Annotating animal mitochondrial tRNAs:
an experimental evaluation of four methods
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We present the results of an experimental analysis of four meth- Eé .
ods for identifying animal mitochondrial tRNAs tested on a dataset JT geg|» +— T¥Cstemandloop
consisting of 6,600 tRNAs extracted from the entire set of complete
animal mitochondrial genomes in GenBank. Methods were eval-
uated based on false negatives (missing actual tRNAs) and false
positives (falsely identifying tRNAs). An exploration of training
covariation models to identify animal mitochondrial tRNAs is also
presented.
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model Figure 1. Schematic representation of a typical tRNA en-

Identifying and annotating genes is currently a time con-  coded by an animal mitochondrial genome. Nucleotides
suming and error fraught process and, with the input of high  paired by hydrogen bonds are indicated by dashes.
throughput genome centers, is becoming a rate-limiting step o o
in the production of complete mitochondrial genome se- focus on covariation of basepairing in the secondary struc-
guences. Clearly, a more automated and accurate methodHre-
must be developed to streamline this process. In so doing, We present an analysis of the performance of four ex-
we may also be able to use this system as a model on whicHsting methods for identifying animal mt tRNAs as well as
to base methods of finding other types of structured RNA an in-depth exploration of ways to train covariation mod-
molecules. els. The methods were rigorously tested by running each

Transfer RNAs are approximately 70 nucleotides in Program on the 300 complete animal mt genomes in Gen-
length and are necessary components to a cell’s protein synBank [6] containing 6,600 tRNAs. The programs which we
thesis machinery. They fold into a complex shape including tested were: COVE [3], tRNAscan-SE [8], RNAMoatif [9],
both single-stranded regions and helices based on interna®nd our own method.
nucleotide pairings. This can be represented in schematic o ) _
form as a cloverleaf with four stems (see Figure 1). In an- Method_s I.dentlfyl_ng tRNAs using covarlatlon. models (a
imal mitochondrial (mt) genomes, tRNAs make up 22 of generalization of hidden Markov models) was first proposed

the 37 genes and yet no program exists which can automatd? 1994 simultaneously by Eddy and Durbin [3] and Sakak-

the identification process and many animal mitochondrial lP2raetal.[11] and was implemented by Eddy and Durbin
genomes remain unannotated due to the difficulty of identi- IN thé COVE software package. A covariation model (CM)

fying tRNAs. Methods based on conservation of nucleotide i

DHU stem and loop

is created in COVE by training the model with a set of se-
sequence exist [4, 5, 8, 10, 1], but are not suitable for animalduences. The set of sequences may be previously aligned

mt tRNAs. This is because selection operates on functional© Not- This is well-suited to the animal mt tRNA prob-

tRNAs based on maintenance of base-pairing (secondary}€M since we are not required (and, in fact, would not be

structure rather than conservation of nucleotide sequence@P!® t0) align the training sequences based on primary struc-

Because animal mitochondrial tRNAs have almost no con- tUré. Once the model has been created, a candidate RNA

servation of sequence at the nucleotide level, methods musBeduence is aligned to the CM using a three-dimensional
dynamic programming algorithm, and the score is then cal-

“stacia@cs.utexas.edu . Department of Computer Sciences, culated based on the probability of the alignment with the
}é”évs;sg{gsg;xas at Austin, Austin, TX 78712. Supported by NSF ) qe| - For COVE, we created a covariation model specif-
tilboore@lbl.gov . DOE Joint Genome Institute 2800 Mitchell  iCally trained tp ident_ify animal mitochondrial tRNAs. The_
Drive Walnut Creek, CA 94598. model was trained with 1,432 tRNAs from 65 complete ani-
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mal mt genomes taken from the set of 300 genomes. COVI L Qurmaied i

was then run on the datasets with and without the training 2o |

sequences. ‘
tRNAscan-SE, probablghemost popular program today ~

for identifying tRNAs, is primarily targeted towards non- I

organellar tRNAs. It uses two methods as a prepass foéﬂ \

identifying candidate sequences based on sequence conte ™ 1o - |

omes

and then passes the candidates to COVE as a subroutir \gx

For organellar tRNAs, it bypasses the prepass step (becau ’_,'Z'A\ 5

the sequences that they search for don't exist in organelle \Ex o

genomes) and gives the sequences directly to the covar o Xj\e g \:f;}%ﬁ}%
ation model. This process, without the preprocessing, it %o s 10 15 0
equivalent to running the COVE program on the tRNA CM FitforalltfNAs

included in the software package. For tRNAscan-SE, we Figure 2. For each value of FN, the number of genomes
used the tRNA CM that the program came with. This was  with that FN is plotted.
trained on a dataset of 1,415 aligned tRNAs from the 1993

Sprlnzl database [12] 250 ' ' I I l 'FN Flor Ealch tFllNA F:)I’ AIIIGenclm'lesI ' . I l '
RNAMotif is a descendent of past motif-based pro- R
grams [5, 7], but has a more powerful descriptor language tRNAscan-SE - 5
than its predecessor, RNAMOT [5], and it has a global scor- **[ & i\
ing scheme. The user creates a descriptor for a molecul X
based on stem and loop motifs and scoring rules. We cre w0 || a
ated an RNAMotif descriptor file for animal mt tRNAs (see - . K
our web site for the descriptor [2]). wl g
Finally, the fourth method we tested was one we imple- P
mented as part of an organellar genome annotation packag
It is a pattern-matching algorithm which combines struc- =/ /' 2 A [
tural motif searching with an integrated scoring system de- SN 1/ S \i;fé;;;{':‘?:;é, A
signed specifically for animal mt tRNAs. e — P e

Ala Arg Asn Asp Cys GIn Glu Gly His lle Leu Lys Mlet Phe P‘ro Sler Thr Trp Tyr Val
Evaluation Each program was tested on the 300 genome . e
dataset and was evaluated based on its ability to identify the F19ure 3. For each tRNA, the number of genomes that
22 tRNAs (one for each amino acid and two for both serine ~ Missed that tRNAis plotted.
(tRNA-Ser) and leucine (tRNA-Leu)) in each genome and _ T .
counting the number of false negatives (FN) and false pOSi_chondnal tRNAs .Stl|.| m|sseq some tRNAs and in the wor_st
tives (FP). A false negative occurs when a program fails to case genome, missing 8. Figure 3.ShOWS that COVE, ur.1I|ke
identify an actual tRNA, and a false positive occurs when a the other methods, performed. unlf.ormliy well. The spike
program identifies a sequence as a tRNA when it is not one 2" the FN for COVE on serine is primarily because the FN
The false negatives for each genome were counted and pIot]—cor the _tWO SErnes Is Com?'”ed- Figure 3 illustrates that_
ted in Figure 2. It shows, for each of the four methods, for COVE s much less sensitive to degenerate cases of ani-
each number of false negatives, how many genomes misse al mt tRNA secondary structure than the other methods.
that many tRNAs. The false negatives for each of the 22 Although very successful fqr non-organellar genomes [8],
tRNAs also were counted individually and are presented inthe tRNAscan-SE CM, which had been trained on non-
Figure 3 with the FN for the two tRNA-Ser and tRNA-Leu _organe_llar genomes, does nqt perform nearly as well on an-
combined. This figure shows for each tRNA, how many imal mitochondrial tRNAs (E|gure 2). tRNAscan-SE only
genomes missed it for each method. found all 22 of the tRNAs in 11 genomes (compared to

215 for COVE) and even misseslrerytRNA for one of

Results and Discussion As can be seen in Figure 2, the the genomes. This can also be seen in Figure 3 where
best-performing method was, by far, COVE. The COVE re- tRNAscan-SE missed tRNA-Ser (which is often missing the
sults are for all 300 genomes, including the training set. D arm) for most of the genomes.
COVE found all 22 of the tRNAs for 215 out of 300 The least successful of the methods was RNAMotif, with
genomes. This is compared to just 11 for tRNAscan-SE, over half of the genomes missing more than 25% of the tR-
44 for our method andionefor RNAMotif. Even as the  NAs and not finding all of the tRNAs in any of the genomes.
best performer, however, the CM trained for animal mito- To be fair, RNAMotif is meant to be a general purpose pro-



gram for identifying RNA molecules. This becomes a prob- Conclusion Here we have presented an analysis of exist-
lem because the descriptor for mitochondrial tRNAs must ing tRNA identification methods and evaluated their perfor-
be very general because individual nucleotides are not conimance with respect to animal mt genomes. We have shown
strained, also allowing for a huge number of matches. Forthat COVE is the most effective and promising method. We
the graph in Figure 2, if a candidate with the correct coor- have shown that tRNAscan-SE does not perform well for
dinates was found in the top 20 answers for each tRNA, it organellar tRNAs because of the way it was trained. We
was counted. This is a more generous way of counting thanshowed that COVE is the most robust method with respect

used with the other methods and yet RNAMoaitif still did not  to identifying non-canonical foldings.

perform very well. One of the drawbacks to this method is
its “all or nothing” approach. The descriptor language does

have some nice regular expression features, but it does nog

allow for boolean expressions. As an example, one would
want to allow for a missing D arm in a tRNA by matching a
stem and loop strongly or not at all. Our own method found
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all 22 of the tRNAs for 44 of the genomes, and usually only References

missed 1 or 2 tRNAs. When our method identified the cor-
rect tRNA, it was usually the top scoring tRNA or within
the top 3 for each tRNA. Although our method performs
reasonably well compared to tRNAscan-SE and RNAMo-
tif, it doesn’t perform nearly as well as COVE.

With respect to false positives, the both COVE and
tRNAscan-SE had very few and while this is indeed a fea-
ture, it also doesn't present the user with “second choices”
if the folding is not to their satisfaction. The number of false

positives for our method is not reported because the user can [4]

choose how many of the best-scoring candidates for each
tRNA should be returned. The number of false positives

reported by RNAMotif is so large as to make the method

impractical, sometimes giving hundreds of false positives

per tRNA.

Further Training of Covariation Models Encouraged
by the strong performance of COVE, we attempted to im-
prove upon the method by trying different approaches to
training the model. Despite coming up with several strate-
gies for training, we were surprised to find that none of the
new CMs that we trained performed better than the original
(trained with 1,432 animal mt tRNAs). We tried increasing
the number of training sequences up to 3,300 (half of all the
tRNAs in the dataset) and it found all of the tRNAs in 221
genomes versus 215 in the 1,432 CM but this was not uni-
form over different FN values. For individual tRNAs, the
3,300 CM only missed 8 tRNA-Pro versus 15 in the 1,432
CM but it missed 20 tRNA-Cys when the 1,432 CM only
missed 14.

We then tried to construct a CM which would do a better
job identifying non-canonical foldings by training it solely
on tRNA-Ser (often one of the two tRNA-Ser is missing an
arm). Despite using just the tRNA-Ser sequences to train

the model, it still missed 52 tRNA-Sers compared to 41 for 1

the original model. We tried expanding this idea to target-
ing each tRNA family individually, but just as with the CMs
targeted for tRNA-Ser, there was not a discernible improve-
ment in performance.
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