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Abstract

The problem addressed by this paper is accurate and
automatic gene annotation following precise identifica-
tion/annotation of exon and intron boundaries of biologi-
cally verified nucleotide sequences using the alignment of
human genomic DNA to curated mRNA transcripts. We
provide a detailed description of a new cDNA/DNA homol-
ogy gene annotation algorithm that combines the results of
BLASTN searches and spliced alignments. Compared to
other programs currently in use, annotation quality is sig-
nificantly increased through the unambiguous junction of
genomic DNA sequences. We also address gene annotation
with both non-canonic splice sites and short exons. The
approach has been tested on theGenie learning subset as
well as full-scale human RefSeq, and has demonstrated per-
formance as high as 97%.

Key words: Spliced alignments, BLAST, RefSeq, dy-
namic programming

1 Introduction

Correct gene annotation is essential for biology in the
new millennium. A vast amount of nucleotide-level data has
been deposited into databases worldwide, including most
of the human genome [3]. Genomic data requires metic-
ulous interpretation and annotation to extract meaningful
data. This process is not keeping pace with the amounts
of data deposited daily [10]. There is still a real need for
accurate and fast annotation tools. The most widely used
and precise methods of annotation are based on DNA/DNA,
DNA/mRNA and DNA/Protein homology [10].

Pioneered by Gelfandet al. [8] with Procrustes ,
many approaches based on similarity searches have
emerged in the last 6 years. The principle behind most of
these programs is to combine similarity information with
signal information obtained by signal sensors in order to
find region boundaries. These programs inherit all the

strengths and weaknesses of signal sensors, and may fail
when a non-canonical splice site is encountered [10, 2].
Homology-based programs combining alignment and splice
site information are often referred to asspliced alignment
programs. Existing software may be classified according to
the homology type they explore (DNA/DNA, DNA/mRNA
and DNA/Protein). Frequently, programs combine several
homology types.

We have developed a new program,GIGOgene, to ad-
dress the problem of correct human genome annotation.
In our approach we combine several information sources,
such as alignment, sensors, unambiguous allocation and all-
pairs-longest-path sequences connection to raise gene anno-
tation quality.

We introduce our homology algorithm by reviewing pre-
vious work in the following section.

2 Definitions and previous work

Definitions:

BLAST search: The BLASTN algorithm was used
to search DNA database compiled from Primate
(PRI) and High Throughput Genomic (HTG) se-
quence flatfiles downloaded from NCBI.

Query sequence: Highly curated mRNA tran-
scripts originating from NCBI Reference Se-
quences (RefSeq).

Query Result: The set of alignments of transcripts
with genomic DNA; the genomic sequences iden-
tified presumably contain a gene or a set of can-
didate exons.

High-scoring Segment Pair (HSP): Statistically
significant alignment between segments in DNA
and mRNA obtained from BLASTN. There are
several parameters characterizing HSPs: location
in the mRNA query and DNA result sequences as
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well as different quality values, such as expecta-
tion value (E), percent identity, and score.

Segment: Portion of an HSP that may contain
an exon in the genomic DNA sequence and that
therefore requires further investigation.

Test case: Fc fragment of IgG binding pro-
tein (FCGBP) transcript NM003890 aligned to
genomic clones AC00784.1, AC011536.6 and
AC006950.1.

Test set: First 200 mRNA transcripts of the
Genie data set (http://www.fruitfly.
org/sequence/human-datasets.
html/ ).

Many approaches have been taken towards solving the
genome annotation problem, includingProcrustes [8],
GeneSeqer with SplicePredictor [16], the popular
Sim4 [7] andGENOA(proprietary to the Burge Lab annota-
tion script) mentioned in [6],GenomeScan [18], SPIDEY
[17] andest2genome [12]. Here is a brief description of
each program:
Procrustes finds the set ofcandidate blocksthat suppos-

edly contain all the true exons. This is done by se-
lecting all blocks between potential acceptor and donor
sites (i.e., between AG and GU dinucleotides) with fur-
ther filtering of this set (in such a way that actual ex-
ons are not lost). The program then explores all pos-
sible block assemblies using a modified Needleman-
Wunch algorithm with multiple tables (the sequential
rule mentioned in Section 3.3). This patented software
is no longer supported.

GeneSeqer and SplicePredictoruse alignment algorithm
implemented in terms of a Hidden Markov model. The
approach uses global alignment through HMM with-
out an affine gap penalty and sensor information. We
were unable to annotate our test case correctly using
the software.

Sim4 does a very good job finding the potential splice sites
for mRNA/DNA alignment, which is directly compa-
rable to performance of our program. It finds all the
sorted sets of HSPs in BLASTN-like fashion, disam-
biguates the sets to find the biggest unambiguous one
and them applies the GT/AG rule to find the splice
sites. The spliced alignment in this program is imple-
mented in terms of multiple heuristics. The program
predicted all the exonic structure and boundaries cor-
rectly for our test case.

Spidey does the BLASTN alignment of mRNA against
DNA first. The BLASTN HSPs are sorted by score and
then assigned into windows by a recursive function,
which takes the first alignment and then goes down the

alignment list to find all alignments that are consistent
with the first, etc. It then follows a set of filtering pro-
cedures and heuristics based on a greedy approach, re-
sulting in exon structure prediction. The program par-
tially failed on our test case.

GenomeScanis a combination of a probabilisticab initio
algorithm with homology DNA – Protein BlastX align-
ment information. The program is a tradeoff between
quality and speed. Its prediction is frequently impre-
cise in terms of splice sites [15], and can not be directly
compared to the pure homology method we use.

est2genomereturns a set of exons resulting from the align-
ment of mRNA to DNA combined with the GT/AG
rule. The program makes three alignments: first it
compares both strands of the spliced sequence against
the forward strand of the DNA, second it realigns
the maximum-scoring orientation assuming the splice
consensus CT/AC (i.e. in the reversed gene direction),
and third it reports the overall maximum-scoring align-
ment. The program produced the correct results on our
test case.

Other genome annotation software is described in [10,
11]. In our tests we have found that many of these methods
have components of the correct solution, but don’t provide
a tool that can be applied to an genome. We thus decided to
develop software able to run in batch mode that corrects the
following problems with existing packages:

• Many programs use suboptimal heuristics that fre-
quently result in unexpected behavior.Spidey was
fooled with the test case alignment NM003890 ver-
sus AC011536.6, demonstrating occasionally incon-
sistent performance with repeating domains within a
transcript.

• According to [1], the genome annotation error rate is
at least 8%. New tools are needed to increase the pre-
cision (NCBI usesGenScan andGenomeScan ex-
tensively).

• Given several options of unambiguous HSP ordered
set construction, described in Section 3.1, current
homology-based gene annotation programs may incor-
rectly assign exons due to repeated sequences within
the transcript. Specifically, these programs assume that
the largest unambiguous set of HSPs will always cor-
rectly identify exons within a genomic sequence; this
assumption is not always true.

• BLAST-based software suffers from the high granu-
larity of the BLAST, which results in missing short ex-
ons. With the alignment for myosin binding protein
C, cardiac (MYBPC3) gene (transcript NM000256.2
aligned to genomic clone Y10129, from the test set),
containing two small exons of size 2 nucleotides, we
have encountered the following problems:
◦ Sim4 , GenomeScan, est2genome and
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Spidey missed short exons due to BLASTN
granularity;

◦ GenomeScan keeps the other splice boundaries
correct, whileSim4 , est2genome andSpidey
mistakenly change the adjacent boundaries due to
misalignment;

◦ est2genome missed an exon after the short one.
• Non-canonical splice sites, such as AT/AC [2], are not

really handled by any program yet [10].
To correct these problems, we developed a package that

is at least as accurate as current methods and robust enough
to run automatically over the entire genome. Since the plain
affine gap penalty alignment is prohibitively expensive, run-
ning in O(n ×m), we use information from the BLASTN
search to find possible splice locations. The following sec-
tion introduces the sequence of steps behind the heuristic.

Our gene annotation software has the following new fea-
tures:

1. The ability to parse BLASTN output, since our pro-
gram is designed to run in a batch mode for the whole
human genome;

2. The ability to find exons much smaller than 12 nu-
cleotides;

3. We increase annotation quality by considering an op-
timal junction of several ordered unambiguous sets of
HSPs;

4. The spliced alignment we use is noise-tolerant (may
recover from certain sequencing errors);

5. It addresses the AT/AC splice rule.

3 Total assembly process

We provide a description of the detailed process for gene
annotation. The process is divided into 8 steps as explained
below:

1. Run BLASTN, with the low-complexity BLASTN fil-
ter turned off, querying curated RefSeq mRNA se-
quences against a DNA database extracted from NCBI
HTG and PRI flatfiles.

2. Parse the BLASTN output and identify sequences that
score above a certain threshold. These sequences are
the most probable candidates for the solution, contain-
ing potential exons.

3. Exclude HSPs that are subsegments included into big-
ger matching segments. Certain noise tolerance re-
quired.

4. Disambiguate the ordered sets of HSPs. Each se-
quence may result into several unambiguous ordered
sets of HSPs, as explained in Subsection 3.1.

5. Build an interval graph of overlapping unambiguous
ordered sets of HSPs. Special attention is paid to the
continuity of mRNA segments, following the rules in
Section 3.1. Edges between HSP sets coming from the

same sequence are not allowed.
6. Compact the interval graph. This way we identify the

biggest composite sequence, containing the maximum
number of possible exons. For these purposes we run
the all-pairs-longest-path algorithm, presented in Sub-
section 3.2.

7. Use spliced alignment to identify possible intron
boundaries in the DNA sequence. In order to save run-
ning time, we useanchors- short nucleotide sequences
from mRNA and DNA that should contain exon/intron
boundary fragments with donor/acceptor signals. A
normal anchor does not have mismatches inM state
(see Section 3.3). Once we have a mismatch, it may
mean a short exon is present. If we need to, we can ex-
pand the anchor and rerun it with two full exons with
an intron between to identify possible short exons as
explained in Subsection 3.3.

8. Extract exonic structure from the ordered set of introns
and write exon/intron structure into the database in a
FASTA format.

Some algorithmic steps are self-explanatory, while others
are considered in the following subsections.

3.1 Algorithm for an ordered set of HSPs alloca-
tion

The problem of disambiguating the ordered set of HSPs
appears to be a part of gene assembly from several DNA
sequences. Parts of a gene, or the entire gene itself, may get
replicated during evolution, thereby introducing an ambigu-
ity during the gene assembly process.

There are several fundamental principles from molecular
biology that we use in our program:

1. Since transcripts are always linear, we require the set
of HSPs to follow this sequential rule, i.e. we use an
ordered HSP set.

2. Splicing of the pre-mRNA does not introduce any
transpositions. Alternative splicing also does not af-
fect the order of the HSPs.

3. Homologous fragments of a gene usually are not bio-
logically protected by natural selection and gradually
degrade from the initial functional copy due to random
mutations. As a result, a real HSP usually gets a higher
identity score, unless the replication was quite recent.

4. When we have an ordered set of HSPs, we require the
whole mRNA transcript to be covered with segments
continuously, without breaks, otherwise we stop the
structure assembly at the break point and search for
an alternative solution.

5. There may be some segments within a transcript which
contain subsegments. Since an HSP may not span
significantly further than exon boundaries, we assume
that all segments that are contained in the biggest one,
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for this particular HSP, are false copies.
6. Unambiguous ordered set of HSPs with significant

amount of segments of quality lower than 98% most
probably should be rejected as a false set resulting
from replication.

0 1 2 3

0 1 2 3 4 5 6 7

 Query

Hit

5 6 7 8 9

Figure 1. Idea behind disambiguating algo-
rithm

The disambiguating dynamic programming algorithm to
find unambiguous ordered sets of HSPs was implemented
according to these principles.

The dynamic programming procedure searches for the
largest, unambiguous, continuously-overlapping on the
transcript side, an ordered set of HSPs with the maximum
score possible. We may skip several segments on genomic
clone side in favor of getting the largest ordered set of seg-
ments on mRNA side, schematically shown in Figure 1.

−D ×0

×0
M

Iy

−E

Ix

Wi,j

Wi,j
Wi,j

Figure 2. State Diagram of the disambiguating
algorithm

For the purposes of the disambiguating algorithm we
need to build a bipartite graph structure, where segments
are nodes and HSPs are edges connecting the ordered sets
of nodes. Examples of this type of structure are represented
in Figure 5 - Figure 7 for the test set mentioned in Section
2.

For each HSP returned by the BLAST search, we need
to distinguish between repeats and partial gene copies and
real sequence matches. This is accomplished via a com-
bination of the sequential rule and an exponential decay
scoring function. For each HSP set we often have copies
and real sequence homology. The real sequence homology
HSPs are classified as real and the copy regions are classi-
fied as copies through this scoring function.

f(x) = Kmx, (1)

Herex is the percent off the perfect score. For example, if
the score is 98% the value ofx = 2%. AlsoK is the scaling
constant, in our case 100, andm is the exponential function
rate of descent.

Result of the scoring function (1) is calledweight.
Weight is an important characteristic for the scoring process
in general. Average weight of a set of HSPs will let us make
the right decision on the set’s future, since the low-scored
sets get dropped.

For the disambiguating algorithm shown in Figure 3, we
used dynamic programming with an affine gap penalty. We
may break the continuous order of genomic DNA segments,
visiting Iy state on the state diagram shown in Figure 2.
We loose the score once we break transcript ordered set of
segments, resetting the whole score back to 0, visitingIx
state in Figure 2. Once we have a continuous ordered set of
segments, we gain score atM state. On the state diagram
(Figure 2)Wi,j is the weight of a HSP,−D is the penalty
for missing one or more segments in an ordered set of DNA
segments,−E is penalty for each additional segment miss-
ing.

For this algorithm we have to allocate score matrixF of
dimensionality

2× (# of RNA segments)× (# of DNA segments)

and matrixC of the same size to record the intermediate
ordered sets in the dynamic programming procedure. For
the convenience of indexing, we introduce aliasesM ← F0

andIy ← F1. We ignore matrixIx as being unnecessary.
The binary functionCONNECTED(i, j) indicates whether
we have overlap between segmentsi andj in the transcript.
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DISAMBIGUATE(W )
// W - matrix of the weights for bipartite graphBn,m

for boundary = 0 to (# of RNA segments)
for i = boundary + 1 to (# of RNA segments)

for j = 1 to (# of DNA segments)
weight = Wi,j

if (weight > 0)

Mi,j = max

8
>>>>>>>>>>>>><
>>>>>>>>>>>>>:

//Start new ordered set of HSPs
M0,0 + weight
Mboundary,j−1×

CONNECTED(boundary, i)+
weight

Iyboundary,j−1×
CONNECTED(boundary, i)+
weight

// Points to itself to terminate
Mi,j

CM
i,j ← The choice forMi,j

else
// Here we abandon all previous attempts in favor
// of finding new maximal segment sequences
Mi,j = −∞

Iyi,j = max

�
Mi,j−1 −D
Iyi,j−1 − E

CIy
i,j ← The choice forIyi,j

Figure 3. Ordered set of HSPs disambiguating
algorithm

In order to recover the solution, we use the recursive al-
gorithm shown in Figure 4. We initialize the solution set
Solution ← ∅.

RECOVERSOLUTION(i, j, k)
if indexesi,j or k are invalid orCi

j,k satisfy stop condition
then return
(nextI, nextJ, nextK) ← Ci

j,k

RECOVERSOLUTION(nextI, nextJ, nextK)
Solution ← Solution

S
(i, j)

Figure 4. Solution recovery

The result of running the algorithm is a set of unambigu-
ous ordered sets of HSPs which are easy to connect using
an interval graph. Below in Figure 5 - Figure 7 we depict
bipartite graphs resulting from the processing of BLASTN
run results for the test case.

3.2 Connecting two sequences together

There are several principles to follow in the unambigu-
ous connection of two sequences. Since 40% of the human
genome consist of repeats [14], we need to use additional
BLASTN alignment information (HSPs), otherwise we may
incorrectly connect sequences in a repeat region they share.

We can connect two DNA sequences only in a DNA seg-
ment (potential exon), since the HSPs must be highly pre-

served to match the same transcript segment. In contrast,
the same introns in different DNA sequences may have dif-
ferent lengths and different contents, since most of the in-
tronic contents are not evolutionally protected from random
mutations.

In order to construct a bigger sequence out of several
smaller overlapping fragments, we build an interval graph.

Each node in this graph is an unambiguous ordered set of
HSPs originating from the disambiguating algorithm men-
tioned in Subsection 3.1.

In order for the nodes to be connected by an edge, they
have to contain HSP sets coming from different sequences,
otherwise we end up collapsing the nodes back into an am-
biguous original.

An interval graph to connect possible fragments of a
gene resulting from disambiguating process is shown in
Figure 8 for the test case. Both nodes to connect and con-
nection path are shown in bold.

In order to find the best way to collapse nodes, we use
all-pairs-longest-path algorithm. Distance between nodes is
the potential size of a sequence after we join both of them
into a single node.

0 1

5

2

4

3

6

AC011536.6

AC011536.6

AC007842.1

AC006950.1

AC007842.1

AC011536.6

AC011536.6

Figure 8. Interval graph to connect unam-
biguous gene fragments coming from from
AC011536.6, AC006950.1 and AC007842.1
aligned with NM 003890

We use a modified Floyd-Warshall all-pairs-longest-path
algorithm [4] known to run inO(n3) time. Modification
adds at mostO(n2) for each step in the algorithm for a
dense graph, resulting intoO(n5) procedure. The produced
graph may have different degrees of density. In our test
cases, the graph was not sparce enough to use Johnson’s
modification [4] running inO(V 2 log V + V E). However,
we plan to further research this step and devise an algorithm
that may be of less time complexity. We solve the following
maximization problem.

Dk,i,j =

8
>>>>>><
>>>>>>:

Combination of ordered HSP setsi andj , if k = 0,

argmax
Dk−1,i,j ,

Dk−1,i,k
S

Dk−1,k,j

max

0
BB@

SIZE (Dk−1,i,j) ,

SIZE

0
@Dk−1,i,k

S
Dk−1,k,j

1
A

1
CCA , if k > 0.
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0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

30292827262524232221201918171615141311 1210987650 1 2 3 4

NM_003890 Segments

AC007842.1 Segments

(a) Ambiguity for the BLASTN alignment of NM003890 with AC007842.1

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

30292827262524232221201918171615141311 1210987650 1 2 3 4

NM_003890 Segments

AC007842.1 Segments

(b) First non-ambiguous ordered set of HSPs from alignment of
NM 003890 with AC007842.1

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

30292827262524232221201918171615141311 1210987650 1 2 3 4

AC007842.1 Segments

NM_003890 Segments

(c) Second non-ambiguous ordered set of HSPs from alignment of
NM 003890 with AC007842.1

Figure 5. Disambiguating the ordered set of AC007842.1 HSPs

Figure 9 shows the dynamic programming procedure, after
we initialize matrixD.

Upon completion the procedure, we extract maximum
element from matrixDn and recover the solution. The mod-
ified pairwise Floyd-Warshal is shown in Figure 9.

FLOYDWARSHALL(D,n)
// n - The number of nodes
for k = 1 to n

for i = 0 to n− 1
for j = 0 to n− 1

Dk,i,j = Dk−1,i,j

if (Dk−1,i,k−1 6= ∅ ∧Dk−1,k−1,j 6= ∅) then
// Try all possible connections between fragments
COMBINATORIAL CONNECT(k,i,j)

Figure 9. Modified Pairwise Floyd-Warshall

Under certain circumstances, an attempt is made to con-
nect two sets of unambiguous ordered sets of HSPs that
contain different unambiguous ordered sets of HSPs from
the same sequence. We can’t connect these two fragments,
since it restores the ambiguity. In this case, the program
backs up and searches for possible connections resulting in
a better structure, as shown in Figure 10.

COMBINATORIAL CONNECT(k, i, j)
// If there was a connection with an unambiguous ordered
// set of HSPs from a sequence with the same accession
// number we try to reconnect them in a better way
for s = k − 1 down to 0

if Ds,i,k−1 = ∅ break
for t = k − 1 down to 0

if Dt,k−1,j = ∅ break
// If the unambiguous ordered sets of HTGs originate
// from different sequences, then combine them
if CANCONNECT

�
Ds,i,k−1, Dt,k−1,j

�
then

r = Ds,i,k−1
S

Dt,k−1,j

if (Dk,i,j 6= ∅ ∧ r 6= ∅)
// Is it the best move???
if SIZE

�
Dk,i,j

�
< SIZE(r) then

Dk,i,j = r
else

Dk,i,j = r
else ifs = t ∧ i = k − 1 ∧ j = k − 1 then

Dk,i,j = Ds,i,k−1

Figure 10. Find the best combination of or-
dered HSP sets to connect

3.3 Spliced Alignment algorithm (Divide et im-
pera!)

In order to identify precise intron/exon boundaries, we
use modified Needleman-Wunsch affine gap penalty al-
gorithms, commonly known asSpliced Alignment. The
purpose of aSpliced Alignmentis to combine both the
alignment information and sensor information into optimal
alignment [10].

The problem with plain Needleman-Wunch alignment
is a scattered alignment pattern, with no indication of
exon/intron boundaries. Optimal score alignment may not
correctly indicate GT/AG or AT/AC splice patterns based

6
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3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

29282726252423222120191817161514131211109876543210

0 1 2 18

NM_003890 Segments

AC011536.6 Segments

(a) Ambiguity for the BLASTN alignment of NM003890 matching AC011536.6

3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

29282726252423222120191817161514131211109876543210

0 1 2 18

AC011536.6 Segments

NM_003890 Segments

(b) First non-ambiguous ordered set of HSPs from alignment of
NM 003890 with AC011536.6

3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

29282726252423222120191817161514131211109876543210

0 1 2 18

NM_003890 Segments

AC011536.6 Segments

(c) Second non-ambiguous ordered set of HSPs from alignment of
NM 003890 with AC011536.6

3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

29282726252423222120191817161514131211109876543210

0 1 2 18

NM_003890 Segments

AC011536.6 Segments

(d) Third non-ambiguous ordered set of HSPs from alignment of
NM 003890 with AC011536.6

3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

29282726252423222120191817161514131211109876543210

0 1 2 18

NM_003890 Segments

AC011536.6 Segments

(e) Fourth non-ambiguous ordered set of HSPs from alignment of
NM 003890 with AC011536.6

Figure 6. Disambiguating the ordered set of AC011536.6 HSPs

on biological rules. With affine gap penalties, we penal-
ize score each time we break an alignment [5]. Affine gap
penalty alignment gives more consistent results, but still,
most of the time we do not see exact exon/intron bound-
aries. An addition of sensor information (GT/AG or AT/AC
rules [2]) results in precise spliced alignment.

There were at least several published spliced alignment
algorithms mentioned in Section 2. Our implementation is
a further modification of affine gap penalty algorithm, men-
tioned in [5].

Our version of Spliced Alignment algorithm could be
explained in terms of transitions between states in Hidden
Markov Model (HMM) [5]. There are 13 matrices of size
n×m introduced, corresponding to states, as shown in Fig-
ure 11. The matrices are reduced to linear size arrayF of
size2 × 13 × m, since we need only two rows in scoring
matrixF and backtracking matrices [9, 13].

In our algorithm we introduce the match stateM , which
uses scoring matrix shown in Table 1. The same PAM ma-
trix is used in the BLAST. The stateIy corresponds to ex-
tending penalty in the mRNA sequence, while the rest of
the states form gaps in the DNA sequence, some having
nucleotide-specific score deduction.

We introduce several gap opening penalties. Gap open-
ing matricesdA anddG express score preference to open
gap with either matricesA or G, correspondingly.d is a
generic gap opening penalty, ande is a generic gap extend-
ing penalty.

Gap extension penalty matriceseA, eC, eG andeT ex-
press scoring preference to extend gap with nucleotidesA,
C, G andT .

According to our model, introducing or extending a gap
should be easy if we are inside of the GT/AG rule. The
penalty becomes high if we try inserting gap outside of the
rule, we would rather try using high-extension-penaltyIx
state. The AT/AC rule works the same way, except insignif-
icantly higher penalties for being infrequent.

s =

A G T C
A 5 −4 −4 −4
G −4 5 −4 −4
T −4 −4 5 −4
C −4 −4 −4 5

Table 1. PAM matrix

We implement the spliced alignment algorithm in a lin-
ear memory of sizeS(m + n) and running timeO(n×m),
wheren is the size of a DNA fragment,m is the size of an
mRNA fragment.

There are following steps in implementation of the algo-
rithm:

1. Run the spliced alignmentALIGN(0 . . . n, 0 . . . m)
alignment to find indexes ofu andv - the split points
for a recursive call. Hereu is the vertical median in-
dex, andv is the horizontal index of a point where the
optimal traceback intersects the median.
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0 1 2 3 4 5 6

1312111098543210 6 7

NM_003890 Segments

AC006950.1 Segments

(a) Ambiguous BLASTN alignment of NM003890 with
AC006950.1

0 1 2 3 4 5 6

1312111098543210 6 7

NM_003890 Segments

AC006950.1 Segments

(b) The only non-ambiguous ordered set of HSPs from alignment of
NM 003890 with AC006950.1

Figure 7. Disambiguating the ordered set of AC006950.1 HSPs

−e

Iy Ix

−e

−d

aC
−eC(Xi)

Ac−eA(Xi)

−e IxATAC

−e aT
−eT (Xi)

At
−d

Ag

M

s(Xi, Yj)
aG

−eG(Xi)

−dG(Xi)

Gt
−eT (Xi)

gT

IxGTAG −e

−eA(Xi)

−e

s(Xi, Yj)

s(Xi, Yj)s(Xi, Yj)

−dA(Xi)

Figure 11. State Diagram of the Spliced Alignment algorithm

2. Restore the matrix context for the recursive calls, as
well as prior state information for proper backtracking.

3. Make the recursive calls for subsequences
ALIGN(0 . . . u, 0 . . . v) and
ALIGN(u . . . n, v . . . m), etc.

4. If either of the subsequences lengths in a recursive call
is less or equal to one, call the ordinary spliced align-
ment for these pieces to get the alignment states

3.4 Experimental results

The program was tested on the test set, defined in Section
2. To measure exon level accuracy we ran our program on
the results of BLAST for these 200 records. We estimated
the sensitivity(ESn) and specificity (ESp) according to
the formulas

ESn =
TE

AE
ESp =

TE

PE

HereTE is the number of exactly predicted exons (true ex-
ons),AE is the number of annotated exons andPE is the

number of predicted exons.
Then we calculate additional parameters characterizing

the performance on exon level (Table 2). HereCRa is the
proportion of annotated exons that are correctly predicted,
CRp is the proportion of predicted exons that are exactly
correct,PCa is the proportion of partially predicted anno-
tated exons,PCp is the proportion of predicted exons that
are partially correct,OL is the proportion of predicted ex-
ons that overlap the actual exons,ME is the proportion of
missed exons,WE is the proportion of wrong exons.

TE AE PE ESn ESp
1287 1325 1323 0.97 0.97

CRa CRp PCp OL ME
0.98 0.97 0.0045 0.0068 0.014

Table 2. Test results for GIGOgene 1.0

Both specificity and sensitivity for our program are as
high as 97% for the test set.
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v

u

0
0

n
m

(a) Find the split point

v

u

0
0

n
m

(b) Restore the context for the recur-
sive call

v

u

0
0

n
m

(c) Make recursive calls for the sub-
sequences

Figure 12. Linear memory spliced alignment algorithm steps

1. Initialize matrices
2. The dynamic programming implementation for the Spliced Alignment

for i ∈ 1 . . . n
for j ∈ 1 . . . m

Mi,j = max

8
>>><
>>>:

Mi−1,j−1 + s(Xi, Yj)
Iyi−1,j−1 + s(Xi, Yj)
Ixi−1,j−1 + s(Xi, Yj)
aGi−1,j−1 + s(Xi, Yj)
aCi−1,j−1 + s(Xi, Yj)

,

Gti,j = Mi−1,j − dG(Xi), gTi,j = Gti−1,j − eT (Xi),
Ati,j = Mi−1,j − dA(Xi), aTi,j = Ati−1,j − eT (Xi),
Agi,j = IxGTAG

i−1,j − eA(Xi), aGi,j = Agi−1,j − eG(Xi),
Aci,j = IxATAC

i−1,j − eA(Xi), aCi,j = Aci−1,j − eC(Xi),

IxGTAG
i,j = max

�
IxGTAG

i−1,j − e

gTi−1,j − e
, IxATAC

i,j = max

�
IxATAC

i−1,j − e

aTi−1,j − e
,

Iyi,j = max

�
Mi,j−1 − d
Iyi,j−1 − e

, Ixi,j = max

�
Mi−1,j − d
Ixi−1,j − e

.

3. Recover the solution

Figure 13. General structure of the spliced alignment algorithm

In the test run our program detected all of the internal
exon boundaries correctly and one mistake was spotted in
the test set annotation. The 3% loss forESn and ESp
performance values can be attributed to non-coding exon
boundaries.

We also ran our program for the whole human genome,
we keep updated version of exon/intron database in a
FASTA format at http://bioinformatics.ist.
unomaha.edu/˜achurban/ .

4 Concluding remarks

We have compared several homology-based programs.
Of the currently available programs,Sim4 was the most
accurate for our test set. Using a similar approach, we have
been able to improve onSim4 by addressing several possi-
bilities of error.

We have designed a program for the genome annotation.
The program has been tested on theGenie subset with the
correctly predicted splice sites ratio as high as 97%. We
also ran our program on the whole human genome in a

batch mode. The program, test results, manual and the cur-
rent human exon/intron database are available on the web
athttp://bioinformatics.ist.unomaha.edu/
˜achurban/ .

While demonstrating excellent performance for simple
hight-quality data sets, such as the test set, the program may
fail to find a gene annotation due to absence of high qual-
ity homologs in a BLASTN results (especially it refers to
HTG drafts). The program produces the best combination
of data available for correct prediction, however, it still does
not warranty the absolute correctness of the results. Since
the spliced alignment algorithm we use to find exon/intron
boundaries is time demanding heuristic, it may take few
minutes for the program to annotate a certain transcript (on
Pentium III processor).

We have already used the human exon/intron database
generated by the program to extract 75,000 donor and ac-
ceptor motifs for our research projects.
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