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Abstract

DNA-protein alignment algorithms can be used

to discover coding sequences in a genomic sequence,

if the corresponding protein derivatives are known.

They can also be used to identify potential coding se-

quences of a newly sequenced genome, by using pro-

teins from related species. Previously known algo-

rithms either solve a simplified formulation, or sac-

rifice optimality to achieve practical implementation.

In this paper, we present a comprehensive formula-

tion of the DNA-protein alignment problem, and an

algorithm to compute the optimal alignment inO(mn)
time using only four tables of size (m + 1) × (n + 1),
where m and n are the lengths of the DNA and protein

sequences, respectively. We also developed a Protein

and DNA Alignment program PanDA that imple-

ments the proposed solution. Experimental results in-

dicate that our algorithm produces high quality align-

ments.

1. Introduction

Over the past few years, complete genomes of
several model eukaryotic organisms, both plant and
animal, and an assortment of bacteria have been se-
quenced. Sequencing of many more complete, and
in some cases partial genomes (e.g. maize) is cur-
rently underway. Processing these raw genomic se-
quences is essential to discover the genes within
these sequences, assign putative functions, and com-
putationally predict the intronic and exonic bound-
aries of these genes. As protein sequences indirectly
reflect the splicing behavior of their correspond-
ing genomic sources, methods that align protein
sequences with their corresponding genes can be
used for both annotation and intron-exon predic-
tions. Moreover, since protein sequences tend to be
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better conserved than DNA sequences over time,
DNA-protein alignment methods allow using pro-
teins from distant-related organisms for predicting
genes and their coding sequences in newly sequenced
organisms. It is also of great interest − especially in
light of recent “gene-enrichment” strategies [8, 9] for
economically important crops − in low coverage se-
quencing projects that may be subject to a higher
error rate within single-coverage areas than tra-
ditional BAC-based approaches. Our DNA-protein
alignment method can overcome potential bottle-
necks caused by these errors and mutation events,
and provides a comprehensive solution for locating
potential coding sequences within genomes.

The problem of aligning a DNA sequence with
a protein sequence poses more intriguing challenges
than just locating the appropriate codon to align
to each amino acid. Both biological events (such as
presence of introns and mutation events) and se-
quencing artifacts introduced by errors in experi-
mental processes complicate the problem. Compu-
tationally, introns are typically detected as suffi-
ciently long nucleotide insertions (based on a thresh-
old length) that may or may not contain the ap-
propriate start and end splice signals. In addition,
introns between two consecutive exons may occur
either between two successive codons (in-frame in-

trons) or within a codon (out-of-frame introns). Spe-
cial care is required while detecting out-of-frame in-
trons because the nucleotides that form a codon may
no longer be consecutive. Henceforth, we will re-
fer to this event as codon-splitting. Another inde-
pendent complication arises from mutation events
that insert, delete or substitute nucleotides in the
DNA sequence. Insertions and deletions in coding
sequences may cause frameshift errors depending
on their lengths, and substitutions may cause mis-
matches in the alignment. Methods that compute
alignments based on DNA-protein sequence homol-
ogy [1, 3, 4, 6, 10] typically vary in the extent to
which the aforementioned cases are incorporated
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into their problem definitions, and more so on how
these cases are handled to affect the optimality of
the solution [7].

Let m be the length of the DNA sequence and n

be the length of the protein sequence to be aligned.
Gelfand et al. [3] introduced the first combinato-
rial approach to detect exon-intron structure based
on DNA-protein alignment. The run-time of the al-
gorithm is O(mnc + nb), where b is the number of
blocks in the genomic sequence and c is the genomic
coverage by the blocks. In the worst case b could
be Θ(m2), and c could be Θ(m). Huang et al. [6]
introduced a method that addresses both introns
and frameshift errors, but a direct implementation
of their algrithm is not efficient [6]. Of the 12 ta-
bles that the algorithm uses, 4 tables have a two-
dimensional structure (corresponding to the two se-
quences being aligned). The remaining 8 tables are
three-dimensional, where the third dimension (of
size 20 - one for each amino acid) is introduced
specifically to handle out-of-frame introns. Deeming
the resulting 164 2-dimensional tables as impracti-
cal, Huang et al. developed NAP [6] that uses only
10 tables at the risk of generating sub-optimal align-
ments. The run-time of this algorithm is O(mn).
The implementation also uses Hirschberg’s method
[5] to further reduce space usage at the cost of
roughly doubling the runtime.

Compared to the algorithm by Huang et al., Go-
toh’s algorithm [4] uses only seven tables, involving
a novel “tron”-based approach that takes advantage
of an observed pattern in the genetic code. This al-
gorithm assumes that if a codon is split, it is al-
ways split by an intronic length insertion. Such an
assumption may not hold especially while aligning
genes with proteins obtained from their orthologs.
Another issue lies in the treatment of consecutive
gap characters in the nucleotide sequence. An align-
ment of a codon that starts with a gap character to
an amino acid is given a gap opening penalty even if
it follows another gap character. This behavior may
have the impact of reporting an undesirable “opti-
mal” alignment, because, we would expect a contin-
uing gap to receive a gap continuation penalty only.
In the context of applying DNA-protein alignment
methods to proteins and genomic sequences derived
from different species, a thorough treatment of all
such significant cases is essential. The program aln

is an implementation of this algorithm.

In this paper, we present a simple, space-
economical, optimal algorithm for DNA-protein
alignment. Let m and n be the lengths of the DNA
and protein sequences, respectively. We make the

following contributions:

• A comprehensive formulation of the DNA-
protein alignment problem as an optimization
problem taking into account indels, substitu-
tions, frameshift errors, and intronic insertions
between and within codons.

• An algorithm to compute an optimal alignment
in O(mn) time using only four tables of size
(m + 1) × (n + 1). This is significant because
three tables are typically used even for the sim-
plest of the alignment problems with affine gap
penalties − global alignment of two DNA se-
quences.

• Development of a Protein and DNA Alignment
program PanDA that produces an opti-
mal alignment for global, end-gap free or local
DNA-protein alignments.

2. Problem Formulation

Let A = a1a2 . . . am be a DNA sequence where
each ai is a nucleotide, and B = b1b2 . . . bn be a
protein sequence where each bj is an amino acid
residue. Let A′ = a′

1a
′
2 . . . a′

m′ be a sequence ob-
tained from A by inserting one or more gap char-
acters (denoted by ‘-’). An alignment between A′

and B is valid if it satisfies the following two con-
ditions: (i) Each bj is aligned with three charac-
ters a′

x, a′
y, a′

z in A′ such that 1 ≤ x < y < z ≤
m′, and (ii) For any two amino acids bj and bk,
1 ≤ j < k ≤ n, that are aligned with a′

x, a′
y, a′

z

and a′
x′ , a′

y′ , a′
z′ respectively, z < x′. Conditions (i)

and (ii) imply that |A| + 3|B| ≥ |A′| ≥ 3|B|. Let
SA,B = {A′|A′ is valid}. Note that there could be
multiple valid alignments between each A′ and B.
We denote the set of valid alignments for a spe-
cific A′ as FA′,B . Following the convention in [6], let
σ(a′

xa′
ya′

z, bj) denote the function that specifies the
score of aligning a′

xa′
ya′

z with the amino acid bj .

We define gaps in an alignment with respect to
A′. A maximal substring of gap characters in A′

aligned with a substring of B is called a deletion

gap. A maximal substring of nucleotide characters
in A′ that is not aligned with any amino acid in
B is an insertion gap. Each nucleotide in an inser-
tion gap is referred to as a nucleotide insertion. Let
GD = {g1, g2, . . . , g|GD|} be the set of all deletion
gaps, and GI = {g1, g2, . . . , g|GI |} be the set of all
insertion gaps. Let q be the gap opening penalty
and r be the gap extension penalty, and let k be the
minimum length for an insertion gap to be consid-
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Figure 1. Example of a DNA-protein alignment. The alignment of the amino acid Gly corresponds to

a codon-split.

ered an intron. The gap penalty functions γI and
γD are defined as follows:

γI(|gi|) = q +

{

r|gi|, if |gi| < k, gi ∈ GI ,

pI , if |gi| ≥ k, gi ∈ GI ,

where 0 ≤ pI ≤ rk is referred to as the intronic

penalty. For convenience, we set pI = rk in the rest
of the paper.

γD(|gd|) = q + r|gd|, gd ∈ GD

The score of a valid alignment, f ∈ FA′,B is:

score(f) =
∑

1≤j≤n

σ(a′
xa′

ya′
z, bj) −

∑

∀gi∈GI

γI(|gi|)

− ∑

∀gi∈GD

γD(|gi|)

An optimal alignment of sequences A and B is:

max
A′∈SA,B

{

max
f∈FA′,B

{score(f)}
}

See Figure 1 for an example of a DNA-protein
alignment. For illustrative purposes, each insertion
gap is shown as being aligned with gaps in the amino
acid sequence. Also, each amino acid is denoted by
its standard three-letter abbreviation.

3. Optimal Solution

Our dynamic programming solution to compute
an optimal alignment uses only four (m+1)×(n+1)
tables. In each table, entry [i, j] contains the score
of an optimal alignment between a1, a2, . . . , ai and
b1, b2, . . . , bj subject to certain restrictions. I[i, j]
stores the score of an optimal alignment such that ai

is a nucleotide insertion, and II[i, j] stores the score
of an optimal alignment such that ai is part of an
insertion gap of length greater or equal to the mini-
mum length of an intron k. Both tables I and II do
not need to be stored completely, only 2 columns of

each table are needed. If ai is not a nucleotide inser-
tion, then two possibilities arise: (i) ai is the third
character that is aligned to the amino acid bj , and
the corresponding optimal score is stored in T [i, j],
(ii) ai is not the third character aligning with bj ,
implying that the third character is a deletion gap
character, and the corresponding optimal score is
stored in α[i, j]. Figure 2 illustrates the list of cases
we consider. Note that we do not address an align-
ment where a codon is split by two insertion gaps,
one between its first and second characters, and an-
other between its second and third characters, any
one or two of the nucleotides of the codon could
be a gap character. Biologically, a necessary condi-
tion for a codon to be split twice is the presence of a
unit-length exon, a rare event [2]. For all other cases
not listed in Figure 2 there is a case in our formu-
lation that produces equal or better score.

The tables I, II, T , and α are computed one
column at a time. All the following recurrences as-
sume that column j−1 of each table has been com-
puted and column j is currently being computed.
Initialization of the leftmost column and the top
row of each table is straightforward, and is omit-
ted for brevity. The recurrence for computing table
I is given by:

I[i, j] = max







I[i − 1, j] − r,

T [i − 1, j] − q − r,

α[i − 1, j] − q − r

The recurrence for computing table II is given
by:

II[i, j] = max







II[i − 1, j],
T [i − k, j] − q − kr,

α[i − k, j] − q − kr,

The recurrences for tables T and α are shown
in Figure 3 and Figure 4 in correspondence to the
cases they handle. We refrain from explaining the
recurrences for cases 2 through 5 and for cases 13
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Figure 2. An example for each case considered by our formulation. Case 1 corresponds to table I and

table II. Cases 2 through 12 correspond to table T , and the remaining correspond to table α. The

alignment of an amino acid to each of the three characters in the nucleotide sequence is denoted by

‘|’. Pro denotes the amino acid Proline.

through 16 as they are straightforward and con-
form to techniques that are typical to other dynamic
programming approaches of the problem. However,
the recurrences for cases 6 through 10 and cases
17 through 21 may not be evident, and to that pur-
pose, we explain the notion of Mvectors and IM vec-

tors. Observe that, in these cases, the three charac-
ters that are aligned with the amino acid bj exhibit
codon-splitting although in different flavors. For a
thorough discussion of a specific case, consider case
6. For the remaining codon-splitting cases, a simi-
lar explanation holds.

Let Opt(i, j) = max{I[i, j], T [i, j], α[i, j], II[i, j]},
and let scorei′(i, j) = Opt(i′ − 1, j − 1)− γI(i− i′ −
2) + σ(ai′ai−1ai, bj). Opt(i, j) is used only for ex-
position and is not stored. The optimal score
corresponding to case 6 can be expressed as:
Sij = max

1≤i′≤i−3
{scorei′(i, j)}.

In terms of the dynamic programming table, Sij

corresponds to finding an i′ from column j − 1 such
that scorei′(i, j) is maximized. Although 1 ≤ i′ ≤
i − 3, ai′ ∈ {A,C,G, T}.

Consider i′1 and i′2, such that i− k − 2 < i′1, i
′
2 <

i−1 and ai′
1

= ai′
2
, i.e., both i′1 and i′2 are within the

intronic length from i. If scorei′
1
(i, j) < scorei′

2
(i, j),

then scorei′
1
(i + 1, j) < scorei′

2
(i + 1, j). This is be-

cause, by increasing the value of i by 1, the value
of the γI term increases by r in both the cases of
i′1 and i′2, and σ(ai′

1
aiai+1, bj) = σ(ai′

2
aiai+1, bj)

(because ai′
1

= ai′
2
). Thus, the choice of i′ that

yielded the optimal score at i for nucleotide ai′

will still hold to be the choice at i + 1, unless
the new candidate for i′, i − 3, results in a better
score. Based on this intuition, we define four vec-
tors MA[i],MC [i],MG[i],MT [i], one for each of the
four possibilities of ai′ . For x ∈ {A,C,G, T},
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Case 2:

Case 6:

Cases 7, Case 8:Case 4:

Case 3:

Case 9:

Case 10:

Case 11:

Case 12:

Case 5:

α[i − 3, j − 1] + σ(ai−2ai−1ai, bj)
T [i − 3, j − 1] + σ(ai−2ai−1ai, bj)
I[i − 3, j − 1] + σ(ai−2ai−1ai, bj)
II[i − 3, j − 1] + σ(ai−2ai−1ai, bj)

MA[i] + σ(Aai−1ai, bj)

. . .
IMA[i] + σ(Aai−1ai, bj)

IMT [i] + σ(Tai−1ai, bj)

MT [i] + σ(Tai−1ai, bj)
. . .

MA[i + 1] + σ(A − ai, bj) − q − r

MT [i + 1] + σ(T − ai, bj) − q − r
. . .

. . .
IMA[i + 1] + σ(A − ai, bj) − q − r

IMT [i + 1] + σ(T − ai, bj) − q − r

α[i − 2, j − 1] + σ(−ai−1ai, bj) − r
T [i − 2, j − 1] + σ(−ai−1ai, bj) − q − r
I[i − 2, j − 1] + σ(−ai−1ai, bj) − q − r
II[i − 2, j − 1] + σ(−ai−1ai, bj) − q − r

α[i − 2, j − 1] + σ(ai−1 − ai, bj) − q − r
T [i − 2, j − 1] + σ(ai−1 − ai, bj) − q − r
I[i − 2, j − 1] + σ(ai−1 − ai, bj) − q − r
II[i − 2, j − 1] + σ(ai−1 − ai, bj) − q − r

MAA[i] + σ(AAai, bj)
. . .

. . .

MTT [i] + σ(TTai, bj)
IMAA[i] + σ(AAai, bj)

IMTT [i] + σ(TTai, bj)

M−A[i] + σ(−Aai, bj)
. . .

. . .

M−T [i] + σ(−Tai, bj)
IM−A[i] + σ(−Aai, bj)

IM−T [i] + σ(−Tai, bj)

Mα
∗
[i] + σ(−ai−1ai, bj) − q − r

IMα
∗
[i] + σ(−ai−1ai, bj) − q − r

Mα
∗
[i + 1] + σ(−− ai, bj) − q − 2r

IMα
∗
[i + 1] + σ(−− ai, bj) − q − 2r

α[i − 1, j − 1] + σ(−− ai, bj) − 2r
T [i − 1, j − 1] + σ(−− ai, bj) − q − 2r
I[i − 1, j − 1] + σ(−− ai, bj) − q − 2r
II[i − 1, j − 1] + σ(−− ai, bj) − q − 2r

Figure 3. Recurrences for computing T [i, j]. The value chosen is the maximum of all the entries shown.

If ai−3 = x, then

Mx[i] = max























Mx[i − 1] − r,

α[i − 4, j − 1] − q − r,

T [i − 4, j − 1] − q − r,

I[i − 4, j − 1] − q − r,

II[i − 4, j − 1] − q − r,

Otherwise

Mx[i] = Mx[i − 1] − r

Note for Mx, we only consider the values of α, T ,
I and II if ai−3 = x, and for the case ai−3 6= x

the equation is a subset of the case ai−3 = x. For
the M and IM vectors below we only present the
case where the appropriate characters match, and
the other case is implied.

Each of the above vectors can be stored as a sin-
gle variable by overwriting Mx[i − 1] with Mx[i].
These values are then used to compute the opti-
mal score at T [i, j] as shown in Figure 3 (for case
6).

These recurrences only work for the case where
length of the insertion gap is less than k. For ad-
dressing intronic insertion gaps (of length ≥ k),
column j − 1 above row i can be partitioned into
two segments: S1 (= 1 . . . i − k − 2) and S2 (=
i−k−1 . . . i−1). As we proceed from entry [i−1, j]
to [i, j], the entry [i− k− 3, j − 1] moves from S2 to
S1. Based on this observation, we define four more

vectors IMA[i], IMC [i], IMG[i], IMT [i], which cor-
respond to cases where the choice for i′ comes from
segment S1. These values can be updated as shown
below, prior to their usage as shown in Figure 3 (for
case 6). For x ∈ {A,C,G, T},
If ai−k−2 = x, then

IMx[i] = max























IMx[i − 1],
α[i − k − 3, j − 1] − q − kr,

T [i − k − 3, j − 1] − q − kr,

I[i − k − 3, j − 1] − q − kr,

II[i − k − 3, j − 1] − q − kr,

For cases 7 and 8 of table T , and cases 17 and 21
of table α, vectors Mx and IMx can be used, but
since in each of those cases, the number of charac-
ters used is less than that of case 6, an index greater
than i is needed. Although in the recurrences of ta-
bles T and α we use Mx[i + 1], Mx[i + 2], and their
IM counterparts, it is important to note that all
those values can be calculated with existing infor-
mation due to the recurrence relation of Mx and
IMx.

A similar technique as outlined for case 6 can be
adapted for case 9 and case 18. The only difference is
that we need 16 vectors in place of 4, because there
are 16 possibilities for first and second nucleotides
aligned with the amino acid bj . The following recur-
rences apply for case 9. For x, y ∈ {A,C,G, T},
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Case 14:

II[i − 2, j − 1] + σ(ai−1ai−, bj) − q − r

α[i − 2, j − 1] + σ(ai−1ai−, bj) − q − r
T [i − 2, j − 1] + σ(ai−1ai−, bj) − q − r
I[i − 2, j − 1] + σ(ai−1ai−, bj) − q − r

Case 15:
α[i − 1, j − 1] + σ(−ai−, bj) − q − 2r
T [i − 1, j − 1] + σ(−ai−, bj) − 2q − 2r
I[i − 1, j − 1] + σ(−ai−, bj) − 2q − 2r
II[i − 1, j − 1] + σ(−ai−, bj) − 2q − 2r

Case 13:
α[i − 1, j − 1] + σ(ai −−, bj) − q − 2r
T [i − 1, j − 1] + σ(ai −−, bj) − q − 2r
I[i − 1, j − 1] + σ(ai −−, bj) − q − 2r
II[i − 1, j − 1] + σ(ai −−, bj) − q − 2r

α[i, j − 1] − 3r
T [i, j − 1] − q − 3r
I[i, j − 1] − q − 3r

Case 16:

II[i, j − 1] − q − 3r

Case 17:
MA[i + 1] + σ(Aai−, bj) − q − r
. . .
MT [i + 1] + σ(Aai−, bj) − q − r
IMA[i + 1] + σ(Aai−, bj) − q − r
. . .
IMT [i + 1] + σ(Aai−, bj) − q − r

Case 18:
MAA[i + 1] + σ(AA−, bj) − q − r
. . .
MTT [i + 1] + σ(TT−, bj) − q − r
IMAA[i + 1] + σ(AA−, bj) − q − r
. . .
IMTT [i + 1] + σ(TT−, bj) − q − r

Case 19:
M−A[i + 1] + σ(−A−, bj) − q − r
. . .
M−T [i + 1] + σ(−T−, bj) − q − r
IM−A[i + 1] + σ(−A−, bj) − q − r
. . .
IM−T [i + 1] + σ(−T−, bj) − q − r

Case 20:
Mα

∗
[i + 1] + σ(−ai−, bj) − 2q − 2r

IMα
∗
[i + 1] + σ(−ai−, bj) − 2q − 2r

Case 21:
MA[i + 2] + σ(A −−, bj) − q − 2r
. . .
MT [i + 2] + σ(T −−, bj) − q − 2r
IMA[i + 2] + σ(A −−, bj) − q − 2r
. . .
IMT [i + 2] + σ(T −−, bj) − q − 2r

Figure 4. Recurrences for computing α[i, j]. The value chosen is the maximum of all the entries shown.

If ai−3ai−2 = xy, then

Mxy[i] = max























Mxy[i − 1] − r,

α[i − 4, j − 1] − q − r,

T [i − 4, j − 1] − q − r,

I[i − 4, j − 1] − q − r,

II[i − 4, j − 1] − q − r,

If ai−k−2ai−k−1 = xy, then

IMxy[i] = max























IMxy[i − 1],
α[i − k − 3, j − 1] − q − kr,

T [i − k − 3, j − 1] − q − kr,

I[i − k − 3, j − 1] − q − kr,

II[i − k − 3, j − 1] − q − kr,

Case 10 can be viewed as a variation of case 9,
where the first character aligned with the amino
acid bj is a deletion gap character. The following
gives the recurrences for computing the M vectors
corresponding to case 10. For x ∈ {A,C,G, T},
If ai−2 = x, then

M−x[i] = max























M−x[i − 1] − r,

α[i − 3, j − 1] − q − 2r,

T [i − 3, j − 1] − 2q − 2r,

I[i − 3, j − 1] − 2q − 2r,

II[i − 3, j − 1] − 2q − 2r,

If ai−k−1 = x, then

IM−x[i] = max























































IM−x[i − 1],
α[i − k − 2, j − 1]

−q − (k + 1)r,
T [i − k − 2, j − 1]

−2q − (k + 1)r,
I[i − k − 2, j − 1]

−2q − (k + 1)r,
II[i − k − 2, j − 1]

−2q − (k + 1)r,

For cases 11, 12, and 20, a similar case already
exists. For example, case 11 is similar to case 4,
because we can move the insertion gap in case 11
to the front of the leading deletion gap. This shuf-
fling of insertion and deletion gap will not affect
the score of the alignment, unless the optimal align-
ment of A[i − 3] and B[j − 1] ends with a dele-
tion gap. In that case, case 11 will have higher score
than case 4. So to handle those cases, we need to ap-
ply the same technique as before to only the α ta-
ble. Since all of those cases begin with a deletion
gap, it does not matter which nucleotide it is. Thus
we have,

Mα
∗ [i] = max

{

Mα
∗ [i − 1] − r,

α[i − 3, j − 1] − q − r,
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Gene Name Ahsg Bf CD4 Cyp21 DRPLA ENO2 IL6 ISOT Pim1 UPA
GeneID 197 629 920 1589 1822 2062 3569 8078 5292 118471

Table 1. List of genes used in our experiments

IMα
∗ [i] = max

{

IMα
∗ [i − 1],

α[i − k − 2, j − 1] − q − kr,

Even though not explicitly stated, each M vec-
tor is stored as a single variable. Each of the tables
I, T , and α can be augmented to allow traceback op-
erations for retrieving an alignment that resulted in
the optimal score. For each entry of a table, we keep
track of the table and the coordinate that was used
to obtain its score. The coordinates are needed be-
cause if the previous value is from the M or IM

values, we cannot recalculate the row number from
which they originate.

4. Experimental Results

Our algorithm is implemented in C++ as
a program named PanDA (Protein and DNA
Alignment). Exploiting the fact that the ta-
bles I and II represent a single case each, it is suf-
ficient to keep track of traceback information only
on tables T and α. This further reduces space us-
age because a column of table I or table II can
be discarded as soon as the next column in the ta-
ble is computed. In addition to the parameters q,
r, k, and σ, PanDA also awards introns that be-
gin and/or end with canonical splice sites (e.g.,
‘GT’,‘AG’). Users can choose among the align-
ment types: global, semi-global, or local align-
ment. For comparative evaluation, we tested two
other programs: aln [4] and NAP [6]. Compari-
son with NAP is especially meaningful because both
the underlying formulations use the same scor-
ing of alignments. The only difference is that
PanDA always finds an optimal scoring align-
ment.

We classify our experiments into two groups: (i)
homologous alignments, which are experiments per-
formed on human genes and their corresponding hu-
man proteins, and (ii) orthologous alignments, which
are experiments performed on human genes and or-
thologous proteins. Ten human genes and their cor-
responding proteins were obtained from GenBank.
For each of these human genes, we also obtained at
least one orthologous protein identified by a gene
name search in GenBank. Table 1 summarizes the
genes selected for our experiments.

To measure the quality of the alignments pro-
duced, we compared the predicted results with Gen-
Bank annotation. If a nucleotide is part of both a
predicted exon (intron), and an exon (intron) in the
GenBank annotation, it is a true positive (nega-
tive), denoted by TP (TN). If a nucleotide is a part
of a predicted exon (intron), but is not part of an
exon (intron) in GenBank annotation, it is called
a false positive (negative), denoted by FP (FN).
The following quality measures are then derived:
Specificity (SP = TP

TP+FP
) is the percentage of cor-

rectly predicted exon nucleotides over the number
of predicted exon nucleotides. Sensitivity (SN =

TP
TP+FN

) is the percentage of correctly predicted
exon nucleotides over the number of annotated
exon nucleotides. Overlap quality is given by OQ =

TP
TP+FP+FN

, and correlation coefficient is given by

CC = TP ·TN−FP ·FN√
(TP+FP )·(TN+FN)·(TP+FN)·(TN+FP )

.

4.1. Homologous alignments

The results produced by PanDA for homologous
alignments is as follows: Of the 10 homologous align-
ments, all show complete agreement with their cor-
responding GenBank annotation, with the excep-
tion of DRPLA. For this case our alignment shows
an insertion gap of length 15 from position 8398 to
8412. The total length of all coding sequences in the
GenBank annotation is 3570 nucleotides, while the
corresponding protein has 1184 amino acids. Taking
the stop codon into account, the total length of all
coding sequences in the annotation is 15 nucleotides
longer than its corresponding protein sequence in-
dicates. This justifies the observed behavior of our
result. The results of the homologous alignments us-
ing PanDA validates both our formulation and al-
gorithm applied to real biological data. As an addi-
tional test, we aligned 76 Zea mays genes with their
corresponding homologous proteins, and in all but
2 cases PanDA computed perfect alignments, fur-
ther validating our algorithm.

4.2. Orthologous alignments

Results for orthologous alignments show the abil-
ity of a program to predict coding sequences by
using proteins from related species. Table 2 shows
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Gene PanDA NAP

SP SN OQ CC SP SN OQ CC

AhsgB 100 96.73 96.73 98.11 95.92 89.49 86.21 91.57

AhsgR 100 95.92 95.92 97.63 100 95.83 95.83 97.58

BfR 100 99.87 99.87 99.90 100 99.74 99.74 99.79

CD4R 97.66 97.02 94.81 97.21 95.61 93.46 89.62 94.29

Cyp21R 98.92 98.12 97.07 97.33 99.16 95.43 94.66 95.18

Cyp21S 100 99.13 99.13 99.21 100 97.98 97.98 98.19

DRPLAR 100 99.24 99.24 99.49 82.86 78.85 67.80 74.50

ENO2R 100 100 100 100 100 100 100 100

IL6S 100 100 100 100 100 100 100 100

IL6B 96.33 94.52 91.24 94.73 96.64 94.52 91.52 94.90

IL6R 95.25 94.05 89.84 93.83 96.42 92.80 89.71 93.79

ISOTX 97.15 99.20 99.40 98.00 96.06 97.40 93.67 96.43

Pim1B 100 100 100 100 100 100 100 100

Pim1R 100 100 100 100 100 100 100 100

UPAR 95.03 92.32 88.08 93.06 99.51 89.25 88.86 93.73

Avg. 99.15 98.56 97.74 98.66 96.31 94.26 90.97 94.46

Table 2. Comparative evaluation of PanDA, and NAP. The subscript of a gene name denotes the

species corresponding to the protein. B denotes Bos taurus; R denotes Rattus norvegicus; S denotes

Sus scrofa; and X denotes Xenopus laevis. The best values in each experiment are displayed in bold.

a comparative evaluation of PanDA, and NAP for
orthologous DNA-protein alignments. For both of
the programs, the results presented are under the
parameter settings which we empirically found to
yield the best results when compared to the Gen-
Bank annotation. The parameter values used are
q = 9, r = 3, and k = 9 for both PanDA and NAP.
For both of the programs, Blosum62 was used as
the substitution matrix. As can be seen from Table
2, PanDA produces better results in more experi-
ments. It is important to note that PanDA never
produces an alignment with lower score than NAP.
Thus, in cases where NAP produces a better re-
sult than PanDA according to GenBank annotation
(presumed to be correct), it is interesting to note
that a combinatorially suboptimal solution happens
to be the biologically preferred solution. Of course,
NAP produces such a solution not because it is bi-
ologically correct, but because it is the optimal of
all the cases considered by it. A graphical view of
the orthologous alignments produced by PanDA is
shown in Figure 5. We also tested two versions of aln

with the same set of sequences as in Table 2. When
sequences from H. sapiens is used as the training
set, aln produced perfect alignments in all but two
cases. However, when C. elegans is used as the train-
ing set the results were not good. This shows that
the quality of results produced by aln and perhaps

other hybrid methods is heavily dependent on the
training set used. Therefore, for newly sequenced or-
ganisms where organism specific information is not
available, PanDA produces better results than NAP

and aln. On the other hand, aln seems to be supe-
rior when such information is readily available.

5. Conclusions

We presented a space-conserving optimal align-
ment algorithm between a DNA sequence and a
protein sequence. Our main contributions include
a comprehensive treatment of all possible scenar-
ios relevant to DNA-protein alignments and com-
puting optimal alignments using only four O(mn)
sized dynamic programming tables, where m and
n are the lengths of the input sequences. Thus, we
do not need to use Hirschberg’s [5] memory reduc-
tion technique to make our algorithm practically
useful. This makes the implementation much eas-
ier. In our experiments NAP runs twice as fast as
PanDA, this is because PanDA uses a more com-
prehensive formulation than NAP, and PanDA cal-
culates the optimal solution while NAP could pro-
duce a sub-optimal solution. Experimental results
indicate the robustness and accuracy of our algo-
rithm for both homologous and orthologous align-
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Ahsg

Bf

CD4

Cyp21

DRPLA

ENO2

IL6

ISOT

Pim1

UPA

Figure 5. Visualization of the orthologous

alignments produced by PanDA. For each

gene the dark line is the GenBank annotation,

the following lines are coding sequences iden-

tified by PanDA using the orthologous pro-

teins fromother species. The order of the pro-

teins is the same as in Table 2.

ments. The software is available for public use by
contacting the authors.
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