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Abstract: Locating the coding regions in a genome is one of the critical steps in understanding the
genes in the genome. Aligning mRNAs with the whole genome provides clues about such locations.
In eukaryotic genes, this alignment problem is complicated by the exon/intron structures. BLAT [6],
one of the most popular mRNA alignment tools, was developed to address this issue. In general, for
error-free mRNAs, BLAT is very efficient and accurate. However, the performance of BLAT degrades
on two types of input: erroneous mRNAs and mRNAs without enough distinguishable short markers.
Errors (about 10% in practice) in the mRNA as well as the genome sequence are rather common.
Our experiments reveal that BLAT fails to locate mRNAs with 10% errors even if it runs in the
“exhaustive” mode (i.e., a more accurate but much slower mode). For error-free mRNAs, we found
that the efficiency of BLAT cannot be maintained in some rare cases which are characterized by
mRNAs containing not enough distinguishable short markers; in such cases, BLAT has to run in the
exhaustive mode and requires about 8 minutes per mRNA.

In this paper, we give an efficient algorithm to align the above two types of mRNAs accurately.
Our algorithm makes use of approximate string matching technique based on suffix tree and takes
advantage of an effective structural filtering procedure. In our experiments, our algorithm consistently
outperforms BLAT on these hard cases. In particular, our algorithm is able to locate all erroneous
mRNAs (with the exact exon/intron structures); for those error-free mRNAs without enough distin-
guishable short markers, our algorithm takes 28 seconds per mRNA on average (i.e., 16 times faster

than BLAT).
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1 Introduction

Locating the coding regions in a genome is one
of the critical steps towards a better understand-
ing of the genes in the genome. Aligning mRNAs
with the whole genome provides clues about such
locations. In eukaryotic genes (our paper focuses
on these genes), this alignment problem is compli-
cated by the exon/intron structures: each mRNA
is, in fact, formed by the concatenation of a num-
ber of regions (called exons) in the original genome
and between any two consecutive exons, there is
a (possibly large) segment of nucleotides (called
introns). So, the alignment between a mRNA and
a eukaryotic genome usually contains a number of

big gaps (introns). Most of the generic alignment
tools (e.g. BLAST [1,2], FASTA [10]) are not ap-
propriate in this mRNA-genome alignment.

Sim4 [4] and BLAT [6] were developed to ad-
dress this issue of introns. Sim4 has been shown
to be slower than BLAT and is not as accurate
as BLAT [5,6]. In general, BLAT is efficient and
accurate. We have tested BLAT with 26,000 error-
free mRNAs, these mRNAs are extracted from
the human genome based on 26,000 known genes.
The average length of such mRNAs is about 3000.
In most cases, BLAT can align the mRNA ac-

!The information of these genes are based on the Human
Genome Reference DNA Sequence build 34 obtained from
ftp://ftp.ncbi.nih.gov/genomes/H sapiens.



curately in the “default” mode, using about 0.5
seconds per mRNA; for some rare cases, accurate
alignment can be achieved only if BLAT is ad-
justed to run in the “exhaustive” mode,? which is
more accurate but much slower.

In real cases, the input mRNAs and the genome
sequence may contain errors (in practice, we would
assume that there are about 10% errors). We
found that the accuracy of BLAT degrades dras-
tically when erroneous mRNAs are used as input.
In our experiments, we implanted 10% errors in
30 mRNAs, BLAT fails to locate most of these
mRNAs even if we switch it to the “exhaustive”
mode (see Table 1). And on average, BLAT takes
about 5.5 minutes to align each of these mRNAs.

ers in the mRNAs. In other words, short sub-
strings (of length 10 or less ) of these mRNAs usu-
ally have quite a number of copies in the genome
sequence. Thus, BLAT fails to identify a small
set of potential locations for checking the exact
location for the mRNAs, and BLAT has to run in
the exhaustive mode (using about 8 minutes per
mRNA) in order to align these mRNAs correctly.

In summary, there are two types of mRNAs that
make the performance of BLAT degrade: (1) er-
roneous mRNAs for which BLAT is not able to
locate the mRNA even in “exhaustive” mode, and
(2) mRNAs that do not have enough distinguish-
able short markers for which BLAT has to use the
“exhaustive” mode in order to successfully locate
these mRNAs.

Table 1: Performance of our program and BLAT
on 30 erroneous mRNAs (Match % shows the per-
centage of the matched nucleotides between the
mRNA and the located region in the genome).
Note that since there are 10% errors in the mR-
NAs, the highest possible match % is 90%.

In this paper we also investigate those error-free
mRNAs that make the performance of BLAT de-
grade. Out of the 26,000 error-free mRNAs, there
are 488 mRNAs for which BLAT was not able to
locate the exact exon/intron structures in its de-
fault mode (see Table 2) A detailed study reveals
that these mRNAs have the characteristics that
there are not enough distinguishable short mark-

2For reference, we modify parameters like MAXDnaHits
to be MAX_INT.

Number of mRNAs located
Match BLAT BLAT Our Number of mRNAs located
% (Default) | (Exhaustive) | Program Match BLAT BLAT Our
0% 17 0 0 % (Default) | (Exhaustive) | Program
1%-10% 9 23 0 1%-10% 2 0 0
11%-20% 2 2 0 11%-20% 13 0 0
21%-30% 2 0 0 21%-30% 38 0 0
31%-40% 0 1 0 31%-40% 44 0 0
41%-50% 0 1 0 41%-50% 74 0 0
51%-60% 0 0 0 51%-60% 93 0 0
61%-70% 0 2 0 61%-70% 101 0 0
71%-80% 0 1 0 71%-80% 123 0 0
81%-90% 0 0 30 81%-90% 330 0 0
91%-100% 0 0 0 Over 90% 0 488 488
Ave. time Ave. Time
(per mRNA) 2 secs 5.5 mins 3.8 mins (per mRNA) | 1.5 secs 8 mins 28 secs

Table 2: Performance of our program and BLAT
on 488 error-free mRNAs without enough distin-
guishable short markers.

Our Contributions: In this paper, we propose an
efficient and accurate alignment algorithm to work
on erroneous mRNAs, as well as mRNAs without
enough distinguishable short markers. Our algo-
rithm makes use of suffix tree and approximate
string matching technique to capture a complete
set of candidates for possible alignment. Then we
exploit some structural property of these candi-
dates to effectively filter out most of the incorrect
candidates. This is the reason why our algorithm
can improve accuracy and efficiency at the same
time. We have conducted experiments to compare
our algorithm against BLAT on the two types of
problematic inputs, confirming that our algorithm



does perform better. In particular, for the erro-
neous input mRNAs, our algorithm can locate all
these mRNAs correctly (see Table 1 for details).
For those mRNAs without enough distinguishable
short markers, our algorithm is able to align them
correctly about 16 times faster than BLAT (see
Table 2 for details).

Organization of the paper: The rest of the paper
is organized as follows. Section 2 describes our
algorithm. The experimental results are presented
in Section 3. Section 4 concludes the paper.

Remark: Aligning ESTs against the genome se-
quence is also an useful application in identify-
ing the location of coding regions. ESTs are usu-
ally contiguous nucleotide sequences coming from
a single exon or at most two exons, our algorithm
and BLAT can also work on ESTs. However, the
focus of our paper is on aligning a full mRNA
which consists of multiple exons, so we choose
to compare our algorithm with BLAT and the
software tools designed mainly for EST alignment
[3,5,7,9] are not considered in this paper. In fact,
most of these tools have only been evaluated by
using EST's, but not mRNAs.

2  Our Algorithm

Our algorithm consists of 3 phases in aligning a
given mRNA to the genome. Roughly speaking,
in Phase 1 (Candidate Generation), we partition
the mRNA into substrings and search the occur-
rences of these substrings in the genome. These
occurrences, called candidates, provide informa-
tion on the possible locations of the mRNA. To
ensure the accuracy, unlike some other algorithms,
we aim at generating all possible candidates. How-
ever, checking all these locations may take a long
time. Obviously, most of these occurrences are not
related to the correct location of the mRNA. By
exploiting the relationship between the ordering of
the substrings and the positions of the correspond-
ing candidates, we develop a very tight filtering
condition (see Lemma 1) in Phase 2 (Filtering) to
filter out the incorrect candidates which enables
us to eliminate about 96% of the candidates. The
remaining candidates will be evaluated in Phase

3 (Finding the alignment) to locate the correct
exon/intron structures.

To handle erroneous mRNAs, in Phase 1, we do
not require the occurrences of a substring to be an
exact match of the substring. However, the num-
ber of candidates reported will be increased dras-
tically. The filtering in Phase 2 is critical in elim-
inating most of the incorrect candidates. These
two features enable our algorithm to handle er-
roneous mRNAs efficiently and more accurately.
Note that if the input mRNA and the genome se-
quence are of high quality, the requirement of an
exact match can be imposed to speed up the pro-
cess. In this case, the filtering still plays a key role
in eliminating candidates.

In the following context, let P be the mRNA of
length m and G be the genome. In addition, we
have the following assumptions: (1) An exon con-
tains at least 100 nucleotides® and (2) The error
in each exon (in mRNA as wellas in the genome
sequence) is at most 10%.

2.1 Phase 1 - Candidates Generation

We partition P into j substrings, P, P,..., P;
each containing L = [m/j]| characters. For each
P;, we locate all substrings S in G such that the
edit distance between P; and S is at most e. We
say that S is located by P;. Each substring S is
called a candidate and is represented by a tuple
(i,a,e) where a is the starting position of S in G.

In our implementation, we set e = 1 for erro-
neous mRNAs and e = 0 for high quality mRNAs.
Recall that we aim at generating all possible can-
didates, we use an approximate string matching
technique based on suffix tree [8]. By storing only
the top levels (say 13 levels) of a suffix tree in
memory and a suffix array in harddisk, we solve
the issue of memory limitation which enables the
algorithm to run on a PC.

2.2 Phase 2 - Filtering

The basic idea of the filtering algorithm is as fol-
lows. A candidate (k,b,e) is a supporting candi-
date for another candidate (i,a,e) if |k —i| x L <
|b—a|l < |k—i| x L+ ex|k—i—1|. Intuitively,

3This has been verified to be valid in most real data.



the two candidates are supporting candidates if
they are related to the correct location of the same
exon. Recall that each exon is assumed to contain
at least 100 nucleotides and the error in each exon
is at most 10%. By taking L = 12 (L is the par-
tition length) and based on the pigeon principle,
we can show that the following lemma holds.

Lemma 1. Let E be an exon in P with at least
100 nucleotides. Then, E includes 7 or more 12-
nucleotide partitions and these partitions can lo-
cate at least 4 supporting candidates.

Based on the above lemma, for each candidate,
we look for 3 more supporting candidates, if found,
we keep the candidate, otherwise we throw it away.
Note that these supporting candidates may not be
consecutive. After the filtering, we can guarantee
that 4 supporting candidates are left for each exon.
Thus, we have the following lemma.

Lemma 2. Let E be an exon in P. Let Py, Pyi1,
eevy Pryo—1(€ > 7) be the partitions included in E.
Then, at least 4 supporting candidates located by
these partitions are left after filtering.

2.3 Phase 3 - Finding the Alignment

In this phase, we first cluster the remaining candi-
dates based on their locations in the genome and
the positions of the corresponding substrings in
the mRNA. Basically, each cluster corresponds to
an exon and alignment is performed inside the
cluster and by extending the boundaries of the
cluster. The clusters are then chained up to-
gether to form a possible location of the mRNA.
The chained clusters that give the highest match
percentage will be reported. For each exon, we
can show that we can recover the location of the
mRNA since at least one of the candidates is left
after Phase 2. The details of this phase will be
given in the full paper.

3 Experimental results

In this section, we evaluate the performance of
our algorithm against that of BLAT on two sets
of mRNAs: the erroneous mRNAs and the mR-
NAs without enough distinguishable short mark-
ers. We also show the effectiveness of our filtering

procedure (Phase 2 of our algorithm). We im-
plemented our algorithm in C and conducted our
experiments on a Intel-based PC with a Pentium
1V 2.4GHz CPU, 4GB main memory running in
SunOS 5.8.

3.1 Erroneous mRNAs

We generate the erroneous mRNAs as follows.
Based on the mRNAs in the GenBank pub-
lished in the Human Genome Reference DNA
Sequence build 34, we selected 30 mRNA se-
quences and introduced 10% errors to each of
them. The 10% errors are introduced by mu-
tating one nucleotide chosen randomly per every
ten nucleotides. For each mRNA, we measure the
percentage of matched nucleotides in the align-
ment of the mRNA and the located region as re-
ported by the programs (we call this the match
%). The results of the experiments is shown in
Table 1. It is clear that our program is more ac-
curate than BLAT. In terms of efficiency, our al-
gorithm takes 3.8 minutes on average per mRNA
alignment while BLAT takes 5.5 minutes in the ex-
haustive mode. Note that the exon/intron bound-
aries reported by our algorithm are all exact loca-
tions while some of the exon positions reported by
BLAT are not correct.

3.2 mRNAs without enough distin-
guishable short markers

We tested BLAT with about 26000 mRNAs ob-
tained from GenBank. These mRNAs are error
free. We found that there are 488 of them for
which BLAT (running in the default mode) can
only report a match percentage of < 80% (with
300 of them have a match percentage < 60%).
In other words, BLAT fails to locate the correct
exon/intron structures in these mRNAs in its de-
fault mode. These mRNAs are characterized by
having a relatively high percentage of short sub-
strings that have many occurrences in the genome.
From a preliminary data analysis, we found that
in these mRNAs, about 80% of the substrings of
length 10 have more than 8000 occurrences in the
genome while for the other mRNAs, only about



50% of the substrings have more than 8000 occur-
rences in the genome.

To assess our program’s ability for aligning mR-
NAs without enough distinguishable short mark-
ers, we used these 488 mRNAs as inputs to our
program. Our program can align all of them cor-
rectly with 28 seconds per mRNA?. In contrast,
if BLAT runs in exhaustive mode, although it can
align all the mRNAs with match percentage higher
than 90%, it takes around 8 minutes to align each
mRNA. Table 2 shows the results.

3.3 Filtering effectiveness

We measure the effectiveness of our filtering pro-
cedure by measuring the percentage of candidates
generated in Phase 1 of our algorithm that are fil-
tered away by our filtering procedure (we call this
the effectiveness index).

Based on the two sets of experiments we have
conducted, we found that the effectiveness index
of our filtering procedure is about 96%. More pre-
cisely, for erroneous mRNAs, the effectiveness in-
dex is 98%, while for mRNAs without enough dis-
tinguishable short markers, the effectiveness index
is 95%. In other words, the filtering is effective
in both cases. Moreover, the filtering procedure
takes only 20%, on average, of the total running
time of the whole algorithm.

4 Conclusion

In this paper, we propose an efficient and more
accurate algorithm for aligning erroneous mRNAs
for which BLAT is not able to align them cor-
rectly. We also identified a set of mRNAs charac-
terized by not having enough distinguishable short
markers that make BLAT run slower in order to
align them while our algorithm can align them ef-
ficiently and accurately. Integrating BLAT and
our algorithm would be a sensible future work.

4Our program is switched to find exact match candidates
in Phase 1 for this set of experiment.
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