. Jiang,L., Ni,J. and Liu,Q. (2012) Evolution of selenoproteins in the
metazoan. BMC Genomics, 13, 446.

57. Mariotti,M., Ridge,P.G., Zhang,Y., Lobanov,A.V., Pringle,T.H.,
Guigo,R., Hatoeld,D.L. and Gladyshev,V.N. (2012) Composition
and evolution of the vertebrate and mammalian selenoproteomes.
PLoS One, 7, e33066.

58. Gobler,C.J., Lobanov,A.V., Tang,Y.Z., Turanov,A.A., Zhang,Y.,
Doblin,M., Taylor,G.T., Sanudo-Wilhelmy,S.A., Grigoriev,I.V. and
Gladyshev,V.N. (2013) The central role of selenium in the
biochemistry and ecology of the harmful pelagophyte, Aureococcus
anophagefferens. ISME J, 7, 1333–1343.

59. da Silva,M.T., Caldas,V.E., Costa,F.C., Silvestre,D.A. and
Thiemann,O.H. (2013) Selenocysteine biosynthesis and insertion
machinery in Naegleria gruberi.Mol. Biochem. Parasitol., 188,
87–90.



Nucleic Acids Research, 2021, Vol. 49, No. 16 9095

60. Eichinger,L., Pachebat,J.A., Glockner,G., Rajandream,M.A.,
Sucgang,R., Berriman,M., Song,J., Olsen,R., Szafranski,K., Xu,Q.
et al. (2005) The genome of the social amoeba Dictyostelium
discoideum. Nature, 435, 43–57.

61. Zhang,Y., Romero,H., Salinas,G. and Gladyshev,V.N. (2006)
Dynamic evolution of selenocysteine utilization in bacteria: a
balance between selenoprotein loss and evolution of selenocysteine
from redox active cysteine residues. Genome Biol., 7, R94.

62. Bult,C.J., White,O., Olsen,G.J., Zhou,L., Fleischmann,R.D.,
Sutton,G.G., Blake,J.A., FitzGerald,L.M., Clayton,R.A.,
Gocayne,J.D. et al. (1996) Complete genome sequence of the
methanogenic archaeon,Methanococcus jannaschii. Science, 273,
1058–1073.

63. Slesarev,A.I., Mezhevaya,K.V., Makarova,K.S., Polushin,N.N.,
Shcherbinina,O.V., Shakhova,V.V., Belova,G.I., Aravind,L.,
Natale,D.A., Rogozin,I.B. et al. (2002) The complete genome of
hyperthermophileMethanopyrus kandleri AV19 and monophyly of
archaeal methanogens. Proc. Natl. Acad. Sci. USA, 99, 4644–4649.

64. Kendall,M.M., Liu,Y., Sieprawska-Lupa,M., Stetter,K.O.,
Whitman,W.B. and Boone,D.R. (2006)Methanococcus aeolicus sp.
nov., a mesophilic, methanogenic archaeon from shallow and deep
marine sediments. Int. J. Syst. Evol. Microbiol., 56, 1525–1529.

65. Hendrickson,E.L., Kaul,R., Zhou,Y., Bovee,D., Chapman,P.,
Chung,J., Conway de Macario,E., Dodsworth,J.A., Gillett,W.,
Graham,D.E. et al. (2004) Complete genome sequence of the
genetically tractable hydrogenotrophic methanogenMethanococcus
maripaludis. J. Bacteriol., 186, 6956–6969.

66. Salinas-Giege,T., Giege,R. and Giege,P. (2015) tRNA biology in
mitochondria. Int. J. Mol. Sci., 16, 4518–4559.

67. Grosjean,H., de Crecy-Lagard,V. and Marck,C. (2010) Deciphering
synonymous codons in the three domains of life: co-evolution with
specioc tRNA modiocation enzymes. FEBS Lett., 584, 252–264.

68. Marck,C. and Grosjean,H. (2003) Identiocation of BHB splicing
motifs in intron-containing tRNAs from 18 archaea: evolutionary
implications. RNA, 9, 1516–1531.

69. Muszewska,A., Steczkiewicz,K., Stepniewska-Dziubinska,M. and
Ginalski,K. (2017) Cut-and-Paste transposons in fungi with diverse
lifestyles. Genome Biol. Evol., 9, 3463–3477.

70. Stajich,J.E. (2017) Fungal genomes and insights into the evolution
of the kingdom.Microbiol. Spectr., 5,
https://doi.org/10.1128/microbiolspec.FUNK-0055-2016.
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