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many	recent	advances	in	biology	and	medicine	have	result-
ed	 from	 dna	 sequence	 alignment	 algorithms	 and	 tech-
nology.	Traditional	approaches	 for	 the	matching	of	dna	
sequences	are	based	either	on	global	alignment	schemes	or	
heuristic	schemes	that	seek	to	approximate	global	alignment	
algorithms	while	providing	higher	computational	efficiency.	
This	report	describes	an	approach	using	the	mathematical	
operation	of	cross-correlation	to	compare	sequences.	it	can	
be	implemented	using	the	fast	fourier	transform	for	compu-
tational	efficiency.	The	algorithm	is	summarized	and	sample	
applications	are	given.	These	include	gene	sequence	align-
ment	in	long	stretches	of	genomic	dna,	finding	sequence	
similarity	 in	 distantly	 related	 organisms,	 demonstrating	
sequence	 similarity	 in	 the	presence	of	massive	 (approxi-
mately	90%)	random	point	mutations,	comparing	sequenc-
es	 related	 by	 internal	 rearrangements	 (tandem	 repeats)	
within	a	gene,	and	investigating	fusion	proteins.	application	
to	rna	and	protein	sequence	alignment	is	also	discussed.	
The	method	is	efficient,	sensitive,	and	robust,	being	able	to	

find	sequence	similarities	where	other	alignment	algorithms	
may	perform	poorly.	

Key Words:	sequence	alignment,	algorithm,	software,	cross-
correlation.

Many recent advances in biology and medi-
cine stem from DNA sequence alignment 
algorithms and technology. For example, 

gene discovery, identification of genetic aberrations, 
and development of many novel medical therapies 
all depend on matching a DNA sequence to its cor-
rect location in the genome. Furthermore, alignment 
information is often crucial in the characterization of 
a gene’s function. For decades, the alignment meth-
ods of Dayhoff,1 Smith-Waterman,2 and Needleman-
Wunsch3 have been enhanced and refined. However, 
improvements in speed or performance, such as 
FASTA4,5 and BLAST6,7 algorithms often sacrifice sen-
sitivity and confidence in match quality. To date, rela-
tively little use has been made of cross-correlation 
and the fast Fourier transform (FFT) for sequence 
matching.8,9 It has been suggested that DNA bases be 
mapped onto the complex plane before cross-correla-
tion, although the implications of this approach have 
not been fully studied.10 Here we further explore 
this approach to DNA sequence alignment, allowing 
the full speed and power of digital signal-processing 
techniques, such as the fast Fourier transform (FFT), 
to be applied to the sequence alignment problem, 
providing information complementary to that gener-
ated by existing methods.

Applications of DNA sequence alignment vary 
widely, from genome assembly using shotgun con-
tigs11,12 to cladistic sequence homology for building 
phylogenetic trees,13,14 with each application having 
different requirements. Evolutionary studies require a 
robust method for handling gaps, insertions, substitu-
tions, translocations, and other rearrangements, while 
shotgun sequencing relies on rapid determination of 
exact sequence matches of overlapping ends. Many 
approaches are computationally inefficient when 
applied to large data sets. Global alignment and some 
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heuristic schemes scale unfavorably as O(N2) process-
es, where the computational effort is proportional to 
the square of sequence length. Faster methods exist, 
but generally involve tradeoffs such as decreased 
sensitivity, limitations in dealing with large non-cod-
ing regions, or a requirement for preprocessing of 
sequence databases.15 Importantly, sequence align-
ment using cross-correlation can be implemented as 
a fast (O[N log2(N)]) process, and is robust in dealing 
with insertions, deletions, tandem repeats, and trans-
locations. Furthermore, this method yields additional 
information that complements other popular methods 
for sequence alignment. 

METHODS

First, a complex number is assigned to each nucleo-
tide base, with complementary bases having opposite 
signs. For example, the DNA sequences AACGTGT 
and ACG are represented by two vectors: (i,i,-1,1,-i,1,-i) 
and (i,-1,1). A new vector can then be generated by 
cross-correlation: 

f(n) = g (k)h* (k – n)
k

 (1) 

where g and h represent the sequences to be compared 
and * indicates the complex conjugate. Equation 1 rep-
resents a kind of “sliding dot product” between the 
vectors representing the two sequences, one shifted 
by n units relative to the other, with n ranging from 
negative to positive values. It defines the cross-cor-
relation function that, together with the assignment of 
complex numbers to the AGCT nucleotides, defines 
the algorithm.

Application of the cross-correlation function to 
DNA sequence alignment is as follows: A positive 
peak in the real part of the cross-correlation function 
indicates similarity between two sequences. A nega-
tive peak indicates complementary similarity, where 
one sequence is composed of complementary bases 
compared to a second sequence. When looking for 
complementary DNA, the 5′–3′ sense of one strand 
could be reversed before performing the cross-correla-
tion. For peptide or protein sequence alignment, one 
or more complex numbers are assigned to each amino 
acid residue, and cross-correlation is performed. The 
algorithm has been tested and applied in both BASIC 
and R (http://www.r-project.org/) programming 
languages.

The cross-correlation can be computed using 
the fast Fourier transform (FFT), which is a fast 

FigurE 1

real	part	of	cross-correlation	function	using	equation	
1.	A:	pyrG	gene	of	m.	tuberculosis,	cross-correlated	
with	a	10-kb	region	of	m.	tuberculosis	genome.	The	
large	peak	of	amplitude	1761	identified	the	presence	
of	the	pyrG	gene	and	indicated	a	perfect	match	over	
the	full	 length	of	the	gene.	B:	pyrG	gene	of	m.	 lep-
rae,	cross-correlated	with	the	same	10-kb	region	of	
m.	tuberculosis	genome	produced	a	peak	of	ampli-
tude	1307,	indicating	a	high	but	imperfect	degree	of	
sequence	similarity.
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O(N log2[N]) process.16 Briefly, the strategy is to per-
form an FFT on each of the two sequences, invert the 
sign of the imaginary part of one Fourier domain rep-
resentation of one of the sequences, multiply the two 
Fourier domain functions, and transform the result 
back using the inverse FFT. 

rESuLTS AND DiSCuSSiON

Results from cross-correlation alignment of the pyrG 
gene of Mycobacterium tuberculosis (NCBI GeneID: 
885048) against a 10-kb stretch of genome DNA are 
shown in Figure 1A. The large peak of amplitude 
1761 identified the presence of the pyrG gene. The 
amplitude equals the length of the shorter of the two 
sequences being compared, indicating a perfect match 
over the full length of the smaller sequence. As dis-
played in Figure 1B, base substitutions reduce peak 
amplitude, where the cross-correlation of the pyrG 
gene from Mycobacterium leprae (NCBI GeneID: 
910493) aligned with the same 10-kb stretch of M. 
tuberculosis genomic DNA produced a peak of ampli-
tude 1307, indicating a high but imperfect degree of 
sequence similarity.

To test a more extreme case, we generated a series 
of artificial examples by random substitutions of up 
to 90% of the nucleotide bases in the M. tuberculosis 
pyrG gene. In four separate analyses, the peak ampli-
tudes ranged from 124 to 180, greatly exceeding the 
background root mean squared (RMS) noise level of 
28. Importantly, this demonstrates that the cross-cor-
relation alignment method can be used to detect even 
deeply hidden sequence homology, whereas many 
existing alignment methods are unable to detect 
sequence homology reliably for such difficult cases.

Peak amplitude can also be reduced due to peak 
splitting. This reduction is akin to a “gap penalty,” as 
found in conventional alignment methods. Insertion or 
deletion of a single nucleotide base produces a frame 
shift, which by the cross-correlation function will pro-
duce a split peak with a spacing of one unit. This 
decrease in amplitude is a useful scoring metric, with 
no adjustable parameters necessary for gap penalties. 
Insertion or deletion of larger nucleotide sizes would 
produce the corresponding reduction in amplitude 
and characteristic split peak in the cross-correlation 
alignment. As shown in Figure 2A, the MV4-11 cell line, 
which contains a well-characterized 30-nucleotide 
base internal repeat in the flt3 gene,17,18 was compared 

FigurE 2

real	part	of	cross-correlation	function	using	equation	
1.	 A:	 mV4-11	 variant	 of	 flt3	 gene,	 cross-correlated	
with	a	reference	sequence	consisting	of	wild-type	flt3	
gene,	where	n	=	0	means	that	the	two	sequences	are	
unshifted	relative	to	each	other,	and	n	=	–30	means	
that	the	mV4-11	sequence	is	shifted	30	bases	left	with	
respect	to	wild-type	sequence.	B:	real	part	of	partial	
sum	using	equation	2	for	mV4-11	variant	of	flt3	gene	
compared	with	a	reference	sequence	consisting	of	
wild-type	flt3	gene,	showing	that	location	of	the	30-
base	internal	repeat	occurs	between	nucleotide	68	
and	98.
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against the wild-type flt3. The shift values of 0 and –30 
demonstrate that the variant flt3 gene in the MV411 
contains the 30-bp repeat. 

Global sequence alignment methods deal poorly 
with intrasequence rearrangements. This has been 
cited as a significant problem for global alignment 
methods, since intrasequence rearrangements are 
quite common among certain proteins.19,20 Illustrating 
with an artificial example, we generated a sequence by 
moving 99 residues from the end of the wild-type flt3 
sequence mentioned above and placing them at the 
beginning of the sequence. Using an online sequence 
comparison Web page, neither Smith-Waterman nor 
Needleman-Wunsch performed well (personal com-
munication, http://motif.Stanford.edu.alion). Both 
algorithms were run using the default settings, and 
neither correctly identified sequence similarity in the 
99-residue piece that was moved (approximately 30% 
of the sequence). Smith-Waterman successfully found 
the similarity in the remaining 70% of the sequence, 
and Needleman-Wunsch failed to correctly identify 
any region of sequence similarity. In contrast, the 
cross-correlation alignment succeeded in finding all 
regions of sequence similarity.

Although peaks in the cross-correlation function 
tell us that there is significant similarity between two 
sequences, they do not necessarily tell us where the 

similarity is located. However, one simple way to 
locate similar regions, or conserved domains, is to 
line one sequence up against another using the peaks 
in the cross-correlation function to determine the shift 
value. The base-by-base comparison can then be per-
formed. This only has to be done a few times—once 
for each major peak in the cross-correlation function. 
This operation can be expressed in graphs looking 
somewhat like conventional alignment graphs; how-
ever, the graphs are not completely equivalent. For 
example, in comparing the sequence of ACTGGAT-
CAGG against GCTGGAACCAGG, a traditional align-
ment graph could look like: 

GCTGGAACCAGG
    |||||•| |
ACTGGATCAGG

GCTGGAACCAGG
  |   |   ||| |

ACTGGATCAGG

GCTGGAACCAGG
||| | | || | |

A CTGGAT -CAGG

In contrast, alignment by cross-correlation will 
generate two alignment graphs, based on the pres-
ence of two significant peaks in the cross-correlation 
function. These look like: 

GCTGGAACCAGG
    |||||•| |
ACTGGATCAGG

GCTGGAACCAGG
  |   |   ||| |

ACTGGATCAGG

GCTGGAACCAGG
||| | | || | |

A CTGGAT -CAGG

 and 
GCTGGAACCAGG

    |||||•| |
ACTGGATCAGG

GCTGGAACCAGG
  |   |   ||| |

ACTGGATCAGG

GCTGGAACCAGG
||| | | || | |

A CTGGAT -CAGG

where • represents a complementary match. 

FigurE 3

real	part	of	cross-correlation	function	for	the	alignment	
of	dna	sequences	 for	 the	genes	coding	 for	(A)	 the	
nPm	protein	against	the	nPm-alk	fusion	protein,	and	
(B)	the	alk	protein	against	the	nPm-alk	fusion	protein.	
The	amplitude	and	shift	of	peaks	in	the	cross-correlation	
plots	were	consistent	with	the	position	and	lengths	of	
the	fused	protein	sequence.	



	 Journal	of	Biomolecular	Techniques,	Volume	16,	issue	4, 	decemBer	2005	 457

sequence	aliGnmenT	By	cross-correlaTion

Conventional alignment methods attempt to com-
bine all alignment information into a single graph, 
while the cross-correlation function may generate mul-
tiple graphs, each representing part of the alignment 
picture. Thus, the method can readily identify multiple 
homology domains, even when they are separated by 
insertions, deletions, or translocations. 

A second approach to identify similarity domains 
is to hold n fixed and plot the function:

P (m) = g(k)h*(k –n)
n

m

k
 (2)

where Pn(m) represents a partial sum from Equation 1. 
To use this equation, a peak is selected from the cross-
correlation function, and its shift value (n) is deter-
mined. The value of Pn(m) is then plotted as a func-
tion of m. Regions trending upward indicate sequence 
similarity, and regions trending downward indicate 
complementary similarity. A noiseless region with 
a slope of +1 corresponds to perfect matching of a 
region, and a slope of –1 indicates perfect comple-
mentary matching. 

Figure 2B represents the partial sum plots of 
Pn(m) for the MV4-11 cell line, which contains a 30-bp 
internal repeat in the flt3 gene,18 as compared against 
the wild-type flt3. Values of n (–30 and 0) were select-
ed from the positions of the two peaks in Figure 2A. 
Accordingly, the first similarity domain starts at posi-
tion 1 of the wild type, and extends to position 98, 
while a second alignment starts at position 68, and 
extends to the end of the sequence, with the overlap 
caused by the 30-nucleotide internal repeat.17

Finally, the nucleophosmin/anaplastic lymphoma 
kinase (NPM/ALK) fusion protein is associated with 
anaplastic large-cell lymphomas (ALCLs). A character-
istic chromosomal translocation, t(2:5), results in the 3′ 
half of ALK on chromosome 2 being fused to the 5′ part 
of NPM from chromosome 5.21 Figure 3A presents a 
cross-correlation plot of the amino acid residues in the 
NPM protein against the fusion protein. Figure 3B pres-
ents a cross-correlation plot of the ALK protein against 
the fusion protein. The peaks in the cross-correlation 
plots are consistent with the position and sequence 
lengths of the fused protein sequence. 

Notably, this cross-correlation alignment can 
harness the power of fast Fourier transform (FFT).22 
Using FFT benchmarks, we estimate a computation 
time of 200 µsec to cross-correlate two DNA strands 
of 500 nucleotide bases on a typical 1.5-GHz per-
sonal computer.23 Applying this to shotgun sequence 
scanning of a small genome of 1 million bases with 
a coverage of 5x, the processing time to compare all 
pairs of 500 nucleotide base sequences would be 
less than 3 h.

CONCLuSiONS

In summary, the use of cross-correlation and the 
fast Fourier transform is a powerful technique that 
can be applied to detect DNA sequence similarities. 
This approach is extremely robust and is able to find 
sequence similarities that are undetectable by other 
methods. Importantly, the method is computation-
ally efficient when implemented with the FFT, with 
computational effort scaling as N log2(N), making this 
method potentially useful for large, computationally 
intensive tasks, such as database searching and shot-
gun sequencing. 

 When combined with partial sum plots, the meth-
od is capable of not only detecting the presence of 
sequence similarities, but also locating the positions 
of similar regions between two DNA sequences. Align-
ment by the cross-correlation algorithm has been dem-
onstrated for a wide variety of applications, including 
point mutations, translocations, and internal tandem 
repeats. The algorithm would also be well suited for 
comparing DNA sequences from distantly related 
organisms, shotgun sequencing, and protein database 
searching. From a broader perspective, the use of digi-
tal signal-processing techniques, especially the FFT 
and filtering functions, may be widely applicable in 
alignment studies, and may lead to the development 
of a new breed of powerful and efficient sequence 
analysis tools for DNA and protein. 
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