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The advent of new methods to obtain large-scale surveys of
gene expression in which transcript levels can be determined
for thousands of genes simultaneously has facilitated the ex-
pansion of biological understanding from the analysis of in-
dividual genes to the analysis of systems of genes (and pro-
teins). This change characterizes the movement into the era
of functional genomics. Central to this movement is an ap-
preciation of the gene’s role in cellular activity as it functions
in the context of larger molecular networks.

Two salient goals of functional genomics are to screen for
key genes and gene combinations that explain specific cel-
lular phenotypes (e.g. disease) on a mechanistic level, and
to use genomic signals to classify disease on a molecular
level. Signals generated by the genome must be processed to
characterize their regulatory effects and their relationship to
changes at both the genotypic and phenotypic levels. Since
transcriptional (and posttranscriptional) control involves the
processing of numerous and different kinds of signals, math-
ematical and computational methods are required to model
the multivariate influences on decision-making in complex
genetic networks.

Historically, it has been within the domain of signal
processing where such methodologies have been extensively
studied and developed—in particular, estimation, classifi-
cation, pattern recognition, automatic control, information
theory, networks, computation, imaging, and coding. More-
over, signal processing is based on a holistic view of regu-
lation and communication. As a discipline, signal process-
ing involves the construction of model systems composed of

various mathematical structures, such as systems of differen-
tial equations, graphical networks, stochastic functional re-
lations, and simulation models. Therefore it is not surpris-
ing that the advent of high-throughput genomic and pro-
teomic technologies is drawing a growing interest from the
signal processing community in relation to attacking the fun-
damental issues of expression-based functional genomics.

The twin aims of tissue classification and pathway mod-
eling require a broad range of signal processing approaches,
including signal representation relevant to transcription and
system modeling using nonlinear dynamical systems. To cap-
ture the complex network of nonlinear information process-
ing based upon multivariate inputs from inside and outside
the genome, regulatory models require the kind of nonlinear
dynamics studied in signal processing and control. Genomics
requires its own model systems, not simply straightforward
adaptations of currently formulated models. New systems
must capture the specific biological mechanisms of opera-
tion and distributed regulation at work within the genome.
It is necessary to develop nonlinear dynamical models that
adequately represent genomic regulation for diagnosis and
therapy.

Genomic signal processing (GSP) is the discipline that
studies the processing of genomic signals. The aim of GSP
is to integrate the theory and methods of signal process-
ing with the global understanding of functional genomics,
with special emphasis on genomic regulation. Hence, GSP
encompasses various methodologies concerning expression
profiles: detection, prediction, classification, control, and
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dynamical modelling of gene networks. Moreover, since RNA
coding is controlled by DNA sequencing, the analysis of DNA
sequences, treated as signals in their own right, can be con-
sidered within the domain of GSP. Overall, GSP is a fun-
damental discipline that brings to genomics the structural
model-based analysis and synthesis that form the basis of
mathematically rigorous engineering.

This special issue of EURASIP JASP contains some ex-
amples of GSP applications. The issue starts with three pa-
pers (Song et al., Chakravarthy et al., and Sussillo et al.) on
spectral analysis of DNA sequences. The next paper by Hero
et al. treats statistical signal-processing-based gene selection.
The following two papers (Wu et al. and Giurcăneanu et
al.) develop signal processing techniques for gene clustering.
The next two papers treat DNA sequence segmentation using
statistical signal processing (Nicorici and Astola) and image
processing (Hua et al.), respectively. Signal processing meth-
ods for gene prediction and regulatory network inference are
developed in the papers by Fox and Carreira, Zhou et al.,
and Ivanov et al., respectively. The paper by Cristea deals
with revealing large-scale chromosome features by analysis
of genomic signals. In addition, the paper by Lennartsson
and Nordin treats peptides identification using genetic pro-
gramming. Finally, an invited tutorial by Dougherty et al.
discusses key issues in GSP.

The guest editors would like to thank all the authors for
contributing their work to this special issue. We would also
like to express our deep gratitude to all reviewers for their
diligent efforts in evaluating all submitted manuscripts.
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Comparative genomics has been a valuable method for extracting and extrapolating genome information among closely related
bacteria. The efficiency of the traditional methods is extremely influenced by the software method used. To overcome the problem
here, we propose using wavelet analysis to perform comparative genomics. First, global comparison using wavelet analysis gives
the difference at a quantitative level. Then local comparison using keto-excess or purine-excess plots shows precise positions of
inversions, translocations, and horizontally transferred DNA fragments. We firstly found that the level of energy spectra difference
is related to the similarity of bacteria strains; it could be a quantitative index to describe the similarities of genomes. The strategy
is described in detail by comparisons of closely related strains: S.typhi CT18, S.typhi Ty2, S.typhimurium LT2, H.pylori 26695, and
H.pylori J99.

Keywords and phrases: comparative genomics, gene discovery, wavelet analysis, bacterial genome.

1. INTRODUCTION
Since the publication of the whole genomic sequence of
Haemophilus influenzae [1], the draft genomes of more than
90 bacterial strains have been completely finished. A no-
table outcome of these genome projects is that at least one
third of the genes encoded in each genome have no known
or predictable functions. The genome sequencing, while not
providing the detailed minutiae of the complete sequences,
allows comparisons between genomes to identify insertion,
deletion, and transfers that are undoubtedly important in the
different phenotype of strains. However, as the level of evo-
lutionary conservation of microbial proteins is rather uni-
form, a large portion of gene products from each of the
sequenced genomes has homologs in distant genomes [2].

The functions of many of these genes may be predicted
by comparing the newly sequenced genomes with those of
better-studied organisms. This makes comparative genomics
a very powerful approach to a better understanding of the
genomes and biology of the organisms and to determine
what is common and what unique between different species
at the genome level, especially on genome analysis and anno-
tation. In addition, prediction of protein functions, transfer
of functional information of paralogs (products of gene du-
plications) and orthologs (direct evolutionary counterparts),
phylogenetic pattern, examination of gene (domain) fusions,
analysis of conserved gene strings (operons), and reconstruc-
tion of metabolic pathways are facilitated using comparative
genomics.
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The large amount of data has already given rise to sev-
eral studies on whole genome comparisons such as those
between several closely related bacterial species [3, 4]. One
problem for this kind of research is that DNA and protein
fragment comparisons are highly dependent on sequence
alignment methods such as FASTA34, BLAST, CLUSTALW,
STADEN, PHRED, and so forth. Since the efficiency of the
methods is extremely influenced by the software methods
used, sequence alignment is possible for short DNA and pro-
tein sequence comparisons, the methods also need heavy
use of time, energy, and resources. Here we propose a strat-
egy for whole genome or large fragment sequence com-
parisons. The comparative genomics method we propose is
based on the whole genome. Firstly, we use wavelet trans-
form analysis to make a global comparison of closely related
strains, giving their similarities and differences at quantita-
tive level and with statistical meaning. Then we use keto ex-
cess or purine excess, as proposed by Freeman [5], to visu-
alize some local differences. These indices are not like GC
skew and AT skew [6, 7, 8] which depend on the sliding
window size; they can show the exact positions of rearrange-
ments and the origin and terminus sites of DNA replication.
We illustrate the strategy using several closely related species
including S.Typhimurium LT2, S.Typhi CT18, S.Typhi Ty2,
H.pylori J99 and H.pylori 26695 strains. These pairs of bacte-
ria share a similar flask-like morphology and show serolog-
ical cross-reaction, but they differ in several important fea-
tures including differences in G + C content and genome
size, different tissue specificity, and pathogenic effects for
human.

To understand the similarity between DNA structure and
function, it is necessary to compare DNA sequences, espe-
cially for newly closely identified ones. Wavelet analysis has
been applied to a large variety of biomedical signals; the
method will provide a useful visual description of the in-
herent structure underlying DNA sequence [9]. A wavelet is
a waveform of effectively limited duration that has an aver-
age value of zeros, and wavelet analysis is the breaking up of
a signal into shifted and scaled versions of the original (or
mother) wavelet [10]. It provides a multiscale representation
of signals allowing efficient smoothing and/or extraction of
basic components at different scales. So the wavelet analysis
supplies a new way to compare whole genomes at quantita-
tive levels. The main idea of wavelet analysis is to decom-
pose a sequence profile into several groups of coefficients,
each group containing information about features of the pro-
file at a scale of sequence length. Coefficients at coarse scales
capture gross and global features, whereas coefficients at fine
scales contain the local details of the profile [11]. A wavelet
variance is a decomposition of the variance of a signal; it re-
places global variability with variability over scales and in-
vestigates the effects of constraints acting at different time
or space scales [9]. The similarity comparison via wavelet
analysis expands the traditional sequence similarity concept,
which takes into account only the local pairwise DNA or
amino acid sequences and disregards the information con-
tained in coarse spatial resolution. Also the wavelet analysis
does not require the complex sequence alignment process-

ing for sequence [12]. In this study, we explore the possibil-
ity of genome comparisons using wavelet transform analysis
and keto-excess or purine-excess plots to perform compar-
ative genomics, and introduce the idea of using the energy
spectra difference as a quantitative index to describe the sim-
ilarity of genomes. The strategy used in this paper not only
provides the location of oriC and terC sites of DNA replica-
tion, but also is a powerful tool for examining genome frag-
ment insertion, inversion, translocation, reorganization, and
revealing evolutionary history.

2. MATERIAL AND METHOD

The sequences of Salmonella typhi Ty2 [13], Helicobac-
ter pylori J99 [14], and Helicobacter pylori 26695 [15]
were obtained from the NCBI website; Salmonella ty-
phimurium LT2 and Salmonella typhi CT18 were down-
loaded from both ftp://ftp.ncbi.nih.gov/genomes/Bacteria/
Salmonella typhimurium LT2/ and from ftp://ftp.sanger.ac.
uk/pub/pathogens/st/, respectively.

For global comparisons of closely related bacteria, we
firstly do not use sequence alignment to do the compari-
son, but use wavelet analysis to compare the purine-excess
curve or keto-excess curve [5] and get the genome difference
at quantitative level. In transforming the sequence data into
digital data, we just count the cumulative number of each of
the DNA bases A, C, G, and T along the whole genome. The
purine excess was defined as the sum of all purines (A and
G) minus the sum of all pyrimidines (T and C) encountered
in a walk along the sequence up to the point plotted and was
determined by

PurineExcessn =
( n∑

i=1

BA,i+
n∑
i=1

BG,i −
n∑
i=1

BT,i −
n∑
i=1

BC,i

)
, (1)

where n ranges from 1 to N (N is the chromosome length)
and BA,i is 1 if there is an A in the ith position, and 0 other-
wise (the terms BT,i, BG,i, and BC,i are defined similarly). In
the same way, the keto excess was defined as the sum of all
keto bases (G and T) minus that of the amino bases (A and
C) and was determined by

KetoExcessn =
( n∑

i=1

BT,i+
n∑
i=1

BG,i −
n∑
i=1

BA,i−
n∑
i=1

BC,i

)
. (2)

Here again n ranges from 1 to N , where N is the chromosome
length, and B is the number of the particular base (A, C, G,
or T) occurring at the ith location (either 0 or 1 in each case).
We can also define local versions of these vectors:

KTn = BT,i + BG,i − BA,i − BC,i,

PTn = BA,i + BG,i − BT,i − BC,i.
(3)

The fundamental idea behind wavelet analysis is to an-
alyze according to scale [16]. Wavelets are functions that
satisfy certain mathematical requirements and are used in
representing data or other functions becoming a common
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tool for analyzing localized variations of power within a time
series, with successful applications in signal and image pro-
cessing, numerical analysis, and statistics. The wavelet analy-
sis procedure is to adopt a wavelet prototype function called
an analyzing wavelet or mother wavelet. Because the orig-
inal function can be represented in terms of a wavelet ex-
pansion (using coefficients in a linear combination of the
wavelet function), data operations can be performed using
corresponding wavelet coefficients. We employ the continu-
ous real wavelet transform [17]. Our analyzing wavelet is the
normalized first derivative of a Gaussian function:

Φ(t) = t
√

2
π1/4σ

√
σ

exp
(
− t2

σ2

)
, (4)

where σ is a scaling factor. The real wavelet transform of a
function f is

W f (t, s) =
∫∞
−∞

f (u)
1√
s
Φ
(
u− t

s

)
du. (5)

In order to apply this transform to a vector x of length N
(such as the vectors KT or PT defined above), x is taken
to correspond to samples at the points t0 = 0, t1 = 1/N ,
t = 2/N , . . . , tN = 1 − 1/N of a 1-periodic function x(t).
The wavelet transform Wx, for each scale s in a given range,
is then just a convolution of two vectors that can be calcu-
lated in the Fourier domain using the fast Fourier transform.
Explicitly, we have

Wx
(
ti, s j

) =∑
n

xnpn−i
(
s j
)
, (6)

where pi(s) = (1/
√
s)Φ(ti/s), and where the sum is taken over

all values n for which the terms in the sum are not negligi-
ble. The result is a two-dimensional array of values of Wx
at positions t (ranging from 0 to 1) and scales s (a magni-
fication parameter). One can think of this as a collection of
one-dimensional transforms of the original signal at differ-
ent scales.

Methods based on wavelet transforms generally require
powerful visualization tools. In implementation, we figure
out the purine excess and keto excess using Perl and C++
codes, perform wavelet transformation analysis via Matlab,
and make graphics using the xmgrace graphic software on
MACI-cluster parallel computers.

3. RESULTS AND ANALYSIS

3.1. Global comparison of the closely related strains

To investigate the relationship between closely related strains
and determine their similarity, we use wavelet analysis to
show the global spectrum of the two closely related strains.
If the spectra are completely identical, they are the same
strains, otherwise, we divide them to different strains. This
identification, which is different from clone morphologi-
cal index and physiology and biochemistry characteristics,
is based on whole genome comparison. The global wavelet
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Figure 1: Comparison of the purine-excess wavelet analysis spectra
in S.typhi CT18 and S.typhimurium LT2.

spectra of the purine excess for three pairs of S.typhi CT18
and S.typhimurium LT2, S.typhi CT18 and S.typhi Ty2, and
H.pylori 26695 and H.pylori J99 are shown in Figures 1, 2,
and 3. The power in the wavelet transform is computed for
a range of scales and plotted as a function of scale level σ ,
where the scale is s = 2−σ . The higher the scale number is,
the shorter the support of the wavelet is, and so the shorter
the moving window over which the signal is being mea-
sured. From Figure 1, notice the higher energy in the S.typhi
CT18 starting at scale number 5, corresponding to a length
scale of the order of 1/20 of the signal length. Using these
wavelet spectra to measure the difference (in a least square
sense), we find that the difference between two genomes is
of the order of 1.5% of the total signal energy; the quanti-
tative variability is also indicative of component differences
in the DNA sequence. This extra variability can be observed
in the cumulative signal plots for S.typhi CT18, in particu-
lar, in the additional features present in the signal (as com-
pared to the corresponding graph for S.typhimurium LT2).
From Figure 2, the lower energy in another closely-related
strains S.typhi CT18 and S.typhi Ty2 energy spectra, a length
scale of the order of 1/20 of the signal length, could be seen.
We found that the difference between the two genomes is
of the order of 0.7% difference of the total signal energy;
it is definitely smaller than that between S.typhi CT18 and
S.typhimurium LT2, which indicates that the similarity be-
tween S.typhi CT18 and S.typhi Ty2 is larger than that of be-
tween S.typhi CT18 and S.typhimurium LT2. From Figure 3,
with a same length scale of the order of 1/20 of the signal
length, the wavelet spectra measured the difference between
H.pylori 26695 and H.pylori J99; the difference between the
two closely related strain genomes is of the order of 17.6% of
the total signal energy; it is the biggest difference in the three
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Figure 2: Comparison of the purine-excess wavelet analysis spectra
in S.typhi CT18 and S.typhi Ty2.

compared closely related strains. Here, we can see that the
variability can be observed in the cumulative signal plots for
the two strains; the variability is a definite indicative of com-
ponent differences in the DNA sequences. From the compar-
isons of the energy spectra among the strains, we can infer
that the S.typhi CT18, compared to S.typhimurium LT2, has
closer relationship with and bigger similarity to S.typhi Ty2.
The strain H.pylori 26695 and H.pylori J99 have the biggest
difference variability in these three compared strains.

3.2. Local comparison of the closely related strains

After comparison via wavelet transformation analysis, we
have measured the global difference at a quantitative level.
Now we analyze the local differences using the visualized
keto-excess or purine-excess plot which explores the main
information variation given by the wavelet analysis. In com-
parative genomics, as shown in Figure 4, the figure clearly
shows the positions of terC sites and oriC sites for both
strains. Most parts of the keto-excess curves overlap be-
tween S.typhimurium LT2 and S.typhi CT18, but there is an
extra part around the terC site in S.typhimurium LT2. Af-
ter partitioning in detail the fragment, the extra fragments
in S.typhimurium LT2, the fragments A, B, C, D, E, and F
in a length range from 1483934 to 1870353 bp as shown
in Figure 5a, are rearranged or incompletely translocated to
S.typhi CT18 which are also located around the terC site; the
fragments are completely reversed at the length range from
1235888 to 1643129 bp and the order of fragments is reversed
from fragments F to fragment A, as shown Figure 5b. The re-
arrangements of DNA fragments suggest that the inversions
and translocations took place in the strain S.typhi CT18 se-
quences, thus disrupting the original arrangement of these
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Figure 3: Comparison of the keto-excess wavelet analysis spectra in
H.pylori 26695 and H.pylori J99.

fragments. As a result, the keto excess plot in the S.typhi CT18
is a little bit different from that of S.typhimurium LT2. As for
the transferred or relocated genes, the most inverted frag-
ments in S.typhi CT18 involve genes in S.typhimurium LT2
which contain cell processes: macromolecule metabolism,
cell envelope, energy metabolism, such as secretion sys-
tem effectors and apparatus [ssa(A–U) and yscR gene], cy-
toplasmic protein, inner membrane protein, family trans-
port protein, oxidoreductase, periplasmic protein, peptide
transport protein, transcriptional regulator or repression,
fumarate hydratase, and tyrosine tRNA synthetase. The
translocation genes in CT18 include transcriptional regula-
tor, ATPase and phosphatase, ABC superfamily oligopeptide
transport protein, peptide transport protein, anthranilate
synthase, cardiolipin synthase, energy transducer, formyl-
tetrahydrofolate hydrolase, GTP cyclohydrolase, nitrate re-
ductase, phage shock protein, tryptophan synthase, and
so forth.

Another obvious difference of the keto-excess plots in
the two closely related strains is that there is a triangle
peak around 4.45 mb in S.typhi CT18. We noted that Liu
(1995) and others found that there was an insertion of
length 130 kb in this region in S.typhi CT18. From the Keto-
excess plot in Figure 4, the insertion of a large DNA frag-
ment is confirmed. After the detailed comparison between
S.typhi CT18 and S.typhimurium LT2 genomes, the inser-
tion of a 35 kb DNA fragment ranging from 44724722 to
4507789 bp was identified in S.typhi CT18. DNA fragments G
and H in S.typhi (Figure 5b) were found to be translocations
from S.typhimurium LT2, where the fragments range from
2844714 to 2879233 bp (shown in Figure 5a). The transloca-
tion genes include regulators of late gene expression, phage
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of DNA replications, respectively. Compared with S.typhi CT18,
S.typhimurium LT2 has an extra part around terC site; S.typhi CT18
has a triangle insertion around 4.45 mb.

tail protein, phage tail fiber protein, phage base plate assem-
bly protein, lysozyme, membrane protein, and other pro-
teins. The remaining genes within this insertion in S.typhi
CT18 have not yet been identified.

The numbers and types of paralogs were very different
between S.typhi CT18 and S.typhimurium LT2; those differ-
ences also contribute to the local differences of the wavelet
transformation spectra and the keto excess-plots in the two
strains. In S.typhimurium LT2, most of paralogs are two
copies of cytochrome c-type biogenesis protein genes (ccmA-
H), citrate lyase synthetase (citC-citG), and five copies of
transposase (tnpA). In contrast, in S.typhi CT18, there are
twenty-six copies of transposase (tnpA); the two copies of
paralogs are oxaloacetate decarboxylase (oadA, oadB, oadG,
and oadX), cytochrome c-type biogenesis protein (ccmA-H),
and citrate lyase synthetase (citA-G, X, and T).

The Salmonella enterica serovar typhi is a human-specific
pathogen causing enteric typhoid fever, a severe infection of
the reiculoendothelial system. The S.typhi CT18 and S.typhi
Ty2 are two well-studied pathogenic strains, by the compar-
ison via wavelet spectra they have very little difference and
are very close; this statement confirms most of researcher’s
inference. The information from comparative genomics and
genes in S.typhi will help us to reveal more specific drug
candidates and vaccines. Figure 6 only shows the fragments
with larger than 12,000 bp. From Figure 6, the S.typhi Ty2
genome is distinguished from that of S.typhi CT18 by inter-
replichore inversion and translocations. The figure indicates
that the inverted DNA fragments are the main reason for the
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Figure 5: Identification of translocated and inserted fragments in
S.typhi CT18 and S.typhimurium LT2. The fragments A, B, C, C, D,
E, and F in S.typhimurium LT2 are reversed and translocated into
S.typhi CT18; the order of fragments becomes F, E, D, C, B, A. The
partial insertions in S.typhi CT18, fragments G and H, are hori-
zontal transferred fragments from S.typhimurium LT2; the fragment
length of G and H is around 35 KB.

difference between the two strains. There are also a lot of
small inverted regions: translocated regions and unique re-
gions (these are not shown here). Through the comparison
between the strains, we found besides these major inversions
that the gene structures of the two strains are very similar.
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Figure 6: Identification of translocated and inserted fragments in
S.typhi CT18(A) and S.typhi Ty2(B). The 14 biggest fragments A, B,
C, . . . , O in S.typhi Ty2 are reversed and translocated into S.typhi
CT18; the order of fragments becomes O, N, M, . . . , A. The partial
insertions in S.typhi CT18 are horizontal transferred fragments into
S.typhi Ty2; the fragment length of G and H is around 35 KB.

They have the same positions of oriC and terC site and phys-
ical balance features, and share a 35 kb inversions around

4.5 mb. The sequence in the inversion fragment in the two
strains is the same as in the fragments G and H of the LT2. We
also got a lot of pseudogenes; we think that the inverted and
translocated fragments are the main reason of making the
pseudogenes in the two strains. The message helps to reveal
the pseudogene mechanisms and potentially contributions to
pathogenicity; the detail description is beyond the scope of
the paper.

Comparative genomics using purine-excess plots was
also used to compare H.pylori strains J99 and H.pylori strains
26695. The size of the inversed and translocated fragments
is much smaller than that of S.typhi CT18, S.typhi Ty2, and
S.typhimurium LT2, the only fragments larger than 1000 bp
are shown in Figure 7. From Figures 7a and 7b, the two
strains could clearly show terC sites on the purine curves. We
found that the dnaA gene is near the global minimum site, so
we refer to the oriC site located on these regions. There are
a lot of rearrangements, horizontal transfers, translocations,
and reversions among H.pylori J99 and H.pylori 26695; the
inversions and horizontally transformed DNA fragments are
clearly seen to result in mirror symmetry transformations.
In contrast to previous genomics comparison between the
two strains, using window-sized GC skew [18], the purine-
excess plots give us precise positions of inversion, translo-
cations, and horizontal transformed DNA fragments. Inter-
estingly, the shape and composition of cag pathogenicity is-
land (cagPAI) are pretty similar. The inversion and transloca-
tion events do not happen in this region; this implies that the
zone is not a result of differential retention of ancestral DNA
in these strains but is a product of horizontal transfer; this
region might represent pathogenicity islands [14]. We also
found that one of the reasons which formed the jagged dia-
gram of H.pylori is that H.pylori 26695 has some unique pro-
logs (products of gene duplications). These prologs are acyl
carrier protein (acpP), biopolymer transport protein (exbB
and exbD), iron dicitrate transport protein (fecA), and trans-
poses (tnpA and tnpB).

4. DISCUSSION

Here we have described a wavelet analysis strategy to reveal
the whole genome difference between closely related bacte-
rial strains. Compared with the widely used GC skew and
AT skew, the purine excess and the keto excess are visualiza-
tion tools to show whole genome information; they do not
involve any default window size or the loss of any informa-
tion. Via analyzing the excesses, the wavelet method enables
global comparison at a quantitative level, and the keto-excess
or purine-excess plot shows the local difference. Through
our research, the wavelet energy spectra difference can give
a quantitative measure of strain difference. It is an important
value for closely related strain, especially for the similar clone
morphology and serological cross reaction putative strains. It
could be a quantitative index to ascertain the similarity and
relationship among strains.

It is worth noting that although we can generate an enor-
mous amount of useful information about the differences



Comparative Genomics via Wavelet Analysis 11

20000

15000

10000

5000

0

−5000

P
u

ri
n

e
ex

ce
ss

0 5e + 05 1e + 06 1.5e + 06 2e + 06
Genome length (1e + 06 = 1 000 000 bp)

A
B
C
D
E
F
G

H
I
J
K
L
M

cagPAI

terC

OriC

(a)

20000

10000

0

−10000

−20000

P
u

ri
n

e
ex

ce
ss

0 0.5e + 06 1e + 06 1.5e + 06 2e + 06
Genome length (1e + 06 = 1 000 000 bp)

A
B
C
D
E
F
G

H
I
J
K
L
M
N

cagPAI

oriC

(b)

Figure 7: Identification of translocated and inserted fragments in
H.pylori, Strain J99 and H.pylori, Strain 26695. The fragments A, B,
C, D, E and F in H.pylori Strain J99 are reversed and translocated
into H.pylori Strain H26695.

between closely related strains or species, there is more about
comparative genomic analysis other than merely identify-
ing the presence or absence of specific fragments or genes.
It is important to know whether these genes are capa-

ble of being translated into functional proteins. Very small
changes such as insertion, deletion, mutation, transloca-
tions, and so forth in genomic sequence can have a dispro-
portionate effects on the phenotype of an organism. Such
changes could lead to frameshifts or base pair replacement
leading to the introduction of stop codons, and may re-
move the activity of the encoded protein when the gene
sequence is still present in the genome. In addition, these
changes may produce pseudogenes. Since the changes are
not random, the pseudogenes may be over-presented in cer-
tain functional classes such as pathogenicity island and cell-
associated genes. For example, S.typhi CT18 and Ty2 con-
tain inactivated genes which are involved in virulence and
host range. For S. typhimurium, several genes that have been
shown to be important for phenotypes in S. typhimurium
appear to be inactive in S.typhi [19]. Therefore, further
studies of S.typhi are likely to reveal rearrangements, inser-
tions, translocations, and horizontal transfers correspond-
ing to different tissue specificity and pathogenic effects for
human and other organisms. Potentially the alteration of
transcription and translation between related strains needs
to be checked and confirmed by wet-bench genetic analy-
sis. We think that although comparative genomics can pro-
vide very large amount of information on variations in each
genome, it is still only an initial step in understanding the
biology of an organism. Analysis of the complete genome se-
quence is only the start of the biological journey. The C++
and Matlab scripts for wavelet analysis and cumulative di-
agrams (Keto and purine excesses) are available on request
from authors.
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A parametric signal processing approach for DNA sequence analysis based on autoregressive (AR) modeling is presented. AR
model residual errors and AR model parameters are used as features. The AR residual error analysis indicates a high specificity of
coding DNA sequences, while AR feature-based analysis helps distinguish between coding and noncoding DNA sequences. An AR
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1. INTRODUCTION

The complete understanding of cell functionalities depends
primarily on the various cell activities carried out by pro-
teins. Information for the formation and activity of these
proteins is coded in the deoxyribonucleic acid (DNA) se-
quences. For detection purposes, the vast amount of genomic
data makes it necessary to define models for DNA segments
such as the protein coding regions. Such models can also
facilitate our understanding of the stored information and
could provide a basis for the functional analysis of the DNA.
Since the DNA is a discrete sequence, it can be interpreted as
a discrete categorical or symbolic sequence and hence, digital
signal processing (DSP) techniques could be used for DNA
sequence analysis. The DNA sequence analysis problem can
be considered as analogous to some forms of speech recog-
nition problems. That is, coding and noncoding regions in
DNA need to be identified from long nucleotide sequences, a
process that bears some similarities to the problem of iden-

tifying phonemes from long sequences of speech signal sam-
ples. Currently proposed DSP techniques include the study
of the spectral characteristics [1, 2, 3, 4] and the correlation
structure [5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18] of
DNA sequences. The measurement of spectra in most cases
has been characterized by nonparametric Fourier transform
techniques [1]. In some of the most common cases, the pres-
ence of a spectral peak [1] was used to characterize protein-
coding regions in the DNA. On the other hand, correlations
have been often characterized on the basis of the extent of
power-law (long-range) behavior and the persistence of the
power-law correlation sequence [6, 8]. Attempts have been
also made to parameterize these correlations in terms of the
scale of the power law [6].

In this paper, we propose the use of parametric spectral
methods for the analysis of DNA sequences. Parametric spec-
tral analysis techniques have been widely used to study time
series of speech, seismic, and other types of signals. Specif-
ically, we investigate the use of autoregressive (AR) spectral
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estimation tools for DNA sequence analysis. AR models ef-
fectively capture spectral peaks and model the correlation in
sequences [19]. After the model fit, the AR model parame-
ters, and AR related signals such as the prediction residual,
can be used as features of the DNA sequences. The studies
that we carried on AR models include the following. First,
we explored the use of linear prediction residuals to com-
pare coding and noncoding regions as well as distinguish be-
tween different genes. Different numerical mapping rules for
the representation of nucleotides were considered. Second,
we used the AR parameters as DNA sequence features.

The paper is organized as follows. A few basic biolog-
ical properties of the DNA are described in Section 2. An
overview of DNA sequence analysis techniques based on cor-
relation functions and DSP-based methods is presented in
Section 3. The motivation for the use of parametric spectral
analysis methods for DNA analysis and its various imple-
mentation aspects are presented in Section 4. Results from
the application of AR model-based analysis to DNA se-
quences are presented in Section 5. A discussion of the re-
sults and possible extensions to these techniques are given in
Section 6.

2. DNA STRUCTURE AND FUNCTION

DNA is the basic information storehouse in living cells. Var-
ious cell activities are carried out by proteins which are pro-
duced based on information stored in genes. DNA is a poly-
mer formed from 4 basic subunits or nucleotides, namely,
adenine (A), cytosine (C), thymine (T), and guanine (G).
A single DNA strand is formed by the covalent bonds be-
tween the sugar phosphate groups of the nucleotides. Two
DNA strands are then weakly bonded by hydrogen bonds be-
tween the nucleotides. Since the nucleotide A forms such a
bond only with T, and G only with C, the two DNA strands
are complementary to each other and each of them is used as
a template during cell division to transfer information. Usu-
ally, two complementary DNA strands form a double helix.
The synthesis of proteins is governed by certain regions in the
DNA called protein coding regions or genes. The 64 possible
nucleotide triplets ((nucleotide alphabet size)word length = 43),
called codons, are mapped into 20 amino acids that bond to-
gether to form proteins. Certain codons known as start and
stop codons indicate the beginning and end of a gene. The
DNA also consists of regions that store information for reg-
ulatory functions. In advanced organisms, the protein cod-
ing regions are not generally continuous and are separated
into several smaller subregions called exons. The regions be-
tween the exons are known as introns. During the protein
coding process, these introns are eliminated and the exons
are spliced together. The splicing can be carried out in a num-
ber of different ways depending on the cell function. Splic-
ing thus also determines the type of protein synthesis and
hence genes can be used for the production of a variety of
proteins. The central dogma (Figure 1) in cellular biology
describes the information transfer from the DNA to the ri-
bonucleic acid (RNA) and the production of proteins. The
formation of proteins takes place in two stages, namely, tran-

Protein Arg-Gly-Tyr-Thr-Phe

Translation

mRNA CGU-GGA-UCA-ACU-UUU

Transcription

DNA CGT-GGA-TCA-ACT-TTT

GCA-CCT-AGT-TGA-AAA

Figure 1: Central dogma; the information transfer from DNA to
proteins.

scription and translation. During transcription, the genes in
the DNA sequence are used as templates to form the pre-
messenger RNA (pre-mRNA). The pre-mRNA is a polymer
formed from 4 basic subunits, namely, A, C, G, and uracil
(U). Next, the exons in the pre-mRNA are spliced together to
form a polymer of only coding regions known as the mRNA.
The mRNA along with the transfer RNA (tRNA) controls
protein formation. The complete process is controlled and
catalyzed by a number of enzymes. Almost all cells in a living
system have the same DNA structure and information con-
tent. The gene expression depends on the cell requirements.
Microarray technology basically captures the amount of ex-
pression of various genes. The structure and organization of
the DNA and various cell functions are explained in [20].

One of the relevant problems in bioinformatics is to ac-
curately identify the protein coding regions and thus predict
the protein that will be generated using the information in
these segments. In addition, some effort is expended in un-
derstanding the role of noncoding regions. It is therefore of
central interest to analyze and characterize various DNA re-
gions such as coding and noncoding sequences.

3. REVIEW OF METHODS FOR DNA
SEQUENCE ANALYSIS

A primary objective of DNA sequence analysis is to automat-
ically interpret DNA sequences and provide the location and
function of protein coding regions. Methods to locate genes,
and various coding measures are described in [21]. The gene
identification problem is challenging especially in eukary-
otic DNA sequences in which the coding regions are sepa-
rated into several exons. An overview of standard techniques
for gene identification is provided in [22]. Computational
techniques for gene identification are classified into template
methods and lookup methods. Template methods attempt
to model prototype objects or sequences and identify genes
based on these models. On the other hand, lookup methods
use exactly known gene sequences and search for similar seg-
ments in a database. Computational techniques, to accom-
plish the above, include identification measures like Fourier
spectra and sequence similarity measures. An overview of the
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standard coding measures and their accuracy in identifying
genes is also given in [22]. A discussion on the regulation of
gene expression, techniques to integrate various gene models,
for example, hidden Markov models (HMM), and methods
for efficient computation are presented in [22] as well.

3.1. Correlations in DNA sequences

Correlation functions have been widely used to study the sta-
tistical properties of DNA sequences. The autocorrelation of
a stationary and ergodic numerical sequence x at lag m is de-
fined as

rxx(m) = E
[
x(n + m)x(n)

]

= lim
N→∞

1
2N + 1

N∑
n=−N

x(n + m)x(n),
(1)

where E[·] is the statistical expectation operator and N is the
length of the window over which the averaging is performed.
A typical statistically well-behaved estimator for the autocor-
relation is

r̂b(m) = 1
N

N−|m|−1∑
n=0

x
(
n + |m|)x(n). (2)

The power spectrum of a signal is the Fourier transform of
its correlation [19]. To use (2) in DNA analysis, one has to
assign numerical values to the nucleotides A, T, C, and G.
One of the early analyses of the correlation structure in the
DNA was done in [6]. Binary indicator sequences are used
therein to calculate correlations in the DNA sequence. The
power spectra of the sequences are shown to have a power-
law behavior. The spectra are reported to change according to
the evolutionary categories of the DNA sequences analyzed.
Similar analysis is also presented in [11], wherein a simple
model, called expansion-modification model, is considered
to exhibit correlations similar to those present in the DNA.
Results are therein presented based on three correlation mea-
sures, that is, the mutual information function, the power
spectrum to calculate the correlations, and a cumulative ap-
proach (similar to a DNA walk). Various issues of the DNA
correlation structure and its interpretation are also discussed.

The calculation and relation between correlation func-
tions and mutual information of symbol sequences are
explained in [5]. Correlation functions and mutual infor-
mation function differ in quantifying statistical dependen-
cies. While correlations measure only the linear dependen-
cies in sequences, the mutual information function detects
other statistical dependencies (e.g., nonlinear) in the signal
as well. The correlation measurements depend on the assign-
ment of numbers to the symbols in the sequence, whereas
the mutual information is independent of such coordinate
transformations. The binary mapping rules used in [7] carry
certain biological interpretations and are used in the calcu-
lation of the autocorrelation and the other related statisti-
cal dependencies. A study on the statistical correlations in
the DNA sequence is presented in [8], in which possible er-
rors in estimating correlations from short DNA sequences

is also described. The direct measure of correlations from
long sequences is advocated to be better than measures ob-
tained through detrended fluctuation analysis (DFA) [10],
indirect autocorrelation computation from the power spec-
tra, and correlation estimates from the mutual information
function [11]. The DFA technique removes heterogeneities
in the DNA sequence, but since it has been reported that im-
portant details of the correlation structure in the DNA may
be due to these heterogeneities [23], the use of the DFA tech-
nique is questioned. The autocorrelation function is consid-
ered to be useful in measuring the compositional heterogene-
ity. A series of studies on the use of correlation in DNA anal-
ysis is also given in [9, 14, 15, 16, 17, 18]. Other methods for
DNA analysis include DNA walk [24] and Markov chains of
various orders.

Observed correlation properties have also been inter-
preted in terms of the underlying biology [11, 12, 13, 18].
One of the important characteristics of protein coding seg-
ments in DNA sequences is the presence of persistent cor-
relations with a pronounced period of three. It is shown in
[12] that these correlations arise due to the nonuniform us-
age of codons in the coding regions. This nonuniformity is
considered to exist due to a number of factors including the
many-to-one mapping of codons to amino acids, the use of
certain amino acids for protein formation, the preferential
coding of codons into amino acids, and the correlations be-
tween the G + C contents in the third codon positions with
G + C contents in the surrounding DNA. These factors may
cause the concentrations of nucleotides in the three codon
positions to be different. Such a positional asymmetry is be-
lieved to be the cause of the pronounced period-three pattern
in the coding segment correlations and mutual information.
The pronounced periodicity mentioned in [12] has also been
used to differentiate coding and noncoding DNA segments
[25]. Covariance matrix decay is used for analysis of correla-
tion functions in [13]. The observations of long-range corre-
lations and the various periodicities in the observed correla-
tions are related to biological facts in genomes.

The characterization of coding and noncoding regions
based on the mutual information function is described
in [25]. That paper basically explores the existence of
phylogenetic origin-free statistical features in coding and
noncoding regions. The mutual information function decays
to zero for noncoding DNA, whereas it oscillates for cod-
ing DNA with a period of three. Gene identification based
on the mutual information function is reported to perform
better than traditional techniques which require training on
datasets [26]. A number of other information theory mea-
sures have also been used for coding segment characteriza-
tion [5, 18, 23, 27, 28, 29, 30, 31]. A measure for sequence
complexity is presented in [23]. The sequence compositional
complexity is based on an entropic segmentation method
to divide a sequence into homogenous segments. The com-
plexity measure is compared for coding and noncoding seg-
ments and is related to the correlation structure. An entropic
segmentation method is also used in finding borders be-
tween coding and noncoding regions [27]. A 12-letter alpha-
bet or mapping rule is used, which takes into account the
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differential base composition at each codon position. This is
used to find different compositional domains for coding and
noncoding regions. General statistical properties of coding
regions are used in the segmentation, and this method is re-
ported to be highly accurate in identifying borders. Another
information theory tool which has been reported to be use-
ful in the analysis of DNA sequences is given in [28]. This
is the Jensen-Shannon divergence which quantifies the dif-
ference between different statistical distributions. A descrip-
tion of statistical properties of the divergence measure is fol-
lowed by the application to the analysis of DNA sequences.
The segmentation method based on the divergence measure
is reported to segment a nonstationary sequence into station-
ary subsequences, and is also applied to DNA. Finally, a good
overview on information theory and applications to molec-
ular biology can be found in [32].

3.2. DSP techniques for DNA sequence analysis

The string of nucleotides in the DNA sequence is a categori-
cal or symbolic sequence. Each of the nucleotides is assigned
a numerical value, in order to apply DSP methods. Examples
of such numerical assignment techniques are the binary in-
dicator sequences [6] or the assignment of the integers 1, 2,
3, and 4 to A, C, G, and T, respectively [33]. The numerical
sequences thus obtained are analyzed using DSP methods.
Tiwari et al. [1] identify coding regions in DNA sequences by
computing the Fourier spectra of a moving window across
the sequence. The value of the spectrum at f = 1/3, is used
to clarify the DNA regions as either coding or noncoding.
The relative strength of the periodicity is used as the coding
measure (ratio of the spectral value at f = 1/3 to the av-
erage spectrum). The effectiveness of the GeneScan method
in identifying coding regions is also discussed. The method
is robust to sequencing errors resulting from frameshift er-
rors; the computations are simple and training is not re-
quired, which is an additional advantage. Anastassiou [2] ex-
tends on the ideas from [1, 3] and provides a method to dif-
ferentiate coding and noncoding regions based on weighted
spectra. Two numerical assignment schemes, namely, binary
and complex number assignments are used for analysis in
[2]. A procedure to compute the protein sequence from the
coding regions, based on the principles of finite impulse re-
sponse filters and quantization, is also described. Methods
to calculate DNA spectrograms, and the use of power spec-
tra to identify coding regions, are given. The paper also de-
scribes the method for the identification of reading frames
and summarizes the uses of DSP-based techniques in DNA
sequence analysis. Analysis of chromosome genomic signals
has also been carried out using a complex numerical repre-
sentation of nucleotides [34]. Therein, a model of the struc-
ture of the chromosome has been presented through tech-
niques such as phase analysis, two- and three-dimensional
sequence path analysis, and statistical analysis. The signal
processing of symbolic sequences has also been addressed
in [35, 36]. In [35], binary indicator sequences are used for
DNA sequence analysis. For any mapping rule, a symbolic
sequence is mapped to a numerical sequence by assigning a
weight to each symbol. This mapping can be represented as

a matrix multiplication. The subsequent linear transforma-
tion of the numerical sequence can also be represented by
a matrix multiplication operation. Since linear transforma-
tions are performed, the weights can be optimized to obtain
a required property in the transformed signal. These opera-
tions are explained in the case of discrete Fourier transforms
(DFTs). The computation of linear transforms for symbolic
signals is also explained in [36]. Spectral and wavelet analy-
ses of symbolic sequences are explained and applied to DNA
sequences, and results are presented for “pseudo DNA” se-
quences and E. Coli DNA.

Concepts from digital IIR filtering were used in [4] to
detect coding regions. This paper uses antinotch IIR filters
to identify these regions. This is achieved by designing a fil-
ter which has a sharp frequency response peak at 2π/3. On
passing the nucleotide sequence through this filter, if the se-
quence is from a coding region, the output will have a pro-
nounced frequency peak at 2π/3. The authors explain vari-
ous tradeoffs in the design of the IIR filter and efficient design
procedures. They conclude with examples where the output
of the antinotch filter has a more discernible spectral peak at
2π/3 when coding sequences are analyzed.

Two DSP-based approaches to genome sequences anal-
ysis are explained in [24]. The methods are the three-
dimensional DNA walks and Gauss wavelet-based analy-
sis, and Huffman-based encoding technique. The three-
dimensional DNA walk is used as a tool to visualize changes
in nucleotide composition, base pair patterns, and evolution
along the DNA sequence. The proposed DNA walk model
is reported to provide similar results as those obtained from
a purine-pyrimidine walk, in terms of long-range correla-
tions. Gauss wavelet analysis is then used to analyze the frac-
tal structure of the three-dimensional DNA walk. With the
use of Huffman coding, the transformation of the DNA se-
quence into an encoded domain can help visualize the se-
quences from a new perspective.

The spectral analysis of a categorical time series is ex-
plained in [37, 38]. In [37], the statistical theory for ana-
lyzing a categorical time series in the frequency domain is
discussed, and the methodology that is developed is applied
to DNA sequences. A discussion on the application of the
spectral envelope methodology to a number of sequences, in-
cluding the DNA, is given in [38]. Various spectral peaks in
the sequence can be observed in the spectral envelope that is
obtained through this technique. Techniques based on time-
frequency and wavelet analysis have also been used to analyze
DNA and protein sequences [18, 39, 40, 41].

3.3. Numerical mapping of nucleotides

Numerical mapping can be broadly classified into two types,
namely, fixed mapping as in [1, 2, 4, 5, 6, 7, 8, 13, 16, 17,
24, 33] and a mapping based on some optimality criterion
as in [36, 37]. Fixed mappings include binary [8], integer
[33], and complex representations [2]. In this work, we use a
real-number mapping rule based on the complement prop-
erty of the complex mapping in [2]. The real-number rep-
resentation is A = −1.5; T = 1.5; C = 0.5; and G = −0.5.
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C = 0.5
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Figure 2: A constellation diagram for (a) complex-number representation and (b) real-number representations.

The complement of a sequence of nucleotides can be ob-
tained by changing the sign of the equivalent number se-
quence and reversing the sequence. For example, CTGAA:
0.5; 1.5;−0.5;−1.5;−1.5 → Change Sign and Reverse Se-
quence → 1.5; 1.5; 0.5;−1.5;−0.5: TTCAG. In the computa-
tion of correlations, real representations are preferred over
complex representations. Furthermore, it is interesting to
note that the complex, real, and integer representations can
also be viewed as constellation diagrams, which are widely
used in digital communications. Figure 2 shows the constel-
lation diagram for the complex and real representations. The
complex constellation is similar to that of the quadrature
phase shift keying (QPSK) scheme, and the real represen-
tation is similar to the pulse amplitude modulation (PAM)
scheme. The constellation diagram helps visualize the DNA
sequence in the context of digital communications, where
a symbol mapping is followed by transmission of informa-
tion. Analysis of DNA sequences using digital communica-
tions techniques could reveal certain aspects of the DNA like
error-correcting capability. An information theory perspec-
tive of information transmission in the DNA, namely, the
central dogma, is explained in [32].

4. AR MODEL-BASED DNA SEQUENCE ANALYSIS

The aforementioned DNA sequence analysis techniques can
be divided into two main categories. In the first category, cor-
relations within coding and noncoding sequences are char-
acterized and used thereafter. In the second category, the
Fourier transform of sequences is used to observe spec-
tral characteristics that could distinguish between coding
and noncoding DNA regions. The typical spectral signature
found in a coding region is a spectral peak [1], and AR spec-
tral estimators are effective in modeling spectral peaks of
short sequences [19]. AR spectral parameters can also re-
flect the underlying difference in the correlation structure be-
tween coding and noncoding regions. Since correlations have
been related to biological properties of the DNA, AR models
could also be used as models of biological functions. Hence,
it is a logical extension to use AR spectral estimators to ana-
lyze DNA sequences.

4.1. AR modeling

The AR modeling of DNA sequences can be performed using
linear prediction techniques. In the linear prediction anal-

Nucleotide
sequence

x(n) A(z)
(Linear combiner)

Residual
signal

Figure 3: AR process and linear prediction; A(z) is the filter poly-
nomial.

ysis, a sample in a numerical sequence is approximated by
a linear combination of either preceding or future sequence
values [42]. The forward linear prediction operation is given
by

e(n) = x(n)− a1x(n− 1)− a2x(n− 2)− · · · − apx(n− p),
(3)

where x is the numerical sequence, n is the current sam-
ple index, a1, a2, . . . , ap are the linear prediction parameters,
and e(n) is the linear prediction error. Equation (3) repre-
sents forward linear prediction since the current sample is
predicted by a linear combination of previous samples. Simi-
larly, in backward linear prediction, a sample is predicted as a
linear combination of future samples. The linear prediction
coefficients are calculated by minimizing the mean squared
error. The linear prediction polynomial is given by

A(z) = 1−
p∑

i=1

aiz
−i. (4)

Figure 3 depicts the DNA linear prediction in the context of
AR processes.

The output of the linear combiner is known as the resid-
ual signal. In speech processing, linear prediction has been
used for efficient modeling with a considerable level of suc-
cess [43]. The AR Yule-Walker and Burg algorithms are
widely used to compute the AR model parameters. The in-
volved autocorrelation matrix values are typically calculated
using the biased estimate in (2). Issues related to the AR
modeling of DNA sequences are discussed in Section 4.2.

4.2. Proposed AR model-based DNA sequence analysis

The AR modeling of a DNA sequence is done by first map-
ping the sequence into the numerical domain and then cal-
culating the AR parameters of the resulting numerical se-
quence. Since the numerical mapping of the DNA affects
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Figure 4: Block diagram of AR model-based residual signal analysis of DNA segments.

the correlation function [5], the AR parameters, which are
derived from the correlation values, also depend on the
numerical assignment. In this paper, the real, integer, and bi-
nary mapping rules [8] have been used for analysis. Another
important issue pertains to the application of AR modeling
to DNA sequences. As mentioned in Section 4.1, the calcula-
tion of AR parameters from the linear prediction model in-
volves minimizing the error between the current signal sam-
ple and a linear combination of past samples. This defini-
tion pertains to causal AR modeling. In the case of DNA se-
quences, there appears to be no constraint to consider only a
causal AR model, since the nucleotides in a spatial series need
not be constrained to depend on the ones positioned before
them only. However, the protein coding information is stored
in nucleotide triplets and certain codons signal the start and
stop of these gene regions. The start/stop codons and the
transcription of the nucleotide triplets implicitly confer di-
rectionality to the nucleotide sequences in the genes. Hence,
a causal AR model appears to be more appropriate for mod-
eling gene sequences. The fact that the polymerase enzyme
which is responsible for reading the information from the
genes physically reads this DNA information from the start
to the stop codons augurs our assumption. However, it needs
to be noted that no such directionality apparently exists in
noncoding regions and it would thus be of considerable in-
terest to analyze both coding and noncoding DNA regions
with causal versus noncausal models, respectively.

AR models of DNA sequences were used to perform two
basic kinds of analyses. In the first analysis, the residual error
variance of DNA sequences was used as a measure to indi-
cate the “goodness” of the AR fit. In other words, AR models
of various DNA segments were compared based on their AR
residual signal. That is, suppose that signals s1(n) and s2(n)
are modeled using respective AR models. When s1(n) is in-
put to the linear predictor defined by the parameters of the
AR model of s2(n), the residual signal error would be lower
if s1(n) and s2(n) are described by similar AR models than
if described by different AR models. The residual signal can
thus be used as a measure of similarity between two signals
(e.g., two DNA regions). Furthermore, it is evident that the
residual error (a one-dimensional measure) alone is not suf-
ficient to parameterize multidimensional signals, that is, dif-
ferent signals may yield similar residual error values. Thus,
the inadequacy of the residual error was one of the moti-
vations to use AR model parameters as sequence features.

For example, if the parameters a1, a2, . . . ,ap are obtained by
AR analysis of a gene segment, the vector [1,a1,a2, . . . ,ap]T

is used as the segment feature. This is similar to the analysis
of speech signals, where the AR model parameters or their
derivatives, such as cepstral parameters, are used as feature
vectors. Furthermore, by representing DNA sequences of dif-
ferent lengths with AR models of equal order, their compar-
ison becomes possible by many simple measures such as Eu-
clidean distance and vector correlations. Subsequently, AR
features of coding and noncoding DNA sequences were an-
alyzed using techniques such as feature space distribution
analysis. Finally, we did not use the AR spectrum to distin-
guish between coding and noncoding features. This is due to
the fact that working with high-order AR models, spurious
spectral peaks were observed.

4.3. Analyzed DNA sequences

The analyses presented herein were performed on the Saccha-
romyces cerevisiae, Caenorhabditis elegans, and Streptococcus
agalactiae genomes. The S. cerevisiae genome has 16 chro-
mosomes and its complete length is approximately 12 mil-
lion bp. C. elegans and C. cerevisiae are eukaryotes, while S.
agalactiae is a prokaryotic organism.

Prokaryotes are single-celled organisms while eukary-
otes can be single- or multicelled. Major differences between
prokaryotic and eukaryotic genomes are that the genome size
of prokaryotes is typically less than that of eukaryotes, and
that prokaryotic DNA has a higher percentage of genetic in-
formation content in contiguous gene segments than eukary-
otic DNA. Furthermore, the number of repetitive sequences
in eukaryote DNA sequences is larger than the number of
repeats in prokaryote DNA. The above-mentioned genomes
can be obtained from the National Center for Biotechnology
Information (NCBI) public database.

5. RESULTS

5.1. Residual error analysis

We will first discuss the AR residual error-based DNA anal-
ysis. Results only from the analysis of S. cerevisiae chromo-
some 4 DNA sequence are presented herein. The binary SW
mapping rule [8] and the real-number mapping rule were
used. The analysis’ block diagram is shown in Figure 4. AR
models of coding and noncoding DNA regions were com-
pared based on their AR residual errors as follows.
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Figure 5: AR model of gene 1 of S. cerevisiae is used to perform residual signal analysis on its other genes using binary mapping. Residual
signal variance versus AR model for gene 1 ( ◦—) and other genes ( •—) from chromosome 4, (a) error in gene 1 and genes 3–9; (b) error in
gene 1 and genes 11–18; (c) error in gene 1 and genes 20–35; and (d) error in gene 1 and genes 36–50. Genes of length less than 150 bp were
not considered since they cannot be modeled using high-order AR models.

First, the AR models were computed for each gene. Then,
these AR model parameters were used to perform linear pre-
diction and obtain the residual signal variances when applied
to other genes. Genes of shorter length for which higher-
order AR models could not be computed were not consid-
ered. The residual signal variances from 47 genes obtained
with the AR model of gene 1 are shown in Figure 5. It can
be noted that with increasing AR model order, the residual
signal variance in gene 1 decreases. This is in conformance
with the well-known fact from statistical signal processing
that when a signal is modeled using AR models of increas-
ing order, the residual signal error for that signal decreases
monotonically [19]. On the other hand, it is interesting to
note that for the other gene sequences, the residual error vari-

ance increases with increasing AR model order (see Figure 5).
A similar result was observed when the real mapping rule was
used (see Figure 6). This observation implies that with in-
creasing model order, the similarity between the AR models
of different genes decreases due to the increased specificity of
the AR models to genes. The specificity could be due to the
absence of redundancy between the analyzed genes and em-
phasizes the idea that, since different genes typically code for
different amino acid sequences, they may not contain a lot of
similar or redundant information.

Next, noncoding segments were compared with coding
segments. Gene 1 in chromosome 4 of S. cerevisiae was mod-
eled using an AR model, and the model parameters were
used to compute the residual error variances of 50 noncoding
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Figure 6: AR model of gene 1 of of S. cerevisiae is used to perform residual signal analysis on its other genes using real-number mapping.
Residual signal variance versus AR model for gene 1 ( ◦—) and other genes ( •—) from chromosome 4, (a) error in gene 1 and genes 3–9;
(b) error in gene 1 and genes 11–18; (c) error in gene 1 and genes 20–35; and (d) error in gene 1 and genes 36–50.

segments. Similarly, gene 17 was modeled using an AR model
and the model parameters were used to compute the residual
error variances of 50 noncoding segments. The residual er-
ror variances of 50 noncoding segments when the AR model
from gene 1 and gene 17 was applied are depicted in Fig-
ures 7 and 8, respectively. It can be observed that the resid-
ual signal variance values for a few noncoding sequences are
smaller than the ones for gene 1, for the full range of model
orders. This implies the existence of similarities between cod-
ing and noncoding segments. Similar observations were also
obtained when real mapping was applied.

It is evident from the above observations that the classi-
fication of an analyzed sequence to either a coding or non-
coding region based on the residual signal alone is difficult as
different regions may have similar residual errors for a range

of AR model orders. The above results also show that when
AR models are used to parameterize DNA segments based
on the residual error, higher-order models may be required
to model the characteristics and capture their differences.

5.2. AR feature-based analysis

One of the important problems in DNA sequence analysis
is identifying regions with similar nucleotide compositions.
This is then typically applied in studies such as identifying
conserved regions across different organisms. A number of
algorithms, such as BLAST, have been developed to perform
string searches and template matching. These string search-
ing tools are typically based on dynamic programming con-
cepts, wherein the actual template or query string is com-
pared with segments of a long DNA sequence. In this paper,
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Figure 7: AR model of gene 1 is used for linear prediction on 50 noncoding segments using binary mapping. (a) Error in noncoding segments
1–12; (b) error in noncoding segments 13–25; (c) error in noncoding segments 26–38; and (d) error in noncoding segments 39–50.

the AR model parameters of the template nucleotide se-
quence are used as features to identify similar segments in
a long DNA sequence. AR models capture the global spectral
characteristics of the modeled sequences. Thus, the identifi-
cation is based on similar spectral characteristics (AR) rather
than one-to-one nucleotide matching (dynamic program-
ming techniques).

The analysis was performed on a segment of the S. cere-
visiae genome using binary, real-number, and integer map-
ping. The template matching procedure was performed as
follows. First, a segment of nucleotides of length L was cho-
sen as the template. The AR model of this template was es-
timated for various orders, and the model parameters were
used as template features. Second, the AR features were cal-
culated over the whole DNA sequence from overlapping
moving windows of the same length L as the template. Third,

the feature vectors obtained from each moving window were
compared with the template feature vector by computing the
Euclidean distance between them.

It was observed that using the real mapping, similar
segments to either the template, its reversed sequence, its
complementary sequence, or its reversed complementary
sequence are detected. One such example is presented in
Table 1, wherein the template and its complement were iden-
tified. Using integer mapping, the DNA locations where sim-
ilar features were found are cited in Table 2. In this case, the
features of the template sequence alone was detected. Using
binary SW mapping, although the actual template occurred
only once in the complete sequence, other segments also
yielded the same features (see Table 3). Here the template and
the matched sequences differ in the actual nucleotide but on
a closer look, they have a similar sequence of strong and weak
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Figure 8: AR model of gene 17 is used for linear prediction of 50 noncoding segments using binary mapping. (a) Error in noncoding
sequences 1–12; (b) error in noncoding sequences 13–25; (c) error in noncoding sequences 26–38; and (d) error in noncoding sequences
39–50.

hydrogen bonds. Analysis with the binary RY mapping rule
[8] yielded similar results, that is, segments with a similar
sequence of purines and pyrimidines as the one in the tem-
plate.

In the aforementioned analysis, the mapping rule used
played an important role in identifying matches. The real-
and integer-number mapping rules yielded different string
matches. This is due to the inherent complementary prop-
erty of the real mapping rule and the noncomplementary
property of the integer mapping rule. The difference is fur-
ther elucidated through the following exercise. Say, for ex-
ample, the occurrences of the template 5′-TACGTGC-3′

need to be found in a long DNA string. The corresponding
numerical sequence obtained through real mapping would
be 5′-1.5,−1.5, 0.5,−0.5, 1.5,−0.5, 0.5-3′. The following nu-
merical sequences will have the same AR parameters as the

above template:

(i) 5′- −1.5, 1.5,−0.5, 0.5,−1.5, 0.5,−0.5-3′ =
5′-ATGCACG-3′: (reversed complement of the template);

(ii) 5′-0.5,−0.5, 1.5,−0.5, 0.5,−1.5, 1.5-3′ =
5′-CGTGCAT-3′: (reversed template);

(iii) 5′- −0.5, 0.5,−1.5, 0.5,−0.5, 1.5,−1.5-3′ =
5′-GCACGTA-3′: (complement of the template).

This is due to the fact that (a) the sign-reversed numerical
sequence and the actual numerical sequence have the same
linear dependence and hence the same AR parameters, and
(b) minimizing the forward or the backward linear predic-
tion error would theoretically yield the same AR model. This
is observed with the Burg algorithm AR estimation, wherein
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Table 1: Detection of repeats of DNA segments via AR modeling.
Real mapping rule and second-order AR model features are used;
the template is 8 bp long. There are 5 repeats in the whole sequence.
Identification of complementary and reversed sequences is obtained
as well.

Position with the same features DNA segment

210–217 (template) CTCACATT

5174–5181 CTCACATT

12572–12579 CTCACATT

19278–19285 AATGTGAG

29624–29631 CTCACATT

36387–36394 AATGTGAG

55805–55812 AATGTGAG

63106–63113 CTCACATT

Table 2: Detection of repeats of DNA segments via AR modeling.
Integer mapping rule and second-order AR model features are used;
the template is 8 bp long. There are 5 repeats in the whole sequence.
The template is exactly identified.

Position with the same features DNA segment

210–217 (template) CTCACATT

5174–5181 CTCACATT

12572–12579 CTCACATT

29624–29631 CTCACATT

63106–63113 CTCACATT

Table 3: Detection of repeats of DNA segments via AR modeling.
Binary SW mapping rule and fourth-order AR model features are
used; the template is 14 bp long and it has one occurrence in the
whole sequence. Identification of DNA with similar sequences of
strong and weak hydrogen bonds is obtained. Nucleotides C and
G (mapped to one), A and T (mapped to zero) are highlighted

differently.

Position with the same features DNA segment

210–221 (template) C T C A C ATTA CCC TA

7424–7435 C T C T G AAAT GCC AT

9283–9294 G A C T G ATAA GGG TT

80726–80737 C A G T G ATAT CGG TA

both the forward and backward linear prediction errors are
minimized together. In the case of the integer mapping rule
(A = 1, C = 2, G = 3, T = 4), the corresponding numeri-
cal sequence of the template is 5′-4, 1, 2, 3, 4, 3, 2-3′. The re-
versed sequence, namely, 2, 3, 4, 3, 2, 1, 4, has the same AR
model parameters as the template (by minimizing the for-
ward and reverse prediction errors). On the other hand, the
sequence corresponding to the complement of the template
may not have the same AR model. Hence, using the integer

mapping rule, the exact template and its reversed sequence
are matched.

The features of the nucleotide segments are also af-
fected by the use of the binary mapping rule. This is
explained through the following example. The sequence
5′-TGACAAGC-3′ is mapped to 5′-0, 1, 0, 1, 0, 0, 1, 1-3′ using
the binary SW mapping rule. The above numerical sequence
also corresponds to 5′-ACACATGG-3′, and a number of
other nucleotide combinations. The AR model parameters of
all these combinations are the same, and hence, it is possible
to identify sequences with certain similar chemical properties
like similar sequences of strong and weak hydrogen bonds.

The above observations are of great interest because
they show that identification of regions with similar biolog-
ical/chemical properties may be possible using AR feature-
based template matching under different mapping rules. For
example, the ability to identify a template and its comple-
ment can help in identifying genes in complementary strands
as well, which may not be possible in a single “run” using tra-
ditional string searching tools. The AR model string search
method can be used as an analytical tool to reveal additional
information about the interrelations between different DNA
sequences. The knowledge acquired by this analysis could be
used in knowledge or rule-based methods. Two DNA signals
with similar AR spectra are more related in a global manner
than in a one-to-one nucleotide basis. In this sense, the above
method can provide clues about similarities between appar-
ently nonidentical DNA sequences that could then be used in
the identification of the underlying biochemical mechanisms
of such similarities. The results of AR model-based analy-
sis are related to fast Fourier transform (FFT)-based meth-
ods. The pros and cons have to do with the well-known ad-
vantages and disadvantages of using parametric versus non-
parametric signal processing methods (e.g., ability to analyze
short versus long segments, computational speed, etc).

The above algorithm was also applied to gene searches in
a long string of DNA. It was observed that the distance be-
tween the feature vectors is zero at the exact location of the
gene even with an AR model of an order as low as 2. The dis-
tance between the gene sequence AR feature vector and the
moving window AR feature vector is plotted for various fea-
ture dimensions (AR model orders) in Figure 9. It was also
observed that the average distance between the gene feature
vector and features of the moving windows increased with
AR model order. It can be typically expected that the average
distance between vectors tends to increase with increasing di-
mension. Nevertheless, in conjunction with our previous ob-
servations from the residual signal-based analysis, it appears
that the increasing average distance of the gene features with
the AR model orders may mainly be due to the greater speci-
ficity of the AR modeling to the presence of genes. To further
investigate the above observations, a study of the distribu-
tions of coding and noncoding AR features was undertaken.

The complete S. cerevisiae genome with all coding and
noncoding sequences was considered. We mapped the DNA
segments into the numerical domain using the binary SW
mapping rule. Then, the AR model parameters of all seg-
ments were calculated and used as the DNA segment features.
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Figure 9: The distance between the feature vector of a gene sequence (position denoted by ∗) and the corresponding features within a
moving window segments over the analyzed DNA sequence from S. cerevisiae for AR model orders (a) 10, (b) 25, and (c) 50 (real mapping
used). It can be noticed that the average distance between the gene feature and the features of the moving windows increases with AR model
order, and it is minimal (zero) at the position of the gene.

The analysis was also performed using the real mapping rule.
For a particular AR model of order p, the centroid of all cod-
ing region feature vectors was calculated, and the Euclidean
distance of the feature vectors from the centroid was com-
puted. The distances were similarly computed for noncod-
ing region features from their centroid as well. The distri-
bution density of these distance measures was obtained. The
process was repeated for increasing model orders. The dis-
tributions from the coding region and noncoding regions
were then compared using the Kolmogorov-Smirnov test
[44]. Figure 10 shows the distribution densities for S. cere-
visiae coding and noncoding regions for AR model orders
15 and 35, using binary SW mapping. The distribution den-
sities obtained by using real-number mapping are depicted
in Figure 11. Both coding and noncoding features are con-
centrated near their respective centroids. The noncoding fea-
tures appear to be more concentrated around their centroid
than the coding features.

The p values from the Kolmogorov-Smirnov test of the
distributions of the coding and noncoding features using bi-
nary SW and real-number mapping, are shown in Figure 12.
It is observed that the threshold p = 0.05 used in the hy-
pothesis testing is achieved with an AR model order of 21 for
the binary SW mapping and only 16 for the real mapping.
Thus, it appears that such distance distributions can be used

to further classify a DNA segment as coding or noncoding. It
also appears that the real mapping is more effective than the
binary SW mapping in this analysis.

6. CONCLUSION

A brief survey of the research on the analysis of DNA se-
quences from a signal processing perspective was presented.
The use of nonparametric classical DSP tools like Fourier
transforms and time-frequency analysis have been effective
in studying DNA sequences of coding and noncoding re-
gions. The use of parametric spectral analysis to capture cer-
tain spectral characteristics of such DNA regions was herein
introduced. We applied the AR spectral analysis tools to ana-
lyze DNA sequences.

The analyses were of two basic types. First, the AR model
parameters of the analyzed DNA segments were used to per-
form linear prediction analysis. The residual error was sub-
sequently used to compare the analyzed segments. An ob-
servation of particular interest was that the AR model was
very specific to the coding DNA sequences. This specificity
increased with increasing model orders. Though the resid-
ual error analysis methodology could be used to compare AR
models of different DNA segments, it was found not to be
adequate for the characterization of these sequences. The AR
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Figure 10: Distribution density of distances of coding segment (CDS) AR feature vectors and noncoding segment (NCDS) AR feature
vectors from their respective centroids for AR model orders (a) 15 and (b) 35 (binary SW mapping used).
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Figure 11: Distribution density of distances of coding segment (CDS) AR feature vectors and noncoding segment (NCDS) AR feature
vectors from their respective centroids for AR model orders (a) 15 and (b) 35 (real mapping used).

model parameters themselves were then used as features for
DNA string searches.

Depending on the type of the numerical mapping rule
used, the AR feature-based string searching technique was
highly effective in identifying all repeats of the query string,
along with the locations of its complementary sequence.
It was also possible to locate regions with similar chemi-
cal structures, for example, sequences of similar strong and

weak hydrogen bonds. Thus different mapping rules can be
used depending on the objective of the analysis. For example,
the use of SW or RY mapping rules was necessary to locate
regions of similar strong-weak hydrogen bonds or purine-
pyrimidine structure. It was observed that modeling with
a low-order AR model and working in the generated fea-
ture space was sufficient to locate the occurrence of com-
plete genes in a long DNA sequence. Further analysis of the
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Figure 12: p values obtained from the Kolmogorov-Smirnov test, comparing the distribution of coding and noncoding AR features for (a)
binary SW mapping and (b) real mapping. The 5% threshold used in the hypothesis testing is also plotted as a dotted horizontal line.

distribution of the coding and noncoding AR features re-
vealed that these distributions differed significantly for high-
dimension AR features. It would be of great interest to fur-
ther investigate the biological implications of differences in
the distributions of coding and noncoding region AR fea-
tures.

The proposed analytical scheme can also be used for the
analysis of other biochemical molecules, in addition to DNA,
such as amino acid sequences. Further, like in speech recog-
nition, AR features and their derivatives, such as cepstral fea-
tures, could also be incorporated in an HMM-based gene-
finding tool. Analysis of more genomic sequences along the
lines proposed herein is underway.
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[29] M. Crochemore and R. Vérin, “Zones of low entropy in ge-
nomic sequences,” Computers & Chemistry, vol. 23, no. 3-4,
pp. 275–282, 1999.

[30] E. E. May, M. A. Vouk, D. L. Bitzer, and D. I. Rosnick, “A cod-
ing theory framework for genetic sequence analysis,” in Proc.
Workshop on Genomic Signal Processing and Statistics (GEN-
SIPS ’02), Raleigh, NC, USA, October 2002.

[31] H. P. Yockey, “An application of information theory to the
central dogma and the sequence hypothesis,” Journal of The-
oretical Biology, vol. 46, pp. 369–406, 1974.

[32] H. P. Yockey, Information Theory and Molecular Biology, Cam-
bridge University Press, Cambridge, UK, 1992.

[33] A. A. Tsonis, J. B. Elsner, and P. A. Tsonis, “Periodicity in DNA
coding sequences: implications in gene evolution,” Journal of
Theoretical Biology, vol. 151, pp. 323–331, 1991.

[34] P. D. Cristea, “Analysis of chromosome genomic signals,” in
Proc. 7th International Symposium on Signal Processing and Its
Applications (ISSPA ’03), vol. 2, pp. 49–52, Paris, France, July
2003.

[35] D. H. Johnson and W. Wang, “Symbolic signal processing,”
in Proc. IEEE Int. Conf. Acoustics, Speech, Signal Processing
(ICASSP ’99), pp. 1361–1364, Phoenix, Ariz, USA, March
1999.

[36] W. Wang and D. H. Johnson, “Computing linear transforms
of symbolic signals,” IEEE Trans. Acoustics, Speech, and Signal
Processing, vol. 50, no. 3, pp. 628–634, 2002.

[37] D. S. Stoffer, D. E. Tyler, and A. J. McDougall, “Spectral anal-
ysis for categorical time series: Scaling and the spectral enve-
lope,” Biometrika, vol. 80, no. 3, pp. 611–622, 1993.

[38] D. S. Stoffer, D. E. Tyler, and D. A. Wendt, “The spectral en-
velope and its applications,” Statistical Science, vol. 15, no. 3,
pp. 224–253, 2000.

[39] A. Arneodo, E. Bacry, P. V. Graves, and J. F. Muzy, “Character-
izing long-range correlations in DNA sequences from wavelet
analysis,” Phys. Rev. Lett., vol. 74, no. 16, pp. 3293–3296, 1995.

[40] K. Bloch and G. R. Arce, “Time-frequency analysis of protein
sequence data,” in Proc. IEEE-EURASIP Workshop on Non-
linear Signal and Image Processing (NSIP ’01), Baltimore, Md,
USA, June 2001.

[41] J. Song, T. Ware, and S.-L. Liu, “Test of origin site (oriC) and
terminus (terC) of replication by wavelet analysis in bacteria,”
in Proc. Workshop on Genomic Signal Processing and Statistics
(GENSIPS ’02), Raleigh, NC, USA, October 2002.

[42] J. Makhoul, “Linear prediction: A tutorial review,” Proceedings
of the IEEE, vol. 63, no. 4, pp. 561–580, 1975.

[43] J. D. Markel and A. H. Gray Jr., Linear Prediction of Speech,
Springer-Verlag, NY, USA, 1976.

[44] D. J. Sheskin, Handbook of Parametric and Nonparametric Sta-
tistical Procedures, Chapman & Hall/CRC Press, Boca Raton,
Fla, USA, 2nd edition, 2000.

Niranjan Chakravarthy received the B.E.
degree in electronics and communication
engineering from the Government College
of Engineering, Tamil Nadu, India, in 2001
and the M.S. degree in electrical engineer-
ing from the Arizona State University in
2003. He is currently working towards the
Ph.D. degree with the Department of Elec-
trical Engineering at Arizona State Univer-
sity. He is a Research Assistant at the Digital
Signal Processing and Brain Dynamics Laboratories and currently
pursues research on the prediction and control of epileptic seizures
and genomic signal processing. His research interests include digi-
tal signal processing, time series modeling, and systems theory and
applications to physical and biological systems.

A. Spanias is a Professor of electrical en-
gineering at Fulton School of Engineering,
Arizona State University. His research inter-
ests are in adaptive signal processing and
speech processing. He received the 2003
Teaching Award from the IEEE Phoenix
Section for the development of J-DSP. He
is a member of the IEEE-CAS Society DSP
Technical Committee and has served as a
Member in the Technical Committee on
Statistical Signal and Array Processing of the IEEE Signal Process-
ing Society (SPS). He has served as an Associate Editor of the IEEE
Transactions on Signal Processing, General Cochair of the 1999 In-
ternational Conference on Acoustics Speech and Signal Processing
(Phoenix), IEEE Signal Processing Vice President for Conferences,
and Chair of the Conference Board. He served as a Member in the
IEEE Signal Processing Executive Committee and as an Associate
Editor of IEEE Signal Processing Letters. He is currently serving
as a Member in the IEEE SPS Publications Board, and Member-
at-Large of the IEEE SPS Conference Board. He has been Chair of
the Phoenix IEEE Communications and Signal Processing Chapter,
and is a Member in Eta Kappa Nu and Sigma Xi. Andreas Spanias is
corecipient of the 2002 IEEE Donald G. FinkPaper Award, and was
recently elected as a Fellow of the IEEE. He is appointed as 2004
Distinguished Lecturer of the IEEE SPS.



28 EURASIP Journal on Applied Signal Processing

L. D. Iasemidis received the Diploma in
electrical and electronics engineering from
the National Technical University of Athens
in 1982, M.S. in Physics, M.S. and Ph.D.
in biomedical engineering from the Univer-
sity of Michigan, Ann Arbor, Mich in 1985,
1986, and 1991, respectively. Dr. Iasemidis
is currently an Associate Professor of Bio-
engineering at the Arizona State University,
Tempe, Ariz, and Director and Founder of
the ASU Brain Dynamics Laboratory. Dr. Iasemidis is recognized
as an expert in dynamics of epileptic seizures, and his research
and publications have stimulated an international interest in the
prediction and control of epileptic seizures, and understanding of
the mechanisms of epileptogenesis. He is currently on the Editorial
Board of Epilepsia and IEEE Transactions on Biomedical Engineer-
ing, and is a Reviewer of NIH. He has reviewed articles for more
than 10 scientific journals. His research interests are in the areas of
biomedical and genomic signal processing, complex systems theory
and nonlinear dynamics, neurophysiology, monitoring and analy-
sis of the electrical and magnetic activity of the brain in epilepsy
and other brain dynamical disorders, intervention and control of
the CNS, neuroplasticity, rehabilitation, and neuroprosthesis. Dr.
Iasemidis’ research has been funded by NIH, VA, DARPA and the
Whitaker Foundation.

K. Tsakalis received his Ph.D. degree in
electrical engineering from the University of
Southern California. He is currently a Pro-
fessor of electrical engineering at Arizona
State University. His interests are in robust
adaptive control, time varying systems, ap-
plications of control, identification, and op-
timization in semiconductor manufactur-
ing problems, and, more recently, the ap-
plication of adaptive systems theory on the
prediction and control of epileptic seizures.



EURASIP Journal on Applied Signal Processing 2004:1, 29–42
c© 2004 Hindawi Publishing Corporation

Spectrogram Analysis of Genomes

David Sussillo
Department of Electrical Engineering, Columbia University, NY 10027, USA
Email: sussillo@ee.columbia.edu

Anshul Kundaje
Department of Electrical Engineering, Columbia University, NY 10027, USA
Email: abk2001@cs.columbia.edu

Dimitris Anastassiou
Department of Electrical Engineering, Center for Computational Biology and Bioinformatics (C2B2) and Columbia Genome Center,
Columbia University, NY 10027, USA
Email: anastas@ee.columbia.edu

Received 28 February 2003; Revised 22 July 2003

We perform frequency-domain analysis in the genomes of various organisms using tricolor spectrograms, identifying several
types of distinct visual patterns characterizing specific DNA regions. We relate patterns and their frequency characteristics to the
sequence characteristics of the DNA. At times, the spectrogram patterns can be related to the structure of the corresponding
protein region by using various public databases such as GenBank. Some patterns are explained from the biological nature of
the corresponding regions, which relate to chromosome structure and protein coding, and some patterns have yet unknown
biological significance. We found biologically meaningful patterns, on the scale of millions of base pairs, to a few hundred base
pairs. Chromosome-wide patterns include periodicities ranging from 2 to 300. The color of the spectrogram depends on the
nucleotide content at specific frequencies, and therefore can be used as a local indicator of CG content and other measures of
relative base content. Several smaller-scale patterns are found to represent different types of domains made up of various tandem
repeats.

Keywords and phrases: DNA spectrograms, frequency-domain analysis, genome analysis.

1. INTRODUCTION

Color spectrograms of biomolecular sequences were intro-
duced in [1, 2] as visualization tools providing information
about the local nature of DNA stretches. These spectrograms
give a simultaneous view of the local frequency throughout
the nucleotide sequence, as well as the local nucleotide con-
tent indicated by the color of the spectrogram. They are help-
ful not only for the identification of genes and other regions
of known biological significance, but also for the discovery
of yet unknown regions of potential significance, character-
ized by distinct visual patterns in the spectrogram that are
not easily detectable by character string analysis. Further,
they have been found to give global information about whole
chromosomes as well.

In this paper, we discuss the features and patterns that
such spectrograms reveal. We applied a slightly modified
version (described below) of the spectrogram development
tool introduced in [1, 2] that provides a more direct man-
ifestation of the local relative nucleotide content in the
color of the spectrogram, and explored the patterns char-

acteristic in the genomes of various organisms. We created
color spectrograms of various frequency bandwidths and se-
quence lengths. Although the genomes of these organisms
vary greatly in size, chromosome number, and complexity,
we found many interesting features, some of which are com-
mon to all organisms and some are unique to a particular or-
ganism. Some of the uncovered patterns relate to the overall
chromosome structure or to protein coding. On some occa-
sions, the specific function of a protein could be understood
by visual comparison to other proteins.

We analyzed some parts of the genomes from E. coli,
M. tuberculosis, S. cerevisiae, P. falciparum, C. elegans, D.
melanogaster, and H. sapiens, viewing chromosomes and
chromosome subsequences using the tricolor spectrogram
with as much or as little frequency and sequence resolution
as necessary. We allowed zooming in and out in both the fre-
quency and sequence dimensions, thus facilitating easy navi-
gation of DNA that is normally intimidating in its complex-
ity. A set of colors was initially chosen for the four different
bases to maximize the discriminatory power of the spectro-
gram. Depending on the pattern, we adjusted the frequency
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and sequence resolutions so that the prominent frequencies
were accurately highlighted and thus we were able to view
different features of the chromosome with great precision.
When possible, we referenced the subsequence from which
the pattern was created with various public databases to fur-
ther ascertain the function of the region. We then annotated
the patterns with the type of pattern, prominent periodici-
ties, position in the chromosomal DNA sequence, and cor-
responding position in the protein sequence if the DNA was
coding. Thus, we related pattern shape and color to signifi-
cant structural and functional elements in the genome. Most
of our searches were exhaustive, and the patterns shown in
this paper are exemplary of myriad patterns in the various
genomes.

The spectrograms were developed using the short-time
Fourier transform, that is, by applying the N-point discrete
Fourier transform (DFT) over a sliding window of size N .
The difficulty in creating DNA spectrograms results from
the fact that DNA sequences are defined by character strings
rather than numerical sequences. This problem can be solved
by considering the binary indicator sequences uA[n], uT[n],
uC[n], and uG[n], taking the value of either one or zero de-
pending on whether or not the corresponding character ex-
ists at location n. These four sequences form a redundant set
because they add to 1 for all n. Therefore, any three of these
sequences are sufficient to determine the character string. In
[1, 2], color spectrograms are defined by creating RGB super-
position, using the colors red, green, and blue, of the spectro-
grams for the numerical sequences

xr[n] = aruA[n] + truT[n] + cruC[n] + gruG[n],
xg[n] = aguA[n] + tguT[n] + cguC[n] + gguG[n],
xb[n] = abuA[n] + tbuT[n] + cbuC[n] + gbuG[n],

(1)

in which, to enhance the discriminating power of the visual-
ization, the coefficients in the above equations are chosen by
assigning each of the four letters to a vertex of a regular tetra-
hedron in the three-dimensional space. In the present im-
plementation, we further improve the discriminating power
by ensuring that all points in the tetrahedron have different
absolute values with respect to any axis using the following
choice of coefficients:

ar = 0, ag = 0, ab = 1,
tr = 0.911, tg = −0.244, tb = −0.333,
cr = 0.244, cg = 0.911, cb = −0.333,
gr = −0.817, gg = −0.471, gb= −0.471.

(2)

To illustrate, we first consider three examples that demon-
strate both the use of color and periodicity in the spectro-
gram. The horizontal axis indicates the location in the DNA
sequence measured in base pairs (bp) from the origin and
the vertical axis indicates the discrete frequency of the DFT
measured in cycles per STFT window size. The correspond-
ing period is equal to N/k, where k is the discrete frequency
and N is the STFT window size.

Unlike the traditional spectrograms that employ pseudo-
color to achieve greater contrast, the spectrograms that are
used to visualize DNA sequences contain useful information
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Figure 1: Spectrogram of a random DNA sequence of length
60 kbp. No obvious patterns are discernable. Spectrogram titles are
annotated with a helpful name or accession tag, sequence-start in-
dex, sequence-end index, approximate sequence length, DFT win-
dow size, window overlap, lowest frequency shown in image, and
highest frequency shown in image.
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Figure 2: Spectrogram of random DNA of length 60 kbp with bases
A, T , C, and G with periods 15, 13, 11, and 9, respectively. The nu-
cleotide A is represented by the color blue, T by red, C by green, and
G by yellow. Arrows mark the different periodicities.

encoded in color. The colors for the nucleotides A, T , C,
and G are blue, red, green, and yellow, respectively. These
colors were chosen to optimize the discrimination between
different nucleotides. As a rule of thumb, the interaction be-
tween the various nucleotides is visualized as the superpo-
sition of colors representing those nucleotides. Thus, a se-
quence composed of ATATAT . . . would have a purple bar
at the frequency corresponding to period 2. The first spec-
trogram (Figure 1) shows a spectrogram created from a se-
quence of 60000 “totally random” nucleotides. The sequence
was created from an independent identically and uniformly
distributed random sequence model so that every position
has equal chance of being an A, T , C, or G. No obvious
patterns are noticeable. The second spectrogram (Figure 2)
shows the same sequence as the first but with a modification
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Figure 3: Spectrogram of the entire E. coli K12 chromosome (about 4.6 Mbp). The line marking the 3-base periodicity of protein-coding
regions extends without a visible break across the entire chromosome. There is a change in color going from higher frequencies (greenish)
to lower frequencies (purplish).

so that every 15 nucleotides, there is an A; every 13 nu-
cleotides, there is a T ; every 11 nucleotides, there is a C; and
every 9 nucleotides, there is a G. This figure demonstrates
that even in complicated sequences, A is mapped by the color
blue, T by red, C by green, and G by yellow.

2. CHROMOSOME-WIDE PATTERNS

Distinguishing patterns by their size makes a simple cate-
gorization. Those patterns composed of millions of bp are
considered large; those that are composed of up to sev-
eral hundred thousand nucleotides are medium; and those
patterns consisting of up to several thousand bp are small.
Typically, larger patterns represent structural elements and
smaller patterns are useful in visualizing something about a
protein-coding region. Here, we focus first on large patterns.
In doing so, we focus on the general characteristics of the
chromosome-wide spectrogram.

2.1. E. coli

Figure 3 shows the spectrogram of the entire chromosome
for the bacteria E. coli using STFT window size N = 10 000.
The count among all nucleotides in E. coli is roughly equal
(A=1142136,T=1140877,C=1179433,G=1176775) and the
total number of nucleotides is over 4.6 Mbp. The most salient
feature is the strong intensity with periodicity 3 (frequency
3333) that corresponds to protein-coding regions. The fact
that protein-coding regions in DNA typically have a peak
at the frequency of 3 periodicity in their Fourier spectra is

well known [3, 4, 5, 6]. The whiteness of this line shows
that most of the bases are being used in protein coding, and
this is clearly reflected by the continuity and intensity of the
line with periodicity 3. Second, at regular intervals along the
DNA sequence, there appear thin veins of purple, imply-
ing AT rich areas intermittently placed along chromosome.
Finally, there is a general shift in hue as the frequency de-
creases. The larger frequencies are more greenish in hue and
the lower frequencies are more purplish. The purplish hue
extends over from about the 6.5-base periodicity and up-
wards and shows that even while apparently coding for genes
almost everywhere on the chromosome, the chromosome is
also preserving higher periodicities involving the nucleotides
A and T . This is particularly interesting considering that the
total number of each of the four bases in the genome is nearly
equal. The purplish hue in the lower frequencies may be re-
lated to the twisting of the DNA molecule that leads to helical
repeats.

2.2. C. elegans chromosome III

We now turn our attention to the multicellular organism
C. elegans. Figure 4 shows the DNA spectrogram of chro-
mosome III. The general hue of the spectrogram is darker
than that of E. coli. This relates directly to the relative num-
ber of bases in chromosome III (A=4444502, T=4423430,
C=2449072, G=2466240). The horizontal line of intensity
marking the 3-base periodicity is much less pronounced
than E. coli in that there are more gaps along the sequence.
This is consistent with the general rule that eucaryotic DNA
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Figure 4: Spectrogram of the chromosome III of C. elegans (13.8 Mbp). The 3-base periodicity relating to protein coding is noted. A mini-
satellite is noticeable at 7.4 Mbp (see Figure 16). Various periodicities are noticeable, in particular, the purple 10+-base periodicity in both
chromosome arms and coincident 8, 9-base and green 3.8-base periodicities in the right chromosome arms.

contains more noncoding DNA such as intergenic DNA and
introns. In the middle of the spectrogram, there is a vertical
bar that identifies a “minisatellite,” roughly 50 kbp in length.
The details of minisatellites are explained in Section 3.1. On
some regions, there are strong horizontal bands of intensity
between the frequencies representing the 8-base periodicity
and 9-base periodicity (at 8.7) and also just above 10 (at
10.2, which we call the “10+ periodicity”) throughout the en-
tire chromosome. In the right part of the spectrogram, (close
to 12 Mbp) there are strong periodicities involving the color
green and thus the bases GC at 3.9.

The 10+ periodicity appears to be of special importance.
Figure 5 shows the magnitude plot of the DFT for the four
nucleotides in the subsequence 1456174−1596391. Each sep-
arate base is plotted with a different color. The frequency
range shown corresponds to periods 8 through 12. The pe-
riodicities at 10+ are the strongest in the bases A & T (area
indicated by arrow). This periodicity may relate to DNA he-
lical structure, which has a periodicity of 10.4 bp on average
[7, 8, 9, 10]. The 10+ periodicity may also be related to fold-
ing around nucleosomes, as the nucleotides A and T are pre-
ferred in the minor grove when binding to the nucleosome
core. The DNA double helix kinks when wrapped around
the nucleosome core, thus reducing its helical periodicity to
10.39±0.02 bp [9]. We found that the maximal intensity of
this band has a 10.2-base periodicity.

We further searched chromosome III of C. elegans at
much lower frequencies and found a 1.5 Mbp long (0.8 Mbp–
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Figure 5: DFT magnitude plot of 140 Kbp section of C. elegans
chromosome III showing higher values at period 10+ in all bases,
but particularly A and T . An arrow marks the peak in the periodic-
ity range of 9.9–10.5.

2.6 Mbp subsequence) bubble centered on period 300. This
was accomplished using a DFT window size of 40000.
Figure 6 shows this spectrogram with the two bubbles cen-
tered at period 300 marked by arrows. This was the only ex-
ample of a periodicity found around 300 and it is unclear
what biological significance the bubble may have. Figure 7
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Figure 6: Spectrogram showing an intensity increase around a pe-
riodicity of 300 in C. elegans chromosome III. The sequence is
roughly 2 Mbp in length. Arrows mark two such areas.
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Figure 7: Spectrogram showing a strong coincident 10+-base peri-
odicity in the same DNA sequence shown in Figure 6 (coincident
with 300-base periodicity). This spectrogram corresponds to the
rightmost arrow in Figure 6 and is 428 Kbp in length.

shows the same area of the chromosome (1.4 Mbp–1.6 Mbp)
at higher frequency resolution, thus showing smaller period-
icities. There appears to be coincident intensity at 10+ period
in exactly the same area of intensity in the 300-period bubble.

In general, it appears that there are both “antago-
nism” and “cooperation” between various periodicities in
all the chromosomes that we analyzed. For example, the
arms of C. elegans chromosome III show obvious cooper-
ation among many periodicities appearing simultaneously
(Figure 7). Some cooperative periodicities are harmonics of
a fundamental periodicity, indicating a repeat region (see
Section 3.1). On the other hand, Figure 8, a subsection of
chromosome V of C. elegans, shows an example of antago-
nism between the 3-base periodicity and the 10+-base pe-
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Figure 8: Spectrogram showing antagonism between 10+-base and
3-base periodicities in C. elegans chromosome III (300 Kbp). The
10+-base periodicity is at the top of the figure while the 3-base pe-
riodicity is shown at the very bottom.
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Figure 9: Spectrogram of 189 Kbp section of the right arm of C. ele-
gans chromosome III. Note that the periodicity is shown on the ver-
tical scale. The arrows point to sections of the spectrogram, show-
ing a single instance of the highly dispersed repeat family. Varia-
tions of the pattern can be seen throughout the spectrogram. A
purple 8.75-base periodicity, as well as a green 3.9-base periodic-
ity, identifies this family of strings. The harmonics between 3.9 and
8.75 (the beads of color between 3.9 and 8.75) change color from
one repeat to another, indicating that they are different but related
strings. These tandem repeats are non-protein-coding regions. The
10+-base periodicity is antagonistic with the repeat family. This pat-
tern is found over 3 Mbp of the right arm of the chromosome.

riodicity. The brightest spots on the 3-base periodicity are
the dimmest spots on 10+-base periodicity and vice versa.
An explanation may be that in non-protein-coding regions,
the periodicities due to structural constraints are more pro-
nounced.

We identified a unique family of repeats in chromosome
III via cooperation among periodicities. In the right arm of
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Figure 10: Spectrogram of human chromosome 22. Noticeably absent is the line representing the 3-base periodicity relating to protein
coding. The 800 or so genes located on chromosome 22 simply do not cover enough of the chromosome to make a visible line at the
resolution of 34 Mbp. Many periodicities are visible across the entire length of the chromosome.

chromosome III (10–13 Mbp), it appears that the AT rich
8.75-base periodicity almost always coincides with the GC-
rich 3.9-base periodicity (Figure 4). In fact, the pattern found
in the right arm of chromosome III, which shows cooperative
periodicities at the chromosome level, is composed of a fam-
ily of strings that are repeated in a very haphazard fashion.
These strings are both heavily mutated and heavily dispersed
throughout the chromosome. Yet throughout the many vari-
ations within the family, the 8.75-base and 3.9-base period-
icities are always conserved. One instance of a repeat unit
is “tttccggcaaattggcaagctgtcggaatttaaaa.” Figure 9 shows how
the family of strings manifests within the DNA. An instance
of the family repeats for a hundred to a couple thousand bp,
and these regions are interspersed among other DNA every
10 Kbp or so. Repeats of this family of mutated strings, un-
believably, are responsible for the macroscopic character of
the right arm (3 Mbp region) of chromosome III (Figure 4).
It is unclear whether or not the conserved periodicities imply
a conserved biological function for the string, or whether it
is simply a mathematical or biological property of this fam-
ily of strings that certain of its periodicities are more easily
preserved against mutation.

2.3. Human chromosome 22

The last full chromosome we analyzed was human chromo-
some 22. The actual sequence used was the correct reorder-
ing of contigs found in hs chr22.fa from NCBI. This ordering
is: NT 011516.5, NT 028395.1, NT 011519.9, NT 011520.8,

NT 011521.1, NT 011522.3, NT 011523.8, NT 030872.1,
NT 011525.4, NT 019197.3, and NT 011526.4. Figure 10
shows the 33 million-plus nucleotides of human chromo-
some 22. A strong bar of intensity representing the 3-base
periodicity is strikingly absent. Closer inspection shows that
there are many genes along chromosome 22 but they are far
enough apart so that there is no noticeable band. There are
around 30 easily noticeable, different periodicities that span
the entire length of the chromosome. The biological func-
tion of these periodicities is unclear. Some periodicities may
reflect higher periodicities in the form of harmonics.

The higher structures in DNA folding are unknown, so
we were interested in determining whether or not spectro-
gram analysis would yield any insights into the DNA fold-
ing and superstructure. It is known that DNA has many or-
ders of structure [11]. The simplest of such a superstruc-
ture is that of the nucleosome. Nucleosomes are an essen-
tial structural element in DNA: 146 bp wrap twice around
a single nucleosome core particle, and between two nucleo-
somes, there is “linker” DNA that ranges in size but on the
whole, nucleosomes repeat at intervals of about 200 bp. Nu-
cleosome core particles will bind randomly along a sequence
of DNA. However, AT rich sequences in the minor groove
of DNA bind preferentially to the nucleosome core parti-
cle. Since euchromatic DNA is arranged in nucleosomes that
require structural bending of the DNA, it is plausible that
there might be some evidence of this structure in the form
of a strong band with intensity of 200-base periodicity. We
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Figure 11: NT 011520.8 (23 Mbp in length) of human chromo-
some 22. The two artificial black lines mark the 150-base and 200-
base periodicities. This band of intensity may relate to the folding
of DNA into nucleosomes.
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Figure 12: Spectrogram of human chromosome 22 matched up
with a part of the Giemsa-stained schematic of the same chromo-
some. There is a visual agreement between AT-rich regions and dark
bands of Giemsa staining.

viewed contig NT 011520.8 (23 Mbp in length) of chromo-
some 22 with a very large DFT window in order to get high-
frequency resolution. Figure 11 shows contig NT 011520.8 in
the frequency range to show the 200-base periodicity. Two
dark lines mark the 150-base periodicity and the 200-base
periodicity, indicating a band of increased intensity between
these markers. This intensity band may represent periodici-
ties involved in nucleosome-chromatin superstructure. This
150 − 200-base periodicity band was the only one found in
our exploration of various chromosomes. The 150−200-base
periodicity was the largest periodicity found in the human
chromosome 22.

We found an interesting feature of human chromosome
22 in the variation of the CG versus AT rich regions. As men-

NT 011519 9 2894684 2896815 2 K 120 119 1 64

10

20

30

40

50

60

2.8948 2.8952 2.8956 2.896 2.8964 2.89
×106

Figure 13: Spectrogram showing two CpG islands separated by a
sequence very rich in the nucleotide A. Both islands yielded blast
results showing T-box genes.

tioned earlier, the color of the DNA spectrogram reflects the
ratio of different nucleotides in the sequence (Figures 1 and
2). Different genomes vary greatly in the percentages of nu-
cleotides that compose the sequence. As shown in Figure 10,
a single chromosome can have long expanses of a single dis-
tribution of bases. Figure 10 shows clear boundaries between
areas of high CG content and areas with lower GC content.
The laboratory technique of Giemsa staining is correlated to
the relative content of CG nucleotides. The GC-rich regions
of DNA are responsible for the light bands in Giemsa stain-
ing while GC-poor regions create the dark bands [12]. We
matched up a schematic of human chromosome 22 marked
by Giemsa staining with our DNA spectrogram and found a
reasonable alignment between the dark bands of the Giemsa
stained chromosome schematic and the darker, purplish AT
regions of the spectrogram (Figure 12). The match was made
by aligning the rightmost part of the spectrogram with the
“bottom” of the chromosome, that is, contig NT 011526.4.
Because the spectrogram encodes different colors for each
different base, it is easy to get a feeling for the relative number
of bases in a sequence.

CpG islands [13] are DNA stretches in which a partic-
ular methylation process that normally reduces the occur-
rence of CG dinucleotides is suppressed, and therefore CG
nucleotides appear more frequently than elsewhere. Such
stretches are also readily identified using the DNA spectro-
gram. For example, we found two CpG islands simply by
searching for the greenest subsequence we could locate in the
genome. This simple color criterion yielded two CpG islands,
shown in Figure 13. Figure 14 shows the results from the Em-
boss CpGplot program on the sequence that generated the
spectrogram. The CpGplot figure shows that the CpG islands
are located in exactly those sequences that are most green in
the spectrogram. The subsequences from which the spectro-
gram was created were blasted on the NCBI website and both
“green” sequences coded for T-box genes. The T-box genes
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Figure 14: Graphs showing the results from the emboss CpGplot routine. (c) shows the predicted CpG islands (putative islands).
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Figure 15: Spectrogram of a 147 Kbp section of human chromo-
some 22. Periodicity is shown on vertical scale. Contrasted with
Figure 9, this spectrogram shows that the chromosome-wide peri-
odicities found in human chromosome 22 are qualitatively differ-
ent from those found in the right arm of C. elegans chromosome
III. The periodicities here are much more finely embedded in the
DNA and do not represent any obvious family of strings discretely
interspersed throughout the region. Arrows point out some of the
chromosome-wide periodicities found in Figure 10.

share a common binding domain, called the T-box. Finding
this gene is in keeping with the idea that CpG islands encode
for housekeeping genes.

Finally, we wondered whether or not the chromosome-
wide periodicities found in human chromosome 22 are
caused by a highly dispersed repeat family similar to that

found in the right arm of C. elegans chromosome III. This ap-
pears not to be the case. The macroscopic appearance of peri-
odicities in C. elegans is caused by widely placed repeats with
such strong characteristics as shown at the macroscopic level.
In the case of human chromosome 22, it appears as if the very
fabric of intergenic DNA is woven with a string patterns that
employs characteristic periodicities seen at the chromosome
level (Figure 15). In other words, it appears as if the major-
ity of intergenic DNA carries the periodicities found at the
macroscopic level. Initial investigations show that these em-
bedded periodicities are not found in chromosome 17 of the
mouse.

3. SMALL PATTERNS

We now turn our attention to smaller subsequences of in-
terest in various genomes. Color spectrograms can clearly
identify, by their special signatures, several patterns includ-
ing repetitive areas of biological significance such as particu-
lar triplet repeats [14], GATA repeats [15], or other charac-
teristic repeating motifs in protein structures [16].

The sequences that we analyzed were typically several
thousand bp in length, no more than a hundred thou-
sand bp. The majority of smaller sequences we analyzed
relates to protein-coding regions or repetitive sequences in
non-protein-coding regions. The public databases were of-
ten helpful in matching spectrogram patterns to proteins. We
annotated the spectrograms with the type of pattern, promi-
nent periodicities, position in the chromosome, and corre-
sponding position in the protein sequence if the DNA was
coding.
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Figure 16: Spectrogram showing a minisatellite with repeat unit
of length 95 bp in chromosome 3 of C. elegans. Slight variations
in the basic repeat pattern can be seen as vertical lines that appear
blurry. The minisatellite is interrupted by a small amount of nonre-
peat DNA as well as an even simpler repeat unit of length 5 kbp.

We used a number of public databases during our anal-
ysis of DNA color spectrograms. The determination of
whether or not a sequence was protein coding was accom-
plished using the SGD and GenBank databases. We also
noted structural and functional details of the correspond-
ing protein. Domains and motifs corresponding to the pro-
tein region were discovered using PFAM, CYGD, and SWISS-
PROT databases for yeast, WormPD for C. elegans, and Gen-
Bank annotations for humans. Structural predictions were
obtained using Pedant (CYGD) and GCG PepStruct (SGD).
To test specifically the beta-helix supersecondary structure,
the Betawrap program (Betawrap) was used.

At smaller length scales, the parameters of the STFT are
very important in visualization; we initially experimented
these parameters with different DFT window sizes for the
spectrogram. It was found that using roughly 6 K nucleotides
per spectrogram image with a DFT window size of 120 and
an overlap of 119 gives the most optimal visualization of
protein-coding regions. The choices of DFT window size and
overlap were found to be particularly important in determin-
ing the pattern shape.

3.1. Minisatellites

The genome has repetitive regions varying in range from
500 bp to 100 kbp in length. These regions are composed of
a smaller repeat unit that varies in length. If the length of
the repeat unit is below 100, then the overall repeat region is
called a minisatellite or variable number of tandem repeats
(VNTR). Minisatellites have been found to vary in the
number of tandem repeats in different germ cells and thus,
make useful genetic markers [17]. A minisatellite composed
of roughly 30 kbp was found in C. elegans chromosome III
(Figure 16). It is also visible in the middle of Figure 4. The
tandem repeat is composed of the 95 bp-long unit sequence
“ttttgataattactgcctccagaaattgatgattttcccattgatttgtctacatagggca
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Figure 17: Spectrogram showing 40 kbp minisatellite in chromo-
some X of D. melanogaster. The repeat length is 298 bp. Three strong
interruptions can be seen as vertical lines just right of the center.

tcgaaaagcacccaatatttagagaacagaaga” and slight variants. Ac-
cording to “WormBase,” this subsequence of chromosome III
is completely unannotated. Another 40 kbp minisatellite was
found in chromosome X of D. melanogaster (see Figure 17).
The tandem repeat sequence is composed of the 298 bp-long
unit sequence “ttcatttcaagaatccagtgcagaagaaaatcaaatgacagaa
gtgccatggacactatcaacatcactttcccaatcaagttcaaaaacaaagaatatattt
tcgagtcaaagtgtaaatgaagacaacatttctcaagaagatacaaggacaccatcaa
tatctgtcccacaatcaagtacaacagcaaatagattacttacaggttcgggtgcagaa
gagccaacagctcaagaggagacatcggaactttcaaaatccttacctcaattaacaa
cagaagagagcagttcattt.” The GenBank file indicates that the
location of the predicted gene CG32580 is in the region
15740143-15792683. Both minisatellites are large enough to
be identifiable when viewed from a spectrogram of the entire
chromosome.

Spectrogram visualization of DNA repetitive areas, in-
cluding minisatellites, microsatellites, and the other smaller
tandem repeats that we will discuss, gives an immediate in-
dication of the repeat length T . If the DFT window size N
is sufficiently large to capture the fundamental frequency
k = N/T , then all the harmonics will appear as equally spaced
horizontal lines at the integer multiples of N/T up to (and
including if present) the “maximum” frequency N/2. There-
fore, the number L of horizontal lines that appear in the spec-
trogram (without counting the omnipresent DC frequency)
will be the integer part of half the repeat lengthT . Conversely,
the repeat length can be deduced by inspection of the spec-
trogram as 2L if L is even, or 2L + 1 if L is odd. The color
of each harmonic shows the contribution from the different
bases.

Intergenic tandem repeats are interesting because of
their mutagenic properties. It is known that there are large
numbers of intergenic tandem repeats in the form of mi-
crosatellites and minisatellites in higher organisms. In C. el-
egans, there are around 38 defined dispersed repeat fami-
lies, many of which correspond to transposon-like elements.
Many transposons have already been defined in C. elegans
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Figure 18: Spectrogram showing the quilt in protein FLO1 corre-
sponding to the flocculin domain.

as mutagenic elements. Many of the dispersed repeat fami-
lies have been found to be relics of transposon families no
longer active. Autosome arms tend to have high recombina-
tion rates as compared to the central regions. We found that
spectrogram analysis confirms that there are relatively large
numbers of repeat patterns in the autosome arms. Some of
these repeat clusters were also found in closely related genes.
This suggests that these regions may be sites of random mu-
tations and may be rapidly evolving to give rise to new genes
and gene families.

3.2. Smaller tandem repeats—quilts, shafts, and bars

After detailed analysis of all the 16 nuclear chromosomes
of S. cerevisiae (GenBank accession numbers NC 001133-
NC 001148) as well as sections of the C. elegans, D.
melanogaster, and human genomes, we identified three ba-
sic types of patterns, to which we refer as “quilts,” “shafts,”
and “bars,” based on their appearance. All three patterns
represent tandem repeats, but the repeat-unit length differs
between them. These were not found to be exhaustive but
merely illustrative of patterns in the various genomes. Many
genes were found to be composites of these patterns. We dis-
covered that quilts, shafts, and bars could be used to predict
the homology, structure, and function of proteins. In yeast,
most of these patterns were part of the protein-coding re-
gions. However, in the higher organisms, the patterns were
also found in the intergenic and intronic regions.

Quilts (Figure 18) are relatively rare patterns in the yeast
genome. They appear as beating, repetitive patterns at al-
most all frequencies over relatively long stretches of DNA. If
present in the coding regions of genes, quilts represent pro-
tein domains consisting of large tandem repeats. We found
quilts representing repeats of up to 45 amino acids (135 bp).

Bars (Figures 20 and 21) and shafts (Figure 22) show
strong periodicities uniformly over a stretch of coding DNA.
Shafts differ from bars in that they are thin and have few
dominant periodicities, causing black areas along most of
the other frequencies in the spectrograms. In other words,

FLO1

(a)

FLO5

(b)

FLO9

(c)

FLO10

(d)

Figure 19: Four spectrograms of FLO genes 1, 5, 9, and 10. Quilts
can be seen in all four genes. Close inspection of (a) and (b) shows
that (b) is a subsection of (a). FLO9 (c) shows the same coloration
as the other three upon reverse complementation.

the basic repeat sequence is smaller in shafts than bars. Bars
and quilts with similar appearances, having similar frequency
patterns and colors, were found to be homologous as con-
firmed by BLAST alignment scores, database annotations,
and literature.

It should be noted that a quilt appears as a quilt and not
as a bar because the DFT window size (typically 120 for view-
ing proteins) used to create these spectrograms is smaller
than the base repeat unit length (135 bp in this case). Al-
though the distinction between quilts and bars is artificial,
we found the distinction to be useful since we could differen-
tiate high complexity repeats from lower complexity repeats
while still maintaining an appropriate sequence resolution
for viewing protein-coding regions.

3.2.1. Quilts—yeast flocculation genes

The quilt observed in Figure 18 is an example of a yeast “floc-
culation” gene [18]. Yeast flocculation is an asexual, calcium-
dependent, and reversible aggregation of cells into flocs. This
phenomenon is thought to involve cell surface components.
Yeast flocculation is under genetic control, and two domi-
nant flocculation genes have been defined by classical genet-
ics, FLO1 and FLO5. The other relevant FLO genes include
FLO9 and FLO10. The functional active domain in these cell
surface proteins is made of large tandem repeats up to 45
amino acids known as flocculin repeats. The flocculin region
corresponds to the quilted region of the spectrogram. The
quilted region was observed in all the FLO genes (Figure 19).
The flocculin domain is serine-threonine rich and highly O-
glycosylated, adopting a stiff and extended conformation.
The efficiency of interaction of the FLO proteins is directly
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Figure 20: Spectrogram of the YRF1-6 gene. The bar region cor-
responds to a highly conserved domain in Y′-helicase subtelomeric
open reading frames.

YRF1-1

(a)

YRF1-2

(b)

YRF1-3

(c)

YRF1-4 and YRF1-6

(d)

Figure 21: Four spectrograms showing similarity between YRF1
genes 1, 2, 3, 4, and 5. The genes have very similar spectrograms.

dependent on the length of the repeated sequences which
are thought to act as spacers to expose a reacting domain at
the cell surface. The flocculin repeats that endow the protein
with a crucial part of its function are directly visible in the
color spectrogram.

Other cell wall proteins whose DNA sequences show
quilts are FIT1 (cell wall iron transport) and DAN4 (cell wall
mannoprotein). The human MUC2 protein encoded in chro-
mosome 11 of the human genome also shows a large quilt
spanning several thousands of nucleotides. This protein is
found to have a high BLAST alignment score with FLO1.
It is a secreted surface protein that coats the epithelia of in-

testines, airways, and other mucus membrane containing or-
gans. A common feature is that these proteins have their lo-
calization in and around the cellular membrane. Thus, it is
possible that the domains represented by quilts cause their
proteins to have particular conformations and/or binding
sites that function along the cell surface or lead to cell sur-
face localization.

3.2.2. Bars—the Y′-helicases

A large number of bars were found in all genomes, includ-
ing the yeast genome. We found bars corresponding to pro-
tein domains of low complexity tandem repeat units. These
repeat units are much simpler, compared to quilts or min-
isatellites.

The yeast Y′-element is a highly polymorphic repeti-
tive sequence present in the subtelomeric regions of many
yeast telomeres [19]. It has been reported that survivors aris-
ing from yeast mutants deficient in telomerase compensate
for telomere loss by the amplification of Y′-elements. Many
of the sequences were found to contain long open-reading
frames that potentially encode helicase. Thus, the repetitive
patterns in these genes might have a dual role to play. They
could function similar to telomeric repeats in extending the
life of a cell line. They could also function as important pro-
tein domains that are responsible for the helicase function.
The Y′-elements contain some highly conserved domains of
repeats. One which such domain identified as Pfam-B 59 in
the PFAM database shows a unique bar (Figure 20) com-
pared to the other Y′-elements. The helicases that showed
bars are

Chromosome 4: YRF1-1/YDR543W

(Bar: 1530000–1530500 bp)

Chromosome 5: YRF1-2/YER190W

(Bar: 574900–575400 bp)

Chromosome 7: YRF1-3/YGR296W

(Bar: 1089000–1089400 bp)

Chromosome 12: YRF1-4/YLR466W

(Bar: 1069500–1070000 bp)

Chromosome 12: YRF1-5/YLR467W

(Bar: 1076250–1076750 bp)

Chromosome 14: YRF1-6/YNL339C

(Bar: 1600–2000 bp)

Chromosome 16: YRF1-7/YPL283C

(Bar: 1500–2000 bp).

Figure 21 shows helicases YRF1-1, YRF1-2, YRF1-3, YRF1-4,
and YRF1-5. Part of the conserved domain is seen as a bar.

A large number of other subtelomeric genes show exactly
the same bars with the same frequency and color characteris-
tics. The genes are annotated as hypothetical ORFs with un-
known functions. The proteins produced from these genes
are found to have the same conserved Pfam-B 59 domain.
The bar patterns found through spectrogram visualization
support the hypothesis that the ORFs have similar functions
to the Y′-elements.
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Figure 22: Spectrogram showing shaft in FIT1 gene. The arrow
highlights period 18, showing an intensity corresponding to a re-
peat of 6 amino acids.

A number of yeast cell wall glycoproteins such as PIR1,
PIR3, HSP150, and TIR1 are characterized by the presence of
tandem repeats of a region of 18 to 19 residues. The core re-
gion is highly conserved and has a consensus pattern of “SQ
[IV] [STGNH] DSQ [LIV] Q [AIV] [STA].” The genomic
DNA sequences of these proteins show prominent and char-
acteristic bars whose frequency pattern represents the dom-
inant periodicities. These bars are visually distinct in color
and frequency pattern from the Y′-elements.

Some bars show the structural significance of protein in
the cell. In yeast, the protein HKR1 coded on chromosome
4 is a cell surface protein that may regulate cell wall beta-
glucan synthesis. A region of the gene shows strong bars at
a number of relevant frequencies reflecting corresponding
periodicities in the protein as well as the DNA sequences.
The domain in the protein sequence is made up of 12 re-
peats of a 28 amino acid sequence, namely, “S [AV] [P]
VAVSSTYTSSPSAPAAISSTYTSSP.” It was predicted to have a
beta-helix supersecondary structure with a high score by the
Betawrap algorithm. The gene YIL169C in S. cerevisiae shows
strong bars that correspond to a serine-rich domain in the
protein. This domain extends through amino acids 92–154
and is identified as a potential T-SNARE coiled-coil domain.

3.2.3. Shafts and their structural significance

The shaft shown in Figure 22 is part of the FIT1 gene. It cor-
responds to a domain of repeats of 6 amino acids, namely,
“SSAVET.” The shaft shows a bright band at frequency 11,
marked by an arrow. The remaining bars are all harmon-
ics of this fundamental periodicity. As the DFT window size
was 180 for this spectrogram, a frequency of 11 corresponds
to a periodicity of 18 in the DNA sequence and a period-
icity of 6 in the protein sequence. This protein domain is
predicted with high probability as a large alpha helix by
GCG-Pepstruct. Spectrogram analysis of genes CYC8 and
GAL11 also show shafts with a prominent periodicity of 6
nucleotides. This translates to a periodicity of 2 amino acids

I-shaft

(a)

NC 001144 1064747 1065495 748 120 119 1 61

(b)

Telomeric DNA

(c)

Telomeric DNA

(d)

Figure 23: Four spectrograms showing very simple regions. (a) and
(b) correspond to simple (1 and 3 bp) repeats in intergenic regions,
while (c) and (d) show subtelomeric DNA found at the end of chro-
mosomes.

in the protein. Rightly so, they represent QA repeats that
form large alpha helices in both proteins.

Many shafts also represent low complexity, high flexibil-
ity regions made of GOR turns in the respective proteins.
Gene YLR114C has a DENN (differentially expressed in neo-
plastic versus normal cells) domain. Part of this domain is a
high flexibility region of D repeats. This region corresponds
to a shaft.

Finally, found in the yeast genome were the simplest pat-
terns possible. Some examples of very simple patterns are
shown in Figure 23. Very simple repeats of a single to a
few nucleotides create simple spectrograms with bright and
dark regions. The simplest pattern possible is a dark ver-
tical bar corresponding to a constant nucleotide sequence
(e.g., TTTTTTT . . .). These patterns may correspond to sub-
telomeric DNA or to simple structures in protein-coding re-
gions. Very simple patterns are useful because they serve as
visual markers when navigating the genome.

3.2.4. An unannotated pattern

We observed a bar (with many strong periodicities) and a
shaft in the region of 12500–13000 nucleotides of S. cerevisiae
chromosome 1 (Figure 24). Except for this one pattern, ev-
ery occurrence of quilts, bars, and shafts in the yeast genome
was found to correspond to a gene. This region also shows a
dominant 3 bp periodicity (the codon frequency). It is sand-
wiched between 2 genes (12047-12427 and 13364-13744).
We found this region to be unannotated in the GenBank and
other major databases. Based on these observations, we be-
lieve that the region might correspond to a missed gene or
pseudogene.
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Figure 24: Spectrogram showing an unannotated pattern believed
to correspond to a gene or pseudogene. The left arrow marks the
end of a predicted gene. The right arrow marks the beginning of
another predicted gene.

4. DISCUSSION AND CONCLUSIONS

We employed the short time Fourier transform (STFT) to
create color spectrograms of the genomes of various organ-
isms after developing a software tool allowing for easy vi-
sual navigation of the genomes via the spectrogram. Spectro-
grams were created for many different organisms of varying
complexity, and we believe that the method can effectively
identify any unusual patterns in any genome. Various struc-
tures and periodicities were found along all lengths of the
chromosome, from a single gene to an entire chromosome.
Important periodicities ranged from 0 to 300. We learned
that there were no complex patterns in the phage genome
and the number of complex patterns increased in frequency
with the complexity of the organism. The higher organisms
also showed more complex patterns per gene.

Periodicities from 0 to 300 were located and highlighted.
We found periodicities relevant to the structure of DNA as
well as periodicities involved in protein coding. Periodicities
relevant to DNA structure included those concerning telom-
ere structure, protein coding in DNA, DNA helical fold-
ing, DNA nucleosome binding, and DNA nucleosome su-
perstructure. One of the characteristics of spectrogram color
was that it correlated to Giemsa staining in human chro-
mosomes, thus providing visual information regarding rela-
tive nucleotide content, including GC content. Minisatellites
were easily visualized as well as the complexity of their con-
stituent repeat pattern.

Patterns of quilts, bars, and shafts were also found on
the sequence scale of individual genes. Although bars and
shafts were restricted to protein-coding regions in the yeast
genome, the same was not true for the higher organisms. In
C. elegans and humans, some patterns extended into the in-
trons of genes and many were also present in intergenic re-
gions. Patterns were useful in associating homology between
various proteins. They were also found to have biological sig-

nificance, particularly in describing the structure of cell sur-
face proteins. Many classes of cell surface proteins are known
and within these classes, there also exist many variants. Cell
surface proteins are involved in pathology, pharmacology,
and cell signaling. Spectrogram analysis seems particularly
well suited for the analysis of this important class of proteins.

A significant challenge in bioinformatics is finding sen-
sible ways to manage the quantity and complexity of infor-
mation in the genome. Spectrogram analysis of genomes ex-
poses both sequence and frequency information on many
scales of magnitude and therefore provides an almost unique
visualization of DNA on any magnitude scale. We believe
that, based on visual similarity of pattern type such as promi-
nent periodicities and color, this method of frequency analy-
sis is useful as a visualization tool. We found the tool to be
particularly useful when used along with public databases
and genome browsers. Spectrogram visualization gives a re-
gion of DNA a unique visual signature that is useful in
quickly recognizing an area of interest. Though spectrograms
are much more dynamic, they provide a road map similar to
cytological maps used with the fruit fly. Further, this unique
visual signature can also be used as a heuristic method of
classifying domains in DNA protein-coding regions. Finally,
the spectrogram gives insight regarding the physical struc-
ture of DNA in which a sequence of interest is embedded.
Thus, DNA color spectrograms place sequences of interest in
a much-needed larger context.

In summary, we used DNA color spectrograms to find
biologically relevant patterns in the genomes of various or-
ganisms, some of which relate to DNA structure or protein
coding. Similar patterns in different parts of various genomes
were found to have similar functions. Various patterns in-
cluded strong genome-wide periodicities and structures such
as microsatellites, minisatellites, quilts, bars, and shafts. We
believe that spectrogram analysis will be a useful tool in un-
derstanding the DNA structure, identifying protein domains,
and predicting function and structure, as well as a discov-
ery tool for novel DNA regions of potential biological signif-
icance.
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This paper introduces a statistical methodology for the identification of differentially expressed genes in DNA microarray experi-
ments based on multiple criteria. These criteria are false discovery rate (FDR), variance-normalized differential expression levels
(paired t statistics), and minimum acceptable difference (MAD). The methodology also provides a set of simultaneous FDR con-
fidence intervals on the true expression differences. The analysis can be implemented as a two-stage algorithm in which there is an
initial screen that controls only FDR, which is then followed by a second screen which controls both FDR and MAD. It can also be
implemented by computing and thresholding the set of FDR P values for each gene that satisfies the MAD criterion. We illustrate
the procedure to identify differentially expressed genes from a wild type versus knockout comparison of microarray data.
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1. INTRODUCTION

Since Watson and Crick discovered DNA more than fifty
years ago, the field of genomics has progressed from a spec-
ulative science to one of the most thriving areas of current
research and development [1]. After successful completion
(99%) of the Human Genome project [2], attention is turn-
ing to “functional genomics” and “proteomics,” thanks prin-
cipally to remarkable advances in computations and technol-
ogy. These disciplines encompass the greater challenge of un-
derstanding the complex functional behavior and interaction
of genes and their encoded proteins at the cellular level. This
task has been significantly aided by the advent of DNA mi-
croarray technology and associated algorithms that enable
researchers to filter through daunting amounts of data and

genetic information. In this paper, we describe a new ap-
proach to extracting a subset of differentially expressed genes
from DNA microarray data.

A DNA microarray consists of a large number of DNA
probe sequences that are put at defined positions on a solid
support such as a glass slide or a silicon wafer [3, 4]. After
hybridization of a fluorescently labelled sample (gene tran-
scripts) to DNA microarrays, the abundance of each probe
present (called probe response) in the sample can be esti-
mated from the measured levels of hybridization (i.e., the
intensity of fluorescent signal). Two main types of DNA
microarrays are in wide use for gene expression profiling:
Affymetrix GeneChips [5], which are generated by photo-
lithography; and spotted cDNA (or oligonucleotide) arrays
on glass slides [6].
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DNA microarrays enable biologists to study global gene
expression profiles in tissues of interest over time periods and
under specific conditions or treatments. For these cases, a
large set of samples, consisting of several biological replicates,
are hybridized to a set of microarrays. The objective is to
identify subsets of genes whose expression profile over time
exhibit salient behavior(s), for example, differ in response to
different treatments. A crucial aspect of selecting the genes
of interest is the specification of a preference ordering for
ranking the probe responses. Many gene selection and rank-
ing methods are based on testing fitness criteria such as the
eigenvalue spread in a principal components analysis (PCA)
of all pairs of gene expression profiles, the ratio of between-
population-variation to within-population-variation, or the
cross correlation between profiles [7, 8, 9].

These methods have deficiencies which have impeded
their use for practical experiments. First, is the need for im-
proved relevance of the fitness criterion to the scientific ob-
jectives of the experiment. It is often difficult for an exper-
imenter to choose quantitative criteria that characterize the
aspects of a gene expression profile of interest. Second, is the
need for simultaneous control of the biological significance
(minimum acceptable difference (MAD)) and the statistical
significance (false discovery rate (FDR)) of differential re-
sponses discovered in the selected gene probes. A probe re-
sponse difference which is too small is not of much use to the
experimenter even if the difference is statistically significant.
This is because the microarray experiment is usually only
the first step in gene discovery; each microarray probe dif-
ference that is discovered must be validated by painstaking-
followup analysis that may have limited sensitivity to small
differences. Third, is the need for tight confidence intervals
(CIs) on these differences. The size of a CI provides useful
information on the statistical precision of an estimate of dif-
ferential response.

The method we present in this paper adopts a statis-
tical multicriteria framework for gene microarray analysis
with MAD constraints on differential expression. The frame-
work allows the experimenter to adopt multiple fitness crite-
ria, explicitly incorporate control on biological significance
in addition to statistical significance, and generate confi-
dence intervals on discovered gene expression differences.
Our method is strongly influenced by the FDR-adjusted con-
fidence interval (FDR-CI) approach recently introduced by
Benjamini and Yekutieli [10]. We illustrate our methods for a
differential expression experiment designed to probe the ge-
netic basis of retinal development. This experiment involves
two populations, wild type and knockout, and the objective
is to find genes that exhibit biologically and statistically sig-
nificant differences between these populations. The purpose
of this article is to illustrate methodology and not to report
scientific findings, which will be reported elsewhere.

It is worthwhile to compare the framework developed in
this paper to related work. Liu and Iba have proposed an in-
teresting multicriteria evolutionary approach to gene selec-
tion and classification in gene microarray experiments [11].
Similarly, Fleury and Hero have proposed Pareto optimality
for selecting subsets of genes using a combination of boot-

Table 1: The knockout versus wild-type experiment is equiva-
lent to a two-way layout of treatment (W or K) and time (t =
Pn2, Pn10, M2).

Gene g Pn2 Pn10 M2

W 4 samples 4 samples 4 samples

K 4 samples 4 samples 4 samples

strap resampling and Bayes decision theory [12, 13, 14]. Sin-
gle stage [15] and multistage [16, 17, 18] screening methods
which control familywise error rate (FWER) or FDR have
been proposed by several authors for similar problems to
ours. However, none of the above approaches account for a
MAD constraint or provide CIs on the differential expres-
sion levels of the discovered genes. In contrast, our approach
accounts for both FDR and MAD constraints and generates
such confidence intervals using the FDR-CI framework [10].
Furthermore, we specify an algorithm for computing FDR P
values for all genes at any prescribed MAD level.

The outline of the paper is as follows. In Section 2, we
give a general description of the type of differential gene mi-
croarray experiment that will be illustrated in Section 4. In
Section 3, we describe the proposed two-stage multicriteria
approach. Finally, in Section 4, we illustrate these techniques
for experimental data.

2. DIFFERENTIAL EXPRESSION PROFILE
EXPERIMENTS

This type of experiment is very common in genetics research
[19, 20] and involves comparing gene expression profiles of
a set of G genes expressed in two or more populations. The
data from this experiment fall into the category of a two-way
layout [21], where each cell in the layout corresponds to a
set of replicates of samples from one of the two populations
(row) and one of T-time points (column) (see Table 1).

Any gene whose temporal profile differs from wild-type
to knockout populations is called “differentially expressed”
in the experiment. One variant of this experiment is called
the wild-type versus knockout experiment. In such an exper-
iment, one has a control population (wild type) of subjects
and a treated population (knockout) of subjects whose DNA
has been altered in some way. Each population is comprised
of T different age groups arranged in T subpopulations. M
independent samples are taken from each subpopulation and
are hybridized to a different microarray, yielding G pairs of
expression profiles (see Figure 1 for profiles of the gene hav-
ing probe set number 101996 at). This generates a total of
2MT microarrays. It is common to express the differential re-
sponse between wild-type and knockout responses in terms
of foldchange expressed as the ratio of these responses. For
example, a foldchange of 2.0, or 1.0 in log base 2 at a given
time corresponds to a wild-type response which is twice as
large as the knockout response. We denote by {µt(g)}Tt=1 and
{ηt(g)}Tt=1 the true log wild-type and log knockout expres-
sion profiles, respectively, expressed as log base 2 of the true
hybridization abundances.
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Figure 1: Responses for a particular gene (probe set number 101996 at) in (a) knockout mouse versus (b) wild-type mouse for the differen-
tial expression study discussed in Section 4. There are three-time points (labeled Pn2, Pn10, and M2) and at each time point, there are four
replicates. The y-axis denotes log base 2 hybridization level extracted by RMA from Affymetrix GeneChips.

Figure 2 illustrates the three-dimensional multicriteria
space of mean differential responses {µt(g) − ηt(g)}3

t=1 for
the three-time point experiment described in Section 4. A
“MAD box” which defines unacceptably small (inside box)
versus acceptably large (outside box) differential responses,
and a scatter of a small subset of all the sample mean differen-
tial responses (dots) from the experiment are also indicated.
Our objective is to discover which genes are likely to have a
“positive differential response” falling outside of the box in
Figure 2. A very commonly used method is to simply apply a
threshold to the sample means to detect those who fall out-
side of the box in Figure 2 as positive responses. However, as
will be shown, this method does not account for statistical
sampling uncertainty and can lead to many false positives.

The objective can be stated mathematically as follows:
find a set of gene probes which satisfy the MAD constraint:
|µt(g)− ηt(g)| > fcmin for at least one t ∈ {1, . . . ,T}. Here,
the MAD constraint is quantified by the user-specified mini-
mum magnitude foldchange fcmin (expressed in log base 2).
Thus, we need to simultaneously test the G pairs of the two-
sided hypotheses

H0(g) :
∣∣µ1(g)− η1(g)

∣∣
≤ fcmin and, · · · , and

∣∣µT(g)− ηT(g)
∣∣

≤ fcmin,

H1(g) :
∣∣µ1(g)− η1(g)

∣∣
> fcmin or, · · · , or

∣∣µT(g)− ηT(g)
∣∣

> fcmin,

(1)

where g = 1, . . . ,G. Of course, when we must decide between
H0(g) and H1(g) based on a random sample, there will gen-
erally be decision errors in the form of false positives (decide
H1(g) when H0(g) is true) and false negatives (decide H0(g)
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Figure 2: Three-dimensional multicriteria space for knockout and
wild-type profiles over three-time points shown in Figure 1. The
three criteria are the differential probe responses at each time point.
A scatter plot of sample means of the differential responses along
with a box of edge length 2fcmin distinguishing biologically sig-
nificant responses (outside box) from biologically insignificant re-
sponses (inside box) is shown.

when H1(g) is true). For any test, the experimenter needs to
be able to control both its statistical and biological level of
significance. The statistical level of significance of the test is
specified by the false positive rate. In contrast, the biological
level of significance of the test is specified by fcmin.

There are three aspects to the hypothesis-testing problem
(1) which make it nonstandard:

(i) standard tests on differences in means, such as the
paired t test, treat any nonzero difference as significant,
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whereas (1) specifies that only differences exceeding
the specified MAD level of fcmin are significant;

(ii) a positive response (H1(g)) is described by multiple
criteria, here equal to the T magnitude log response
ratios at each point in time;

(iii) the G pairs of hypotheses must be tested simultane-
ously.

For the case G = T = 1, the first aspect can be treated by
applying methods for composite hypothesis testing such as
generalized likelihood ratio tests, unbiased tests, and CI test
procedures [22, 23]. When fcmin = 0, (ii) and (iii) can be
handled by applying a standard method, like paired t-test, to
(1) for each gene probe g, implemented with a multiplicity
error-correction factor, for example, Bonferroni, FWDR, or
FDR, [24]. However, such a repeated test of significance will
result in excessive false positives corresponding to small log
response ratios that are biologically insignificant (do not sat-
isfy the MAD constraint) but are statistically significant.

3. MULTICRITERIA GENE SCREENING METHOD

Define ξ(g) = [ξ1(g), . . . , ξT(g)] the true differential response
vector associated with gene probe g, where ξt(g) = µt(g) −
ηt(g). Given the DNA microarray data, our objective is to test
the G hypotheses (1) involving a total of P = GT unknown
parameters {ξ(g)}Gg=1.

Any test of (1) must test over multiple criteria {ξ
t
(g)}t

and multiple genes at a given level of biological significance
MAD = fcmin and a given level of statistical significance
max FDR = α. Unless fcmin = 0, this is a doubly composite
hypothesis-testing problem since the parameter values ξt are
not specified under H0 or H1. Due to the presence of multiple
criteria and multiple genes, this problem falls into the area of
multiple testing, simultaneous inference, and repeated tests
of significance [25, 26]. Two standard measures of statistical
significance of a test of (1) are its FWER and its FDR [25]. A
mathematically convenient notation for a test of (1) is φ(g),
which is called a test function, taking on values 0 or 1 de-
pending on whether the test declares H0 or H1 for probe g,
respectively. With �0 denoting the probes not having positive
responses, the FWER and FDR of a test φ can be mathemati-
cally defined as

FWER
(
�0
) = 1− E

[
ΠG

g=1

(
1− φ(g)

)
ψ�0 (g)

]
,

FDR
(
�0
) = E



∑G

g=1 φ(g)ψ�0 (g)∑G
g=1 φ(g)


,

(2)

where E[Z] denotes statistical expectation of a random vari-
able Z and ψ�0 (g) is the indicator function of the set �0. In
words, the FWER is the probability that the test of all G pairs
of hypotheses (1) yields at least one false positive in the set
of declared positive responses. In contrast, the FDR is the av-
erage proportion of false positives in the set of declared pos-
itive responses. The FDR is dominated by the FWER and is
therefore a less stringent measure of significance. Both FWER
and FDR have been widely used for gene microarray analysis
[16, 17, 24, 27].

It is useful to contrast the FWER and FDR to the per-
comparison error rate (PCER). The PCER refers to the false
positive error rate incurred in testing a single pair of hypoth-
esis H0(g) versus H1(g) for a single gene, say, gene g = go, and
does not account for multiplicity of the hypotheses (1). The
PCER is the probability that random sampling errors would
have caused go to be erroneously selected, generating a false
positive, based on observing microarray responses for gene
go only. If an experimenter were only interested in deciding
on the biological significance of a single gene go, based only
on observing probes for that gene, then reporting PCER(go)
would be sufficient for another biologist to assess the statis-
tical significance of the experimenter’s statement that go ex-
hibits a positive response. In contrast to the PCER, FWER
and FDR communicate statistical significance of an experi-
menter’s finding of biological significance after observing all
gene responses. The FWER is the probability that there are
any false positives among the set of genes selected. On the
other hand, the FDR refers to the expected proportion of
false positives among the selected genes. The FDR is a less
stringent criterion than the FWER [25, 27, 28].

The FWER can be upper bounded as a function of
{PCER(g)}Gg=1 using Bonferroni-type methods [26] or it can
be computed empirically from the sample by resampling
methods [29]. The FDR can be computed by applying the
step-down procedure of Benjamini and Hochberg [25] to the
list of PCER P values over all genes. For a given g, the PCER P
value, denoted p(g), of a test φ is a function of the microarray
measurements and is defined as the minimum value of PCER
for which H0(g) would be falsely rejected by the test. The set
of gene responses which pass the test φ at a specified FDR
can be simply determined after ordering the genes indices ac-
cording to increasing PCER P value p(g(1)) ≤ · · · ≤ p(g(G)).
Specifically, for a fixed value α ∈ [0, 1] of maximum accept-
able FDR, the FDR-constrained test will declare the following
set �1 of genes as positive responses [28]:

�1 =
{
g(1), . . . , g(K)

}
,

K = max
{
k : p

(
g(k)
) ≤ kα

Gν

}
.

(3)

In this expression, ν = 1 if the decisions φ(g) can be as-
sumed statistically independent over g = 1, . . . ,G, while
ν = 1/

∑G
k=1 k

−1 without the independence assumption.
A test which controls a maximum level α of acceptable

FDR is said to be an FDR test of level α. We propose a test
φ of (1) at FDR level α and MAD level fcmin based on in-
tersecting simultaneous CIs on the T differences ξ(g) with
the unacceptable difference region [−fcmin, fcmin]. We will
specify a two-stage direct implementation and a single-stage
inverse implementation in the following subsections. First,
however, we recall some facts about simultaneous CIs.

Let θ be an unknown parameter, for example, a gene’s
foldchange ξ1(g) at time t = 1. A PCER (1−α)×100% CI on
θ is an interval I(α) = [a, b] with random data-dependent
endpoints that covers the true θ value, say θo, with probabil-
ity at least 1− α:
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P
(
a ≤ θo ≤ b | θ = θo

) ≥ 1− α. (4)

There is always a trade-off between confidence level 1−α and
precision (CI length) since the length b − a of I(α) generally
increases as α decreases. Let � be any subset of R. A PCER
CI on θ can be converted to a PCER level-α test of the hy-
potheses H0(g) : θ ∈ � versus H1(g) : θ 
∈ � by the simple
procedure: “reject H0 if the (1− α)× 100% CI on θ does not
intersect �” [22].

Multiple parameters, θ1, . . . , θP , can be simultaneously
covered by FWER (1−α)×100% CIs {I p(1−(1−α)1/P)}Pp=1,
where I p(α) is a PCER (1 − α) × 100% CI on θp. Under
the assumption that each of the P PCER CIs are statistically
independent, the FWER intervals cover all the parameters
with probability at least 1 − α [26]. A less stringent set of
CIs {I p(α/P)}Pp=1, which can be applied to dependent sets of
PCER CIs, is guaranteed to cover at least (1− α)P of the un-
known parameters [26, 30]. When the number of P of pa-
rameters is random, as occurs when the number of parame-
ters results from some initial screening, the above methods
cannot be applied. It was for this situation that the FDR-
CI approach was developed [10]. If P is the result of initial
screening at an FDR level α of Q parameters having PCER-
CIs {I p(α)}Qp=1, then the FDR-CIs on the P parameters are
defined as {I p(Pα/Q)}Pp=1. The FDR-CIs are guaranteed to
cover at least (1− α)× 100% of the P unknown parameters.

Below, we give two equivalent FDR-CI procedures for
screening differentially expressed genes with FDR and MAD
constraints.

3.1. Direct two-stage screening procedure

Stage 1. Gene screening at MAD level 0 extracts a set of G1

genes �1 by testing (1) under the relaxed MAD constraint
fcmin = 0 using an FDR level-α test via the step-down pro-
cedure (3).

Stage 2. Gene screening at MAD level fcmin > 0 extracts
a set �2 of positive genes from those in �1 as follows. For
each gene g ∈ �1, construct T simultaneous CIs, denoted as
{Igt (α)}Tt=1, of FWER level (1 − α) × 100% on the true fold-
changes {µt(g)−ηt(g)}t=1. Convert these into (1−α)×100%
FDR-CIs by the method of Benjamini and Yekutieli [10]:
I
g
t (α) → I

g
t (G1α/G), t = 1, . . . ,T , g = 1, . . . ,G. Finally, define

the set of indices �2 of gene profiles having at least one-time
point, where the FDR-CI does not intersect [−fcmin, fcmin]:

�2=
{
g∈�1 :

(∪t=1,2,3 I
g
t

(
G1α/G

)∩[−fcmin, fcmin]
)=∅},

(5)

where ∅ denotes the empty set. It follows from [10, Section
3.1] that the set �2 has FDR less than or equal to α at MAD
level fcmin.

3.2. Inverse screening procedure: FDR P values

In many practical situations, the experimenter may not be
comfortable in specifying a MAD or FDR criterion in ad-
vance. In these situations, it is more useful to solve the fol-
lowing “inverse problem:” what is the most stringent pair of

criteria (α, fcmin) that would lead to including a particular
gene among the positives �2? For fixed fcmin, the most strin-
gent (minimum) value α for which a gene would fall into �2

is called the FDR P value. The FDR P value for a gene go can
be computed by (1) computing the PCER P value sequence
{p(g)}Gg=1; (2) arranging the PCER P value sequence in an in-
creasing order p(g(1)) ≤ · · · ≤ p(g(G)); (3) finding the min-
imum value α = α(go) for which at least one of the PCER
CIs {Igot (α)}Tt=1 does not intersect [−fcmin, fcmin]; and (4)
computing the integer index

N
(
α
(
go
)) = G∑

k=1

I
(
p
(
g(k)
) k
G
≤ 1− (1− α

(
go
))T)

, (6)

where I(A) = 1 if statement A is true and I(A) = 0 oth-
erwise; the FDR P value of go is then simply p(gi), where
i = N(α(go)). Repeating this as go ranges over 1, . . . ,G gives
a sequence of FDR P values at MAD level fcmin that can be
thresholded to determine the set of positive genes �2 at any
desired FDR level of significance.

4. APPLICATION TO A WILD-TYPE VERSUS
KNOCKOUT EXPERIMENT

These experiments were performed to investigate the role
of a specific retinal transcription factor Nrl [31] in the de-
velopment of mouse retina. The retinal samples were taken
from four pairs (“biological replicates”) of wild-type and
knockout (Nrl deficient) mice [32] at three different time
points: postnatal day 2 (Pn2), postnatal day 10 (Pn10), and 2
months of age (M2). The samples were then hybridized to a
total of twenty-four MGU74Av2 Affymetrix GeneChips. The
log base 2 probe responses were extracted from Affymetrix
GeneChips using the robust microarray analysis (RMA)
package [33]. We denote the measured wild-type and knock-
out responses by Wt,m(g) and Kt,m(g), where m = 1, . . . ,M,
t = 1, . . . ,T , and g = 1, . . . ,G are microarray replicate, time,
and gene probe location on the microarray, respectively. For
this experiment, G = 12421, M = 4, and T = 3. To con-
struct CIs on foldchanges, we define the vector of paired t-
test statistics:

ξ̂(g) =
[∣∣W1(g)− K1(g)

∣∣
s1(g)/

√
M/2

,

∣∣W2(g)− K2(g)
∣∣

s2(g)/
√
M/2

,

∣∣W3(g)− K3(g)
∣∣

s3(g)/
√
M/2

]
,

(7)

where g = 1, . . . ,G. Here, Wt(g) = M−1
∑M

m=1 Wt,m(g) and
Kt(g) = M−1

∑M
m=1 Kt,m(g) denote the sample mean of the

M replicates at time t for wild-type and knockout treatments,
respectively, and

s2
t (g) = (2(M − 1)

)−1
( M∑

m=1

(
Wt,m(g)−Wt(g)

)2

+
M∑

m=1

(
Kt,m(g)− Kt(g)

)2
) (8)

denotes the pooled sample variance at time t.
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Table 2: Two stage FDR-CI algorithm for screening genes from the
knockout versus wild-type experiment.

Stage 1
Compute and sort PCER P values according to (9)
Select gene indices �1 according to (3)

Stage 2
Construct simultaneous PCER CIs using (10)
Select gene indices �2 according to (5)

For Stage 1 of the screening procedure, we consider
the simple and standard (see [26]) simultaneous test
of (1) at MAD level fcmin = 0: “decide H1(g) if
maxt=1,2,3(|Wt(g)− Kt(g)|/st(g)/

√
M/2) > fcmin.” Under

the large M approximation that the paired t test statistic has
a Student t distribution [34], and assuming time indepen-
dence of cells in the two-way layout of Table 1, we can easily
compute both the PCER P value for this test:

p(g) = 1− [2�2(M−1)
(
ξ̂(g)

)− 1
]3

, (9)

and simultaneous (1−α)×100% CIs, I
g
1 (α), I

g
2 (α), I

g
3 (α), for

the temporal foldchanges {µt(g)− ηt(g)}t=1,2,3 of gene g:

Wt(g)− Kt(g)− st(g)√
M/2�−1

2(M−1)

(
1− α

2

)

≤ µt(g)− ηt(g)

≤Wt(g)− Kt(g) +
st(g)√

M/2�−1
2(M−1)

(
1− α

2

)
,

(10)

t = 1, 2, 3. In the above inequality, �ν : R �→ [0, 1] denotes
the Student t cumulative distribution function with ν degrees
of freedom and �−1

ν denotes its functional inverse, that is, the
Student t quantile function.

With the above expressions, we can find the set �1 of
gene indices which pass Stage 1 FDR screening by substitut-
ing the sorted PCER P values (9) into the step-down algo-
rithm (3). Stage 2 of screening selects gene indices accord-
ing to the FDR-CIs from (5). This direct two-stage screening
stage procedure is summarized in Table 2. Alternatively, the
inverse procedure of Section 3.2 can be implemented using
(9) and the explicit expression for the α(g) sequence

α(g) = 2


1−�2(M−1)


max

∣∣Wt(g)− Kt(g)
∣∣− fcmin

st(g)/
√
M/2




,

(11)

where g = 1, . . . ,G.

4.1. Experimental results

Figures 3 and 4 illustrate the direct and inverse implemen-
tations of the FDR-CI screening procedure. In Figure 3, the
direct screening procedure is constrained by MAD and FDR
criteria fcmin = 2.0 and α = 0.2, respectively. As there
are (T = 3)-time points and G = 12 421 genes, there are

GT = 37 263 parameters for which FDR-CIs are constructed.
A gene passes the screening if at least one of the three time
instants has an FDR-CI that does not intersect the interval
[−fcmin, fcmin]. The test is implemented by defining two
rank orderings of the FDR-CIs of the genes according to
(1) the FDR-CI with minimum upper boundary over the
three time points; and (2) the FDR-CI with maximum lower
boundary over the time points. Figures 3a and 3b show rele-
vant segments of these two ordered sequences of CIs. Screen-
ing all genes with maximum lower endpoints > fcmin and
minimum upper endpoints < −fcmin generates the set of de-
clared positive genes �2.

Figure 4 illustrates the inverse procedure specified in
Section 3.2 for screening differentially expressed genes. First,
the FDR P values are computed for each gene at several MAD
levels of interest. For each MAD level fcmin, we plot the or-
dered FDR P values. These can be plotted on the same gene
index axis since the induced gene ordering is independent
of MAD level. FDR P value curves for four different lev-
els of fcmin are illustrated in Figure 4. The figure also il-
lustrates how for FDR and MAD constraints α = 0.2 and
fcmin = 0.32, respectively, the G2 positive responses �2 can
be extracted from the FDR P value curve by thresholding.
Notice that for fixed α, the size G2 decreases rapidly as the
MAD criterion becomes more stringent, that is, as fcmin in-
creases.

Figure 5 shows nine of the top ranked (in FDR P value)
differentially expressed gene profiles in (log base 2 scale)
among the 59 genes selected by either the direct or inverse
implementations of the FDR-CI screening procedure. In the
figure, the level of significance constraint is FDR ≤ α = 0.2
and the minimum foldchange constraint is MAD > fcmin =
1.0.

In Table 3, we compare the performance of the proposed
screening algorithm, labeled “Two-stage FDR-CI,” to two
other algorithms, called “Thresholded FDR” and “Thresh-
olded RMA.” All three algorithms aim to control MAD at
a level of fcmin = 1.0 (log base 2). The “Two-stage FDR-
CI” and “Thresholded FDR” algorithms aim to control FDR
at a level of α = 0.2 in addition to MAD. Both of these
latter algorithms were implemented as two-stage algorithms
with common Stage 1, which is to select the gene responses
g ∈ �1 that pass the paired-t test of hypotheses (1) with
fcmin = 0 at a FDR level of 20%. The second stage of
the “Two-stage FDR-CI” algorithm selects �2 as a subset of
�1 at the prescribed FDR-CI level of 20%. Stage 2 of the
“Thresholded FDR” algorithm simply selects the subset of
genes g ∈ �1 having at least one sample mean foldchange
exceeding fcmin = 1.0, that is, it implements the following
filter:

max
t=1,2,3

∣∣Wt(g)− Kt(g)
∣∣ > 1.0 (12)

on probes g ∈ �1. The single-stage “Thresholded RMA” al-
gorithm, a nonstatistical method commonly used in many
microarray studies, implements the filter (12) on the re-
sponses of each g in the original set of 12 421 genes as in-
dicated in Figure 2.
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Figure 3: Segments of upper and lower curves specifying the 80% FDR-CI on the foldchanges {µt(g)− ηt(g)}t=1,2,3 for the knockout versus
wild-type study. Upper and lower curves in each figure sweep out FDR-CI upper and lower boundaries on foldchange for all genes (indexed
by probe set number). In (a) the curves sweep out the sequence of FDR-CIs indexed in an increasing order of the (maximum) lower CI
boundary and in (b) the ordering is in an increasing order of the (minimum) upper CI boundary. Only those genes whose three FDR-CIs
do not intersect [−fcmin, fcmin] are selected by the second stage of screening. When the MAD foldchange criterion is fcmin = 2.0 (1.0 in
log base 2), these genes are obtained by thresholding the curves as indicated.
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(log base 2) corresponding to wild-type/knockout MAD ratios of
1.25, 1.5, 1.8, and 2.0, respectively. Constraints FDR ≤ 0.2 and
foldchange > 0.32 determine a set �2 of G2 differentially expressed
genes by thresholding the corresponding curve as indicated.

The number of screened and discovered genes for the
three algorithms is indicated in the first two columns of
Table 3. The maximum and median of the FDR P values

of the discovered genes is indicated in the third and fourth
columns for each algorithm. The last column indicates the
maximum length of the FDR-CIs on foldchanges of the dis-
covered genes. We conclude from Table 3 that the proposed
“Two-stage FDR-CI” algorithm outperforms the other algo-
rithms in terms of (1) maintaining the FDR requirement that
false positives do not exceed 20% (column 4); (2) ensuring
a substantially lower median FDR P value than the others
(column 5); (3) discovering genes that have tighter (on the
average) CIs on biologically significant (> 1.0) foldchange
(column 6).

5. CONCLUSION

Signal processing for analysis of DNA microarrays for gene
expression profiling is a rapidly growing area and there are
enough challenges to keep the community busy for years.
It is essential that signal processing methods be relevant
and capture the biological aims of the experimenter. To
this aim, in this paper, we developed a flexible multicrite-
ria approach to gene selection and ranking for screening
differentially expressed gene profiles. The proposed crite-
ria capture the gene expression differences at multiple time
points, account for minimum acceptable foldchange con-
straints, and control false discovery rate. In many cases, bi-
ological significance requires minimum hybridization levels,
for example, as implemented by Affymetrix in their “absent
calls” for weakly expressed genes. This can be easily cap-
tured by incorporating an addition criterion, the minimum
acceptable mean expression level, into our multicriteria ap-
proach.
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Table 3: Performance comparison of three algorithms for selecting genes with magnitude (log base 2) foldchange > 1.0. Thresholded RMA
and Thresholded FDR are significantly worse in terms of statistical significance (P value) than the proposed Two-stage FDR-CI algorithm
(columns 4 and 5). Furthermore, the average length of the CIs on foldchanges of the discovered genes are shorter for the Two-Stage FDR-CI
algorithm than for the other algorithms (column 6).

# Screened # Discovered Max(Pv) Median(Pv) Avg(FDR-CI length)

Thresholded RMA 12, 421 159 1.0 0.80 1.52

Thresholded FDR 303 127 1.0 0.31 1.17

Two-stage FDR-CI 303 59 0.19 0.02 1.09
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Figure 5: Gene profiles of nine of the differentially expressed genes discovered using the proposed two-stage FDR-CI procedure with con-
straints on level of significance α = 0.2 and minimum foldchange fcmin = 1.0. Knockout “◦” and Wildtype “∗” are as indicated, and the
numbers on each panel denote gene indices (related to the positions of the gene probes on the microarray).
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An unsupervised data clustering method, called the local maximum clustering (LMC) method, is proposed for identifying clusters
in experiment data sets based on research interest. A magnitude property is defined according to research purposes, and data sets
are clustered around each local maximum of the magnitude property. By properly defining a magnitude property, this method
can overcome many difficulties in microarray data clustering such as reduced projection in similarities, noises, and arbitrary gene
distribution. To critically evaluate the performance of this clustering method in comparison with other methods, we designed three
model data sets with known cluster distributions and applied the LMC method as well as the hierarchic clustering method, the
K-mean clustering method, and the self-organized map method to these model data sets. The results show that the LMC method
produces the most accurate clustering results. As an example of application, we applied the method to cluster the leukemia samples
reported in the microarray study of Golub et al. (1999).

Keywords and phrases: data cluster, clustering method, microarray, gene expression, classification, model data sets.

1. INTRODUCTION

Data analysis is a key step in obtaining information from
large-scale gene expression data. Many analysis methods and
algorithms have been developed for the analysis of the gene
expression matrix [1, 2, 3, 4, 5, 6, 7, 8, 9]. The clustering of
genes for finding coregulated and functionally related groups
is particularly interesting in cases where there is a complete
set of organism’s genes. A reasonable hypothesis is that genes
with similar expression profiles, that is, genes that are co-
expressed, may have something in common in their regula-
tory mechanisms, that is, they may be coregulated. Therefore,
by clustering together genes with similar expression profiles,

one can find groups of potentially coregulated genes and
search for putative regulatory signals. So far, many cluster-
ing methods have been developed. They can be divided into
two categories: supervised and unsupervised methods. This
work focuses on unsupervised data clustering. Some widely
used methods in this category are the hierarchic clustering
method [6], the K-mean clustering method [10], and the
self-organized map clustering method [9, 11].

The clustering of microarray gene expression data typi-
cally aims to group genes with similar biological functions
or to classify samples with similar gene expression profiles.
There are several factors that make the clustering of gene
expression data different from data clustering in a general
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sense. First, the “positions” of genes or samples are unknown.
That is, where the data points to be clustered locate is un-
known. Instead, the relations between data points (genes or
samples) are probed by a series of responses (gene expres-
sions). Generally, the correlation of the response series be-
tween data points is used as a measure of their similarity.
However, because the number of responses is limited and the
responses are not independent from each other, the correla-
tion can only provide a reduced description of the similarities
between data points. Just like a projection of data points in
a high-dimensional space to a low-dimensional space, many
data points far apart may be projected together. It often hap-
pens that genes that belong to very different categories are
clustered together according to gene expression data. Sec-
ond, there is only a small number of genes presented in a
microarray that are relevant to the biological processes un-
der study. All the rest become noises to the analysis, which
need to be filtered out based on some criteria before cluster-
ing analysis. Third, the genes chosen to array do not neces-
sarily represent the functional distribution. That is, there ex-
ist redundant genes of some functions while very few genes
exist of some other functions. This may result in the neglect
of those less-redundant gene clusters in a clustering analysis.
These facts rise difficulties and uncertainties for cluster anal-
ysis. Fortunately, a microarray experiment does not attempt
to provide accurate cluster information of all genes being ar-
rayed. Instead, besides many other purposes, a microarray
experiment is designed to identify and study those groups,
which seem to participate in the studied biological process.
The complete gene cluster will be the job of many molecular
biology experiments as well as other technologies.

With our interest focused on those functional related
genes, we need to identify clusters functionally relevant to
the biological process of interest. As stated above, clustering
methods solely dependent on similarities may suffer from
the difficulties of reduced projection, noises, and arbitrary
gene distribution and may not be suitable for microarray re-
search purposes. In this work, we present a general approach
to clustering a data set based on research interest. A quan-
tity, which is generally called magnitude, is introduced to
represent a property of our interest for clustering. The fol-
lowing sections explain in detail the concept and the clus-
tering method, which we call the local maximum clustering
(LMC) method. Additionally, for the purpose of compari-
son, we worked out an approach to quantitatively calculate
the agreement between two hierarchic clustering results for
the same data set. Using three model systems, we compared
this clustering method with several well-known clustering
methods. Finally, as an example of application, we applied
the method to cluster the leukemia samples reported in the
microarray study of Golub et al. [12].

2. METHODS AND ALGORITHMS

2.1. Distances, magnitudes, and clusters

For a data set with unknown absolute positions, the distance
matrix between data points is used to infer their relative po-

Magnitude

y

x

Figure 1: A two-dimensional (x-y) distribution data set with the
“magnitude” as the additional dimension.

sitions. For a biologically interesting data set like genes or
tissue samples, the distances are not directly measurable. In-
stead, the responses to a series event are used to estimate the
distances or similarity. It is assumed that data points close to
each other have similar responses.

For microarray gene expression data, people often use
Pearson correlation function to describe the similarity be-
tween genes i and j:

Cij = 1
n

n∑
k=1

(
Xik − Xi

σi

)(
Xjk − X j

σj

)
, (1)

where Xi = (Xik)n, k = 1, . . . ,n, represents the data point of
gene i, which consists of n responses, Xik is the kth response
of gene i, Xi is the average value of Xi, Xi = (1/n)

∑n
k=1 Xik,

and σi is the standard deviation of Xi, σi =
√
X2
i − X

2
i .

From (1), we can see that Cij ranges from −1 to 1, with
1 representing identical responses between genes i and j and
−1 the opposite responses. The distance between a pair of
genes is often expressed as the following function:

ri j = 1− Cij . (2)

We introduce a quantity called magnitude to represent
our research interest. This magnitude is introduced as an ad-
ditional dimension to the distribution space. We image a set
of data points distributed on x-y plan, a two-dimensional
space, the magnitude will be an additional dimension, z-
dimension (Figure 1). Usually, a cluster is a collection of data
points that are more similar to each other than to data points
in different clusters. Clusters of this type are characterized
by a magnitude of the local densities with each cluster rep-
resenting a high-density region. Here, the local density is the
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magnitude used to define clusters. We should keep in mind
that the magnitude property can be properties other than
density; it can be gene expression levels or gene differential
expressions as described later. As can be seen from Figure 1,
each cluster is represented by a peak on the magnitude sur-
face. Obviously, clusters in a data set can be found out by
identifying peaks on the magnitude surface. Because clusters
are peaks on the magnitude surface, the number and size of
clusters depend only on the surface shape.

Current existing clustering methods like the hierarchic
clustering method do not explicitly use the magnitude prop-
erty. These clustering methods assume clusters locate at high-
density areas of a distribution. In other words, these cluster-
ing methods implicitly use distribution density as the mag-
nitude of clustering.

The choosing of the magnitude property determines
what we want to be the cluster centers. If we want clusters to
center at high-density areas, using distribution density would
be a natural choice for the magnitude. A simple distribution
density can be calculated as

Mi =
n∑
j=1

δ
(
ri j
)
, (3)

where δ(ri j) is a step function:

δ
(
ri j
) =

{
1 ri j ≤ d

0 ri j > d.
(4)

Equation (3) indicates the magnitude of data point i and Mi

is equal to the number of data points within distance d from
data point i. A smaller d will result in a more accurate local
density but a larger statistic error. To make the magnitude
smooth, an alternative function can be used for δ(ri j):

δ
(
ri j
) = exp

(
− r2

i j

2d2

)
. (5)

For microarray studies, directly clustering genes based
on density may result in misleading results. The main rea-
son is that we do not know the real “positions” of the genes.
The relative similarities between genes are probed by their
responses to an often very limited number of samples. The
similarity obtained this way is a reduced projection of “real”
similarities, and many very different functional genes may re-
spond similarly in the limited sample set. Therefore, the den-
sities estimated from the response data are not reliable and
change from experiment to experiment. Further, the correla-
tion function captures similarity of the shapes of two expres-
sion profiles, but it ignores the strength of their responses.
Some noises in response measurement may cause a nonre-
sponsive gene to be of high correlation with a high-response
gene. Another reason is that the genes arrayed in a chip may
vary in redundancy, resulting in different density distribu-
tions. An extreme case is when a single gene is redundant so
many times that they occupy a large portion of an array—a
cluster centering at this gene would be created. Additionally,
for the thousands of genes arrayed on a gene chip, generally,
only a handful of genes show varying expression levels, which

we used to probe gene functions. All the rest only show unde-
tectable expressions or simply noises which may result in very
high correlation to some genes. Normally, only those genes
with significantly varying expression levels can be of mean-
ingfully functional relation, while for the rest we can draw
little information from a microarray experiment. Therefore,
for a microarray study, a good choice of magnitude would be
a quantity measuring the variation of expression levels as in

Mi = δ2( lnRi
) = 1

n

n∑
j=1

(
lnRij

)2 −

 1
n

n∑
j=1

lnRij




2

, (6)

where Ri is the expression ratio between sample and control
and n is the number of samples for each gene. Equation (6)
is a magnitude defined as the differential expression of genes.
By this definition, the clusters are always centered at high-
differential expression genes. Because this paper focuses on
the presentation and evaluation of the local maximum clus-
tering method, we will not discuss the application of (6) in
identifying high-response gene clusters. This equation is pre-
sented here only to illustrate the idea of the magnitude prop-
erties.

2.2. The local maximum clustering method

Two types of properties characterize the data points: magni-
tude of each data point and distance (or similarity) between
a pair of data points. We define a cluster as a peak on the
magnitude surface. Therefore, we can cluster a data set by
identifying peaks on the magnitude surface.

There are many approaches to identifying peaks on a sur-
face. Here, in this work, we use a method called the local
maximum method to identify peaks. Identification of peaks
on a surface can be done by searching for the local maximum
point around each data point. Assume there is a data set of
N data points to be clustered. The local maximum of a data
point i is the data point whose magnitude is the maximum
among all the data points within a certain distance from the
data point i. A peak has the maximum magnitude in its lo-
cal area, therefore, its local maximum is itself. By identify-
ing all data points whose local maximum points are them-
selves, we can locate all the peaks on the magnitude surface.
The distance used to define the local area is called resolution.
The number of peaks on a magnitude surface depends on the
shape of the surface and the size of resolution. After the peaks
are identified, all data points can be assigned into these peaks
according to their local maximum points in the way that a
data point belongs to the same peak as its local maximum
point.

Figure 2 shows a one-dimensional distribution of a data
set along the x-axis. The y-axis is the magnitude of the data
set. The peaks represent cluster centers depending on the res-
olution r0. Clusters can be identified by searching for the
peaks in the distribution, and all data points can be clustered
into these peaks according to the local maximums of each
data point. Assume that r1, r3, and r4 are the distances from
peaks 1, 3, and 4 to their nearest equal-magnitude neighbor
points. With a resolution r0 < r3, four peaks, 1, 2, 3, and 4 can
be identified as the local maximum points of themselves. All
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Figure 2: Clustering a data set based on the local maximum of its
magnitude. There are 4 peaks, 1, 2, 3, and 4; and r1, r3, and r4 are
the distances from peaks 1, 3, and 4 to their nearest equal magnitude
neighbor points. Assume r3 < r1 < r4.

data points can be clustered into these four peaks according
to their local maximum points. For example, for data point
a, if data point b is the one that has the maximum magni-
tude in all data points within r0 from a, we say b is the local
maximum point of a. Point a will belong to the same peak
as point b. Similarly, point b belongs to the same peak as its
local maximum point c and point c belongs to peak 4. There-
fore, points a, b, and c all belong to peak 4.

Obviously, resolution r0 plays a crucial role in identifying
peaks. For each peak p, we define its resolution limit rp as the
longest distance within which peak p has the maximum mag-
nitude. For a given resolution r0, a peak p will be identified
as a cluster center if rp > r0. As shown in Figure 2, there are
four peaks, 1, 2, 3, and 4. If r0 > r1, peak 1 will not be iden-
tified and, together with all its neighbors, will be assigned to
cluster 2. Similarly, cluster 3 or 4 can only be identified when
r0 < r3 or r0 < r4, respectively.

The peaks identified can be further clustered to pro-
duce a hierarchic cluster structure. For the example shown
in Figure 2, if we assume that r4 > r1 > r3, by using r0 < r3,
we can get four clusters, while, using r1 > r0 > r3, clusters 2
and 3 merge to cluster 5 at peak 2, with r4 > r0 > r1, clusters
1 and 5 merge into cluster 6 at peak 2, and with r0 > r4, all
clusters merge into a single cluster at peak 2.

The algorithm of the LMC method is described by the
following steps.

(i) For a data set {i}, i = 1, 2, . . . ,N , calculate the dis-
tances between data points {ri j} using (1) and (2).
From the distance matrix, calculate the magnitude of
each data point {M(i)} using (5).

(ii) Set resolution r0 = min{ri j}+ δr, i 
= j. Here, δr is the
resolution increment. Typically, set δr = 0.01.

(iii) Search for the local maximum point L(i) for each data
point i. For all j, with ri j < r0, there is M(L(i)) ≥M( j).

(iv) Identify peak centers {p}, where L(p) = p. Each peak
represents the center of a cluster.

(v) Assign each data point i to the same cluster as its local
maximum point L(i).

(vi) If there is more than one cluster, generate higher-
level clusters from the peak point data set {p}, p =
1, 2, . . . ,np, following steps (ii), (iii), (iv), and (v).

2.3. Comparison of hierarchic clusters

For the same data set, different clustering methods may pro-
duce different clusters. It is, in general, a nontrivial task to
compare different clustering results of the same data set and
many efforts have been made for such clustering comparison
(e.g., [13]). For hierarchic clustering, comparison is more
challenging because a hierarchic cluster is a cluster of clus-
ters. To quantitatively compare hierarchic clusters from dif-
ferent methods, we define the following agreement function
to describe the agreement between hierarchic clustering re-
sults.

We use {H1} and {H2} to represent two hierarchic clus-
tering results for the same data set. In the following discus-
sions, N1 and N2 are the numbers of clusters in {H1} and
{H2}, respectively, n1i and n2 j represent the data point num-
bers in cluster i of {H1} and cluster j of {H2}, respectively,
and mij is the number of data points existing both in cluster
i of {H1} and in cluster j of {H2}. Therefore, 2mij/(n1i +n2 j)
represents how well the two clusters, cluster i of {H1} and
cluster j of {H2}, are similar to each other. A value of 1 in-
dicates they are identical and a value of 0 indicates they are
completely different. We use M1i({H2}) to describe how well
cluster i of {H1} is clustered in {H2}. We call M1i({H2}) the
match of {H1} to {H2} in cluster i. Similarly, the match of
{H2} to {H1} in cluster j is denoted as M2 j({H1}), which de-
scribes how well cluster j of {H2} is clustered in {H1}. They
are calculated using the following equations:

M1i
({
H2
}) = max

j∈N2

{ 2mij

n1i + n2 j

}
,

M2 j
({
H1
}) = max

i∈N1

{ 2mij

n1i + n2 j

}
.

(7)

Equations (7) mean that the match of {H1} to {H2} in a clus-
ter is the highest similarity between this cluster and any clus-
ter of {H2}.

We use the agreement A({H1}, {H2}) to describe the
overall similarity between two clustering results, which is a
weighted average of all cluster matches, as

A
({
H1
}

,
{
H2
}) = 1

2
∑N1

i=1 n1i

N1∑
i=1

n1iM1i
({
H2
})

+
1

2
∑N2

j=1 n2 j

N2∑
j=1

n2 jM2 j
({
H1
})
.

(8)

To further illustrate the definition of the agreement and
matches, we show an example of two hierarchic clustering
results in Figures 3a and 3b. These two hierarchic clustering
results, {HA} and {HB}, are for the same data set of 1000
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Figure 3: (a) The hierarchic clustering structure {HA} with 10 clusters; the match of each cluster to the cluster structure {HB} are labeled in
parentheses; (b) the hierarchic cluster structure {HB} with 6 clusters; the match of each cluster to the cluster structure {HA} are labeled in
parentheses.

data points. The hierarchic clustering structure {HA} has 10
clusters and {HB} has 6 clusters. Clusters A1, A4, and A10 of
{HA} have the same data points as clusters B1, B2, and B6 of
{HB}, respectively. Therefore, their matches are 1 no matter

how different their subclusters are. The matches of clusters
are calculated according to (7) and are labeled in the figures.
The agreement between {HA} and {HB} can be calculated
using (8) as follows:

A
({
HA
}

,
{
HB
})

=
∑10

i=1 nAiMAi

2
∑10

i=1 nAi
+

∑6
j=1 nB jMB j

2
∑6

j=1 nB j

= 300× 1 + 100× 0.5 + 200× 0.67 + 700× 1 + 300× 0.8 + 200× 0.1 + 100× 0.4 + 400× 0.8 + 300× 0.86 + 100× 1
2(300 + 100 + 200 + 700 + 300 + 200 + 100 + 400 + 300 + 100)

+
300× 1 + 700× 1 + 200× 1 + 500× 0.89 + 400× 0.86 + 100× 1

2(300 + 700 + 200 + 500 + 400 + 100)

= 0.400 + 0.475

= 0.875.
(9)
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Table 1: The possibility parameters used to generate the three model systems. Each model has 6 clusters. The parameters (hi,wi) represent
the height and width of cluster i in the possibility distribution in (10).

Model (h1,w1) (h2,w2) (h3,w3) (h4,w4) (h5,w5) (h6,w6)

1 (1, 0.05) (1, 0.02) (1, 0.02) (1, 0.05) (1, 0.02) (1, 0.02)

2 (1, 0.10) (1, 0.005) (1, 0.05) (1, 0.10) (1, 0.005) (1, 0.10)

3 (1, 0.10) (2, 0.005) (3, 0.05) (4, 0.10) (5, 0.005) (6, 0.10)

3. RESULTS AND DISCUSSIONS

The LMC method has several features. First, it is an unsu-
pervised clustering method. The clustering result depends on
the data set itself. Second, it allows magnitude properties to
be used to identify clusters of interest. Third, it automati-
cally produces a hierarchic cluster structure with a minimum
amount of input. In this work, we designed three model sys-
tems with known cluster distributions to evaluate the perfor-
mance of the LMC method and compare it with other meth-
ods. Finally, as an example of application, we use this method
to cluster the leukemia samples reported by Golub et al. [12]
and compare the result with experimental classification.

3.1. The model systems

Model systems with known cluster distributions have often
been used in method development. The model systems used
here are designed to mimic microarray gene expression data
in the way that each data point is a response series of ex-
pression values, and the distance or similarity between data
points is measured by their correlation function. It is the cor-
relation function that determines the distance between data
points and the actual number of expression values in a re-
sponse series, which does not affect the clustering results; for
simplicity and convenience of data generation and analysis,
we use only three expression values for each response series,
namely, x, y, and z. The response series of gene i is repre-
sented by (xi, yi, zi). The correlation function and distance
between gene i and gene j is calculated according to (1) and
(2) with n = 3.

The model systems are designed to have 6 clusters with
cluster centers at (Xj ,Yj ,Zj), j = 1, 2, 3, 4, 5, and 6. We use
the following possibility distribution to generate the expres-
sion data of 1000 genes (xi, yi, zi), i = 1, 2, . . . , 1000:

ρ
(
xi, yi, zi

) = 6∑
j=1

hj exp

(
−
(
1− Cij

)2

2w2
j

)
, (10)

where ρ(xi, yi, zi) represents the possibility function to have a
gene with a response series of ρ(xi, yi, zi), and hj and wj are
the height and width of cluster j. The six cluster centers are
genes with the following response series:

(i) (−√2/2, 0,
√

2/2);
(ii) (−√2/2,

√
2/2, 0);

(iii) (−1/
√

6, 2/
√

6,−1/
√

6);
(iv) (0,−√2/2,

√
2/2);

arctg(Ci1/Ci6)/π

ρ(
x i
,y

i,
z i

)
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Figure 4: Data distribution in the three model data sets. The func-
tion arctg(Ci1/Ci6)/π is used for the x-axis to show all six clusters
without overlapping. Here, Ci1 and Ci6 are the correlations of data
point i with the centers of clusters 1 and 6, respectively. For each
model, 1000 data points are generated.

(v) (2/
√

6,−1/
√
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√

6);
(vi) (

√
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The correlation matrix between these centering genes is
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(11)

Three model data sets, each has 1000 data points, are
generated using the parameters listed in Table 1. Their dis-
tributions are shown in Figure 4. The clusters are separated
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Cluster 11

Cluster 10

Cluster 9

Cluster 7 Cluster 8

Cluster 5Cluster 6Cluster 3 Cluster 2 Cluster 1 Cluster 4

Figure 5: The hierarchic cluster structure of the model data sets.

Table 2: Comparison of the clustering results of different methods. The letters L, H, K, and S stand for the LMC method, the hierarchic
clustering method, the K-mean clustering method, and the self-organization map clustering method, respectively.

Model 1 Model 2 Model 3

Clusters L H K S L H K S L H K S

Matches to the
models (%)

1 99.7 97.2 68.0 68.0 87.8 87.8 87.8 87.2 89.8 85.2 85.0 85.2

2 99.2 96.8 65.2 65.2 98.0 94.6 35.6 36.0 78.2 85.8 41.0 40.8

3 99.6 99.6 69.7 88.3 94.4 80.8 71.1 67.4 91.8 43.8 95.8 70.7

4 99.8 99.8 68.8 77.4 69.5 67.5 77.5 72.3 89.0 78.8 71.8 70.8

5 98.1 99.2 62.3 63.1 80.1 76.9 76.2 80.4 88.4 76.6 78.8 65.4

6 98.4 98.4 70.6 70.2 92.5 96.9 70.0 45.2 91.1 96.2 75.8 55.8

7 99.8 99.8 — — 99.8 99.7 — — 99.8 99.8 — —

8 100 100 — — 97.2 95.0 — — 95.1 94.4 — —

9 99.8 99.8 — — 98.4 82.8 — — 95.0 94.4 — —

10 100 76.8 — — 100 100 — — 100 100 — —

Overall agreement (%) 96.9 69.4 76.2 81.0 88.5 65.1 75.3 76.0 89.5 67.2 79.5 72.9

by minimums between peaks, and the data points can be ac-
curately assigned to their clusters. As can be seen (Figure 4)
in model 1, the six clusters have equal heights and are clearly
separated from each other, while in model 2, clusters 1, 3, 4,
and 5 are much broader, and in model 3, their heights are
different. These three model data sets present some typical
cases that a clustering method would deal with.

Based on the correlations between the clusters, (11), these
model data sets have a hierarchic cluster structure as shown
in Figure 5. The whole data set belongs to a single cluster 11,
which is split into two clusters, 7 and 10. Cluster 7 is divided
into clusters 2 and 3. Cluster 10 is further divided into cluster
9, which consists of clusters 1 and 4, and cluster 8, which
consists of clusters 5 and 6.

We applied the LMC method (L), the hierarchic clus-
tering method [6] (H), the K-mean clustering method [10]
(K), and the self-organized map clustering method [11] (S)
to these three model data sets. The LMC method, as well
as the hierarchic clustering method, produces a hierarchic
cluster structure. The K-mean and the self-organized map
methods require a predefined cluster number prior to clus-
tering. For comparison purpose, we set the cluster num-
ber to 6 when performing clustering using the K-mean

and the self-organized map method, and only compare the
agreement between the clustering results with the bottom
6 clusters of the model data sets. Table 2 listed the matches
and agreements between the results from the four cluster-
ing methods and the known clusters of the model data
sets.

Comparing the matches and agreements between the
clustering results and the known clusters of the model data
sets, we can see clearly that the LMC method produces the
most accurate result. The hierarchic clustering method pro-
duces many tree structures, within which there exist good
matches to the clusters in the models. Because it produces
too many trees, the agreement between the model and re-
sult from the hierarchic method is low. The K-mean and the
self-organized map methods produce worse matches to the
clusters in the models than the LMC and the hierarchic clus-
tering methods.

3.2. An application to microarray
gene expression data

Application of the LMC method to gene expression data is
straightforward. As an example of the application, we applied
this method to cluster the 72 samples collected by Golub et
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Table 3: Classification of the acute lymphoblastic leukemia (ALL) and acute myeloid leukemia (AML) samples [12].

Cluster levels
Samples Type Source Lineage FAB Sex

1 2 3 4

A

A1

A11

A111

4 ALL BM B-cell — —

20 ALL BM B-cell — —

5 ALL BM B-cell — —

19 ALL BM B-cell — —

A112

46 ALL BM B-cell — F

12 ALL BM B-cell — F

42 ALL BM B-cell — F

48 ALL BM B-cell — F

7 ALL BM B-cell — F

59 ALL BM B-cell — F

8 ALL BM B-cell — F

15 ALL BM B-cell — F

18 ALL BM B-cell — F

43 ALL BM B-cell — F

56 ALL BM B-cell — F

40 ALL BM B-cell — F

44 ALL BM B-cell — F

27 ALL BM B-cell — F

26 ALL BM B-cell — F

55 ALL BM B-cell — F

39 ALL BM B-cell — F

41 ALL BM B-cell — F

13 ALL BM B-cell — F

A113

17 ALL BM B-cell — M

16 ALL BM B-cell — M

21 ALL BM B-cell — M

45 ALL BM B-cell — M

22 ALL BM B-cell — M

25 ALL BM B-cell — M

24 ALL BM B-cell — M

47 ALL BM B-cell — M

1 ALL BM B-cell — M

49 ALL BM B-cell — M

A12

23 ALL BM T-cell — M

10 ALL BM T-cell — M

3 ALL BM T-cell — M

11 ALL BM T-cell — M

2 ALL BM T-cell — M

6 ALL BM T-cell — M

14 ALL BM T-cell — M

9 ALL BM T-cell — M

A2
A21

A211
72 ALL PB B-cell — —

71 ALL PB B-cell — —

A212 70 ALL PB B-cell — F

A213
68 ALL PB B-cell — M

69 ALL PB B-cell — M

A22 67 ALL PB T-cell — M
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Table 3: Continued.

Cluster levels
Samples Type Source Lineage FAB Sex

1 2 3 4

B

B1

B11
66 AML BM — — M

65 AML BM — — M

B12

35 AML BM — M1 —

38 AML BM — M1 —

61 AML BM — M1 —

32 AML BM — M1 —

B13

B131

58 AML BM — M2 —

34 AML BM — M2 —

28 AML BM — M2 —

37 AML BM — M2 —

51 AML BM — M2 —

29 AML BM — M2 —

33 AML BM — M2 —

53 AML BM — M2 —

B132 57 AML BM — M2 F

B133 60 AML BM — M2 M

B14
B141

31 AML BM — M4 —

50 AML BM — M4 —

B142 54 AML BM — M4 F

B15
36 AML BM — M5 —

30 AML BM — M5 —

B2
B21

B211 63 AML PB — — F

B212
64 AML PB — — M

62 AML PB — — M

B22 52 AML PB — M4 —

al. [12] from acute leukemia patients at the time of diagno-
sis. We choose this data because experimental classification
is available for comparison. Table 3 lists the clusters based
on experiment classification [12]. The 72 samples contain 47
acute lymphoblastic leukemia (ALL) samples (cluster A) and
25 acute myeloid leukemia (AML) samples (cluster B). These
samples are from either bone marrow (BM) (clusters A1 and
B1) or peripheral blood (PB) (clusters A2 and B2). The ALL
samples fall into two classes: B-lineage ALL (clusters A11 and
A21) and T-lineage ALL (clusters A12 and A22), some of
which are taken from known sex patients (F for female and M
for male). Some of the AML samples have known FAB types,
M1–M5.

The whole set of genes are filtered based on expression
levels, and 1769 genes with expression levels higher than
20 in all the 72 samples are used for our clustering. That
is, for each sample, its response series contains 1769 gene
expression values. The logarithms of the gene expression lev-
els are used in correlation function calculation to reduce the
noise effect at high expression levels.

We applied the LMC method and the hierarchic cluster-
ing method [6] to the 72 samples and compared the results

with the experiment clusters listed in Table 3. The magni-
tude is calculated using (5) so that the cluster centers will
be the peaks of local density of data points. Only with this
magnitude, the two methods are comparable. The matches
of each cluster and the overall agreements of the experimen-
tal classification to the clustering results are listed in Table 4.
As can be seen, the ALL samples (cluster A) can be better
clustered by the LMC method (MA(LMC) = 0.792) than by
the hierarchic clustering method (MA(HC) = 0.784), while
the AML samples can be better described by the hierarchic
clustering method (MB(HC) = 0.526) than by LMC method
(MB(LMC) = 0.521). Overall, the experimental classification
agrees better with the clustering result of the LMC method
(the agreement is 0.643) than with that of the hierarchic clus-
tering method (the agreement is 0.624).

This example shows that the LMC method, like the hi-
erarchic clustering method, can be used for hierarchic clus-
tering of microarray gene expression data. Unlike the hierar-
chic clustering method, the LMC method has the flexibility
to choose magnitude properties, for example, using (6) to
cluster high-differential expression genes, which will be the
topic of future studies.
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Table 4: Comparison of the matches and agreements of the experi-
mental classification listed in Table 3 to the clustering results of the
LMC method and the HC method.

Clusters Matches to LMC Matches to HC

A 0.7924 0.7836

A1 0.74 0.7252

A11 0.6304 0.6506

A111 0.5 0.5

A112 0.4358 0.4706

A113 0.3158 0.353

A12 0.6666 0.6666

A2 0.4444 0.4

A21 0.5 0.421

A211 0.6666 0.3076

A213 0.8 0.25

B 0.5208 0.5264

B1 0.5 0.4652

B11 0.0816 0.25

B12 0.1818 0.2858

B13 0.353 0.3076

B131 0.4 0.3636

B14 0.4 0.2858

B141 0.4444 0.3334

B15 0.2222 0.4

B2 0.1066 0.1112

B21 0.081 0.0846

B212 0.0548 0.0572

Agreement 0.643 0.624

4. CONCLUSION

This work proposed the local maximum clustering (LMC)
method and evaluated its performance as compared with
some typical clustering methods through designed model
data sets. This clustering method is an unsupervised one and
can generate hierarchic cluster structures with minimum in-
put. It allows a magnitude property of research interest to be
chosen for clustering. The comparison using model data sets
indicates that the local maximum method can produce more
accurate cluster results than the hierarchic, the K-mean, and
the self-organized map clustering methods. As an example
of application, this method is applied to cluster the leukemia
samples reported in the microarray study of Golub et al. [12].
The comparison shows that the experimental classification
can be better described by the cluster result from the LMC
method than by the hierarchic clustering method.
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This paper focuses on the stability-based approach for estimating the number of clusters K in microarray data. The cluster stability
approach amounts to performing clustering successively over random subsets of the available data and evaluating an index which
expresses the similarity of the successive partitions obtained. We present a method for automatically estimating K by starting from
the distribution of the similarity index. We investigate how the selection of the hierarchical clustering (HC) method, respectively,
the similarity index, influences the estimation accuracy. The paper introduces a new similarity index based on a partition distance.
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data partition with the partition obtained at each level of an HC tree. A case study is conducted with a publicly available Leukemia
dataset.
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1. INTRODUCTION

The clustering algorithms are frequently used for analyzing
the microarray data. While various clustering methods help
the practitioner in bioinformatics to ascertain different char-
acteristics in structural organization of microarray datasets,
the task of selecting the most appropriate algorithm for solv-
ing a particular problem is nontrivial. While various cluster-
ing methods are applied in hundreds of microarray research
papers, a question arises frequently, namely, how to compare
two different partitions of the same dataset obtained by two
different algorithms. The comparison becomes more difficult
when the two partitions do not contain the same number of
clusters. The accurate estimation for the number of clusters
K is essential because most of the existing clustering proce-
dures request K as input.

The robustness of the clustering algorithms is usually
studied by investigating their stability with respect to pertur-
bations changing the original dataset, for example, by draw-
ing random subsets or by artificially adding noise [1]. The
stability methods can be also used in exploratory data anal-

ysis when little prior information is available regarding the
dataset, which is generally the case with microarray data. The
main principle is to randomly split the dataset and cluster
each subset independently, and then to check the stability
(or degree of agreement) of the two obtained partitions. The
clustering is stable if the cluster memberships inferred in the
two subsets are similar to the memberships in the entire sam-
ple [1]. The following two different approaches have been
considered when applying the stability methods for finding
structure in microarray data.

(1) After randomly splitting the dataset into two subsets,
select one subset for learning and another for test. Firstly, a
clustering algorithm CA is applied to the learning set, and
the resulting classes are used to classify the samples which
belong to the test set. Then the test set is clustered with the
same algorithm CA, and a similarity measure (index) is com-
puted between the labels produced by classification, respec-
tively, clustering [2, 3, 4].

(2) Apply the same clustering algorithm CA to both sub-
sets and calculate the similarity index on the samples belong-
ing to the intersection of subsets [5]. A modified variant is
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introduced in [6]: CA is applied to the whole dataset (refer-
ence clustering) and to a randomly chosen subset. The sim-
ilarity index is computed for the samples contained in the
selected subset.

In both approaches, it is assumed that the number of
clusters is k ∈ {2, 3, . . . , kmax}, and for each value allowed
for k, after running the algorithm many times, the empir-
ical distribution of the similarity index is collected. In [3],
the number of clusters K is estimated based on the median
of similarity index values. Evaluating the degree of agree-
ment is rephrased in [4] as a prediction problem: their index
(“prediction strength”) ps(k) measures how well the cluster
centroids from the training set predict “co-memberships” in
the test set. The index ps(k) is averaged over several ran-
dom splittings of the original data (into training set and
test set), and the estimated number of clusters is given by
K̂ = arg max2≤k≤kmax mean[ps(k)] when max(mean[ps(k)])
is larger than a given threshold. The approach in [6] eval-
uates the stability for individual patterns and clusters rely-
ing on a different similarity score called optimal association.
In [5], K̂ is chosen as the value, where there is a transition
from a similarity index distribution that is concentrated near
one to a wider distribution: K̂ is visually estimated by using
the empirical cumulative distribution function or, alterna-
tively, based on the value of the 90th percentile. In consensus
clustering (CC) [7], the central role is played by the consen-
sus matrix that records, for every pair of objects, the pro-
portion of clustering runs in which the two objects are clus-
tered together. Based on the histogram of the consensus ma-
trix entries, an empirical cumulative distribution function is
defined, and the selection of the appropriate number of clus-
ters proceeds by inspection of the shape of this function when
k ∈ {2, 3, . . . , kmax}.

We propose to improve the algorithm described in [5]
such that K̂ can be automatically estimated without resort-
ing to visual inspection or other heuristic methods. To eval-
uate the importance of index selection on the accuracy of the
estimation, we revisit various similarity indices. Then we de-
fine and analyze a new similarity index, which is connected
to the recently introduced partition distance [8]. In [3, 5],
the Fowlkes-Mallows index [9] is recommended for stability-
based methods, but we show experimentally that our newly
introduced index and the Jaccard index [10] perform better.
We also show in this paper that partition distance is useful
in designing a visualization tool which helps consistently the
interpretation of clustering results for microarray data.

Potentially, any clustering algorithm can be used in our
settings, and we investigate the impact of the algorithm selec-
tion on the estimated K̂ . We restrict our investigation to the
agglomerative hierarchical clustering (HC) algorithms [10]
mainly because this class of clustering methods is very pop-
ular in microarray data analysis [11]. These algorithms are
computationally efficient since the same tree can be used
for all values of k ∈ {2, 3, . . . , kmax} by looking at differ-
ent levels of the tree each time. In [7], when evaluating
the performances of CC with various microarray datasets, it
was concluded that CC based on HC produces slightly bet-
ter results than CC based on self-organizing maps (SOM).

We remark that in [5, 6, 7] the HC is done by the group-
average algorithm [10, 12]. In our simulated experiments,
the group-average shows modest results when compared
with complete-linkage and Ward’s methods [10, 12].

The remainder of this paper is organized as follows.
Section 2 includes a discussion of some results on the esti-
mation of the number of clusters, previously reported for
the publicly available Leukemia dataset [13]. In Section 3,
we introduce the similarity indices. Relying on the revisited
properties of the partition distance [8], a new similarity in-
dex s(·, ·) is defined, and a lower bound is found under the
hypothesis of generalized hypergeometric distribution for
the contingency table. In Section 4, we evaluate experimen-
tally s(·, ·) by comparing the “true” clustering of a dataset
with the partition obtained at each level of a HC tree. In
Section 5, we introduce the stability-based method for find-
ing the data structure by extending the approach proposed in
[5]. Comparisons with other methods are reported for simu-
lated data, and a case study is conducted on Leukemia dataset
[13].

2. MOTIVATION OF THE WORK

In order to illustrate the challenge of structure estimation
for microarray data, we consider the leukemia dataset de-
scribed in [13], publicly available at http://www-genome.wi.
mit.edu/cgi-bin/cancer/datasets.cgi, which comes from a
study of gene expression in two types of acute leukemias,
acute lymphoblastic leukemia (ALL) and acute myeloid
leukemia (AML). The true number of classes may be consid-
ered three since the biological labeling of the patient samples
is ALL-B, ALL-T, and AML [13]. The dataset consists of 6817
human genes measured for 72 patients: 47 cases of ALL (38
B-cell ALL and 9 T-cell ALL) and 25 cases of AML.

We note that the clustering of Leukemia dataset was al-
ready investigated in several studies. In [13], the SOM are
applied to cluster measurements from 38 patients (out of 72),
relying on 50 “informative” genes selected based on a super-
vised procedure. We emphasize here that the “informative”
genes selection relies on the gene correlation with different
types of Leukemia. In two recent publications [14, 15], var-
ious validation techniques based on computing internal in-
dices are used to estimate the number of clusters in the 38×50
dataset when SOM is the clustering algorithm. The paper
[15] concludes that the estimated number of clusters is K̂ = 2
and mentions, as a second best choice, K̂ = 4.

The whole set of measurements from the 72 patients is
clustered in [16] by k-means, fuzzy c-means networks, SOM,
fuzzy SOM, and growing cell structure (GCS) algorithm.
When varying the number of clusters between 2 and 16, all
the resulting clusterings are evaluated based on the distribu-
tion of Leukemia types within the clusters, the highest de-
gree of intracluster homogeneity being obtained when sam-
ples are divided into 9 clusters by fuzzy SOM. A procedure
for gene selection is applied.

In [3], the 72 tumors from Leukemia dataset are clustered
by partitioning around medoids (PAM) [10] after select-
ing 100 genes which have the largest variance across tumor



66 EURASIP Journal on Applied Signal Processing

samples: for K̂ = 3, one ALL B-cell sample is clustered with
the ALL T-cell samples, and the rest of the observations are
allocated correctly. Results on estimating the number of clus-
ters are also reported: applying clest, kl [17], hart [18], or sil-
houtte (sil) [10] leads to K̂ = 3; ch [19] estimates K̂ = 2.
The estimated number of clusters is K̂ = 10 when using gap
[20], and K̂ = 5 when employing gapPC [20]. Note that clest
was originally introduced in [3] and extends the stability-
based approach from [2]. Another method relying on stabil-
ity principle, CC, was formalized and tested in [7]. Since their
settings allow to apply various clustering methods, results on
estimated number of clusters for 38 (out of 72) samples of
Leukemia dataset are reported when using HC and SOM.
The method CC in conjunction with HC leads to K̂ = 5, and
to K̂ = 4 when employing CC in combination with SOM.

In light of these results reported for the Leukemia dataset,
we can better understand the importance and difficulty of
validation of the number of clusters. It becomes apparent
that every method for structure estimation must be deeply
analyzed and validated with simulated data for which the
true nature is known before applying it to analyze the mi-
croarray data. Leukemia dataset is also a good example for
illustrating the paradigm of “high dimension and small sam-
ple size” which is common in microarray data analysis. It
was pointed out in [7] that this paradigm prevents the use of
some clustering algorithms, and we show in this paper how
stability methods can circumvent this difficulty.

3. SIMILARITY MEASURES

Given an N-object set T = {O1,O2, . . . ,ON}, suppose that
P = {P1,P2, . . . ,Pr} and P′ = {P′1,P′2, . . . ,P′c} represent two
distinct partitions of T , that is,

⋃r
i=1 Pi =

⋃c
i=1 P

′
i = T , where

Pi
⋂
Pj = ∅ for 1 ≤ i 
= j ≤ r and P′i

⋂
P′j = ∅ for 1 ≤

i 
= j ≤ c. We name, in the sequel, any nonempty subset of
T cluster. So, any partition of T is a set of mutually exclusive
clusters whose reunion is T .

The partitions P and P′ are identical if and only if ev-
ery cluster in P is a cluster in P′. Let M be an r × c ma-
trix where the quantity mij is the number of objects in com-
mon between the ith cluster of P and the jth cluster of P′.
The contingency table is represented in Table 1, where mi· �∑c

j=1 mij for 1 ≤ i ≤ r and m· j �∑r
i=1 mij for 1 ≤ j ≤ c. It is

easy to observe that m·· �∑r
i=1 mi· =

∑c
j=1 m· j = N .

3.1. Rand, Jaccard, and Fowlkes-Mallows
similarity indices

We introduce the following function relative to an arbitrary
partition P of T : for any pair of distinct objects (O� ,Om) ∈
T2, 1 ≤ � < m ≤ N ,

1P
(
O� ,Om

)

�




1, ∃i ∈ {1, 2, . . . , |P|} such that
{
O� ,Om

} ⊆ Pi,

0, otherwise,

(1)

Table 1: The contingency table for the partitions P and P′ of the
N-object set T .

Cluster
Partition P′

Sums
P′1 P′2 · · · P′c

P1 m11 m12 · · · m1c m1·

Partition P
P2 m21 m22 · · · m2c m2·
...

...
...

. . .
...

...

Pr mr1 mr2 · · · mrc mr·

Sums m·1 m·2 · · · m·c m·· = N

which indicates if two objects belong to the same cluster in
the partition P.

Following a classic procedure, we firstly define four sets:

�1 �
{(
O� ,Om

) ∈ T2 | 1P
(
O� ,Om

) = 1, 1P′
(
O� ,Om

) = 1
}

,

�2 �
{(
O� ,Om

) ∈ T2 | 1P
(
O� ,Om

) = 1, 1P′
(
O� ,Om

) = 0
}

,

�3 �
{(
O� ,Om

) ∈ T2 | 1P
(
O� ,Om

) = 0, 1P′
(
O� ,Om

) = 1
}

,

�4 �
{(
O� ,Om

)∈T2 | 1P
(
O� ,Om

)=0, 1P′
(
O� ,Om

)=0
}

,
(2)

and denote the cardinalities of these sets, wi � |�i| for
i ∈ {1, 2, 3, 4}. Then we recall the definitions for three well-
known similarity indices:

(1) Rand [21]: (w1 + w4)/
∑4

i=1 wi,

(2) Jaccard [22]: w1/
∑3

i=1 wi,
(3) Fowlkes-Mallows [9]: w1/

√
(w1 + w2)(w1 + w3).

Since wi (1 ≤ i ≤ 4) are nonnegative numbers, all three
indices take values in the interval [0, 1]. The partitions P and
P′ are identical if and only if w2 = w3 = 0; when they are
identical and w1 
= 0, then all indices are equal to their max-
imum value 1. Observe for the denominator of Rand index
that

∑4
i=1 wi =

(
N
2

)
. The Jaccard index is not defined for the

trivial case when each cluster in P and P′ contains at most
1 object, which is equivalent to w1 = w2 = w3 = 0. The
Fowlkes-Mallows index is not defined when w1 = w2 = 0
(each cluster in P contains at most 1 object) or w1 = w3 = 0
(each cluster in P′ contains at most 1 object). Formulae for
fast computing wi (1 ≤ i ≤ 4) are available [23].

To each similarity measure sm(P,P′), bounded by zero
and unity, we can associate a dissimilarity d(P,P′) � 1 −
sm(P,P′); in some cases, d(P,P′) could be a metric on the
set of all partitions of a given set of objects T [12]. In the
next section, we start from the definition given in [8] for the
partition distance (which is a metric) and define a new simi-
larity index.

3.2. A similarity index defined as complement
of a partition distance

In [8], the following definition is introduced for the parti-
tion distance D(P,P′) between P and P′: “D(P,P′) is the
minimum number of elements that must be deleted from
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T , so that the two induced partitions (P and P′ restricted to
the remaining elements) are identical.” It was pointed out in
[24] that the partition distance is also equal to the minimum
number of elements that must be moved between clusters in
P, so that the resulting partition equals P′ (with the conven-
tion that any set which becomes empty is no longer a cluster).

Proposition 1. The partition distance D(P,P′) is a metric on
the set of all partitions of a given set of objects T .

Proof. See Appendix A.

An assignment is a selection of entries of the contingency
matrix M such that no row or column contains more than
one selected entry and is called optimal when the sum of the
selected cell values is the largest over all possible assignments
[24]. Let A(P,P′) denote the value of the optimal assignment
for the contingency matrix M.

Theorem 1 [24]. Two properties of partition distance:
(a) The relationship between the partition distance and the

optimal assignment is given by D(P,P′) = N − A(P,P′).
(b) The elements to be removed from T to induce identical

partitions on P and P′, are all those objects not associated with
any selected cells of the optimal assignment.

The proof of the theorem is given in [24] where the theo-
rem is further used to show how the partition distance can
be computed in �((r + c)3) time after creating the matrix
M in �(N) time. Note that the initial algorithm proposed
in [8] to compute D(P,P′) for any pair of partitions (P,P′)
is an exponential-time algorithm, and the algorithm in [24]
reduces dramatically the computational complexity.

Proposition 2. The maximum of the partition distance is
max(P,P′) D(P,P′) = N − 1 and is achieved if and only if one
partition consists of a single cluster and the other one consists
only of clusters containing single-objects.

Proof. See Appendix A.

The above results suggest the definition of the following
index of similarity between any two partitions P and P′:

s(P,P′) � 1− D(P,P′)
N − 1

= A(P,P′)− 1
N − 1

. (3)

The new index is a measure of similarity ranging from
s(P,P′) = 0 when the two partitions have no similarities (i.e.,
when one consists of a single cluster and the other only of
clusters containing single-objects) to s(P,P′) = 1 when the
partitions are identical.

Any injective mapping σ : {1, 2, . . . , |P′|} → {1, 2, . . . ,
|P|} (|P′| ≤ |P|) is called association [6] and is useful for
comparing two partitions P and P′ defined over an N object
set T . The measure of similarity between P and P′ is com-
puted as s∗(P,P′) � maxσ(·)(1/N)

∑|P′|
j=1 mσ( j), j where m·,·

denotes the entries of the contingency matrix. Observe that
s∗(P,P′) = A(P,P′)/N and is close to the similarity index de-
fined in (3); A(P,P′) ≤ N implies that s(P,P′) ≤ s∗(P,P′). It

Table 2: The contingency table for the Leukemia dataset: the true
partition given by a priori knowledge on the type of disease for
each patient is compared with the partition produced by complete-
linkage algorithm when K̂ = 3. All the 3571 genes are used for clus-
tering. The entries associated to the optimal assignment are repre-
sented in bold.

Cluster ALL B-cell ALL T-cell AML
C1 26 8 8
C2 7 0 2
C3 5 1 15

is noticed in [6] that the computation of s∗(P,P′) by brute-
force enumeration is exponential in the number of clusters,
and therefore an approximative greedy heuristic was used
there for finding a suboptimal association σ(·). Since then,
the fast algorithm was introduced in [24], and hence we
are going to use the fast, nonapproximative evaluation of
s(P,P′).

We observe that the definition of both s(P,P′) and
s∗(P,P′) relies on the optimal assignment A(P,P′), and the
main difference between these similarity indices is given by
the normalization procedure. Since in [6] s∗(P,P′) was suc-
cessfully applied for detecting stable clusters in microarray
data, we are encouraged to employ s(P,P′) in stability-based
methods for analyzing data produced by microarray tech-
nology. The superiority of our approach consists in using
nonapproximative algorithms for computing the similarity
index.

The use of s(·, ·) in validation of microarray data clus-
tering is appealing since the optimal assignment lends it-
self to be employed as a visualization tool. Assume that we
depict the contingency matrix defined by two partitions P
and P′, where P corresponds to the classes in a microarray
dataset already known from medical evidence while P′ con-
tains classes found for the same dataset after running a clus-
tering algorithm. Representing in bold the entries associated
to the optimal assignment will allow the investigator to as-
sess very easily the memberships. The procedure does not re-
quire the number of clusters to be the same in the compared
partitions. Moreover, the number of clusters can be visually
assessed by checking that all entries in the optimal assign-
ment are larger than zero. Examples of such representations
are given in Section 5.2, Tables 2 and 8. When the true state
of the nature is not known, the same graphical representa-
tion can be used for comparing the results of two different
clustering algorithms.

3.3. Similarity indices “corrected for chance”

A similarity index is “corrected for chance” when the expec-
tation of the index takes some constant value (e.g., zero) un-
der an appropriate null model for the contingency table. The
property is discussed in [25], and the following general for-
mula is proposed to correct an index:

Index− Expected Index
Maximum Index− Expected Index

. (4)
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The most popular null model assumes that the r× c con-
tingency table (r ≥ c) is constructed from the generalized
hypergeometric distribution. The main hypothesis is that the
two partitions are mutually independent and subject to the
condition that the cluster sizes are fixed at (α1,α2, . . . ,αr) and
(β1,β2, . . . ,βc), respectively. The αi and βj are the marginal
totals of mij , namely, mi· and m· j , respectively. Then the ex-
pectation of mij is E[mij] = αiβj/N [9, 25]. For example,
correcting the Rand index under this hypothesis leads to the
expression

Adjusted Rand = w1 + w4 −Nc∑4
i=1 wi −Nc

, (5)

where two different formulae were proposed for Nc in [25,
26]. We use in the sequel the notations RandHA and RandMA

for the adjusted index defined in [25], respectively, [26].
We investigate in Appendix B the existence of a lower

bound for the expectation of the similarity index defined by
(3) when the hypothesis of generalized hypergeometric dis-
tribution is verified.

It was already pointed out in [3] that the assumption on
the statistical independence of the two compared clusterings
does not hold for stability methods since the same data are
used to produce both partitions. To gain more insights on
the possibility of using s(·, ·) in practical applications, we
study in Appendix C the asymptotic and finite characteris-
tics of s(·, ·) and compare them with the characteristics of
other similarity indices.

4. USING THE SIMILARITY INDEX s(·, ·) IN
HIERARCHICAL CLUSTER ANALYSIS

The aim of this section is to evaluate experimentally s(·, ·)
when we assume that the “true” structure of the data (the
number of clusters and the membership) is known and com-
pare this partition with the partition obtained at each level of
a HC tree.

It is a well-known fact that the HC does not yield a dis-
crete number of clusters, but rather a hierarchical arrange-
ment between objects. For better understanding of the be-
havior of similarity indices, assume that the “true” struc-
ture of the data is known and compare this partition with
the partition obtained at each level of the HC solution.
This approach was originally used in [27] to compare Rand,
RandHA, RandMA, Fowlkes-Mallows, and Jaccard indices.

We reconsider the experiments described in [27] to eval-
uate the newly introduced index s(·, ·), and for comparison,
we compute also Rand, RandHA, and Jaccard indices. For the
first set of experiments, each generated dataset consists of 50
points uniformly distributed in a hypercube in 4-, 6-, or 8-
dimensional Euclidean space. There is no significant cluster
structure in the data, but a “criterion” solution is assumed:
a hypothetical number of clusters (set at either 2, 3, 4, or
5) and a particular distribution pattern of the points to the
clusters. Three density patterns are used: equal density (ob-
jects are uniformly assigned across the clusters), 10% density

condition (one cluster contains 10% of the total number of
objects, while 90% of objects are uniformly assigned across
the other clusters), and 60% density condition (one cluster
contains 60% of the total number of objects, while 40% of
objects are uniformly assigned across the other clusters). For
example, when the number of clusters is 5 for 10% density,
the points are assigned to the clusters as follows: 5, 11, 11, 11,
12. For each selected number of clusters and for each pattern
distribution, 15 datasets are generated. The HC is performed
by using the single link, the complete link, the group average,
and the Ward method [12]. The computed similarity index
is averaged over the datasets and over the HC methods, and
the mean statistics (with limits at two standard deviation) are
plotted in Figures 1a, 1b, and 1c versus the hierarchy level for
each of the three density conditions. The two-standard devi-
ation limit is omitted for those levels where the values would
be negative or larger than 1.0. The only index for which the
mean plot is flat and close to zero is RandHA. For s(·, ·) and
Jaccard, the computed mean is decreasing when the number
of clusters in HC is increasing. Rand takes values larger than
the other indices, and the mean is increasing slowly when
the number of clusters in HC is increasing. For s(·, ·) and
Jaccard, the variance is larger when the partition contains a
small cluster; in the same situation, we observe a serious in-
crease in the variance of Rand.

In the second set of experiments, the test data are gener-
ated according to the algorithm described in [28]; the clus-
ters contained in the data are separated in the variable space
and are internally cohesive. It was observed that the mean of
similarity indices is close to 1.0 when the number of clus-
ters in HC solution is equal to the true number of clusters
for all considered structures. We plot in Figure 1d the mean
statistics for the similarity indices in the case of 60% density
condition for four clusters.

All plots in Figure 1 for Rand, RandHA, and Jaccard are
very close to similar plots in [27]. The new index s(·, ·) has
almost the same performance pattern as Jaccard; generally,
the variance of s(·, ·) is smaller than the variance of Jaccard
index, while the mean is larger. Extending the conclusions
from [27], we can observe that a value larger than 0.9 for the
Rand, 0.7 for the Jaccard, and 0.8 for s(·, ·) is likely to reflect
the recovery of some part of the true structure.

For all structured datasets, the clusters contained in the
data have been crafted to be disjointed, separated in the vari-
able space, and internally cohesive. Relying on these prop-
erties to obtain grouping in k clusters (2 ≤ k ≤ kmax), we
choose the clusters at kth depth in the dendrogram. In mi-
croarray cluster analysis, the datasets contain outliers which
do not belong to any group. Consequently, the dendrogram
resulting after running a certain HC algorithm could have at
kth depth a singleton (a cluster containing only an outlier).
In that case, we move down the HC tree until k distinct clus-
ters are identified, each of them containing at least two ob-
jects. It was shown in [29] that the similarity with the true
partition is larger when considering the k distinct clusters
(and ignoring the outliers) than simply taking all clusters at
kth depth in the dendrogram. Since we aim to identify struc-
tures in data, we prefer an algorithm which can accurately
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Figure 1: Mean of the similarity indices versus the number of clusters (solid line) with limits at two-standard deviation (dotted line). (a)
The equal density condition when no structure exists in the data. (b) The 10% density condition when no structure exists in the data. (c)
The 60% density condition when no structure exists in the data. (d) The 60% density condition when data contains four distinct clusters
The x-axes denote the number of clusters while the y-axes denote the similarity index value.

estimate K̂ relying on a subset of the original dataset instead
of one that clusters all objects with an increased risk of mis-
classification.

5. STABILITY-BASED METHOD FOR ESTIMATING
THE NUMBER OF CLUSTERS

First, we briefly revisit the algorithm introduced in [5] when
the dataset contains N points embedded in p-dimensional
space. Assume that the maximum number of clusters is kmax,
and for each allowable value of k, except the trivial case (k =
1), select from the data two subsets such that each of them
contains f = 80% of the original samples. Use the average-
link HC algorithm [12] to cluster every subset in k nonsin-

gleton groups, and then compute the Fowlkes-Mallows sim-
ilarity index [9] on the intersection of subsets. The number
of pairs of solutions compared for each k is Nt = 100. It was
pointed out in [5] that the histogram of similarity indices is
concentrated near one only for values of k smaller than or
equal to the “true” number of clusters. Relying on this obser-
vation, the number of clusters has been visually evaluated by
inspecting the plot of the empirical cumulative distribution
function of similarity index. We extend the algorithm from
[5] for any similarity index and any HC algorithm.

In the rest of the section, we introduce and analyze the
method for automatic selection of the number of clusters.
Let smk,t be the value of the similarity index for the tth pair of
solutions compared under the hypothesis of k nonsingleton
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clusters. For a given k, we are interested in the histogram ob-
tained from the values smk,1, smk,2, . . . , smk,Nt . A good indica-
tor for the location of the histogram is the mean of the values,
but since the median is more robust to the presence of out-
liers, we compute

mk � median
(
smk,1, smk,2, . . . , smk,Nt

)
. (6)

We decide that there is no significant structure in the ana-
lyzed data (K̂ = 1) if

max
2≤k≤kmax

mk < Th, (7)

where Th depends on the similarity index and the HC al-
gorithm. The threshold Th is determined under a suitable
null hypothesis: the uniformity hypothesis states that the data
are sampled from a uniform distribution in p-dimensional
space, while under the unimodality hypothesis, the data are
thought to be random sample from a multivariate normal
distribution [3]. We use in the sequel the uniformity hypoth-
esis for the null case.

When max2≤k≤kmax mk ≥ Th, let ν : {2, 3, . . . , kmax} →
{2, 3, . . . , kmax} be a permutation such that mν(2),mν(3), . . . ,
mν(kmax) are the elements of the set {m2,m3, . . . ,mkmax}, de-
creasingly ordered. Calculate

i∗ � arg max
i

(
mν(i) −mν(i+1)

)
, (8)

which is a “border” between values of k yielding stable,
respectively, unstable clustering. The estimated number of
clusters is given by the maximum value of k for which
the resulting clustering is still stable, or equivalently K̂ =
max(ν(2), ν(3), . . . , ν(i∗)).

The improvement proposed for the algorithm described
in [5] leads to an automatic procedure for estimating K̂ with-
out resorting to any heuristic method. The accuracy of the
new algorithm is tested next using artificial and microarray
data.

5.1. Performance evaluation with simulated data

We investigate the performances of the algorithm by using
artificially generated data for which the true state of the na-
ture is known. The experiments are intended for studying the
influence of the HC algorithm and the similarity index on the
accuracy of estimation. In [3, 5], the use of Fowlkes-Mallows
similarity index is recommended. Due to this reason, we re-
port estimation results when applying it in conjunction with
group-average, complete-linkage, Ward’s method, centroid,
and single-linkage clustering, while for other considered in-
dices, the comparisons are restricted to three clustering algo-
rithms. A complete description of the clustering algorithms
could be found in [10, 12]. In all cases, the distance be-
tween two clustered objects is taken to be the Euclidean dis-
tance.

The artificial data are generated according to Models 1–8
introduced in [3]: Model 1 obeys the uniformity hypothesis

and Models 2–8 assume the presence of various number of
clusters. For each model, Nd = 50 datasets are simulated, and
the results are reported in Tables 3, 4, and 5, where kmax = 7
is assumed. In Tables 3, 4, and 5, the maximum of the distri-
bution for K̂ over Nd = 50 estimations is represented in bold
for each method. For every dataset, the number of pairs of
solutions compared for each k (2 ≤ k ≤ kmax) is Nt = 100.
We note that for Models 1–8, the number of samples in every
dataset varies between 100 and 200 [3] and during the sub-
sampling process we select from the data two subsets such
that each of them contains f = 80% of original samples.

For each model, the best solution corresponds to the
method having the highest percentage of simulations for
which the number of clusters is correctly recovered and is
marked with an arrow (⇐) in Tables 3, 4, and 5. The only
clustering algorithms that lead to good results are complete-
linkage and Ward’s method; the former gives 4 and the
latter 8 “best solutions.” The group-average clustering is
recommended in [5, 6], but we remark the modest perfor-
mances of the algorithm for the actual tests. Only one sim-
ilarity index “corrected for chance” is considered in these
experiments, namely, RandHA. Unsurprisingly, RandHA dis-
tinguishes very well between structured and unstructured
datasets; when applied in conjunction with complete-linkage
or Ward’s method, it identifies the lack of structure for all
files generated according to Model 1 (K = 1) and for the files
associated to Models 2–8, the estimated K̂ is always larger
than 1. When the HC is based on group-average and the sim-
ilarity index is RandHA, five false positive results are reported
(K̂ > 1 five times for Model 1), respectively, five false nega-
tive results (K̂ = 1 five times for Model 7). The values of the
threshold Th used in (7) to decide for the Models 1–8 if there
is no significant structure in the analyzed dataset (K̂ = 1) are
given in Table 6.

For structured Models 2–8, the best solution is associ-
ated only once to the algorithm which measures the simi-
larity with RandHA, and this occurs for Model 5 (Table 4).
Comparing the performances of various similarity indices
over all models, we observe that s(·, ·) leads to the best so-
lution five times (Models 1, 2, 3, 6, 8), Jaccard three times
(Models 1, 4, 7), RandHA three times (Models 1, 5), while
Fowlkes-Mallows only once (Model 1). We remark that the
newly introduced index s(·, ·) is best ranked. When cluster-
ing is done by group-average, measuring the similarity with
Fowlkes-Mallows index leads to poor results.

We dub sw, the stability-based method, for estimating the
number of clusters when Ward’s algorithm is used in con-
junction with s(·, ·) and compare it, for the Models 1–8, with
seven methods analyzed in [3]: prediction-based resampling
clest, gap and gapPC [20], sil [10], ch [19], kl [17], and hart
[18]. A description for all seven methods can be found in [3].
The bar plots in Figure 2 represent the percentage of simu-
lations for which the number of clusters was correctly esti-
mated by each considered method according to Tables 3, 4,
and 5, respectively [3, Table 3]. By their design, sil, ch, and
kl cannot detect the lack of structure, so for these methods,
K̂ ≥ 2. The plots in Figure 2 show that excepting sw and clest,
all methods fail to estimate the number of clusters for at least
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Table 3: Estimated number of clusters in simulated data. Results for the Models 1, 2, 3.

Similarity index Hierarchical clustering method Number of clusters

Model 1 (1 cluster in 10 dimensions)

1∗ 2 3 4 5 6 7

s(·, ·)
Group-average 21 12 16 1 0 0 0

Complete-linkage 44 6 0 0 0 0 0

Ward’s method 50 0 0 0 0 0 0 ⇐

Jaccard
Group-average 16 23 10 1 0 0 0

Complete-linkage 45 5 0 0 0 0 0

Ward’s method 50 0 0 0 0 0 0 ⇐

Fowlkes-Mallows

Group-average 15 17 16 2 0 0 0

Complete-linkage 44 6 0 0 0 0 0

Ward’s method 50 0 0 0 0 0 0 ⇐
Centroid method 0 14 7 7 11 11 0

Single-linkage 19 7 2 9 5 8 0

RandHA

Group-average 45 4 1 0 0 0 0

Complete-linkage 50 0 0 0 0 0 0 ⇐
Ward’s method 50 0 0 0 0 0 0 ⇐

Model 2 (3 clusters in 2 dimensions)

1 2 3∗ 4 5 6 7

s(·, ·)
Group-average 0 1 13 21 14 0 1

Complete-linkage 0 0 38 10 2 0 0 ⇐
Ward’s method 0 0 25 19 5 1 0

Jaccard
Group-average 0 1 13 20 13 2 1

Complete-linkage 0 0 35 9 6 0 0

Ward’s method 0 2 35 11 1 1 0

Fowlkes-Mallows

Group-average 0 1 11 20 15 2 1

Complete-linkage 0 0 31 10 7 1 1

Ward’s method 0 1 34 13 1 1 0

Centroid method 0 0 12 14 15 9 0

Single-linkage 3 4 14 9 7 5 8

RandHA

Group-average 0 0 15 20 13 1 1

Complete-linkage 0 0 34 9 5 0 2

Ward’s method 0 1 35 12 1 1 0

Model 3 (4 clusters in 10 dimensions, 7 noise variables)

1 2 3 4∗ 5 6 7

s(·, ·)
Group-average 0 2 7 17 10 14 0

Complete-linkage 0 1 10 21 12 6 0

Ward’s method 0 1 4 39 5 1 0 ⇐

Jaccard
Group-average 0 4 13 15 9 9 0

Complete-linkage 0 1 14 15 10 10 0

Ward’s method 0 2 9 35 4 0 0

Fowlkes-Mallows

Group-average 0 4 13 12 10 11 0

Complete-linkage 0 1 12 13 12 12 0

Ward’s method 0 2 7 33 6 2 0

Centroid method 0 3 10 11 14 10 2

Single-linkage 0 4 4 10 14 8 10

RandHA

Group-average 0 4 13 16 9 8 0

Complete-linkage 0 1 12 14 11 12 0

Ward’s method 0 2 9 30 5 2 2
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Table 4: Estimated number of clusters in simulated data. Results for the Models 4, 5, 6.

Similarity index Hierarchical clustering method Number of clusters

Model 4 (4 clusters in 10 dimensions)

1 2 3 4∗ 5 6 7

s(·, ·)
Group-average 0 0 1 23 12 12 2

Complete-linkage 0 0 0 34 12 4 0

Ward’s method 0 0 0 36 14 0 0

Jaccard
Group-average 0 2 4 20 8 12 4

Complete-linkage 0 0 3 24 15 7 1

Ward’s method 0 0 0 41 8 1 0 ⇐

Fowlkes-Mallows

Group-average 0 2 4 18 8 14 4

Complete-linkage 0 0 3 10 20 14 3

Ward’s method 0 0 0 31 16 2 1

Centroid method 0 2 2 19 14 7 6

Single-linkage 2 0 3 14 11 6 14

RandHA

Group-average 0 2 4 17 10 13 4

Complete-linkage 0 0 3 14 16 10 7

Ward’s method 0 1 0 33 12 2 2

Model 5 (2 elongated clusters in 3 dimensions)

1 2∗ 3 4 5 6 7

s(·, ·)
Group-average 0 17 5 6 2 7 13

Complete-linkage 0 26 10 11 0 1 2

Ward’s method 0 17 4 7 5 7 10

Jaccard
Group-average 0 24 15 3 2 4 2

Complete-linkage 0 27 21 2 0 0 0

Ward’s method 0 26 14 4 3 1 2

Fowlkes-Mallows

Group-average 0 21 12 6 2 6 3

Complete-linkage 0 22 26 2 0 0 0

Ward’s method 0 21 16 5 4 2 2

Centroid method 0 20 13 6 3 5 3

Single-linkage 0 10 15 10 7 7 1

RandHA

Group-average 0 20 13 2 2 3 10

Complete-linkage 0 33 15 2 0 0 0 ⇐
Ward’s method 0 25 14 3 2 1 5

Model 6 (2 elongated clusters in 10 dimensions, 7 noise variables)

1 2∗ 3 4 5 6 7

s(·, ·)
Group-average 1 12 10 7 5 4 11

Complete-linkage 3 47 0 0 0 0 0 ⇐
Ward’s method 0 42 6 2 0 0 0

Jaccard
Group-average 0 14 7 9 5 3 12

Complete-linkage 4 46 0 0 0 0 0

Ward’s method 0 42 6 1 1 0 0

Fowlkes-Mallows

Group-average 0 12 7 9 6 4 12

Complete-linkage 4 45 1 0 0 0 0

Ward’s method 0 39 9 1 1 0 0

Centroid method 0 14 9 6 10 11 0

Single-linkage 3 12 7 1 5 15 7

RandHA

Group-average 0 1 0 0 1 1 47

Complete-linkage 0 0 0 0 0 0 50

Ward’s method 0 35 7 1 0 0 7
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Table 5: Estimated number of clusters in simulated data. Results for the Models 7 and 8.

Similarity index Hierarchical clustering method Number of clusters

Model 7 (2 overlapping clusters in 10 dimensions, 9 noise variables)

1 2∗ 3 4 5 6 7

s(·, ·)
Group-average 15 13 15 7 0 0 0

Complete-linkage 2 43 5 0 0 0 0

Ward’s method 0 47 3 0 0 0 0

Jaccard
Group-average 14 13 18 5 0 0 0

Complete-linkage 2 46 2 0 0 0 0

Ward’s method 0 48 2 0 0 0 0 ⇐

Fowlkes-Mallows

Group-average 13 12 17 7 1 0 0

Complete-linkage 2 46 2 0 0 0 0

Ward’s method 0 47 3 0 0 0 0

Centroid method 6 16 8 6 5 4 5

Single-linkage 19 13 0 1 1 5 11

RandHA

Group-average 5 5 3 1 0 0 36

Complete-linkage 0 5 3 0 1 0 41

Ward’s method 0 32 3 0 0 0 15

Model 8 (3 overlapping clusters in 13 dimensions, 10 noise variables)

1 2 3∗ 4 5 6 7

s(·, ·)
Group-average 10 6 7 3 2 0 22

Complete-linkage 0 39 10 1 0 0 0

Ward’s method 0 0 38 11 1 0 0 ⇐

Jaccard
Group-average 21 10 7 3 1 0 8

Complete-linkage 0 37 6 1 5 1 0

Ward’s method 0 10 31 8 1 0 0

Fowlkes-Mallows

Group-average 19 10 8 3 1 0 9

Complete-linkage 0 35 6 2 6 1 0

Ward’s method 0 7 27 13 3 0 0

Centroid method 38 4 1 1 2 2 2

Single-linkage 4 7 3 1 1 0 34

RandHA

Group-average 0 7 7 2 1 0 33

Complete-linkage 0 16 6 9 4 6 9

Ward’s method 0 6 25 10 3 0 6

Table 6: The threshold Th used in (7) to decide for the Models 1–8 if there is no significant structure in the analyzed dataset (K̂ = 1).
Remark that the value of Th depends on the HC algorithm and the similarity index.

s(·, ·) Jaccard Fowlkes-Mallows RandHA

Group-average 0.9350 0.8600 0.9220 0.3750

Complete-linkage 0.6260 0.4285 0.6040 0.1938

Ward’s method 0.7234 0.4532 0.6255 0.3156

Centroid — — 0.9620 —

Single-linkage — — 0.9750 —

one model: gap for Models 5 and 6, gapPC for Model 6, sil
for Model 8, ch for Models 5 and 8, while hart for Models 1,
2, 5, and 6. Since hart fails in four models out of eight, it is
concluded in [3] that it performs the worst; kl does not really

fail in any model, but the results are poor for Models 6–8. In
all these cases the percentage of correct estimation is lower
than 40%. The methods sw and clest prove to be robust; the
worst result of sw occurs in Model 5, while the worst result of
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Figure 2: Models 1–8: bar plots representing the percentage of simulations for which the number of clusters is correctly estimated by each
method.

clest occurs in Model 7. We emphasize the excellent results of
sw in finding the two overlapping clusters of Model 7; clest,
gap, and gapPC are not able to distinguish between one and
two clusters and kl overestimates the number of clusters. The
behavior of sw in Model 2 is surprisingly bad; it is peculiar for
Model 2 that the true number of clusters, three, exceeds the
dimension of variable space, two. Our interest is on cluster-
ing samples from microarray data when N samples (objects)
are observed, and each object is associated with a vector of
p attributes. Generally, p exceeds by far N , so the number of
clusters K is much smaller than the variable space dimension
p.

To have a complete picture on the performances of sw al-
gorithm, we list in a decreasing order the percentage of sim-
ulations for which the number of clusters is correctly esti-
mated by sw for every considered model: 100% (Model 1),
94% (Model 7), 84% (Model 6), 78% (Model 3), 76% (Model
8), 72% (Model 4), 50% (Model 2), and 34% (Model 5).
The algorithm identifies successfully the lack of structure for
Model 1, and for other five structured models, the percentage
of correct estimation is larger than 70% which recommends
the use of sw for a wide family of input data distributions,
even if some variables are noisy.

5.2. Clustering the Leukemia dataset

The Leukemia dataset consists of 6817 human genes mea-
sured for 72 patients: 47 cases of ALL (38 B-cell ALL and
9 T-cell ALL) and 25 cases of AML. After applying the pre-
processing steps described in [3], the measurements for some
genes are discarded, and the data are summarized by N = 72
vectors in p-dimensional space where p = 3571. The re-
sults reported in the sequel are obtained without applying
any normalization procedure to the data.

We compare the three clusters found by complete-linkage
and use all the 3571 genes with the true clusters by display-
ing in Table 2 the contingency table. We gain more insights
by computing the optimal assignment, A = 26 + 0 + 15 =
41, according to the definition introduced in Section 3.1.
Theorem 1 claims that for inducing identical partitions, we
have to remove 31 objects from the dataset, namely, all those
objects not associated with any selected entries of the opti-
mal assignment. Since the entry associated to the optimal
assignment in the second row has the value zero, the iden-
tical induced partitions contain two clusters. This shows that
complete-linkage HC amalgamates in C1 almost all ALL T-
cell samples with many ALL B-cell samples, and some AML
samples, while in C2 ALL B-cell samples are grouped with
AML samples.

This inability to correctly group the data leads to the
conclusion that clustering based on measurements from
all genes produces modest results. Therefore we resort to
a simple unsupervised feature selection method which was
also used in [3]: only 100 genes (out of 3571) having the
largest variance across tumor samples are employed for clus-
tering. We restrict our investigations to three HC algo-
rithms (group-average, complete-linkage, Ward’s method),
respectively, three similarity indices (s(·, ·), Jaccard, Fowlkes-
Mallows), and apply the proposed algorithm when the newly
defined space dimension is p = 100.

From the dataset consisting ofN = 72 vectors with length
p = 100, we select randomly two subsets such that each of
them contains 80% of the samples. Then we run the cho-
sen HC algorithm for both subsets and measure the cluster-
ing agreement for the samples belonging to the intersection
of the subsets. For every hypothesized number of clusters
k ∈ {2, 3, . . . , kmax}, the clustering agreement is measured by
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Table 7: The estimated number of clusters for Leukemia dataset when measurements from p = 100 genes having the largest variance across
tumor samples are used. The hypothesized number of clusters varies between 1 and 10. We represent in bold the maximum value over a row.

Hierarchical clustering method Similarity index
Number of clusters

1 2 3∗ 4 5 6 7 8 9 10

Group-average
s(·, ·) 0 3 56 40 0 0 0 184 17 0

Jaccard 0 0 0 0 0 0 0 290 10 0

Fowlkes-Mallows 0 0 0 0 0 0 0 282 18 0

Complete-linkage
s(·, ·) 0 75 212 12 1 0 0 0 0 0

Jaccard 0 36 56 188 20 0 0 0 0 0

Fowlkes-Mallows 0 17 31 207 37 8 0 0 0 0

Ward’s method

s(·, ·) 0 0 176 118 6 0 0 0 0 0

Jaccard 0 0 95 202 3 0 0 0 0 0

Fowlkes-Mallows 0 0 59 233 8 0 0 0 0 0

calculating the value of the selected similarity index sm. Re-
peating the procedure Nt = 30000 times, we obtain for every
similarity index sm and for every allowed value of k, a large
set �k � {smk,1, smk,2, . . . , smk,Nt}.

The histogram drawn for each k from the correspond-
ing set �k plays the key role in the automatic estimation
method introduced at the beginning of Section 5. To im-
prove the accuracy, we base the estimation on several his-
tograms for every k. This is performed by splitting each
set �k into Nb = 300 non-overlapping blocks and draw-
ing a different histogram for every block. Observe that
the length of a block is N� = 100. More precisely, we
can write �k = �k,1

⋃
�k,2

⋃ · · ·⋃�k,Nb , where �k,i =
{smk,(i−1)×N�+1, . . . , smk,i×N�} for 1 ≤ i ≤ Nb. Applying the
newly introduced method, we estimate the number of clus-
ters, which is assumed to lie between 1 and kmax, using only
the blocks �2,1, �3,1, . . . , �kmax,1. This is done by computing
mk = median(�k,1) for 2 ≤ k ≤ kmax and then applying (7)
and (8). Similarly, we obtain another estimation from the
blocks �2,2, �3,2, . . . , �kmax,2. Continuing the procedure, Nb

estimations of the number of clusters are resulting for ev-
ery pair (clustering method, similarity index). For the case
kmax = 10, we show in Table 7 the distributions of estimated
number of clusters when various similarity indices and HC
algorithms are applied. For each distribution, we decide that
K̂ is the value corresponding to the maximum number of oc-
currences (represented in bold).

According to the existing biological knowledge, the num-
ber of clusters for Leukemia dataset is three. Following the
procedure described above, we obtain from Table 7 that K̂ =
3 only when complete-linkage, respectively, Ward’s method
are used in conjunction with the new similarity index s(·, ·).
Recall that for the simulated data, only complete-linkage and
Ward’s method have produced good results. For Leukemia
dataset, when these two HC algorithms are applied in combi-
nation with Jaccard or Fowlkes-Mallows index, the estimated
number of clusters is K̂ = 4. A possible explanation for K̂ = 4
relies on the remark, from [7], that ALL B-lineage type sam-
ples can be further split into two clusters. Surprisingly, the
group-average is leading to K̂ = 8, which is hard to be given

a plausible biological interpretation. The experiments with
Leukemia dataset reconfirm that the estimated number of
clusters K̂ depends strongly on the HC algorithm and on
the similarity index. The newly introduced index s(·, ·) is the
only one that leads to correct estimations.

We further investigate how various HC algorithms clus-
ter the 72 × 100 Leukemia dataset in classes when Euclidian
distance is used to measure the distance between objects. We
show in Table 8 the contingency tables when the true parti-
tion is compared with partitions produced by clustering algo-
rithms for K̂ ∈ {3, 4, 8}. In each case, we measure the degree
of agreement between the compared partitions by computing
the optimal assignment (A∗) as defined in Section 3.1: the
larger the value of A∗, the better the degree of agreement.
Remark that only the entries of the contingency matrix as-
sociated with the optimal assignment (bold represented in
Table 8) correspond to samples reliably clustered. The values
of A∗ reported in Table 8 vary between 45 (group-average)
and 53 (complete-linkage), or equivalently, the proportion
of reliably clustered samples varies between 63% and 74%.

As expected, A∗ declines when the estimated number of
clusters K̂ is larger than three. For K̂ = 3, the complete-
linkage method clusters properly 30 samples from ALL B-
cell class, 8 samples from ALL T-cell class, and 15 samples
from AML class. When K̂ raises from 3 to 4, only the num-
ber of samples from AML class, well classified by complete-
linkage method, changes; namely, it decreases from 15 to 12.
For K̂ ∈ {3, 4}, the number of ALL B-cell samples correctly
grouped by Ward’s method is 28, and 14 AML samples are
also well classified. In the case of Ward’s method, the num-
ber of correctly grouped ALL T-cell samples drops from 8 to
6 when K̂ increases from 3 to 4. It is obvious that the smallest
A∗ is obtained for group-average for which K̂ = 8; remark in
this case that 8 ALL T-cell samples are assigned to the same
group.

The importance of feature selection is revealed when
comparing the results reported, in Tables 2 and 8, for K̂ = 3.
Using the measurements of only variance-based selected 100
genes improves significantly the clustering. The issue of fea-
ture selection for stability-based algorithms is addressed in
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Table 8: The contingency tables for the Leukemia dataset: the true partition given by a priori knowledge on the type of disease for each
patient is compared with partitions produced by HC algorithms when K̂ ∈ {3, 4, 8}. Only 100 genes having the largest variance across tumor
samples are used for clustering. For each contingency table, the entries associated to the optimal assignment are represented in bold.

Hierarchical clustering method Cluster ALL B-cell ALL T-cell AML A∗

Group-average K̂ = 8

C1 3 0 11

45

C2 1 1 3

C3 26 0 5

C4 3 0 2

C5 2 0 0

C6 1 0 3

C7 1 0 0

C8 1 8 1

Complete-linkage K̂ = 3

C1 30 0 8

C2 3 8 2 53

C3 5 1 15

Complete-linkage K̂ = 4

C1 5 1 12

50
C2 0 0 3

C3 30 0 8

C4 3 8 2

Ward’s method K̂ = 3

C1 28 0 7

C2 5 8 4 50

C3 5 1 14

Ward’s method K̂ = 4

C1 5 2 4

48
C2 0 6 0

C3 28 0 7

C4 5 1 14

[30], and also a special form, namely, leading principal com-
ponents selection is investigated in [6]. In this paper, we fo-
cus on the choice of the HC algorithm, respectively, the simi-
larity index, and we refer for the feature selection problem to
the rich literature on this topic.

6. CONCLUSION

In this study, we present a stability-based method applied for
the estimation of the number of clusters in microarray data.
To gain insights into the choice of the similarity index and
HC algorithm, a careful study on simulated and real data is
performed.

A new similarity index s(·, ·) is introduced, and its ca-
pabilities are evaluated against other well-known similarity
indices, based on a benchmark originally proposed in [21].
In this framework, s(P,P′) takes small values when partition
P′ is obtained from partition P after severe modifications,
which recommends the use of s(·, ·) in practical applications.
The index s(·, ·) is further evaluated in standard experimen-
tal conditions when measuring the agreement between the
true partition and the partition obtained at each level of an
HC solution. We draw the conclusion that a value of 0.8 for
s(·, ·) is likely to reflect the recovery of some part of the true
structure. Moreover, since microarray data are noisy, when
necessary to obtain grouping in k clusters, we do not choose

automatically the clusters at kth depth in the dendrogram,
but move down the hierarchical tree until k nonsingleton
clusters are identified.

We note the superiority of s(·, ·) and Jaccard when com-
pared to Fowlkes-Mallows index. In experiments with sim-
ulated data, the use of s(·, ·) was leading to the highest per-
centage of recovering the true number of clusters five times,
while Jaccard index three times and Fowlkes-Mallows index
only once. Also for the Leukemia dataset, s(·, ·) is the only
index which leads to the correct estimation of the number of
clusters (K̂ = 3). We emphasize that the definition of s(·, ·)
relies on optimal assignment, which is the core of a visualiza-
tion tool newly proposed in this paper for the interpretation
of microarray data clustering.

The good performances of complete-linkage algorithm
and Ward’s method, observed in Section 5.1 for artificial
data, have been reconfirmed for Leukemia data. Even when
basing the clustering only on 100 selected genes, the results in
Table 8 show the presence of misclassified samples for K̂ = 3.
A major drawback of agglomerative HC was already pointed
out in [12]: the fusions once made are irrevocable, so when
an algorithm has joined two individuals, they cannot sub-
sequently be separated. A similar drawback occurs for divi-
sive HC algorithms, while partition methods can reconsider,
at every stage of clustering, to which group to assign an ob-
ject [12]. We conclude that agglomerative HC algorithms like
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complete-linkage or Ward’s method are well suited to be used
with the newly introduced method for the estimation of the
number of clusters. The resulting method will offer reliable
estimates for K and at the same time will be very fast since the
HC is computationally efficient; the same tree can be used for
all values of k ∈ {2, 3, . . . , kmax} by looking at different levels
of the tree each time. Once K is estimated, partition meth-
ods can be further employed for assigning the objects to the
clusters.

APPENDICES

A. PROOFS OF PROPOSITIONS

Proof of Proposition 1. It results from the definition that
D(P,P′) = D(P′,P) ≥ 0 for each pair of partitions (P,P′),
while D(P,P′) = 0 if and only if P and P′ are identical. It
remains to verify the triangle inequality. Consider three par-
titions P, P′ and P′′ of the objects in T . Let U (and V) de-
note the minimal subset of T which must be removed such
that the induced partitions on P and P′ (resp., on P′ and
P′′) are identical. Removing U

⋃
V from T induces identical

partitions on P, P′, and P′′, which leads to the chain of in-
equalities and equalities: D(P,P′′) ≤ |U⋃V | ≤ |U|+ |V | =
D(P,P′) + D(P′,P′′).

Proof of Proposition 2. Since all entries of M are nonnegative
integers and their sum is N > 0, there exist at least one entry
mij such that mij > 0. This leads to A(P,P′) ≥ 1 which is
equivalent to D(P,P′) ≤ N − 1. When P = {P1,P2, . . . ,PN}
with |P1| = |P2| = · · · = |PN | = 1 and P′ = {T}, the
matrix M reduces to a column vector having only ones as en-
tries, which implies that D(P,P′) = N − 1. Conversely, when
D(P,P′) = N − 1 and |P| = r ≥ c = |P′|, let mij = 1 be the
only entry of M which is considered in the computation of
the optimal assignment A(P,P′) = N − D(P,P′) = 1. Since
no entry of the columns with indexes different of j is con-
sidered in A(P,P′), it follows that all the columns contain
only zeros, so, M is essentially a column vector. Because this
column vector does not have any entry larger than one, the
partition P′ consists of a single cluster and the partition P
consists only of clusters containing single-objects.

B. A LOWER BOUND FOR E[s(·, ·)] UNDER
THE HYPOTHESIS OF GENERALIZED
HYPERGEOMETRIC DISTRIBUTION

Proposition B.1. Under the assumption of fixed margins mi·
and m· j , and random allocation of matching counts to mij ,

E
[
s(P,P′)

] ≥ 1
N − 1

(∑c
i=1 α(i)β(i)

N
− 1

)

≥ 1
N − 1

(∑c
i=1 α(i)

c
− 1

)
,

(B.1)

where α(1),α(2), . . . ,α(r) and β(1),β(2), . . . ,β(c) are the elements
of the set {α1,α2, . . . ,αr}, respectively, the set {β1,β2, . . . ,βc}
decreasingly ordered.

Proof. Consider the particular assignment value a(P,P′) �∑c
i=1 m(i),(i). By definition, A(P,P′) ≥ a(P,P′), and con-

sequently, E[A(P,P′)] ≥ E[a(P,P′)]. This observation, to-
gether with definition (3) and E[a(P,P′)] = ∑c

i=1 α(i)β(i)/N ,
proves the first inequality in (B.1). The second inequality re-
sults from the Chebyshev inequality [31] applied for the se-
quences (α(1),α(2), . . . ,α(c)) and (β(1),β(2), . . . ,β(c)); we also
used the identity

∑c
i=1 β(i) = N . Note that the equality oc-

curs if and only if α(1) = α(2) = · · · = α(c) or β(1) = β(2) =
· · · = β(c).

Corollary B.1. (a) When r > c, the maximum value of the
lower bound,

max
α1,α2,...,αr

1
N − 1

(∑c
i=1 α(i)

c
− 1

)
= 1

c

N − r

N − 1
, (B.2)

is achieved whenever α(c+1) = α(c+2) = · · · = α(r) = 1.
(b) When r = c, the expression of the lower bound becomes

(1/(N − 1))(N/c − 1).

C. ASYMPTOTIC AND FINITE SAMPLE
CHARACTERISTICS FOR THE SIMILARITY INDICES

We illustrate the computation of s(P,P′) by considering
an example from [21]: two partitions of six objects, P =
{{x1, x2, x3}, {x4, x5, x6}} and P′ = {{x1, x2}, {x3, x4, x5},
{x6}}. Elementary calculations lead to s(P,P′) = 0.6 which is
equal to the Rand index value reported in [21]. The same ex-
ample was used in [25] to compare RandHA, which takes the
value 2/17 ≈ 0.1176, with RandMA = 1/3 ≈ 0.3333. For this
particular case, s(·, ·) and Rand index take the same value
which is larger than the adjusted forms of Rand. We consider
in this section more comparisons of the newly introduced
index with Rand, RandHA, RandMA, Jaccard, and Fowlkes-
Mallows indices.

To study the finite and asymptotic characteristics, assume
that the original data partition P consists of K clusters with n
objects each; ten cases when P′ is obtained from P after vari-
ous simple and major modifications are considered. This ap-
proach was firstly proposed in [21] to establish some formal
properties of Rand index and further used in [9] when eval-
uating the performances of the Fowlkes-Mallows index. The
expressions of Rand, RandMA, Jaccard, and Fowlkes-Mallows
indices for all the ten cases are given in [23]. We compute
in Table C.1 the close forms for the partition distance and
the index s(P,P′) when P′ is obtained by modifying P as de-
scribed in [21].

We compute also the asymptotics when the number of
objects in each cluster increases without bound (n → ∞),
while the number of clusters is fixed (K fixed). We observe
from the fourth column in Table C.1 that the index asymp-
totics for the fourth and fifth scenarios are equal to 1.0, which
is also true for all similarity indices analyzed in [23]. As
it was already pointed out in [23], this is reasonable since
P and P′ are different in, at most, K points; differences of
this magnitude are not very serious if an infinite number
of the other points are clustered identically by P and P′.
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Table C.1: Expressions for the partition distance D(·, ·) and the index s(·, ·) between two similar partitions, given an initial partition P
which has K clusters of n objects each.

P′ is a simple modification of the original partition P

Modification of P D(P,P′) s(P,P′)
limn→∞ s(P,P′) limn→∞ s(P,P′)

K fixed K = λn

Two clusters joined n
n(K − 1)− 1

nK − 1
K − 1
K

1.0

One cluster splits into
two equal parts (n even)

n/2
n(K − 1/2)− 1

nK − 1
K − 1/2

K
1.0

One cluster splits into
single-object clusters

n− 1
n(K − 1)
nK − 1

K − 1
K

1.0

One object taken from each cluster
to form a new cluster of K objects

K
(n− 1)K − 1

nK − 1
1.0 1.0

P′ and P′′ are similar modifications of the original partition P

Differences between P′ and P′′ D(P′,P′′) s(P′,P′′)
limn→∞ s(P′,P′′) limn→∞ s(P′,P′′)

K fixed K = λn

Movement of an object
to different clusters

1
nK − 2
nK − 1

1.0 1.0

Different clusters split into two
equal parts (n even)

n
n(K − 1)− 1

nK − 1
K − 1
K

1.0

Different pairs of clusters
joined

2n
n(K − 2)− 1

nK − 1
K − 2
K

1.0

P′ is a major modification of the original partition P

Modification of P D(P,P′) s(P,P′)
limn→∞ s(P,P′) limn→∞ s(P,P′)

K fixed K = λn

All clusters joined into
one large cluster

n(K − 1)
n− 1
nK − 1

1/K 0.0

All clusters split into
single-object clusters

(n− 1)K
K − 1
nK − 1

0.0 0.0

n clusters are formed with K
objects in each, one object
from each original cluster

nK −min(n,K)
min(n,K)− 1

nK − 1
0.0 0.0

The asymptotic values for s(P,P′) and the Jaccard index co-
incide for seven out of ten evaluated situations, while the
asymptotics of Jaccard index never exceed the asymptotics of
Fowlkes-Mallows index [23]. Comparing the expressions of
Jaccard and Fowlkes-Mallows indices given in Section 3.1, it
is easy to prove that the Jaccard index cannot be larger than
the Fowlkes-Mallows index when both are well defined. We
pay particular attention to the behavior of the similarity in-
dices for the last three scenarios (severe cases). The asymp-
totics for s(P,P′) are 0.0 in the last two cases (identical with
the values of RandMA and Jaccard), which shows the supe-
riority of s(·, ·) when comparing with the Rand index. The
value reported for Rand in [21] in both cases is (K − 1)/K ,
and seems unacceptable since it is too close to 1.0. For the
nineth modification, the Fowlkes-Mallows index is not de-
fined, while for the tenth modification, it is equal to 0.0.
The asymptotic value of s(P,P′) is 1/K when the modifica-
tion is such that all clusters are joined into one large cluster,

and being smaller than 0.5 for any K ≥ 2, it may be con-
sidered acceptable. For that case, Rand and Jaccard are also
equal to 1/K , while Fowlkes-Mallows is larger (1/

√
K) and

RandMA = 0.0.
When K is allowed to increase without bound (K → ∞),

n must also increase without limit, and the solution is to let
K increase as a simple proportion of n (K = λn) [9]. The re-
sults are reported in the last column of Table C.1: only in the
severe cases, the computed value is 0.0, while for other situ-
ations is 1.0. The behavior is identical for RandMA, Jaccard,
and Fowlkes-Mallows indices, while Rand is equal to 1.0 for
the last two severe cases.

Considering an example based on fixed values for n and
K , Table C.2 compares different indices when n = K = 4.
The severity of the modification from the true clustering is
ranked as in [23], where Rand, RandMA, Fowlkes-Mallows
and Jaccard similarity measures have been compared for n =
K = 4. Rand takes values close to one in many cases, while
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Table C.2: Six criteria measures computed for two similar partitions, given an initial partition which has K = 4 clusters with n = 4 objects
each (the largest and second largest values are framed).

Modification of true clustering Rand RandHA RandMA Fowlkes Mallows Jaccard s(·, ·)
Two clusters joined (Serious) 0.8667 0.6667 0.7143 0.7746 0.6000 0.7333

One cluster splits into two equal parts
(Not Serious)

0.9667 0.8889 0.9130 0.9129 0.8333 0.8667

One cluster splits into single-object
clusters (Slight Severity)

0.9500 0.8276 0.8667 0.8660 0.7500 0.8000

One object taken from each cluster to form
a new cluster of k objects (Serious)

0.8500 0.4828 0.6000 0.5774 0.4000 0.7333

Movement of an object to different
clusters (Not Serious)

0.9333 0.7979 0.8367 0.8400 0.7241 0.9333

Different clusters split into two
equal parts (Slight)

0.9333 0.7600 0.8171 0.8000 0.6667 0.7333

Different pairs of clusters joined (Serious) 0.7333 0.4000 0.4667 0.6000 0.4286 0.4667

All clusters joined into one large cluster
(Severe)

0.2000 0.0000 0.0000 0.4472 0.2000 0.2000

All clusters split into single-object clusters
(Severe)

0.8000 0.0000 0.3333 undefined 0.0000 0.2000

n clusters are formed with k objects in each,
one object from each original cluster (Severe)

0.6000 −0.2500 0.0000 0.0000 0.0000 0.2000

the indices “corrected for chance” (RandHA and RandMA)
have always smaller values. We observe that in all cases,
RandHA is smaller than RandMA. The value of RandHA in
the last row of the table is negative. In general, RandHA takes
values between −1 and 1, but negative values of the index
have no substantive use [25]. When the compared parti-
tions are chosen as described in the last row of Table C.2,
for any n = K ≥ 2, the contingency table is an n × n ma-
trix with all entries equal to one. Simple calculations show
that RandHA = −1/n < 0, which leads to RandHA = −0.25
for n = 4. When n (and implicitly K) is allowed to increase
without bound, RandHA has the limit 0.0.

When the similarity index takes small values for severe
cases, then it is recommended to be used in practical applica-
tions [23]. Among the considered indices, s(·, ·) is the largest
only for a modification ranked not serious, and the second
largest for a serious modification and two severe modifica-
tions. For the case n = K = 4, the only index which shows a
better behavior is Jaccard.
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Heterogeneous DNA sequences can be partitioned into homogeneous domains that are comprised of the four nucleotides A, C, G,
and T and the stop codons. Recursively, we apply a new entropic segmentation method on DNA sequences using Jensen-Shannon
and Jensen-Rényi divergences in order to find the borders between coding and noncoding DNA regions. We have chosen 12-
and 18-symbol alphabets that capture (i) the differential nucleotide composition in codons and (ii) the differential stop-codon
composition along all the three phases in both strands of the DNA. The new segmentation method is based on the Jensen-Rényi
divergence measure, nucleotide statistics, and stop-codon statistics in both DNA strands. The recursive segmentation process
requires no prior training on known datasets. Consequently, for three entire genomes of bacteria, we find that the use of nucleotide
composition, stop-codon composition, and Jensen-Rényi divergence improve the accuracy of finding the borders between coding
and noncoding regions in DNA sequences.

Keywords and phrases: recursive segmentation, DNA sequence, information divergence measures, statistics of stop codons,
Bayesian information criterion.

1. INTRODUCTION

The computational identification of genes and coding re-
gions in DNA sequences is a major goal and a long-lasting
topic for molecular biology, especially for the human genome
project [1, 2]. One of the main goals of the human genome
project is to provide a complete list of annotated genes that
will be used in the biomedical research. Also, methods for
reliable identification of genes in anonymous sequences of
DNA can speed the process. A number of such methods ex-
ist but their predictive performance for finding genes is still
not satisfactory [3]. There are two basic problems in gene
finding: detection of protein-binding sites of the genes and
detection of regions that code for proteins. These problems
still are not satisfactorily solved, and the reliable detection of
genes and coding regions in DNA sequences is critical for the
success of the computational gene discovery from annotated
genome sequences [4]. We address in this study the problem
of finding the coding regions in DNA sequences that code for
proteins.

Almost everything in the organism of living beings is
made of proteins. According to the central dogma that forms
the backbone of molecular biology, the DNA codes for the
production of messenger RNA (mRNA) during the tran-
scription process. The ribosomes “read” this information
and use it for protein synthesis during the translation pro-
cess.

The main genetic material in the prokaryote and the eu-
karyote cells is represented by the nucleic DNA molecules
that have a well-studied structure. There are four kinds of
nucleotides that differ by their nitrogenous bases: adenine
(A), cytosine (C), thymine (T), and guanine (G). Along two
strands of DNA double helix, a pyrimidine in one chain al-
ways faces a purine in the other and only the complementary
base pairs T-A and G-C exist. A pyrimidine contains bases T
and G, and purine contains bases A and C. Also, there is a
large redundancy of the protein-coding regions in DNA that
is distributed unevenly. There are 43 = 64 codons to specify
only 21 outputs, where 20 are amino acids and one output
(stop codon) signals the end of the translation process.
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One generic feature of DNA sequences is that their sta-
tistical properties are not homogeneously distributed along
the sequence [5]. There is evidence of long-range correlations
in genomic DNA, and it has been attributed to the presence
of complex heterogeneities in the DNA sequences [6, 7, 8].
However, the current biological knowledge about coding re-
gions in DNA is still limited to the structure of the codon and
functional sites of the genes. The fact that the composition
of the nucleotides for positions inside the codon (periodicity
of three nucleotides) is different for the coding regions than
the noncoding ones provides a strong signal for detection
[9, 10].

Many algorithms have been developed for gene recog-
nition based on three-base periodicity [11, 12, 13, 14],
codon-usage measure [2], dicodon-usage measure [15], and
position-weight matrix [16]. Fickett [17, 18] presents sev-
eral algorithms for recognizing complete genes and one algo-
rithm for recognizing coding regions. The accuracy of these
algorithms for the complete gene recognition is generally
high when they are tested on Guigo’s dataset [3], but is not
so good for the recently completed genomes of different or-
ganisms.

Segmentation methods are computational methods used
to identify the homogeneous regions based on entropy mea-
sures. They are important for DNA-sequence analysis when
identifying the borders between coding and noncoding re-
gions [5, 7, 19, 20]. Also, recursive segmentation of DNA
sequences has been used for detecting the existence of the
isochores, and CpG islands, detecting replication origin and
terminus, and complex patterns such as telomeres, and eval-
uating the genomic complexity [5, 6]. The Jensen-Shannon
divergence is one of the most widely used methods for seg-
menting DNA sequences [5, 6, 7, 19, 20, 21], and is used
for recursively separating DNA sequences in homogenous re-
gions with respect to its neighbors. The criterion for contin-
uing the recursive segmentation process can be based on (i)
statistical significance [19, 20, 22], or (ii) Bayesian informa-
tion criterion (BIC) [5, 6, 7, 21].

In this study, we analyze the recursive entropic segmen-
tation for DNA sequences from different bacteria, but this
can be easily extended to other DNA sequences of other or-
ganisms. All the bacteria’s genomes referred to in this study
are available on the site of European Bioinformatics Institute
(http://www.ebi.ac.uk/genomes/). In [19], Bernaola-Galvan
et al. use a 12-symbol alphabet and Jensen-Shannon diver-
gence for finding the borders between coding and noncod-
ing regions in DNA. The 12-symbol alphabet is based on nu-
cleotide statistics inside codons. It is well known that the cod-
ing regions contain stop codons within maximum two phases
and noncoding regions contain usually stop codons within
all three phases [23]. In order to take into account these
statistical properties of coding regions, we use the recur-
sive segmentation algorithm proposed by Bernaola-Galvan
et al. [19], a new 18-symbol alphabet that takes into account
the nonuniform distribution of stop codons within all three
phases, Jensen-Rényi divergence, and a new stopping crite-
rion. The stopping criterion based on BIC for recursive seg-
mentation was proposed by Li [5, 7]. Our approach uses

only general statistical properties of coding regions. In this
way, the prior training on data sets is avoided and further-
more, the search for additional biological information such
as splice and promoter regions may also be avoided. It is
noted that such additional information could be incorpo-
rated in a more concrete implementation of the algorithm
[19]. Consequently, for three entire genomes of bacteria, we
find that the use of nucleotide and stop-codon composition,
and Jensen-Rényi divergence improve the accuracy of finding
the borders between coding and noncoding regions in DNA
sequences.

2. STOP-CODON STATISTICS

The distribution of stop codons in DNA coding regions is dif-
ferent than in the noncoding regions. Also, it is well known
that the stop codons are strong signals in DNA sequences. In
coding regions, the stop codons are usually distributed along
two phases (reading frames) with the exception of the stop
codon that is in a reading frame and signals the end of a gene.
This knowledge is employed implicitly by hidden Markov
models used in different gene-finding algorithms [4, 24, 25].
Explicitly, for the first time, the stop-codon statistics is used
for recognizing coding regions in studies of Wang et al. [23]
and Carpena et al. [26].

Different DNA sequences from different organisms are
studied in order to show the distribution of stop codons
along all three phases in coding and noncoding regions.
There are extracted DNA sequences of different lengths—
40, 80, 120, and 160 base pairs (bp)—from the following
three randomly chosen prokaryote organisms: Methanococ-
cus jannaschii (GenBank acc. L77117), Chlamydia muri-
darum (GenBank acc. AE002160), and Chlamydophila pneu-
moniae (GenBank acc. BA000008). The DNA sequences are
taken randomly from coding and noncoding regions of the
previous bacteria, and they are not overlapping on the same
DNA strand.

Table 1 shows the counts of DNA sequences that have
stop codons in one, two, and three phases, and no stop
codons in neither of the three phases. There is no DNA cod-
ing region with stop codons within all three phases, as is
shown in Table 1. We take advantage of this by introducing
a new alphabet that considers also the stop-codon statistics
and Jensen-Rényi divergence.

Also, in Figure 1, it is shown that the counts of stop-
codons along all three phases are increasing rapidly with the
length of noncoding regions, and in Figure 2, the counts of
the stop codons along three phases are decreasing rapidly
with the length of coding regions. Similar observations as in
Figures 1, 2, and Table 1 have been used before for the in-
troduction of the stop-codon statistics into the gene-finding
field [23].

Figures 3 and 4 show the histograms of the lengths
of noncoding and coding DNA regions from bacte-
ria Methanococcus jannaschii, Chlamydia muridarum, and
Chlamydophila pneumoniae; none of the coding regions of
the three chosen bacteria have the length less than 50 bp, but
there exist very short noncoding regions.
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Table 1: Distribution of stop codons along phases for coding and noncoding DNA regions.

DNA sequence Sequence length [bp] Number of sequences No stop codons [%]
Stop codons in

one two three
phase(s) [%]

Coding 40 8000 8.21 44.64 47.15 0
Noncoding 40 8000 5.32 31.08 46.36 17.24
Coding 80 4000 1.23 18.15 80.62 0
Noncoding 80 4000 0.45 6.30 37.80 55.35
Coding 120 2000 0.10 6.85 93.05 0
Noncoding 120 2000 0.30 1.85 22.60 75.25
Coding 160 1400 0 3.36 96.64 0
Noncoding 160 1400 0 0.70 13.20 86.20
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Figure 1: Distribution of stop codons along three phases in non-
coding DNA regions.

The segmentation method based on nucleotide statistics
[7] detects the coding regions even when they are on the
opposite DNA strand. Thus, the stop-codon statistics along
all three phases should also be considered on both DNA
strands. As is shown in Figure 5, the stop codons on the re-
verse DNA strand appear in the given DNA strand, where
the stop codons TAA, TAG, and TGA are situated as TCA,
CTA, and TTA. When the codon CTA is met on a given DNA
strand, it is known that it represents the stop codon TAG on
the opposite DNA strand. In this way, the stop-codon statis-
tics in both DNA strands is the same with the statistics of
the six codons TAA, TAG, TGA, TCA, CTA, and TAA along a
single DNA strand.

3. THE JENSEN-SHANNON DIVERGENCE

The Jensen-Shannon divergence quantifies the difference be-
tween two or more probability distributions and is widely
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Figure 2: Distribution of stop codons along three phases in coding
DNA regions.

used for DNA segmentation [5, 7, 19, 20, 21]. The Jensen-
Shannon divergence DJS between m probability distributions
p(1), p(2), . . . , p(m) with the corresponding weights is defined
as

DJS
[

p(1), p(2), . . . , p(m)]
= H


 m∑

j=1

π( j) · p( j)


− m∑

j=1

π( j) ·H[p( j)], (1)

where p( j) ≡ (p
( j)
1 , p

( j)
2 , . . . , p

( j)
k ) are probability distributions

satisfying the usual constraints
∑k

i=1 p
( j)
i = 1 and 0 ≤ p

( j)
i ≤

1, for i = 1, 2, . . . , k and j = 1, 2, . . . ,m; and π( j) are the
weights of the distributions p( j), satisfying the constraints∑m

j=1 π
( j) = 1 and 0 ≤ π( j) ≤ 1. The Shannon entropy of

the probability distribution p used in (1) is defined as

H[p] = −
k∑
i=1

pi · log2 pi. (2)
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Figure 3: Histograms of the lengths of noncoding DNA regions.
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Figure 4: Histograms of the lengths of coding DNA regions.
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Figure 5: Stop codons in both strands of DNA.

Figure 6 illustrates the three-dimensional representation
of the Jensen-Shannon divergence with equal weights for
two Bernoulli probability distributions. Some mathematical
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Figure 6: Three-dimensional representation of Jensen-Shannon di-
vergence DJS(p, q), where p = (p, 1 − p), q = (q, 1 − q), and
π = (0.5, 0.5).

properties for the m-ary case that are important for its appli-
cation as a divergence measure are the following:

(i) the use of Jensen inequality implies

DJS
[

p(1), p(2), . . . , p(m)] ≥ 0, (3)

where DJS[p(1), p(2), . . . , p(m)] = 0 if and only if p(1) =
p(2) = · · · = p(m);

(ii) the divergence DJS is symmetric in its arguments p(1),
p(2), . . . , p(m), that is, is invariant for any permutation
of its arguments;

(iii) the divergence DJS is well defined even if p(1),
p(2), . . . , p(m) are not absolutely continuous.

4. THE JENSEN-RÉNYI DIVERGENCE

The Jensen-Rényi divergence, as Jensen-Shannon divergence,
is defined as a similarity measure between two or more prob-
ability distributions, and is used in image registration [27].
The Jensen-Rényi divergenceDJRα betweenm probability dis-
tributions p(1), p(2), . . . , p(m) with the corresponding weights
is defined as

DJRα

[
p(1), p(2), . . . , p(m)]

= Rα


 m∑

j=1

π( j) · p( j)


− m∑

j=1

π( j) · Rα
[

p( j)]. (4)

The Rényi entropy of the probability distribution p referred
to in (4) is defined as

Rα[p] = 1
1− α

· log2

k∑
i=1

pαi , (5)

where α > 0 and α 
= 1. For α > 1, the Rényi entropy is
neither concave nor convex [27]. For α ∈ (0, 1), the Rényi
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Figure 7: Shannon and Rényi entropies of Bernoulli distribution
p = (p, 1− p) for different values of α.

1.4

1.2

1

0.8

0.6

0.4

0.2

0

D
JR

α
(p
,q

)
fo

r
α
=

0.
5

1
0.8

0.6
0.4

0.2
0

q

0
0.2

0.4
0.6

0.8
1

p

Figure 8: Three-dimensional representation of Jensen-Rényi diver-
gence DJRα (p, q), where p = (p, 1− p), q = (q, 1−q), π = (0.5, 0.5),
and α = 0.5.

entropy is concave and tends to Shannon entropy H[p] as
α → 1 [27]. The Rényi entropy is a nonincreasing function
of α, and thus Rα[p] ≥ H[p], for all α ∈ (0, 1). We re-
strict in this study α ∈ (0, 1), unless otherwise is specified.
As shown in Figure 7, the measure of uncertainty is at a min-
imum when Shannon entropy is used and it increases as α
decreases. The Rényi entropy attains a maximum uncertainty
when α is equal to zero [27].

Figure 8 illustrates the three-dimensional representation
of the Jensen-Rényi divergence for two Bernoulli probability
distributions. Some mathematical properties for the m-ary
case, for all α ∈ (0, 1), that are important for its application
as a divergence measure [27] are the following:

(i) the use of Jensen inequality implies

DJRα

[
p(1), p(2), . . . , p(m)] ≥ 0, (6)

where DJRα[p(1), p(2), . . . , p(m)] = 0 if and only if p(1) =
p(2) = · · · = p(m);

(ii) the divergence DJRα is symmetric in its arguments
p(1), p(2), . . . , p(m), that is, is invariant for any permu-
tation of its arguments;

(iii) the divergence DJRα is well defined even if p(1), p(2), . . . ,
p(m) are not absolutely continuous.

5. DETECTION OF BORDERS BETWEEN CODING
AND NONCODING REGIONS USING RECURSIVE
SEGMENTATION

We use the approach proposed by Bernaola-Galvan et al.
[19, 20] and Li [5, 7] for segmentation of DNA sequences
in homogeneous regions that are coding and noncoding. The
recursive segmentation of a DNA sequence is as follows. First,
the DNA sequence of length NT is converted into a sequence
of symbols with length N using a k-symbol alphabet. We
sweep through the symbol sequence, and compute at every
position i, where i = 1, . . . ,N , that divides the sequence into
a left and a right sequence, the entropy of the whole, left, and
right sequences. The position where the divergence reaches
its maximum is accepted as a cutting point. Further, we re-
cursively apply the segmentation to the left and to the right
sequences until the maximized divergence measure is above
a certain threshold. For the Jensen-Shannon divergence, the
threshold is based on BIC. If the maximized divergence mea-
sure is above the threshold, the sequence is segmented, and if
not, the segmentation is stopped for the respective sequence.

The Jensen-Shannon divergence DJS is as follows:

DJS = max
i

DJS(i) =
[
H − i

N
Hl − N − i

N
Hr

]
, (7)

where H , Hl, and Hr are the Shannon entropies (2) of the
whole, left, and right sequences, respectively [5, 7, 19, 20].
The weights are i/N and (N − i)/N for the left and right se-
quences, respectively, where i is the point that divides the se-
quences into two sequences. In his study, Grosse et al. [22]
shows that Jensen-Shannon divergence, as introduced previ-
ously, can be interpreted as the mutual information in the
framework of information theory.

The Jensen-Rényi divergence DJRα is as follows:

DJRα = max
i

DJRα(i) =
[
Rα − i

N
Rα,l − N − i

N
Rα,r

]
, (8)

where Rα, Rα,l, and Rα,r are the Rényi entropies (5) of the
whole, left, and right sequences, respectively.

Bernaola-Galvan et al. [19] introduces a 12-symbol al-
phabet in order to take into account the differential nu-
cleotide composition in codons. The phase of the nucleotide,
for this alphabet, is defined as m = (nmod 3) + 1, where
m ∈ {1, 2, 3}, and n is the position of the nucleotide in the
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Table 2: Symbol mapping for 12-symbol alphabet.

Nucleotide Phase Symbol

1 A1

A 2 A2

3 A3

1 C1

C 2 C2

3 C3

1 G1

G 2 G2

3 G3

1 T1

T 2 T2

3 T3

Table 3: Stop-codon mapping for 18-symbol alphabet.

Triplets of nucleotides (codons) Phase Symbol

1 S1

TGA, TAG, or TAA 2 S2

3 S3

1 S′1
TCA, CTA, or TTA 2 S′2

3 S′3

DNA sequence. Each nucleotide of the DNA sequence is sub-
stituted by the symbols from �12 = {A1, A2, A3, C1, C2, C3,
G1, G2, G3, T1, T2, T3}, as is also shown in Table 2.

We introduce in this study an 18-symbol alphabet that
takes into account also the nonuniform distribution of stop-
codons in both DNA strands, along all three phases [23].
Thus, the nucleotides and the stop codons are substituted by
the symbols from �18 = {A1, A2, A3, C1, C2, C3, G1, G2, G3,
T1, T2, T3, S1, S2, S3, S′1, S′2, S′3}, where the symbols for nu-
cleotides are as for �12 alphabet (Table 2). The symbols S1,
S2, and S3 are the stop codons TAA, TAG, and TGA in the
given DNA strand, and S′1, S′2, and S′3 are the stop codons
AGT, GAT, and AAT on the opposite DNA strand, as shown
in Table 3. The phase of a stop codon is defined the same
as for a nucleotide with the exception that n represents the
position of the first nucleotide of the given codon. For ex-
ample, the DNA sequence ACTTAA is converted using the
18-symbol alphabet as A1C2S′3T3S1T1A2A3.

These two alphabets, together with the two divergence
measures, are used for finding the borders between coding
and noncoding regions in different DNA sequences from
bacterium Rickettsia prowazekii, as shown in Figures 9 and
10.

In Figure 9, we plot the DJRα (α = 0.5) and DJS with
�12 and �18 alphabets along a DNA sequence. The DNA se-
quence is composed of two randomly chosen regions from
bacterium Rickettsia prowazekii. The first region of 1016 bp
belongs to a coding region and the second one of 1151 bp be-

longs to a noncoding region. Figure 9 shows that using both
divergences and both alphabets, we are able to find the bor-
der between the coding and noncoding region. Using �12 al-
phabet with both divergences, the cut is found at 11 bp to the
right of the real border, and using �18 alphabet with both di-
vergences, the cut is found at 4 bp to the left of the real bor-
der. In Figure 10, we plot both divergences using the both al-
phabets along a DNA sequence that contains a coding region
of 810 bp from gene RP172 followed by the original noncod-
ing region of 1477 bp as it appears in the chromosome of bac-
terium Rickettsia prowazekii.

In Table 4, we analyze the same DNA sequence as in
Figure 10 and it can be seen that using the alphabet �18 and
the Jensen-Rényi divergence, we get the closest cut to the real
border between the coding and noncoding regions. When
the segmentation is applied on a single continuous DNA se-
quence followed by the “original” noncoding region as in
Figure 10, using the alphabet �12 is not anymore possible
to detect with a reasonable accuracy the border between the
two regions, because the coding region “leaks,” for a small
portion, into the noncoding region. The region where the
leaking phenomena happens has the same nucleotide com-
position as a coding region even though it is a noncoding re-
gion. This region does not have the same stop-codons com-
position as a coding region and because of this, using �18

alphabet, we are able to find a much closer border to the
real one. The “leaking” regions appear usually in vicinity of
the coding regions and they are removed in the cases when
two randomly chosen, coding and noncoding, regions are
joined arbitrary together, as in Figure 9. The Jensen-Rényi
divergence takes better advantage of the �18 alphabet than
Jensen-Shannon divergence because the counts of the stop-
codons are much less than the counts of the nucleotides. The
Jensen-Rényi divergence emphasizes better the difference be-
tween the regions with different stop-codon statistics. Thus,
using the �18 alphabet and Jensen-Rényi divergence, we are
able to detect better the border due to the introduction of the
biological knowledge in the segmentation method.

6. STOPPING CRITERION FOR RECURSIVE
SEGMENTATION

The stopping criterion in the case of Jensen-Shannon diver-
gence can be considered from the point of view of the hy-
pothesis testing and the model selection framework. For the
hypothesis testing framework, the probability that the value
of DJS can be obtained by chance is computed by the null hy-
pothesis that the sequence is homogeneous. The exact form
of the null distribution is difficult to find [5, 28] but Grosse et
al. [9, 22] suggest an empirical form of the null distribution
based on numerical simulation.

In this study, the stopping criterion for segmentation us-
ing Jensen-Shannon divergence is based on model selection
that has been introduced by Li in his studies [5, 7]. The
model is judged by how well it fits the data and how com-
plex it is. Thus the stopping criterion tests if a two-random-
subsequence model is better than the one-random-sequence
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Figure 9: Jensen-Shannon divergence and Jensen-Rényi divergence
versus cutting position for a DNA sequence containing a randomly
chosen coding region and a randomly chosen noncoding region.
The maximum values for the divergences are circled on the graph.
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Figure 10: Jensen-Shannon divergence and Jensen-Rényi diver-
gence versus cutting position for a DNA sequence containing a cod-
ing region followed by a noncoding region. The maximum values
for the divergences are circled on the graph.

model. If the two-random-subsequence model is better, then
the cut will be accepted, otherwise it is not. For balancing the

Table 4: Cuts obtained using different methods for segmentation
for the same DNA sequence as in Figure 10.

Segmentation method Distance from border

DJS with �12 alphabet 251 bp (left)

DJR (α = 0.5) with �12 alphabet 251 bp (left)

DJS with �18 alphabet 54 bp (left)

DJR (α = 0.5) with �18 alphabet 4 bp (left)

goodness-of-fit of the model to the data with the number of
parameters, the BIC is used as follows:

∆BIC = −2 · logL + K · log2 N , (9)

where L = L2/L1, L1 and L2 are the maximum likelihood
of the models before and after the cut is made, respectively;
K = K2 − K1, K1 and K2 are the number of free parameters
before and after the cut is made, respectively; and N is the
length of the sequence [5, 7]. In order to continue the recur-
sive segmentation procedure and to decide if a cut is signif-
icant or not, the BIC should be reduced, that is, ∆BIC < 0.
This leads to

2 ·N ·DJS > K · log2 N. (10)

In order to decide when the segmentation algorithm using
DJS has to be stopped, Li [5, 7] introduced, as a measure, the
segmentation strength as

s = 2 ·N ·DJS − K · log2 N

K · log2 N
. (11)

The BIC stopping criterion is introduced here only for
Jensen-Shannon divergence. In order to decide when the seg-
mentation algorithm using DJRα has to be stopped, we intro-
duce a new segmentation strength, derived empirically, as

s = 2 ·N ·DJRα − K · log2 N

K · log2 N
. (12)

The recursive segmentation continues, or a cut is ac-
cepted as significant as long as s ≥ s0, where s0 can be set
by the user. By setting the s0, one affects the threshold used
to make the decision if a cut is significant or not. For the �12

and �18 alphabets, the segmentation strength is defined by
(11) or (12), where K = 10 and K = 16, respectively. The
segmentation strengths for DJS and DJRα have a closely re-
lated expression. Special cases of Jensen-Rényi divergence are
obtained for α = 1/2 for which one obtains the log Hellinger
distance squared and for α = 1 for which one obtains the
Kullback-Liebler divergence [29]. For α = 1, one obtains
DJRα = DJS.

In this study, the standard stopping criterion is the stop-
ping criterion where a cut is accepted as significant as long
as s ≥ s0, where s is the segmentation strength in (11) and
(12). A DNA sequence that does not have stop codons along
all three phases has a very high probability (Figures 1 and 2)
to be a coding region, and in this case it does not need to be
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Figure 11: Comparison between the known coding regions (gray
regions with solid lines as borders) of a DNA sequence from bacte-
ria Borrelia burgdorferi and the borders (vertical dashed lines) ob-
tained through recursive segmentation using Jensen-Rényi diver-
gence (α = 0.5), �18 alphabet, and standard stopping criterion.
The coding regions oriented downwards are situated on the oppo-
site DNA strand.

segmented further. Thus, we introduce a new stopping crite-
rion as follows. A cut is accepted as significant if s ≥ s0 and
the segmented sequence has stop codons in all three phases.
Hence, a DNA sequence is not segemented further if it has
stop codons only in two phases.

In this study, the DNA sequences smaller than 40 bp in
length are not segmented further in the recursive segmen-
tation process because we consider that it is not statistically
enough to separate them into two subsequences with a high
confidence and the stop-codon statistics is not anymore rele-
vant for such small sequences, as shown in Table 1.

7. EXPERIMENTAL RESULTS

In order to quantify the coincidence between cuts (CBC)
obtained using the recursive segmentation algorithm and
known borders between coding and noncoding regions, we
use the following measure, introduced by Bernaola-Galvan
et al. [19]:

CBC = 1
2

[∑
i

min j

∣∣bi − cj
∣∣

NT
+
∑
j

mini

∣∣bi − cj
∣∣

NT

]
, (13)

where {bi} is the set of all borders between coding and non-
coding regions, {cj} is the set of all cuts produced by the seg-
mentation, and NT represents the total length of the DNA
sequence. The measure CBC is the average of the error in
the determination of the correct boundaries between coding
and noncoding regions, so the value (1 − CBC) is a reason-
able measure of the accuracy of the borders detected between
coding and noncoding regions [19].

In Figure 11, a comparison is shown between the known
regions of a DNA sequence containing the first 30000 bp
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Figure 12: Accuracies of recursive segmentation for different
thresholds of segmentation strength using Jensen-Shannon and
Jensen-Rényi divergences with �12 and �18 alphabets and two stop-
ping criterions for the genome of bacterium Rickettsia prowazekii.

from the beginning of the genome of bacterium Borrelia
burgdorferi and the predicted borders obtained through re-
cursive entropic segmentation using Jensen-Rényi divergence
with the �18 alphabet and standard stopping criterion. The
threshold of the segmentation strength is s0 = −0.55 where
the parameter CBC achieves its overall minimum. The bor-
ders between coding and noncoding regions are detected
very close to the real ones as shown in Figure 11.

We show in Figures 12, 13, and 14 the results of
the recursive segmentation for different values of the seg-
mentation strength—using Jensen-Shannon and Jensen-
Rényi divergences with alphabets �12 and �18, and two
stopping criterions—of the whole genomes of the bacte-
ria Rickettsia prowazekii (GenBank acc. AJ235269, length
1111523 bp), Borrelia burgdorferi (GenBank acc. AE000783,
length 910724 bp), and Methanococcus jannaschii (GenBank
acc. L77117, length 1664970 bp). For recursive segmenta-
tion of all three genomes with Jensen-Rényi divergence
and �18 alphabet, we use α = 0.5. This value has been
found by segmenting the whole genome of bacterium Rick-
ettsia prowazekii, using standard stopping criterion, for α =
0, 0.1, 0.2, . . . , 0.9, 1 and choosing the value for α, where the
maximum of segmentation accuracy occurs. The recursive
segmentation, using Jensen-Rényi divergence with �12 al-
phabet, achieves the maximum of the accuracy for α = 1
that is the same as Jensen-Shannon divergence. Hence, the
Jensen-Rényi divergence takes better advantage of the intro-
duction of the stop-codon statistics than the Jensen-Shannon
divergence does.

The recursive segmentation using the Jensen-Rényi di-
vergence with �18 alphabet and new segmentation criterion



Segmentation of DNA into Coding and Noncoding Regions 89

100

95

90

85

80

75

70

10
0(

1-
C

B
C

)
[%

]

−0.9 −0.85 −0.8 −0.75 −0.7 −0.65 −0.6 −0.55 −0.5 −0.45
Segmentation strength (s0)

DJS using alphabet �12 and standard stopping criterion
DJS using alphabet �18 and standard stopping criterion
DJR(α = 0.5) using alphabet �18 and standard stopping criterion
DJR(α = 0.5) using alphabet �18 and new stopping criterion

Figure 13: Accuracies of recursive segmentation for different
thresholds of segmentation strength using Jensen-Shannon and
Jensen-Rényi divergences with �12 and �18 alphabets and two stop-
ping criterions for the genome of bacterium Borrelia burgdorferi.

achieves the best overall maximum accuracies for the whole
genome of the three bacteria. Bernaola-Galvan et al. [19]
achieves the maximum of accuracy in detecting the bor-
ders of 80% compared with our 80% with the same Jensen-
Shannon divergence and same �12 alphabet. We use the
standard stopping criterion based on BIC, compared with
the statistical significance used by Bernaola-Galvan et al.
[19]. Our newly introduced segmentation method that uses
Jensen-Rényi divergence with �18 alphabet and the new
stopping criterion gives an accuracy of 90% for s0 = −0.74,
that is, higher than 80% reported by Bernaola-Galvan et
al. [19]. Also the accuracies for bacteria Borrelia burgdor-
feri and Methanococcus jannaschiie are improved from 77%
and 75% with Jensen-Shannon divergence using �12 alpha-
bet and standard stopping criterion to 91% and 89% with
Jensen-Rényi divergence using �18 alphabet and new stop-
ping criterion, respectively. The improvement in accuracy is
explained by the use of Jensen-Rényi divergence that takes
better advantage of the stop-codon statistics than Jensen-
Shannon divergence does. Also, the introduction of the new
stopping criterion in this study improves the accuracies of
the segmentation. From Figures 12, 13, and 14, a good value
of the threshold for the segmentation strength is s0 = −0.75
for segmenting other genomes of bacteria with Jensen-Rényi
divergence (α = 0.5) using �18 alphabet and new stopping
criterion. Even though, for s0 > −0.75, higher accuracies can
be achieved in some situations, this is not always true due to
the scattering of coding regions in genome.

Consequently, our results that use the newly introduced
approach, based on Jensen-Rényi divergence with the �18 al-
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Figure 14: Accuracies of recursive segmentation for different
thresholds of segmentation strength using Jensen-Shannon and
Jensen-Rényi divergences with �12 and �18 alphabets and two stop-
ping criterions for the genome of bacterium Methanococcus jan-
naschii.

phabet and new stopping criterion, appear to be more accu-
rate than those obtained using only Jensen-Shannon diver-
gence with �12 alphabet and standard stopping criterion, in
finding the borders between coding and noncoding regions.

8. DISCUSSION

In this study, we introduce a new segmentation method
based on Jensen-Rényi divergence, an 18-symbol alphabet,
and a new stopping criterion for finding the borders be-
tween coding and noncoding regions. The new segmentation
method applied to three bacteria genome improves the accu-
racies of the border detection compared to the standard seg-
mentation procedures previously reported. We employ the
composition of stop codons over all three phases along the
DNA sequence in the 18-symbol alphabet and in the new
stopping criterion for improving the accuracy of finding the
borders between coding and the noncoding DNA regions.

The assumptions built in other gene-finding systems as
GENMARK, VEIL [25], and MORGAN [30] have a num-
ber of shortcomings [30] that do not affect the recursive
entropic segmentation in finding the borders between cod-
ing and noncoding regions. A direct comparison between
gene-finding and recursive segmentation for finding the bor-
ders between coding and noncoding regions is difficult to
make because the gene-finding systems perform very well
on small DNA sequence that contains only one gene or very
few coding regions. The recursive entropic segmentation per-
forms better on long DNA sequences with a large number of
genes, in order to gain statistics. The present segmentation
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algorithms [5, 7, 19] rely heavily on statistical properties for
finding the coding, noncoding, and other regions of interests
in DNA, but the gene-finding systems [4, 25, 30] use biologi-
cal knowledge regarding functional sites, together with statis-
tics for finding genes. Also, the recursive segmentation needs
no prior training compared with gene-finding systems that
require extensive training on known datasets. In eukaryotes
are much more short coding-regions that are more “scat-
tered” than in prokaryotes and thus it is more difficult to
find their borders-based statistical properties as in [5]. The
genomes analyzed in this study belong only to prokaryotes
that have the coding regions much more compact than in
eukaryotes.

9. CONCLUSION

There is an increasing need to develop new algorithms for
finding coding regions in DNA sequences. In this study,
we introduce a new segmentation method based on Jensen-
Rényi divergence with an 18-symbol alphabet and new stop-
ping criterion for finding the borders between coding and
noncoding regions in prokaryotes. We use recursive segmen-
tation along with a stopping criterion based on Bayesian
information criterion (BIC). Together, they offer a novel
method to view the compositional heterogeneity of a DNA
sequence. The success comes from the utilization of the stop-
codon statistics in all three phases along the DNA sequence
and use of Jensen-Rényi divergence. For three entire genomes
of bacteria, we found that the use of Jensen-Rényi divergence,
nucleotide composition, and stop-codon composition im-
proves the accuracy of finding the borders between coding
and noncoding regions in DNA sequences, compared to the
standard segmentation procedures previously reported.
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This paper presents microarray BASICA: an integrated image processing tool for background adjustment, segmentation, image
compression, and analysis of cDNA microarray images. BASICA uses a fast Mann-Whitney test-based algorithm to segment cDNA
microarray images and performs postprocessing to eliminate the segmentation irregularities. The segmentation results, along with
the foreground and background intensities obtained with the background adjustment, are then used for independent compression
of the foreground and background. We introduce a new distortion measurement for cDNA microarray image compression and
devise a coding scheme by modifying the embedded block coding with optimized truncation (EBCOT) algorithm (Taubman,
2000) to achieve optimal rate-distortion performance in lossy coding while still maintaining outstanding lossless compression
performance. Experimental results show that the bit rate required to ensure sufficiently accurate gene expression measurement
varies and depends on the quality of cDNA microarray images. For homogeneously hybridized cDNA microarray images, BASICA
is able to provide from a bit rate as low as 5 bpp the gene expression data that are 99% in agreement with those of the original
32 bpp images.

Keywords and phrases: microarray BASICA, segmentation, Mann-Whitney test, lossy-to-lossless compression, EBCOT.

1. INTRODUCTION

The cDNA microarray technology is a hybridization-based
process that can quantitatively characterize the relative abun-
dance of gene transcripts [1, 2]. Contrary to conventional
methods, microarray technology promises to monitor the
transcript production of thousands of genes or even the
whole genome simultaneously. It thus provides a new and
powerful enabling tool for genetic research and drug discov-

ery. To produce cDNA microarrays, the mRNA of the control
and test samples are first reverse-transcribed into cDNA and
fluorescently labeled with different dyes (typically red and
green). Then the fluorescent targets are mixed and allowed
to hybridize with gene-specific cDNA clones printed in an
array format on a glass microslide. Finally, by scanning the
microslide with a laser and capturing the photons emitted
from different dyes into different channels with a confocal
fluorescence microscope, a two-channel 16-bit microarray
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image is obtained in which the pixel intensities reflect the
level of mRNA expression. Usually a microarray image is
shown RGB composite format, where the red and green
channels correspond to the two channels of the microarray
image obtained while the blue channel is set to zero. With the
help of signal processing and data analysis operations such
as ratio statistics, classification, and genetic regulatory net-
work design, microarray images can shed light on the pos-
sible regulation rules of transcription production sought by
biologists and clinicians.

Microarray images cannot be used for genetic data anal-
ysis directly. Appropriate image processing procedures are
to be performed in order to extract information from the
images for downstream analysis. Thousands of cDNA tar-
get sites must first be identified as the foreground by an im-
age segmentation algorithm. Then the intensity pair (R,G)
that represents gene expression levels of both channels is
extracted from every foreground target site with appropri-
ate background adjustment. Subsequent data analysis is nor-
mally conducted based on the log ratio logR/G of the in-
tensity pair. As the very first step of cDNA microarray sig-
nal processing, the accuracy of image processing is critical to
the reliability of subsequent data analysis. Many image pro-
cessing schemes have been developed for this purpose in re-
cent years and can be found in various commercial and non-
commercial software packages [3, 4, 5, 6, 7, 8, 9, 10, 11, 12,
13, 14, 15, 16, 17, 18, 19]. Generally, because each channel
of the microarray image is typically more than 15 MB in size,
highly efficient compression is necessary for data backup and
communication purposes. In order to save storage space and
alleviate the transmission burden for data sharing, the search
for good progressive compression schemes that provide suf-
ficiently accurate genetic information for data analysis at low
bit rates while still ensuring good lossless compression per-
formance has become the focus of cDNA microarray image
compression research recently [3, 4, 20].

This paper introduces a new integrated system called mi-
croarray BASICA. BASICA brings together the image pro-
cessing procedures required to accomplish the aforemen-
tioned information extraction and data analysis, including
background adjustment, segmentation, and compression. A
fast Mann-Whitney test-based algorithm is presented for the
initial segmentation of cDNA microarray images. This new
algorithm can save up to 50 times the number of repetitions
required from the original algorithm [5]. The resulting im-
ages are then postprocessed to remove the segmentation ir-
regularities. The segmentation results, along with the fore-
ground and background intensities, are saved into a header
file for both data analysis and compression. A novel distor-
tion measure is introduced to evaluate the accuracy of ex-
tracted information. Based on this measure and the infor-
mation provided by the header file, a new image compres-
sion scheme is designed by modifying the embedded block
coding with optimized truncation (EBCOT) algorithm [3],
which is now incorporated in the JPEG2000 standard. Our
experiments show that there appears to be no common bit
rate that ensures sufficiently accurate gene expression data
for different cDNA microarray images. On cDNA microar-

ray images of good quality, BASICA is able to provide from a
bit rate as low as 5 bpp (bit per pixel) the gene expression data
that are 99% in agreement with those of the original 32 bpp
images.

2. DETAILS OF MICROARRAY BASICA

Microarray BASICA provides solutions to both processing
and compression of cDNA microarray images. The major
components of BASICA and their relationship with the el-
ements of a microarray experiment are shown in Figure 1.
Each two-channel microarray image acquired through the
laser scanner is first sent to the segmentation component,
where the target sites are identified. With the result of
segmentation, the background adjustment component esti-
mates each spot’s foreground and background intensities and
calculates the log ratio values based on the background-
subtracted intensities. After this, the calculated log ratio val-
ues along with the segmentation information and other nec-
essary data related to each spot are output for downstream
data analysis. In the mean time, BASICA compiles the seg-
mentation result and extracted intensities into a header file.
With this header file, the compression component encodes the
foreground and background of both channels of the original
image into progressive bitstreams separately. The generated
bitstreams, plus the header file, are saved into a data archive
for future access or are transmitted as shared data. On the
other hand, to utilize the archived or transmitted data, BA-
SICA can either quickly retrieve the necessary genetic infor-
mation saved in the header file or reconstruct the microar-
ray image with available bitstreams through the reconstruc-
tion component and redo the segmentation and background
adjustment.

2.1. Segmentation with postprocessing

Segmentation is performed to identify the target sites in each
spot where the hybridization occurs. In [8], various existing
segmentation schemes are summarized and categorized into
four groups: (1) fixed circle segmentation, (2) adaptive cir-
cle segmentation, (3) adaptive shape segmentation, and (4)
histogram segmentation.

Although the shape of a target site is determined by the
physical attributes of the DNA probes and the mechanism
of the printing procedure, most target sites are round or
donut-like in shape. The fixed circle segmentation, which sets
a round region of constant diameter in the middle of each
spot as the target site, appears to be the most straightforward
method and is provided in most existing software packages
[9, 11, 12, 13, 17, 18]. The radius of the foreground is set ei-
ther by a default value as a parameter of the robot arrayer and
laser scanner or empirically determined by the user. The fixed
circle method runs fast and performs well when the microar-
ray spots are perfectly hybridized and aligned. In practical
cases, however, the spots are far from perfect due to unpre-
dictable nonuniform hybridization across the spot or mis-
alignment of the probe array. GenePix [13] uses the adaptive
circle segmentation to accommodate the varying sizes of dif-
ferent target sites, and Dapple [11] finds the best matched
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Figure 1: The major units of BASICA.

position of the round region in each spot to cope with the
misalignment.

Neither the fixed nor the adaptive circle segmentation
can accommodate the variances in shape of the target sites
in the images. To tackle this problem, more accurate and
sophisticated segmentation methods are needed. The seg-
mentation technique introduced in [8] uses seeded region
growing [21], while other methods [5, 6, 10, 15, 17, 19]
rely on more conventional histogram-based segmentation al-
gorithms. The histogram-based methods generally compute
a histogram of pixel intensities for each spot. Methods in
[10, 17, 19] adopt a percentile-based approach, which sets the
pixels in a high percentile range of the histogram as the fore-
ground and those in a low range as the background. Methods
in [6, 15] use a threshold-based approach. To ensure correct
segmentation, methods in [10, 15] employ repetitions to find
the most stable segmentation. The histogram-based segmen-
tation demonstrates good performance when a target site has
a high hybridization rate, that is, a high intensity. However,
the intensities of most target sites are actually very close to
the local background intensities, and it is hard to segment
correctly by finding a threshold based on the histogram only.
In an attempt to solve this problem, Chen et al. introduced a
Mann-Whitey test-based segmentation method in [5].

So far, no single segmentation algorithm can meet the
demands of all microarray images. Segmentation algorithms
are normally designed to perform well on microarray images
acquired by certain type of arrayers and scanners. It is there-
fore hard to compare them directly.

2.1.1. Mann-Whitney test-based segmentation

In BASICA, we use the Mann-Whitney test-based segmenta-
tion algorithm introduced by Chen et al. in [5]. The Mann-

Whitney test is a distribution-free rank-based two-sample
test, which can be applied to various intensity distributions
caused by irregular hybridization processes that are difficult
to handle by conventional thresholding methods. Here we
first give a brief description of the Mann-Whitney test-based
segmentation algorithm.

Consider two independent sample sets X and Y . Sam-
ples X1,X2, . . . ,Xm are randomly selected from set X , and
Y1,Y2, . . . ,Yn are randomly selected from set Y . All N =
m + n samples are sorted and ranked. Denote Ri as the rank
of the ith sample, R(Xi) as the rank of sample Xi, and R(Yi)
as the rank of Yi. These ranks are used to test the following
hypotheses:

(H0) P(X < Y) ≥ 0.5,
(H1) P(X < Y) < 0.5.

Define the rank sum of the m samples from X as

T =
m∑
i=1

R
(
Xi
)
. (1)

To avoid deviations caused by ties, T is commonly normal-
ized as

T = T −m
(
(N + 1)/2

)
√
nm/N(N − 1)

∑N
i=1 R

2
i − nm(N + 1)2/4(N − 1)

. (2)

Hypothesis (H0) will be rejected if T is greater than a certain
quantile w1−α, where α is the significance level.

In microarray image segmentation, hypothesis (H1) cor-
responds to the case that set X is the high-intensity fore-
ground and set Y is the low-intensity background, and
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hypothesis (H0) corresponds to the reverse case. To segment
a target spot, a predefined target mask (obtained by select-
ing, unifying, and thresholding strong targets) is first applied
to the spot. Pixels inside the mask correspond to set X , and
pixels outside correspond to set Y . To start the test, n sam-
ples are randomly selected from set Y , while m samples with
lowest intensities are selected from set X . If hypothesis (H0)
is accepted, the pixel with lowest intensity is removed from
set X , and m sample pixels are reselected. The test is repeated
until hypothesis (H0) is rejected. Then the pixels left in set X
are considered as the foreground at significance level α. The
foregrounds obtained from the two channels are united into
one to produce the final segmentation result.

The repetitive nature of this algorithm makes it cumber-
some for real-time implementation. So, in BASICA, we pro-
posed a fast Mann-Whitney test-based algorithm [3] which
runs much faster while generating identical segmentation re-
sults.

2.1.2. Speeding up Mann-Whitey test-based
segmentation algorithm

Assume that the predefined target mask is obtained accord-
ing to the way described in [5, 6]. Samples X1,X2, . . . ,Xm

and Y1,Y2, . . . ,Yn are picked from the foreground and back-
ground, respectively. Without loss of generality, it suffices to
assume that X1 ≤ X2 ≤ · · · ≤ Xm and Y1 ≤ Y2 ≤ · · · ≤ Yn.
Since X1,X2, . . . ,Xm are the smallest m samples in set X , all
other samples can be determined if X1 is set. Then Mann-
Whitney test-based segmentation is actually an optimization
problem of minimizing X1 subject to T ≥ w1−α. Chen et al.’s
approach takes a large number of repetitions to reach the fi-
nal segmentation. However, it turns out that the number of
repetitions can be significantly reduced by carefully choosing
the starting point and search strategy.

BASICA first finds an upper bound of the optimal X1,
denoted by Xmax

1 , which is related to Y1,Y2, . . . ,Yn. With (2),
T ≥ w1−α can be written as

m∑
i=1

R
(
Xi
)≥w1−α

√√√√√ nm

N(N − 1)

N∑
i=1

R2
i −

nm(N + 1)2

4(N − 1)
+ m

N + 1
2

.

(3)

In the right-hand side of (3), only
∑N

i=1 R
2
i is associated with

X1. If no tie exists, the ranks are from 1 to N and the sum
is
∑N

i=1 i
2. If there is a tie, the ranks of the tied samples are

the average of those ranks if there would have been no tie,
and induce a reduction on the sum. A property of this reduc-
tion is that it is only related to the number of samples tied
at that value. If there are k samples having the same value,
the deduction is (1/12)(k3 − k). With this property, one can
easily reduce the upper bound of

∑N
i=1 R

2
i . Assume that ∆Y

is the decrease in the sum caused by the ties in the sorted
Y1,Y2, . . . ,Yn, then we have

N∑
i=1

R2
i ≤

N∑
i=1

i2 − ∆Y , (4)

where the equation holds when X1,X2, . . . ,Xm have no tie
among themselves and share no tie with any sample in
Y1,Y2, . . . ,Yn. In most cases, the difference is very small and
the bound is quite tight.

To simplify the notation, we use σmax to denote

√√√√√ nm

N(N − 1)


 N∑

i=1

i2 − ∆Y


− nm(N + 1)2

4(N − 1)
. (5)

Then Xmax
1 must satisfy the inequality

m∑
i=1

R
(
Xi
) ≥ w1−ασmax + m

N + 1
2

, (6)

no matter what X2,X3, . . . ,Xm can be for as long as the as-
sumption X1 ≤ X2 ≤ · · · ≤ Xm holds. So, to find Xmax

1

is to find the smallest X1 so that the smallest rank sum of
X1 ≤ X2 ≤ · · · ≤ Xm still satisfies inequality (6). To associate
Xmax

1 with known information Y1,Y2, . . . ,Yn, assume that
Yu < Xmax

1 . Then the minimum rank sum is
∑m

i=1 R(Xi) =∑m
i=1(u + i), when Yu < X1 ≤ X2 ≤ · · · ≤ Xm < Yu+1. By

solving the inequality with
∑m

i=1 R(Xi) =
∑m

i=1(u + i), u can
be obtained as

u =
⌈
w1−ασmax

m
+
n

2

⌉
. (7)

Thus, the upper bound Xmax
1 is the smallest sample in X

that is larger than Yu. For any sample set X1,X2, . . . ,Xm with
X1 ≥ Xmax

1 , hypothesis (H0) can be rejected outright. Since
X1,X2, . . . ,Xm normally have similar intensities which bring
on consecutive ranks, Xmax

1 is very close to the actual thresh-
old. Hence, the repetitions can be greatly reduced if backward
repetitions based on Xmax

1 are applied.
Besides changing the starting point and repetition direc-

tion, a two-tier repetition strategy can be used to reduce the
repetition in case the upper bound is not so tight as expected.
In the first tier, one does not perform the repetition in a pixel-
by-pixel manner, but in a leaping manner instead. Then a
pixel-by-pixel repetition follows up and locates the exact seg-
mentation in the second tier. Larger step size means fewer
repetitions in the first tier but more in the second, while
smaller step size has the opposite effect. A natural choice of
the repetition steps is indicated by Y1,Y2, . . . ,Yn when n is
not very large. The whole algorithm is described as follows.

Step 1: Calculate u using (7).
Step 2: Find the smallest m samples from set X that are
larger than Yu, and execute the Mann-Whitney test.
Step 3: If hypothesis (H0) is rejected, then set u = u−1
and go to step 2, otherwise, go to step 4.
Step 4: u = u+ 1. Find the smallest m samples from set
X that are larger than Yu, and begin the pixel-by-pixel
repetition in backward manner.

It should be noted that this modified Mann-Whitney
test-based segmentation algorithm may not always generate
identical results with Chen et al.’s original algorithm. In order
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Table 1: The comparisons of the number of repetitions between
Chen et al.’s algorithm and our modified method used in BASICA
at different significance levels.

α 0.001 0.005 0.01 0.05

Chen et al. 328.7 269.1 270.9 226.3

BASICA 7.5 7.3 5.9 3.7

to obtain identical results, the backward-searching nature of
the new algorithm requires the normalized rank sum in (2)
to be strictly increasing during the repetition of the origi-
nal algorithm. This is not guaranteed due to the occurrences
of ties in the sorted samples. In one extreme case, when all
N samples have the same intensity, the devisor will become
zero and the normalized rank sum will be infinity. Actually,
Chen et al.’s original algorithm can be viewed as trying to find
the largest foreground that rejects hypothesis (H0), while the
modified algorithm in BASICA tries to find the smallest fore-
ground that accepts the hypothesis H0. Since in most cases
the normalized rank sum will be strictly increasing, we ex-
pect the segmentation results of the modified algorithm to
be identical to the original algorithm most of the time.

The comparisons of the number of required repetitions
between Chen et al.’s algorithm and our modified algorithm
are given in Table 1. Results are averaged over 504 spots in
both channels from different test images. Both algorithms set
m = n = 8 and use the same randomly selected samples from
the predefined background for the Mann-Whitney test. We
find that the segmentation results on all test spots of the sam-
ple images used in this study are identical between the orig-
inal algorithm and the modified algorithm. From the table,
we observe that the modified algorithm reduces the number
of repetitions by up to 50 times from what is required of the
original algorithm.

2.1.3. Postprocessing

Like common threshold-based segmentation algorithms,
there are always many annoying shape irregularities in the
segmentation results obtained by the Mann-Whitney test-
based algorithms. These irregularities occur randomly and
can severely reduce the compression efficiency. Thus, an ap-
propriate postprocessing procedure is necessary to achieve
efficient compression. Moreover, because most irregularities
are pixels with a high probability of noise corruption, elimi-
nating them is unlikely to compromise the accuracy of sub-
sequent data extraction and analysis.

In BASICA, we categorize possible irregularities into two
types and employ different methods to eliminate them. The
first type includes isolated noisy pixels or tiny regions, which
can be observed from the lower half of the segmentation
result in Figure 2a. These irregularities are caused usually
by nonspecific hybridization or undesired binding of fluo-
rescent dyes to the glass surface. The second type includes
the small branches attached to the large consolidated fore-
ground regions, which are visible in the segmentation results
of Figure 2. Since these irregularities are located between the

foreground and background, their intensities are also inbe-
tween, making them vulnerable to noise corruption. The ir-
regularities in most segmentation results are usually made
up of both these two types. For the first type, BASICA will
detect and remove them directly from the foreground. As
for the second type, BASICA applies an operation similar to
the standard morphological pruning [22]. By removing and
pruning repetitively, BASICA can successfully eliminate most
irregularities in three to five repetitions. The right column of
Figure 2 shows the postprocessing results on the original seg-
mentation which are to be used for the compression of the
images. Figure 3 shows a portion of a microarray image and
its segmentation results.

2.2. Background adjustment

It is commonly believed that the pixel intensity of the fore-
ground reflects the joint effects of the fluorescence and the
glass surface. To obtain the expression level accurately, the
intensity bias caused by the glass surface should be esti-
mated and subtracted from the foreground intensity, and this
process is known as background adjustment. Since there is
no hybridization in the background area, the background
intensity is normally measured and treated as an intensity
bias. Although mean pixel intensity has been adopted in al-
most all existing schemes as the foreground intensity, sev-
eral methods have been developed for background inten-
sity estimation. The major differences of various methods lie
in two aspects: (1) on which pixels the estimation is based
and (2) how to calculate the estimation. Regarding the first
aspect, the regions chosen for background estimation vary
from a global background to a local background. For the
global background, the background regions in all spots are
considered, and a global background intensity is estimated
and subtracted from every foreground intensity [9, 16]. The
global background ignores possible variance between sub-
arrays and spots. So, in [9], partial global background esti-
mation is performed based on the background of one subar-
ray or on several manually selected spots. The more common
approach is to estimate the background intensity based on
the local background for each target site separately. The local
background can be the entire background region in one spot
[18], or, to avoid interference from the foreground, it can be
the region with a certain distance from the foreground tar-
get site [7, 11, 13, 15, 17]. In the extreme case, the algorithm
in [14] uses the pixels on the border of each spot as the lo-
cal background. However, using too few pixels increases the
possibility of a large variance in background estimation. As to
the second aspect, almost all existing systems adopt mean or
median to measure the expression level. Besides these, mode
and minimum are also used in some softwares [6, 16]. Unlike
all the methods mentioned above, a morphological opening
operation is performed in [8] to smooth the whole back-
ground and then estimate the background by sampling at the
center of the spot.

Some commercial software packages [9, 16] offer more
than one choice for background adjustment. ArrayMetrix
[9] provides up to nine methods, while ArrayVision [10]
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(a)

(b)

Figure 2: Segmentation and postprocessing of two typical spots. The left column shows the original microarray spots in RGB composite
format. Some intensity adjustments are applied in order to show them clearly. The middle column shows the corresponding segmenta-
tion results using the Mann-Whitney test with significance level α = 0.001. The right column shows the final segmentation results after
postprocessing.

(a) (b)

Figure 3: (a) Part of a typical cDNA microarray image in RGB com-
posite format. Some intensity adjustments were applied in order to
show the image clearly. (b) The segmentation results of (a).

provides seven ways of background region determination
and six choices of averaging method. Experiments in [8]
show that different background adjustment methods have
significant impact on the log ratio values subsequently ob-
tained. However, there is no known criterion to measure
which approach is more accurate than the others.

BASICA chooses the average of pixel intensities in the lo-
cal background as the estimate of background intensity. To
prevent possible biases caused by either the higher intensity
values of the pixels adjacent to the foreground target sites or
the lower intensity values of the dark hole regions in the mid-
dle of the spots, the local background used in BASICA is the
background defined by the predefined target mask obtained
through the segmentation.

2.3. Data analysis

Because so many elements impact the pixel intensities of the
microarray image, genetic researchers do not use the absolute
intensities of the two channels, but the ratio between them
to measure the relative abundance of gene transcription. Not
all genetic information extracted are reliable enough for data
analysis. If the spot has so poor quality that no reliable infor-
mation can be extracted, it is qualified as a false spot; other-
wise, it is a valid spot. For a valid spot k, the expression ratio
is denoted by

Tk = Rk

Gk
= µFRk − µBRk

µFGk − µBGk

, (8)

where Rk and Gk are the background-subtracted mean in-
tensities of the red and green channels, respectively, µFRk and
µFGk are the respective foreground mean intensities, and µBRk
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and µBGk are the respective estimated background mean in-
tensities. Because expression ratio has an unsymmetric dis-
tribution, which contradicts the basic assumptions of most
statistic tests, the log ratio logTk = logRk/Gk is commonly
used instead in most applications. In addition to the log ra-
tio, an auxiliary measure which is often helpful in data anal-
ysis is the log product logRkGk. However, since the log trans-
form does not have constant variance at different expres-
sion levels, some alternative transforms like g log [23] have
recently been introduced. In gene expression studies, such
transformed ratios are ordinarily normalized and quantized
into three classes: down-regulated, up-regulated, and invari-
ant. Expression level extraction and quantization provide the
starting point for subsequent high-level data analysis, and
their accuracy is crucially important. Therefore, compres-
sion schemes should be designed to minimize the distortion
in the image, and their performance should be assessed by
agreement/disagreement in gene expression level measure-
ment caused by the compression. These topics will be dis-
cussed in detail in Sections 2.4 and 3.3.

2.4. Image compression

Since microarray images contain huge amounts of data and
are usually stored at the resolution of 16 bpp, a two-channel
microarray image is typically between 32 and 64 MB in size.
Efficient compression methods are highly desired to accom-
modate the rapid growth of microarray images and to reduce
the storage and transmission costs. Currently, the common
method to archive microarray images is to store them loss-
lessly in TIFF format with LZW compression [24]. However,
such an approach does not exploit 2D correlation of data be-
tween pixels and does not support lossy compression. Due to
the huge data size, microarray images require efficient com-
pression algorithms which support not only lossless com-
pression but also lossy compression with graceful degrada-
tion of image quality for downstream data analysis at low bit
rates.

Recently, a new method known as the segmented LOCO
(SLOCO) was introduced in [20]. This method exploits the
possibility of lossy-to-lossless compression for microarray
images. SLOCO is based on the LOCO-I algorithm [25],
which has been incorporated in the lossless/near-lossless
compression standard of JPEG-LS. SLOCO employs a two-
tier coding structure. It first encodes microarray images loss-
ily with near-lossless compression, then applies bit-plane
coding to the quantization error to refine the coding results
until lossless compression is achieved. SLOCO can generate
a partially progressive bitstream with a minimum bit rate de-
termined by the compression of the first tier, and the coding
is conducted on the foreground and background separately.

In BASICA, we also incorporate lossy-to-lossless com-
pression of microarray images. The aims of compression in
BASICA are twofold: (1) to generate progressive bitstreams
that can fulfill the requirements of signal processing and data
analysis at low bit rates for data sharing and transmission ap-
plications and (2) to deliver competitive lossless compression
performance to data archiving applications with a progres-

sive bitstream. To achieve these objectives, the compression
scheme in BASICA treats the foreground and background of
microarray images separately. Obviously, the foreground and
background usually have significant intensity differences and
they are relatively homogeneous in their corresponding lo-
cal regions. Hence, by compressing the foreground and back-
ground separately, the compression efficiency is expected to
improve significantly. This is done by utilizing the outcomes
of segmentation. Before encoding, BASICA saves all neces-
sary segmentation information into a header file for subse-
quent compression.

SLOCO in [20] is based on spatial domain predictive
coding. In contrast, BASICA employs bit-plane coding in
the transform domain. Bit-plane coding enables BASICA to
achieve truly progressive bitstream coding at any rate. To al-
low lossy compression, an appropriate distortion measure-
ment is needed. Generally, medical image compression re-
quires visually imperceptible differences between the lossily
reconstructed image and the original. Traditional distortion
measures, such as mean square error (MSE), are poor indica-
tors for this purpose. However, unlike other types of medical
images, the performance of microarray image compression
does not depend on visual quality judgement, but instead on
the accuracy of final data analysis. Therefore, it is reasonable
to adopt a distortion measure adherent to the requirements
of data analysis. Since almost all existing data analysis meth-
ods use the transformed expression values, we should seek to
minimize the distortion under these measurements. In BA-
SICA, we adopt distortion measures based on the log ratios
and the log products because they are the most used trans-
forms in common applications. However, as we will see later,
the scheme employed in BASICA can be easily adapted for
other transform measures.

The log ratios and the log products decouple the data
of two channels into two separate log intensities, logR and
logG. This ensures that the compression can be done on each
channel independently. Without loss of generality, we only
refer to the R channel in the rest of the paper.

BASICA currently employs the MSE of logR as the dis-
tortion measurement, which is defined as

MSElogR = 1
N

N∑
i=1

(
logRi − log R̂i

)2
, (9)

whereN is the total number of spots in the microarray image,
and Ri and R̂i are background-subtracted mean intensities
obtained from spot i of the original and reconstructed image,
respectively.

There is a direct relationship between the MSE of log in-
tensity and the traditional MSE. For spot k, its log intensity
logRk can be further written as

logRk = log
(
µFRk − µBRk

) = log


 1
Mk

Mk∑
i=1

Xi − µBRk


, (10)

where Mk is the total number of pixels in the foreground of
spot k, and Xi is the intensity of the ith pixel. So the unit error
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∆ logRk is associated with the unit error ∆Xj of jth pixel by

∆ logRk =
∆Xj

Mk
(
µFRk − µBRk

) . (11)

For the pixels in the background, because most existing
schemes do not compute the average intensity as µBRk but use
nonlinear operations such as modulo or median filtering, the
above derivation no longer holds. The foreground and back-
ground pixels have different impacts on the log intensity and
should be considered separately.

Equation (11) indicates that the MSE of log intensity is
actually a weighted version of traditional MSE. The weight
1/Mk(µFRk − µBRk ) is a constant for pixels in the same spot
and is inversely proportional to the spot’s intensity and fore-
ground size. The higher a spot’s intensity or foreground size,
the larger its allowable reconstruction error.

Quite similarly, one can easily derive other MSE distor-
tion measurements for other transforms. For example, the
g log transform in [23] is

g
(
Rk
) = log

(
µFRk − α +

√(
µFRk − α

)2
+ c
)

, (12)

where α and c are parameters estimated from the microarray
image. Then, with straightforward derivation, one can asso-
ciate the unit error ∆g(Rk) with the unit error ∆Xj of jth
pixel by

∆g
(
Rk
) = ∆Xj

Mk

√(
µFRk − α

)2
+ c

. (13)

Thus, the MSE of g log is also a weighted version of tradi-
tional MSE, and like MSE of log ratio, the measurement al-
lows larger distortions in spots of high intensities.

Although we can derive different distortion measure-
ments for different transforms, the compression scheme in
BASICA can only be designed based on one type of distortion
measurement. As mentioned before, in BASICA we choose
MSE of log ratio as the distortion measurement.

With the help of (11), we introduce a new lossy-to-
lossless compression scheme in BASICA by modifying
EBCOT [26] with several techniques specifically designed for
the requirements of microarray technology. First, to encode
the foreground and background separately, we modify the
EBCOT to compress arbitrarily shaped regions. Then we ap-
ply intensity shifts and bit shifts on the coefficients to mini-
mize the MSE of log intensity.

EBCOT, which is a state-of-the-art compression algo-
rithm incorporated in JPEG2000 standard, offers a fully pro-
gressive bitstream of excellent compression efficiency with
plenty of useful functionalities. In EBCOT, a 2D integer
wavelet transform is applied for lossy-to-lossless image com-
pression. Block-based bit plane coding is used to generate
the bitstream of each subband. To achieve the optimal rate-
distortion performance, the coding procedure consists of
three passes in each bit plane using three context modeling

primitives. The bitstreams of all subbands are multiplexed
into a layered one via a fast bisectional search for the given
target bit rate.

2.4.1. Modifying EBCOT for microarray image coding

Our major modifications to EBCOT are the following.
Header file. A header file is necessary for saving the in-

formation which will be used in the encoding and decod-
ing procedures. To ensure that the encoder and decoder
can correctly compress and reconstruct the foreground and
background independently, the segmentation information
must be saved in the header file. Besides, (11) indicates that
the mean intensities of the foreground and background are
also needed by the compression algorithm. To save storage
memory, these data are coded with LZW compression. Al-
though the segmentation information and spot intensities
are enough for the compression component, other data, such
as variances of pixel intensities in each spot, can also be saved
in the header file for quick genetic information retrieval. In
the practical implementation, the header file will be gener-
ated before encoding and must be transmitted and decoded
first.

Shape-adaptive integer wavelet transform. Like other
frequency-domain-based coding schemes, in BASICA the
transform is performed before bit-plane coding during the
encoding phase and after the bit-plane reconstruction dur-
ing the decoding phase. To ensure lossless compression, inte-
ger wavelet transforms are required. The wavelet transforms
are conducted on the foreground and background indepen-
dently to prevent any interference between the coefficients
from adjacent areas. Since the segmented foreground and
background always have irregular shapes, critically sampled
integer wavelet transforms for arbitrarily shaped objects are
needed to ensure coding efficiency. Many approaches have
been proposed for 2D shape-adaptive wavelet transforms.
Our proposed coding scheme uses odd-symmetric exten-
sions over object boundaries described in [27].

Object-based EBCOT. After shape-adaptive integer
wavelet transform, we modify the EBCOT context modeling
for arbitrarily shaped regions. The extension of EBCOT
algorithm to shape-adaptive coding is rather straightfor-
ward. Because the shape-adaptive integer wavelet transform
is critically sampled, the number of wavelet coefficients
is the same as those in the original regions. Using the
wavelet-domain shape mask, one can easily tell whether a
coefficient belongs to a region to be coded. If any neighbor
of that coefficient falls outside the region, we just set that
neighboring coefficient’s values to zero, thus making it
insignificant in context modeling. We call the resulting coder
object-based EBCOT.

Intensity shifts. To minimize the initial MSE, the average
intensity of the image is subtracted from each pixel before en-
coding and added back after decoding. Unlike eight-bit nat-
ural images, the foreground of a microarray image normally
has an exponential intensity distribution. The exponential
distribution property of the foreground makes the global av-
erage intensity subtraction less effective. However, the pixels
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in the foreground of any spot k normally have similar intensi-
ties and roughly have a symmetric distribution around µFRk .
So, for the encoding of the foreground, each pixel in spot
k is subtracted µFRk instead of the global average intensity.
Since µFRk is already saved in the header file, intensity shifts
do not cost any overhead. With intensity shifts, the distribu-
tion of foreground intensities are transformed into a sym-
metric shape with a high peak around zero. As for the back-
ground compression, through our experiments, we find that
the pixels in the background actually have a roughly symmet-
ric intensity distribution, suggesting that the global average
intensity subtraction will be appropriate.

Bit shifts. EBCOT uses block-based bit-plane coding. In
order to minimize the distortions at different rates, one must
code the bit planes of different spots according to their im-
pacts on the MSE of log intensity. One straightforward solu-
tion is to scale the coefficients of each spot with the spot’s
weight, so bits at the same bit plane of all spots have the
same impacts on the MSE of log intensity. However, because
the weights are noninteger fractions, lossless compression
cannot be ensured under such a scaling. Furthermore, al-
though one can round them to the closest integer as an ap-
proximation, any scaler w will increase a coefficient’s infor-
mation up to �log2 w� bits, which can lead to a very poor
lossless compression performance. In BASICA, we apply the
scaling by bit shifts, which is a good approximation and
meanwhile does not compromise the performance of lossless
compression. For spot k, BASICA obtains

Sk =
⌊

log2

(
Mk
(
µFRk − µBRk

))
+ 0.5

⌋
. (14)

Let Smax = max{S1, S2, . . . , SN}. Then it scales the coefficients
of spot k by upshifting them Smax − Sk bits.

Background compression. With careful consideration, bit
shifts have not been applied in the background compression
in BASICA for several reasons. First, since there exist differ-
ent approaches to compute the background intensity, and the
values obtained by these methods also vary a lot, it is unclear
how to find a unique weight for each pixel like what BASICA
has for foreground compression. Second, unlike isolated tar-
get sites in the foreground, the local background is normally
connected to each other. Thus, bit shifts will bring abrupt in-
tensity changes along the borders of spots, which will in turn
lower the compression efficiency significantly in lossless cod-
ing performance. Even though one can figure out the weights
through a formula similar to (11) based on certain back-
ground extraction methods, there will be a significant trade-
off on lossless compression, which is about 0.8 bpp according
to our experiments. So, in BASICA, we apply a global aver-
age intensity subtraction and no bit shifts on the background
compression, that is, the traditional MSE measure is used
for rate-distortion optimization. Normally, the pixel inten-
sities in the background are located in a very small range,
which means that the background is pretty homogenous.
Thus, compression with traditional MSE measure should be
able to represent the background with fairly small bit rates.

To this end, the final code of a two-channel microarray
image is composed of five different parts: a header file and

two bitstreams representing the foreground and background,
respectively, from each channel.

3. EXPERIMENTAL RESULTS AND DISCUSSION

Experiments have been conducted to test the performance
of BASICA with eight microarray images from two different
sources. We used three test images from the National Insti-
tutes of Health (NIH). Each of these images contains eight
subarrays arranged in 2×4 format. In each subarray, the spots
are arranged in a 29 × 29 format. There are a total of 20184
spots in all the three NIH images. In addition to these, we
also tested on another set of five test images obtained from
Spectral Genomics Inc. (SGI). Each of the SGI images con-
tains eight subarrays arranged in 12 × 2 format, and in each
subarray, the spots are arranged in a 16 × 6 format. These
five SGI images contain a total of 9960 spots. The target sites
in the NIH images exhibit noticeable irregular hybridization
effect and have irregular brightness patterns across the spots.
The intensities of these target sites span over a large range and
vary considerably. The target sites in the SGI images appear
to be hybridized more homogeneously, and many of them
have nearly perfect circular shape.

In the experiments, for each two-channel image, the
summed bit rate of all the bitstreams from both channels,
plus the shape information, were reported in bpp format,
which represents either the compression bit rate or the recon-
struction bit rate, depending on the type of test performed.
And the corresponding bit rate of the uncompressed original
image is 32 bpp. BASICA first segmented the image and gen-
erated the header file. The average overhead of the header file
was 0.5 bpp for the NIH images and 0.24 bpp for the SGI im-
ages, based on the postprocessed segmentation results. The
header file overheads were smaller on the SGI images because
of different settings of the microarray arrayers used to ac-
quire the images: there were much fewer spots in each SGI
image than those in each NIH image. After generating the
header file, the foreground and background of each channel
were compressed independently.

3.1. Comparisons of wavelet filters
and decomposition levels

The framework of the proposed compression scheme in BA-
SICA does not specify which wavelet filters and how many
wavelet decomposition levels used. In order to find the op-
timal choice for microarray image compression, we com-
pare the results generated with different wavelet filters and
decomposition levels. All the results presented in this section
are based on the NIH images unless stated otherwise.

Table 2 lists the lossless coding results by BASICA using
nine different wavelet filters with one-level wavelet decom-
position. From these we found that the compression results
vary only in a small range of about 0.07 bpp. Among all the
nine sets of filters, the 5/3 wavelet filters achieved the best
result. This is probably because the 5/3 wavelet filters have
relatively shorter filter lengths, and therefore fit better with
the small sizes of the segmented regions. Nevertheless, as the
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Table 2: Lossless compression results (in bpp) of BASICA using different integer wavelet filters with one-level wavelet decomposition. The
results are averaged over the NIH images.

Wavelet filters 9/7− F (2 + 2, 2) 5/3 S + P (4,2) (2,4) (4,4) (6,2) 2/6

File size 13.99 14.01 13.97 14.03 14.01 13.97 13.99 14.04 14.00

Table 3: Lossless compression results (in bpp) of BASICA using the
5/3 wavelet filters with different wavelet decomposition levels. The
results are averaged over the NIH images.

Decomposition levels 1 level 2 levels 3 levels 4 levels 5 levels

File size 13.97 14.00 14.01 14.02 14.02

discrepancies in the results were small, the choice of the
wavelet filters appeared to be not critical to the system per-
formance.

Table 3 lists the lossless coding results by BASICA
with different wavelet decomposition levels. Only the best-
performing 5/3 wavelet filters were evaluated in these tests.
The performance appeared to get worse when the decompo-
sition level increased and compression with only one-level
decomposition achieved the best result. This is partly due to
the fact that although with more decompositions more data
energy is compacted into smaller subbands, it also introduces
a higher model-adaptation cost to arithmetic coding in the
newly generated subbands, which cancels out the gains. Sim-
ilar to the comparison among the wavelet filters, the discrep-
ancies of lossless compression performance using different
decomposition levels are very small. To confirm this obser-
vation, lossy compression tests were also performed to com-
pare the performances based on the choices of the wavelet
decomposition level.

To evaluate the effect of lossy compression on data anal-
ysis, the test images were first reconstructed at a target rate.
Then the reconstructed images were processed and genetic
information (i.e., log ratio) was extracted and compared with
the same information extracted from the original images.
To ensure credibility of the comparisons, the Mann-Whitney
test-based segmentation started with the same selection of
random pixels in the predefined background in both the re-
constructed image and the original image. The segmenta-
tion was conducted under three different significance levels
α = 0.001, 0.01, and 0.05. At each significance level, log ra-
tios were extracted and distortions were computed. The dis-
tortions shown are the average distortions at the three signif-
icance levels over the three test images. Both the l1 distortion
and l2 distortion (i.e., MSE) of log intensity were used as the
error measures. Figure 4 shows the average reconstruction
errors using BASICA at different bit rates with three differ-
ent decomposition levels of the 5/3 wavelet transform. From
this figure, we can see that one-level decomposition yielded
a significantly better performance than the others. Based on
the above lossless and lossy compression results, we decided
to use the 5/3 wavelet filters with one-level wavelet decom-
position as a default setting in BASICA.

3.2. Comparisons of lossless compression

We first compared the lossless compression performance of
BASICA with three current standard coding schemes: TIFF,
JPEG-LS, and JPEG2000. In the comparisons, TIFF, JPEG-
LS, and JPEG2000 all compress a microarray image as a sin-
gle region and no header file is added. To evaluate the im-
provement brought by the postprocessing in segmentation,
along with the intensity and bit shifts in compression, we
also performed the tests of BASICA without the intensity and
bit shifts and without postprocessing, respectively (denoted
by BASICA w/o PP and BASICA w/o shifts, respectively, in
Figures 5, 6, and 7, and Table 4).

The coding results are shown in Table 4. The TIFF for-
mat, which is commonly used in existing microarray im-
age archiving systems, produced the poorest results, about
4 bpp worse than all the other methods compared. JPEG-
LS achieved the best performance on the NIH images.
But like TIFF, it does not support lossy compression. The
proposed BASICA turned out to be about 0.27 bpp worse
than JPEG-LS on the NIH images and 0.12 bpp better on
the SGI images. Besides, BASICA was significantly better
than JPEG2000 with the savings of 0.48 bpp and 0.56 bpp
on the NIH and SGI images, respectively. BASICA with-
out intensity and bit shifts yielded almost the same per-
formance as BASICA in lossless compression. On the other
hand, one can see clearly that the irregularities in segmen-
tation reduced compression efficiency substantially. With-
out postprocessing, the average size of a header file was
0.33 bpp larger than that of BASICA on the NIH images and
0.09 bpp larger on the SGI images, respectively. Thus, BA-
SICA with postprocessing was preferred on all the test im-
ages.

3.3. Comparisons of lossy compression

During the experiments, we also compared the lossy com-
pression results at different bit rates. Since TIFF and JPEG-
LS do not support the lossy compression functionality,
JPEG2000 was the only standard compression scheme com-
pared in the experiments. Our comparisons were based on
three different measurements.

3.3.1. Comparisons based on l1 and l2 distortions

We first compared the rate-distortion curves based on the l1
and l2 distortions of log intensity. Figure 5 shows the average
reconstruction errors of these methods at different bit rates.
We observe that, due to the effect of relatively more homo-
geneous hybridization, the distortion on the SGI images was
uniformly smaller than the distortion on the NIH images.
JPEG2000 produced surprisingly small l1 distortion values at
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Figure 4: Rate-distortion curves of log ratio in terms of (a) l1 distortion and (b) l2 distortion with different wavelet decomposition levels
at different reconstruction bit rates; 5/3 wavelet filters were used. The segmentation was performed at three different significance levels,
α = 0.001, 0.01, and 0.05, and three log ratios and their corresponding distortions were then obtained. The distortions shown are the
averages of the three significance levels over the NIH images.

Table 4: Lossless compression results (in bpp) of different coding schemes.

Methods TIFF JPEG-LS JPEG2000 BASICA w/o shifts BASICA w/o PP BASICA

Bit rates (NIH) 18.27 13.70 14.45 13.99 14.50 13.97

Bit rates (SGI) 17.21 14.49 14.93 14.31 14.46 14.37

low bit rates, only inferior to BASICA on the NIH images and
similar to the others on the SGI images. Nevertheless, it pro-
duced relatively large l2 distortion values. Apparently, with-
out adjusting the MSE for log intensity, JPEG2000 spent too
many bit rates on high-intensity pixels/spots, which led to
high l2 distortion. Furthermore, the distortion of JPEG2000
decayed slowly in both l1 and l2 senses. For bit rates beyond
6 bpp, it degraded to produce the worst distortion among all
the methods. Without the intensity and bit shifts, BASICA
performed poorly at lower bit rates. Only when the bit rates
went above 6 bpp did its performance become acceptable.
BASICA without postprocessing produced different perfor-
mances on images of different sources. On the NIH images,
it obviously suffered from the irregularities of segmenta-
tion, yielding a performance between BASICA and BASICA
without the intensity, and bit shifts at low bit rates. But it
quickly became worse than both of these schemes when the
bit rates increased. On the SGI images, in which target sites
had more uniform hybridization, there was almost no dif-
ference between its performance and BASICA’s. Compared
to the other schemes, BASICA yielded the best performance
in both l1 and l2 distortions at all the bit rates on all test
images.

3.3.2. Comparisons based on scatter plots

Besides l1 and l2 distortion measures, a more intuitively vi-
sual way to compare the distortion of different methods is by
scatter plotting. Figure 6 shows the extracted log ratios and
log products by different methods at a bit rate around 4 bpp
for two test images. In each scatter plot, the blue diagonal line
corresponds to the information extracted from the original
images. From the plots, we can see that BASICA had a bet-
ter performance than the other methods. BASICA without
postprocessing had a worse performance on the NIH images
and a good performance on the SGI images. JPEG2000 and
BASICA without intensity and bit shifts yielded worse per-
formances on both sets of test images. This observation is
consistent with the results shown in Figure 5. Since a scatter
plot cannot provide quantitative performance measurements
and can only visually display the data for comparisons at one
bit rate per plot, it does not provide a practical performance
measurement.

3.3.3. Comparisons based on gene expression data

Rather than judging the performance based on the l1 and
l2 distortion measures and the scatter plots, biologists and
clinicians in gene expression studies are likely to care more
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Figure 5: Rate-distortion curves of log ratio in terms of l1 distortion (left column) and l2 distortion (right column) under different recon-
struction bit rates for different compression schemes: (a-b) results based on the NIH images; (c-d) results based on the SGI images. The
segmentation was performed at the significance level α = 0.05.

whether a gene is differently detected or identified due to
a lossy compression. Hence, it is meaningful to look at the
rate of disagreement on detection and identification between
lossily reconstructed image and original image. The detec-
tion and identification disagreement are defined as follows.

(1) The detection disagreement is defined to be the valid
spots in the original image being detected as false spot, or
vice versa, after a lossy reconstruction.

(2) The identification disagreement is defined to be a
different classification outcome among up-regulated, down-
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Figure 6: Scatter plots of log ratio (left column) and log product (right column) extracted from original images and reconstructed images
using different schemes. (a-b) Results based on an NIH image: black: BASICA at 4.3 bpp; magenta: BASICA w/o shifts at 4.3 bpp; green:
BASICA w/o PP at 4.7 bpp; red: JPEG2000 at 4.0 bpp. (c-d) Results based on an SGI image: black: BASICA at 4.1 bpp; magenta: BASICA w/o
shifts at 4.1 bpp; green: BASICA w/o PP at 4.2 bpp; red: JPEG2000 at 4.0 bpp. The significance level in the Mann-Whitney test is α = 0.05.

regulated, and invariant gene expression levels after a lossy
reconstruction, even though the detection outcome is the
same.

We conducted experiments using a simple quantitative
model of gene expression data analysis to compare differ-
ent methods. We determined that a spot was false if its fore-
ground intensity was less than its background intensity in ei-
ther channel or no foreground target site was found by the
segmentation. We also decided that if the log ratio was larger
or smaller than a certain threshold range [θ,−θ], then the
spot was up- or down-regulated; otherwise, it was invari-
ant. For these experiments, no normalization was performed
to reduce the interimage data variations. The experiments
were performed on the NIH images and the SGI images
separately and the results are shown in Figure 7. From this
figure we can see that the identification disagreement rate

was about 10 times higher than the detection disagreement
rate. These results were similar to what have been shown
in Figure 5. The disagreement caused by the lossy compres-
sion of JPEG2000 was comparable to that of BASICA only
at 2 bpp, and dropped slowly when the bit rate increased.
On the other hand, the disagreement caused by BASICA
without intensity and bit shifts became acceptable only af-
ter 6 bpp. BASICA without postprocessing yielded a perfor-
mance similar to that of BASICA on the SGI images but did
worse on the NIH images. One can also observe that the
disagreement rates on the NIH images were much higher
than on the SGI images at the same bit rate. This is prob-
ably because NIH images are much noisier than SGI im-
ages, and hence require more bit rates to compress. These
results are consistent with Figure 5, where the NIH images
have much larger l1 and l2 distortions than the SGI images
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Figure 7: The disagreement rates versus the bit rates. The threshold parameters θ = 1. The segmentation was performed at the significance
level α = 0.05. The left-column plots depict the detection disagreement rates versus the bit rates. The right-column plots depict the identi-
fication disagreement rates versus the bit rates. The disagreement rates shown are the averages of all images: (a-b) results based on the NIH
images; (c-d) results based on the SGI images.

at the same bit rate. For the NIH images, the identifica-
tion disagreement rate was larger than 10% at 2 bpp and
was around 1.5% at 10 bpp. For the SGI images, the iden-
tification disagreement rate was smaller than 2.5% even at

2 bpp, and was around 0.1% at 10 bpp. All these results con-
sistently suggested that one could hardly find a common
bit rate that led to similar disagreement/agreement rates for
different microarray images. For images with homogeneous



106 EURASIP Journal on Applied Signal Processing

hybridization, which are becoming more available with the
advance of microarray production technology, lossy com-
pression at low bit rates appears to be viable for highly ac-
curate gene expression data analysis.

4. CONCLUSIONS AND FUTURE RESEARCH

We have introduced a new integrated tool, microarray BA-
SICA, for cDNA microarray data analysis. It integrates back-
ground adjustment, and image segmentation and compres-
sion in a coherent software system. The cDNA microarray
images are segmented by a fast Mann-Whitney test-based al-
gorithm. Postprocessing is performed to remove the segmen-
tation irregularities. A highly efficient image coding scheme
based on a modified EBCOT algorithm is presented, along
with a new distortion measurement specially chosen for
cDNA microarray data analysis. Experimental results show
that cDNA microarray images of different quality require dif-
ferent bit rates to ensure sufficiently accurate gene expression
data analysis. For homogeneously hybridized cDNA microar-
ray images, BASICA is able to provide from a bit rate as low
as 5 bpp the gene expression data that are 99% in agreement
with those of the original 32 bpp images. Future research in-
cludes finding the optimal rate allocation between the back-
ground and foreground, and between the two channels of a
cDNA microarray image.
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It has been observed that the protein-coding regions of DNA sequences exhibit period-three behaviour, which can be exploited to
predict the location of coding regions within genes. Previously, discrete Fourier transform (DFT) and digital filter-based methods
have been used for the identification of coding regions. However, these methods do not significantly suppress the noncoding
regions in the DNA spectrum at 2π/3. Consequently, a noncoding region may inadvertently be identified as a coding region.
This paper introduces a new technique (a single digital filter operation followed by a quadratic window operation) that suppresses
nearly all of the noncoding regions. The proposed method therefore improves the likelihood of correctly identifying coding regions
in such genes.

Keywords and phrases: gene prediction, digital filter, DNA.

1. INTRODUCTION

Finding coding regions (exons) in a DNA strand involves
searching amongst the many nucleotides that comprise a
DNA strand. Typically a DNA molecule contains millions to
hundreds of millions of elements [1]. The problem of finding
exons in a DNA sequence is well suited to computers because
DNA sequences can be represented by data that is easily pro-
cessed by a computer. DNA strands can be represented by
sequences of letters from a four-character alphabet. Conven-
tion dictates the use of the letters A, T, C, and G in each el-
ement to represent each of the four distinct nucleotides [1].
A nucleotide has two distinct ends: a 3′ end and a 5′ end. A
covalent chemical bond links the 5′ end of one nucleotide to
the 3′ end of another nucleotide. A DNA strand is comprised
of many nucleotides linked in this fashion [1]. The DNA se-
quence representing a DNA strand consists of the letters A,
T, C, and G listed in a left-to-right fashion corresponding to
the nucleotides that make up the strand arranged left to right
from their 5′ to 3′ ends [1].

A DNA strand can be divided into genes and intergenic
spaces. Genes are responsible for protein synthesis. A gene
can be further subdivided into exons and introns for cells
with a nucleus (eukaryotes) [2]. Cells without a nucleus are

called prokaryotes and do not contain introns [2]. The exons,
coding regions within genes, are denoted by start and stop
codons. Codons are a subsequence of three letters within the
DNA sequence. Because codons are comprised of three letters
from the four-letter alphabet that makes up a DNA sequence,
there are 64 possible codons [1]. Of the 64 possible codons,
there are one start codon and three stop codons, and the re-
mainder of the codons correspond to one of the twenty pos-
sible amino acids of a protein [1]. The relationship between
DNA sequences, genes, intergenic spaces, exons, introns, and
codons is illustrated in Figure 1.

Some exons within the protein-coding regions of DNA
sequences of eukaryotes tend to exhibit a period-three pat-
tern [2, 3, 4, 5]. The period-three pattern of the exons can be
exploited to predict gene locations and even predict specific
exons within the genes of eukaryotic cells [2, 3, 4, 5].

Previous digital signal processing (DSP) methods for the
identification of coding regions (exons) in DNA sequences
include the application of the discrete Fourier transform
(DFT) on overlapping windows [1, 3, 4] and the application
of bandpass digital filters that are centered at 2π/3 [2, 6]. The
output of a bandpass digital filter centered at 2π/3 can be
thought of as one measure of the DNA spectral content at
frequency 2π/3. Digital filter methods are of interest because
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Figure 1: (a) An abstraction to illustrate the genes and intergenic
spaces which comprise a DNA sequence. (b) An abstraction of a
gene to illustrate the subdivision of a gene into exons and introns.
(c) Various subsequences that comprise exons and introns in a gene
(each three-letter grouping is a codon). The start codon is always
ATG. However, one of the three possible stop codons is illustrated
as (TAA).

they are significantly faster than the DFT method and they
can be used to suppress more of the DNA background noise
than it is possible by using the DFT method [2, 6].

DSP methods that only exploit period-three behaviour
have many shortcomings. These methods are unable to reli-
ably locate coding regions that do not have strong period-
three characteristics. Methods based on hidden Markov
models [7, 8, 9] provide superior results in these circum-
stances. The models used in these methods are also suffi-
ciently accurate to account for exon and intron length dis-
tributions [10]. Alternatively, computational methods that
exploit the heterogeneous statistical properties of DNA se-
quences to recursively segment homogeneous subsequences
from their heterogeneous supersequences can be used for the
identification of the borders between coding and noncod-
ing regions [11, 12, 13]. The accuracy of these segmentation
methods for coding region identification in DNA sequences
surpasses the method presented in this paper and other DSP
methods when applied to DNA sequences that do not have
coding regions exhibiting a periodicity of three.

The method presented in this paper is an extension of
DSP methods that exploit period-three behaviour. Previous
DSP methods that exploit period-three behaviour do not en-
tirely suppress the noncoding regions in the DNA spectrum
at 2π/3. As a result, a noncoding region may be incorrectly
identified as a coding region. Also the methods presented in

[2, 6] require four digital filter operations. In contrast, this
paper presents a method that requires only one digital fil-
ter operation followed by a quadratic windowing operation.
The quadratic window produces a signal that has almost zero
energy in the noncoding regions. The proposed method can
therefore improve the likelihood of correctly identifying cod-
ing regions over previous digital filtering methods. However,
the accuracy of the proposed method suffers when dealing
with coding regions that do not exhibit strong period-three
behaviour. Also the methods presented in [7, 8, 9] are able to
accurately model structures in genes, whereas the proposed
method cannot. Despite these limitations, the method pro-
posed in this paper can be used to generate one of the signals
of a more complex gene finding method.

This paper is organized as follows. Section 2 reviews pre-
vious DSP methods for the identification of coding regions
in DNA sequences. In particular, the DFT and digital filter
methods are discussed. Section 3 presents a new computa-
tionally efficient one-step digital filter method for the identi-
fication of coding regions. Section 4 presents a new quadratic
window operation that improves the suppression of noncod-
ing regions from the DNA spectrum at frequency 2π/3. In the
example presented, noise suppression is improved by almost
three orders of magnitude. Section 5 presents the conclusions
of this research.

2. PREVIOUS DIGITAL SIGNAL PROCESSING
METHODS FOR IDENTIFYING CODING REGIONS

Strands of DNA consist of four nucleotides (or bases), which
are designated by the characters A, T, C, and G [1]. A char-
acter string composed of these four bases can be mapped to
four signals [1]. The signal uA(n) takes the value of either 1 if
A is present in the DNA sequence at index n, or 0 if A is ab-
sent at index n. For example, uA(n) for the DNA segment AT-
GCTGAA is 10000011. The signals uT(n), uC(n), and uG(n)
can be obtained in a similar fashion.

The DFT of uA(n) over N samples is defined [14] as 3pt

UA(k) =
N−1∑
n=0

uA(n)e− j2πkn/N , 0 ≤ k ≤ N − 1. (1)

In a similar fashion, the DFT of uT(n), uC(n), and uG(n)
can be obtained. For many genes, period-three behaviour has
been observed and is useful for identifying coding regions
[2, 3, 4, 5]. Specifically, the (k = N/3)-DFT coefficient mag-
nitude is often significantly larger than the surrounding DFT
coefficient magnitudes and corresponds to a coding region
within the gene [1, 3, 4]. This effect varies and can be quite
pronounced or quite weak, depending upon the gene [2].

A figure that can be used to measure the total spectral
content of a DNA character string at frequency k is defined
as [1, 4, 15]

SA+C+T+G(k) = (UA(k)
)2

+
(
UT(k)

)2

+
(
UC(k)

)2
+
(
UG(k)

)2
.

(2)
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Figure 2: The signal SA+C+T+G(N/3) for gene F56F11.4 in the C-
elegans chromosome III (N = 351).

The subscript of SA+C+T+G(k) indicates that all four nu-
cleotide signals are considered. Corresponding to the pre-
viously described period-three behaviour, the value of
SA+C+T+G(k) is large at k = N/3 when a coding region is
present. The progression of SA+C+T+G(N/3) can be plotted
by evaluating SA+C+T+G(N/3) over a window of N samples,
sliding the window by one or more sample, and recalcu-
lating SA+C+T+G(N/3) [1]. This process can be carried out
over the entire DNA sequence. As an example, consider the
gene F56F11.4 in the C-elegans chromosome III. The value of
SA+C+T+G(N/3) using N = 351 is plotted over the base num-
bers 7021 to 15080 in Figure 2.

The four dominant peaks in Figure 2 clearly indicate cod-
ing regions. However, a fifth coding region is present from
929 to 1135 but its small peak is obscured by 1/ f DNA back-
ground noise. (The work presented in [15, 16, 17] observes
the presence of 1/ f background noise in DNA sequences.)

The DFT method for the identification of coding regions
can be interpreted as a bandpass digital filter operation fol-
lowed by a decimation operation [2]. The bandpass digi-
tal filter associated with the DFT method is centered at fre-
quency 2π/3 and has a minimum stopband attenuation of
only 13 dB. High frequency selective bandpass digital filters
for the identification of coding regions can be used instead of
the DFT and have been presented in [2, 6] by Vaidyanathan
and Yoon. The digital filter presented in [6] is a second-
order antinotch filter. The digital filter presented in [2] is an
eleventh-order bandpass digital filter with a minimum stop-
band attenuation of 60 dB.

The digital filter method for the identification of coding
regions does not require the use of a sliding window [2, 6].
Instead, the signals uA(n), uC(n), uT(n), and uG(n) are in-
dividually processed using the same digital filter to produce
the signals yA(n), yC(n), yT(n), and yG(n). A pseudomeasure
of the total spectral content of a DNA sequence at frequency
2π/3, yA+C+T+G(n), is given by [2, 6]

yA+C+T+G(n) = ∣∣yA(n)
∣∣2

+
∣∣yC(n)

∣∣2

+
∣∣yT(n)

∣∣2
+
∣∣yG(n)

∣∣2
.

(3)

The signal yA+C+T+G(n) produces large values in coding re-
gions that exhibit strong period-three behaviour [2, 6] and is
therefore an indicator for coding regions.

The digital filter method is much faster than the DFT
method. For example, processing gene F56F11.4 in the C-
elegans chromosome III using the DFT method requires 264
seconds on a 400 MHz Pentium II computer. In contrast, the
digital filter method presented in [2] requires only 0.36 sec-
onds, which is 733 times faster than the DFT method.

3. GENE PREDICTION USING A SINGLE
DIGITAL FILTER

The methods presented by Vaidyanathan and Yoon in [2, 6]
require a digital filtering operation for each of the four uA(n),
uC(n), uT(n), and uG(n) signals for a total of four separate
filtering operations. We now introduce a method that only
requires one application of a digital filtering operation by fil-
tering a single signal composed of uT(n) and uG(n). This new
approach also removes much more of the DNA background
noise than it is possible by using the methods presented in
[2, 6]. In the following two sections, the optimization prob-
lem for creating this new signal is described and solved for a
specific example.

3.1. Optimized signal construction

The number of digital filter operations can be reduced from
four to one with the creation of a new signal that encapsulates
the entire DNA sequence

uA+C+T+G(n) = auA(n) + cuC(n) + tuT(n) + guG(n), (4)

where a, c, t, and g are real-valued parameters. Strand sym-
metry [18, 19, 20] can be exploited to further reduce the
complexity of (4) to the sum of two terms. A long DNA se-
quence can be approximated using a two-symbol representa-
tion, where one symbol is either A or T and the other symbol
is either C or G. In this case, the signal becomes

uT+G(n) = tuT(n) + guG(n). (5)

Strand symmetry may not hold for shorter DNA sequences
(on the order of 100 bases) and therefore strand symme-
try should be verified before using (5) on short sequences.
Section 3.2 compares the use of (4) and (5) for a test DNA
sequence.

An optimization-based approach can be used to select the
values of t and g (or a, c, t, and g if the strand symmetry
is not used). A digital filter for gene prediction is first ob-
tained from either the literature or from a suitable filter de-
sign method (this paper uses the digital filter presented in
[2]). This digital filter is used in the optimization process to
produce vT+G(n) from uT+G(n). A DNA sequence is selected
where all of the coding regions are known. A pseudomeasure
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Figure 3: The signals yT+G(n) and yA+C+T+G(n) for gene F56F11.4
in the C-elegans chromosome III using the proposed single digital
filter method.

of the total spectral content of a DNA sequence at 2π/3 is
given by

yT+G(n) = v2
T+G(n). (6)

The ratio of y2
T+G(n) accumulated over all of the coding re-

gions to y2
T+G(n) accumulated over all of the noncoding re-

gions is maximized by choosing the t and g parameters:

Maximize

∑
n0∈[coding region] y

2
T+G

(
n0
)

∑
n1∈[noncoding region] y

2
T+G

(
n1
) . (7)

3.2. Applying the signal optimization

As an example, consider the use of the digital filter presented
in [2] and the chromosome XVI of S. cerevisiae dataset. The
quasi-Newton optimization method [21] is used to solve the
above optimization problem for a two-symbol signal and for
a four-symbol signal. The method proposed in this section is
then used to process gene F56F11.4 in the C-elegans chromo-
some III over the base numbers 7021 to 15080 (see Figure 3).
Figure 3 demonstrates that yT+G(n) and yA+C+T+G(n) are very
similar due to the strand symmetry. The use of yT+G(n) is
preferred because of its simplicity.

All five exons in Figure 3 are clearly visible in both
yT+G(n) and yA+C+T+G(n). The remaining peaks do not have
sufficient magnitude to obscure any of the coding regions.
The total energy of yT+G(n) in the noncoding regions is de-
fined as

∑
n∈[noncoding region] yT+G

2(n). This is a useful perfor-
mance measure to gauge the effectiveness of a DSP gene pre-
diction method for the suppression of the noncoding re-
gions in yT+G(n). The total energy of yT+G(n) using the single
digital filter method is 56.6. In contrast, the total energy of
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Figure 4: The signal yT+G0(n) for gene F56F11.4 in the C-elegans
chromosome III.

yT+G(n) in the noncoding regions using the multiple digital
filter method as presented in [2] is 273.7, which is almost five
times larger than the proposed single digital filter method.
Clearly in this example, the proposed method improves the
likelihood of correctly identifying the coding regions by re-
ducing the total energy of yT+G(n) in the noncoding regions.

The initial coding region for gene F56F11.4 in the C-
elegans chromosome III has a weak period-three characteris-
tic, which is evident in Figures 2 and 3. In Figure 2, the initial
coding region is obscured by noise. Optimizing the param-
eters t and g in uT+G(n) over a training sequence consisting
of initial, internal, and terminal coding regions can be used
to suppress a significant portion of this noise (see Figure 3).
However, the relative height of the peak in yT+G(n) associated
with the initial coding region is almost unchanged.

Our experiments indicate that the method proposed in
this paper cannot be used to increase the relative height of
the peaks in yT+G(n) associated with coding regions with-
out also increasing the energy in the noncoding regions.
We have attempted to optimize a new signal, uT+G0(n), that,
when filtered, produces larger peaks for initial coding re-
gions. A training dataset composed only of initial coding
regions in XVI of S. cerevisiae was used to obtain t and g.
Figure 4 shows yT+G0(n) for gene F56F11.4 in the C-elegans
chromosome III. The relative height of the peak associated
with the initial coding region shown in Figure 4 has in-
creased but at the expense of a significant increase in the
signal energy in the noncoding regions. Consequently, the
use of uT+G0(n) has little practical benefit because the in-
creased signal energy in the noncoding regions decrease the
likelihood of correctly identifying the coding regions. Sim-
ilar results can be obtained if t and g are optimized only
for internal coding regions or only for terminal coding re-
gions. In contrast, methods based on hidden Markov models
[7, 8, 9] use sufficiently accurate models to predict the loca-
tion of coding regions that do not have strong period-three
characteristics.
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Figure 5: The quadratic window nonlinearity plotted for
Maxvalue = 2.

4. A QUADRATIC WINDOW OPERATION TO SUPPRESS
NONCODING REGIONS

The single digital filter method for the identification of cod-
ing regions does not always suppress all of the peaks found
in the noncoding regions of yT+G(n) (see Figure 3). Conse-
quently, the noncoding regions may obscure the coding re-
gions in some datasets. To reduce uncertainty in the identi-
fication of coding regions, a new quadratic windowing oper-
ation is now introduced that can be used to effectively sup-
press the noncoding regions while preserving the coding re-
gions. This quadratic windowing operation is performed af-
ter the single digital filter operation on yT+G(n).

The maximum value of yT+G(n) in a coding region is al-
most always greater than the maximum value of yT+G(n) in a
noncoding region although the difference in magnitude be-
tween the two may be small. It is desirable to exaggerate the
difference in magnitude between the coding and noncoding
regions so that the coding regions can be more easily identi-
fied. To this end, a window of M samples is processed using
the following operation:

yw(p) =
(

yT+G(p)
Maxvalue

)2

· yT+G(p), 1 ≤ p ≤M, (8)

where p is the window sample index, M is the number of
samples in the window, yw(p) is the pth windowed sample
value, and Maxvalue is the largest value of yT+G(p) in the
window.

The quadratic windowing operation defined in (8) mul-
tiplies yT+G(p) by a value that approaches zero in a quadratic
fashion as yT+G(p) approaches zero. Noncoding regions in
the window that have sample values less than Maxvalue are
effectively suppressed. Consider a window of samples that
has maximum sample value of 2. The quadratic window op-
eration produces yw(p) values of 0.0313 and 0.25 for yT+G(p)
values that equal 0.5 and 1, respectively, as shown in Figure 5.

To preserve the coding regions in yT+G(n), the size of the
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Figure 6: The signal yT+Gw (n) for gene F56F11.4 in the C-elegans
chromosome III using the quadratic window (8).

window should not contain more than one coding region. In
this case, the sole coding region in the window is not sup-
pressed because the value of the largest sample, which be-
longs to the coding region, is not changed when using (8). A
DNA sequence, where all of the coding regions are known,
can be used to select the window size. The window size is
set to a value less than the minimum number of samples be-
tween adjacent coding regions and greater than the number
of samples of the widest coding region.

After a window of M samples has been processed, the
window is then moved M samples, which prevents the suc-
cessive windowing operations from overlapping.

The quadratic windowing operation is now applied to
the gene F56F11.4 in the C-elegans chromosome III over
the base numbers 7021 to 15080. Figure 3 shows the origi-
nal yT+G(n) signal obtained using the method discussed in
Section 3.2. The quadratic window of (8) is used to obtain
the signal yw(p), as shown in Figure 6. The window size is set
to M = 1100 samples. The five coding regions (exons) domi-
nate the signal yw(n). In the coding regions, the signal yw(n)
has been suppressed to near-zero values, which improves the
certainty of correctly identifying the coding regions.

Table 1 compares the suppression of the noncoding re-
gions by comparing the total energy in these regions for the
multiple digital filter gene prediction method presented in
[2], the single digital filter method presented in Section 3,
and the single digital filter method followed by the quadratic
window operation presented in this section. This numeri-
cal experiment used gene F56F11.4 in the C-elegans chromo-
some III over the base numbers 7021 to 15080.

The multiple digital filter method does not effectively
minimize the total energy in the noncoding regions. The to-
tal energy in the noncoding regions for the multiple digital
filter method is 720 times greater than the total energy in
noncoding regions for the method proposed in this section
and almost five times greater than the method presented in
Section 3. As a result, a noncoding region may inadvertently
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Table 1: A comparison of the performance between competing
gene prediction methods.

Gene prediction method
Total energy in the
noncoding regions

Single digital filter method followed
by the quadratic window operation 0.38

Single digital filter method 56.6

Multiple digital filter method [2] 273.7

Table 2: A comparison of SNR values between competing gene pre-
diction methods.

Gene SNR SNR

(single digital filter method
followed by the quadratic
window operation)

(multiple digital
filter method [2])

F56F11.4 107 4

ZK250.9 225 18

ZK250.10 848 22

F54D8.1 64 11

be identified as a coding region when using the multiple digi-
tal filter method. In contrast, all five coding regions can easily
be identified using the methods presented in this section.

The quadratic windowing method (single digital filter
method followed by a quadratic window operation) is now
compared in more depth with Vaidyanathan and Yoon’s mul-
tiple digital filter method [2]. Table 2 compares the signal-
to-noise ratio (SNR), see (9), for the following test genes:
F56F11.4 in the C-elegans chromosome III, ZK250.9 and
ZK250.10 in the C-elegans chromosome II, and F54D8.1 in
the C-elegans chromosome III.

The SNR performance measure considers both the en-
ergy in the coding and noncoding regions. High SNR signals
have low energy levels in the noncoding regions and high en-
ergy levels in the coding regions. For high SNR signals, the
task of identifying coding regions is greatly simplified be-
cause the coding regions dominate over the noncoding re-
gions

SNR =
∑

n0∈[coding region] y
2
T+G

(
n0
)

∑
n1∈[noncoding region] y

2
T+G

(
n1
) . (9)

Table 2 shows that the multiple digital filter method con-
sistently generates significant lower SNR signals than does
the method proposed in this paper. Consequently, the task of
identifying coding regions in signals generated by the multi-
ple digital filter method is more problematic.

5. CONCLUSION

Methods for the identification of coding regions that solely
rely on digital filters [2, 6] are unable to significantly attenu-
ate the noncoding regions in yT+G(n). Consequently, a non-

coding region may inadvertently be identified as a coding re-
gion. This paper introduced a new DSP technique (a single
digital filter operation followed by a quadratic window op-
eration) that can be used to suppress nearly all of the non-
coding regions in yT+G(n). This paper demonstrated that the
total energy in the noncoding regions of yT+G(n) can be re-
duced by a factor of 720 compared to the previous digital
filter techniques for gene F56F11.4 in the C-elegans chromo-
some III. As a result, the proposed method can improve the
likelihood of correctly identifying coding regions.

ACKNOWLEDGMENTS

The authors wish to thank the anonymous reviewers for their
comments and valuable suggestions which helped in improv-
ing this paper.

REFERENCES

[1] D. Anastassiou, “Genomic signal processing,” IEEE Signal
Processing Magazine, vol. 18, no. 4, pp. 8–20, 2001.

[2] P. P. Vaidyanathan and B.-J. Yoon, “Digital filters for gene pre-
diction applications,” in Proc. Asilomar Conference on Signals,
Systems, and Computers, pp. 306–310, Pacific Grove, Calif,
USA, November 2002.

[3] D. Anastassiou, “DSP in genomics,” in Proc. IEEE Int. Conf.
Acoustics, Speech, Signal Processing, pp. 1053–1056, Salt Lake
City, Utah, USA, May 2001.

[4] S. Tiwari, S. Ramachandran, A. Bhattacharya, S. Bhat-
tacharya, and R. Ramaswamy, “Prediction of probable genes
by Fourier analysis of genomic sequences,” Comput. Appl.
Biosci., vol. 13, no. 3, pp. 263–270, 1997.

[5] J. W. Fickett, “Recognition of protein coding regions in DNA
sequences,” Nucleic Acids Res., vol. 10, no. 17, pp. 5303–5318,
1982.

[6] P. P. Vaidyanathan and B.-J. Yoon, “Gene and exon prediction
using allpass-based filters,” in Workshop on Genomic Signal
Processing and Statistics, Raleigh, NC, USA, October 2002.

[7] J. Henderson, S. Salzberg, and K. H. Fasman, “Finding genes
in DNA with a hidden Markov model,” J. Comput Biol., vol.
4, no. 2, pp. 127–141, 1997.

[8] D. Kulp, D. Haussler, M. G. Reese, and F. H. Eeckman, “A gen-
eralized hidden Markov model for the recognition of human
genes in DNA,” in Proc. of the 4th International Conference
on Intelligent Systems for Molecular Biology, Menlo Park, Calif,
USA, 1996.

[9] A. Krogh, I. S. Mian, and D. Haussler, “A hidden Markov
model that finds genes in E. coli DNA,” Nucleic Acids Res.,
vol. 22, no. 22, pp. 4768–4778, 1994.

[10] C. B. Burge and S. Karlin, “Finding the genes in genomic
DNA,” Curr. Opin. Struct. Biol., vol. 8, no. 3, pp. 346–354,
1998.

[11] P. D. Cristea, “Large scale features in DNA genomic signals,”
Signal Processing, vol. 83, no. 4, pp. 871–888, 2003.

[12] W. Li, P. Bernaola-Galvan, F. Haghighi, and I. Grosse, “Ap-
plications of recursive segmentation to the analysis of DNA
sequences,” Computers & Chemistry, vol. 26, no. 5, pp. 491–
510, 2002.

[13] W. Li, G. Stolovitzky, P. Bernaola-Galvan, and J. L. Oliver,
“Compositional heterogeneity within, and uniformity be-
tween, DNA sequences of yeast chromosomes,” Genome Re-
search, vol. 8, no. 9, pp. 916–928, 1998.

[14] A. Oppenheim and R. Schafer, Discrete-Time Signal Process-
ing, Prentice-Hall, Englewood Cliffs, NJ, USA, 1989.



114 EURASIP Journal on Applied Signal Processing

[15] R. F. Voss, “Evolution of long-range fractal correlations and
1/ f noise in DNA base sequences,” Phys. Rev. Lett., vol. 68,
no. 25, pp. 3805–3808, 1992.

[16] W. Li, “The study of correlation structures of DNA sequences:
a critical review,” Computers & Chemistry, vol. 21, no. 4, pp.
257–271, 1997.

[17] W. Li and K. Kaneko, “Long-range correlation and partial
1/ f α spectrum in a non-coding DNA sequence,” Europhys.
Lett., vol. 17, no. 7, pp. 655–660, 1992.

[18] D. R. Forsdyke and J. R. Mortimer, “Chargaff ’s legacy,” Gene,
vol. 261, no. 1, pp. 127–137, 2000.

[19] W. Li, “The study of correlation structures of DNA sequences:
a critical review,” Computers & Chemistry, vol. 21, no. 4, pp.
257–272, 1997.

[20] J. W. Fickett, D. C. Torney, and D. R. Wolf, “Base compo-
sitional structure of genomes,” Genomics, vol. 13, no. 4, pp.
1056–1064, 1992.

[21] J. E. Dennis and R. B. Schnabel, Numerical Methods for Un-
constrained Optimization and Nonlinear Equations, SIAM,
Philadelphia, Pa, USA, 1996.

Trevor W. Fox received his B.S. and Ph.D.
degrees in electrical engineering from the
University of Calgary in 1999 and 2002, re-
spectively. Currently, he is working at the
Intelligent Engines in Calgary, Canada. His
main research interests include digital fil-
ter design, reconfigurable digital signal pro-
cessing, and genomic signal processing.

Alex Carreira received his B.S. and M.S.
degrees in electrical engineering from the
University of Calgary, Canada, in 1999 and
2003, respectively. His main research inter-
ests are digital signal processing with pro-
grammable logic devices, configurable and
reconfigurable computing, and rapid pro-
totyping of systems for programmable logic
devices.



EURASIP Journal on Applied Signal Processing 2004:1, 115–124
c© 2004 Hindawi Publishing Corporation

Gene Prediction Using Multinomial Probit Regression
with Bayesian Gene Selection

Xiaobo Zhou
Department of Electrical Engineering, Texas A&M University, College Station, TX 77843, USA
Email: zxb@ee.tamu.edu

Xiaodong Wang
Department of Electrical Engineering, Columbia University, New York, NY 10027, USA
Email: wangx@ee.columbia.edu

Edward R. Dougherty
Department of Electrical Engineering, Texas A&M University, 3128 TAMU College Station, TX 77843-3128, USA

Department of Pathology, University of Texas MD Anderson Cancer Center, Houstan, TX 77030, USA
Email: e-dougherty@tamu.edu

Received 3 April 2003; Revised 1 September 2003

A critical issue for the construction of genetic regulatory networks is the identification of network topology from data. In the
context of deterministic and probabilistic Boolean networks, as well as their extension to multilevel quantization, this issue is
related to the more general problem of expression prediction in which we want to find small subsets of genes to be used as
predictors of target genes. Given some maximum number of predictors to be used, a full search of all possible predictor sets
is combinatorially prohibitive except for small predictors sets, and even then, may require supercomputing. Hence, suboptimal
approaches to finding predictor sets and network topologies are desirable. This paper considers Bayesian variable selection for
prediction using a multinomial probit regression model with data augmentation to turn the multinomial problem into a sequence
of smoothing problems. There are multiple regression equations and we want to select the same strongest genes for all regression
equations to constitute a target predictor set or, in the context of a genetic network, the dependency set for the target. The probit
regressor is approximated as a linear combination of the genes and a Gibbs sampler is employed to find the strongest genes.
Numerical techniques to speed up the computation are discussed. After finding the strongest genes, we predict the target gene
based on the strongest genes, with the coefficient of determination being used to measure predictor accuracy. Using malignant
melanoma microarray data, we compare two predictor models, the estimated probit regressors themselves and the optimal full-
logic predictor based on the selected strongest genes, and we compare these to optimal prediction without feature selection.

Keywords and phrases: gene microarray, multinomial probit regression, Bayesian gene selection, genetic regulatory networks.

1. INTRODUCTION

The advent of high throughput gene expression microarray
technology has stimulated the development of mathemati-
cal models for genetic regulatory networks, in particular, dis-
crete models such as Bayesian networks [1, 2, 3, 4], Boolean
networks [5, 6, 7, 8], probabilistic Boolean networks [9, 10],
and the generalization of both deterministic and probabilis-
tic Boolean networks to multilevel quantization [11, 12]. A
critical issue for network construction is the identification of
network topology from the data. This issue is related to the
more general problem of expression prediction in which we
want to find small subsets of genes to be used as predictors
of target genes [11, 13]. Given some maximum number of

predictors to be used, ideally one would like to search over
all possible predictor sets to find those that are the best rel-
ative to some measure of prediction such as the coefficient
of determination [14]; however, such a search is combinato-
rially prohibitive except for small predictors sets, and even
then, may require supercomputing [15]. Consequently, this
has lead to an effort to find other, perhaps suboptimal, ap-
proaches to finding predictor sets, and the concomitant net-
work topologies. Two such efforts involve minimum descrip-
tion length [16], mutual-information-based clustering [12],
and incremental inclusion of predictor variables [17].

The search for good predictor sets is a form of feature re-
duction, which in the context of expression-based classifica-
tion involves methods to reduce the set of genes from which
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good feature sets can be formed. Owing to the importance of
classification and the extremely large number of genes from
which to form classifiers from microarray data, several meth-
ods have been proposed, including the support vector ma-
chine method [18], minimum description length [19], vot-
ing [20], and Bayesian variable selection [21, 22].

In this paper, we focus on Bayesian variable selection for
prediction using a multinomial regression model (probit re-
gressor) with data augmentation to turn the multinomial
problem into a sequence of smoothing problems [23]. In a
sense, this work extends the method of [22], except that here
the input and output values are ternary instead of analog and
binary, respectively. This means that there are multiple re-
gression equations and we want to select the same strongest
genes for all regression equations to constitute a target pre-
dictor set or, in the context of a genetic regulatory network,
the dependency set for the target. The probit regressor is ap-
proximated as a linear combination of the genes and a Gibbs
sampler is employed to find the strongest genes. Since this
method has high computational complexity, we discuss some
numerical techniques to speed up the computation. After
finding the strongest genes, we predict the target gene based
on the strongest genes, with the coefficient of determination
being used to measure predictor accuracy. Normally, when
trying to identify network topologies and related problems,
one uses time series data. In this paper, we aim at the same
goal using static data, that is, malignant melanoma microar-
ray data [24]. Using malignant melanoma microarray data,
we compare two predictor models: (1) the estimated probit
regressors themselves and (2) the optimal full-logic predic-
tor based on the selected strongest genes. As must be the
case, full-logic prediction with the strongest genes will out-
perform the regressor model with the strongest genes; never-
theless, the fundamental issue in this paper is feature reduc-
tion and this is accomplished satisfactorily if the optimal full-
logic predictor performs well with the selected feature set.

2. MULTINOMIAL PROBIT REGRESSION
WITH BAYESIAN GENE SELECTION

2.1. Problem formulation

Assume that there are n + 1 genes, say, x1, . . . , xn, xn+1. With-
out loss of generality, we assume that the target gene is xn+1,
and let w denote this target gene. Then w = [w1, . . . ,wm]T

denotes the normalized expression profiles of the target gene
(e.g., for the normalized ternary expression data, wj = 1 in-
dicates that the sample j is up-regulated; wj = −1 indicates
that the sample j is down-regulated; and wj = 0 indicates
that the sample j is invariant). Denote

X =




Gene 1 Gene 2 · · · Gene n

x11 x12 · · · x1n

x21 x22 · · · x2n

...
...

. . .
...

xm1 xm2 · · · xmn




(1)

as the normalized expression profiles of genes x1, . . . , xn. The
gene selection problem is to find some genes from x1, . . . , xn
that are useful in predicting some target gene w. Here, we
consider a more general case of gene prediction, that is, as-
sume that the gene expression profiles are normalized to K
levels.

The perceptron has been proved to be an effective model
to model the relationship between the target gene and the
other genes [25]. Here, we study this problem by using probit
regression with Bayesian gene selection. Let Xi denote the ith
row of matrix X in (1). In the binomial probit regression,
that is, when K = 2, the relationship between wi and the
gene expression levels Xi is modeled as a probit regressor [23]
which yields

P
(
wi = 1|Xi

) = Φ
(

Xiβ
)
, i = 1, . . . ,m, (2)

where β = (β1,β2, . . . ,βn)T is the vector of regression param-
eters and Φ is the standard normal cumulative distribution
function. Introduce m independent latent variable z1, . . . , zm,
where zi ∼ N(Xiβ, 1), that is,

zi = Xiβ + ei, i = 1, . . . ,m, (3)

and ei ∼ N(0, 1). Define γ as the n× 1 indicator vector with
the jth element γj such that γj = 0 if βj = 0 (the variable is
not selected) and γj = 1 if βj 
= 0 (the variable is selected).
The Bayesian variable selection is to estimate γ from the pos-
teriori distribution p(γ|z). See [11] for details.

However, when K > 2, the situation is different from the
binomial case because we have to construct K − 1 regres-
sion equations similar to (3). Introduce K − 1 latent vari-
ables z1, . . . , zK−1 and K − 1 regression equations such that
zk = Xβk + ek, k = 1, . . . ,K − 1, where ek ∼ N(0, 1). Let
zk take m values {zk,1, . . . , zk,m}. Using matrix form, it can be
further written as

zk,1 = X1βk + ek,1,

zk,2 = X2βk + ek,2,

...

zk,m = Xmβk + ek,m,

(4)

where k = 1, . . . ,K − 1. Denote zk � [zk,1, . . . , zk,m]T and
ek � [ek,1, . . . , ek,m]T . Then (4) can be rewritten as

zk = Xβk + ek , k = 1, . . . ,K − 1. (5)

This model is called the multinomial probit model. For back-
ground on multinomial probit models, see [26]. Note that we
do not have the observations of {zk}K−1

k=1 , which makes it dif-
ficult to estimate the parameters in (5).

Here, we discuss how to select the same strongest genes
for the different regression equations. The model is a lit-
tle different from (5), that is, the selected genes do not
change with the different regression equations. Note that the
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(i) Draw γ from p(γ|z1, . . . , zK−1). We usually sample each γi independently from

p
(
γi|z1, . . . , zK−1, γj 
=i

)
∝ p

(
z1, . . . , zK−1|γ

)
p
(
γi
)

∝ (1 + c)−(K−1)nγ /2 exp

{
− 1

2

K−1∑
k=1

S
(
γ, zk

)}
π
γi
i

(
1− πi

)1−γi ,

(10)

nγ =
∑n

j=1 γj , c = 10, and πi = P(γi = 1) are prior probabilities to select the jth gene. It
is set as πi = 8/n according to the very small sample size. If πi takes a larger value, we
find oftentimes that (Xγ

TXγ)−1 does not exist.
(ii) Draw βk from

p
(
βk|γ, zk

)∝ �
(

VγXγ
Tzk , Vγ

)
, (11)

where Vγ = (c/(1 + c))(Xγ
TXγ)−1.

(iii) Draw zk = [zk,1, . . . , zk,m]T , k = 1, . . . ,K , from a truncated normal distribution as
follows [27].

For i = 1, 2, . . . ,m

If wi = k, then draw zk,i according to zk,i ∼ N(Xγβk , 1) truncated left by
max j 
=k zj,i, that is,

zk,i ∼ �
(

Xγβk , 1
)
1{zk,i>max j 
=k z j,i}. (12)

Else wi = j and j 
= k, then draw zj,i according to zj,i ∼ N(Xγβ j , 1) truncated right
by the newly generated zk,i, that is,

zj,i ∼ �
(

Xγβ j , 1
)
1{z j,i≤zk,i}. (13)

Endfor.

Here, we set zK ,i ∼ N(0, 1) when wi = K , that is, we introduce a new equation
zK ,i = XγβK + eK ,i, i = 1, . . . ,m, with βK being a zero vector and eK ,i ∼ N(0, 1).

Algorithm 1

parameter β is still dependent on k and γ, denoted by βk,γ.
Then (5) is rewritten as

zk = Xγβk,γ + ek , k = 1, . . . ,K − 1, (6)

where Xγ means the column of X corresponding to those el-
ements of γ that are equal to 1, and the same applies to βk,γ.
Now, the problem is how to estimate γ and the correspond-
ing βk,γ and zk for each equation in (6).

2.2. Bayesian variable selection

A Gibbs sampler is employed to estimate all the parame-
ters. Given γ for equation k, the prior distribution of βγ is
βγ ∼ N(0, c(XT

γ Xγ)−1) [22], where c is a constant (we set
c = 10 in this study). The detailed derivation of the poste-
rior distributions of the parameters are given in [22]. Here,
we summarize the procedure for Bayesian variable selection.
Denote

S
(
γ, zk

) =zTk zk − c

c + 1
zTk Xγ

(
Xγ

TXγ
)−1

Xγ
Tzk, (7)

where k = 1, . . . ,K − 1. Then the Gibbs sampling algorithm
for estimating {γ,βk, zk} is as follows. By straightforward
computing, the posteriori distribution p(γ|z1, . . . , zK−1) is

approximated by

p
(
γ|z1, . . . , zK−1

)
∝ p

(
z1, . . . , zK−1|γ

)
p(γ)

∝ (1 + c)−(K−1)nγ/2

× exp

{
− 1

2

K−1∑
k=1

S
(
γ, zk

)} n∏
i=1

π
γi
i

(
1− πi

)1−γi ,

(8)

and the posterior distribution p(βk,γ|zk) is given by

βk,γ|zk, Xγ ∼ N(VγXγ
Tzk, Vγ). (9)

The Gibbs sampling algorithm for estimating γ, {βk,γ}, and
{zk} is illustrated in Algorithm 1.

In this study, 12000 Gibbs iterations are implemented
with the first 2000 as burn-in period. Then we obtain the
Monte Carlo samples as γ(t),β(t)

k , z(t)
k , t = 2001, . . . ,T , where

T = 10000. Finally, we count the number of times that each
gene appears in γ(t), t = 2001, 2002, . . . ,T . The genes with
the highest appearance frequencies play the strongest role in
predicting the target gene. We will discuss some implemen-
tation issues of Algorithm 1 in Section 3.
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2.3. Bayesian estimation using the strongest genes

Now, assume that the genes corresponding to nonzeros of γ
are the strongest genes obtained by Algorithm 1. For fixed γ,
we again use a Gibbs sampler to estimate the probit regres-
sion coefficients βk as follows: first, draw βk,γ according to
(11), then draw zk and iterate the two steps. In this study,
1500 iterations are implemented with the first 500 as the
burn-in period. Thus, we obtain the Monte Carlo samples
β(t)
k,γ, z(t)

k , t = 501, . . . , T̃ . The probability of a given sample x
under each class is given by

P(w = k|x)

= 1
T̃

T̃∑
t=1

K∏
j=1, j 
=k

Φ
(

xγβ
(t)
k,γ − xγβ

(t)
j,γ

)
, k = 1, . . . ,K − 1,

(14)

P(w = K|x) = 1−
K−1∑
k=1

P(w = k|x), (15)

where β(t)
K ,γ is a zero vector; and the estimation of this sample

is given by

ŵ � d(w) = arg max
1≤k≤K

P(w = k|x). (16)

Note that (15) may be computed using another formulation,
which is replaced by [28, (13)].

In order to measure the fitting accuracy of such a predic-
tor, we next define the coefficient of determination (COD)
for this probit predictor. In fact, the above γ and β (includ-
ing all parameters βk,γ) are dependent on the target gene w.
Firstly, a probabilistic error measure ε(w, xγ,β) associated
with the predictors γ, β is defined as

ε
(
w, xγ,β

)
� E

[∣∣d(w)−w
∣∣2
]

, (17)

where E denotes the expectation. Similar to the definition in
[14], the COD for w relative to the conditioning sets γ, β is
defined by

θ = ε − ε(w, xγ,β
)

ε
, (18)

where ε is the error of the best (constant) estimate of w in the
absence of any conditional variables. In the case of minimum
mean square error estimation, ε is defined as

ε = E
[∣∣w − g

(
E(w)

)∣∣2]
, (19)

where g is a {−1, 0, 1}-valued threshold function [g(z) = 0
if −0.5 < z < 0.5, g(z) = 1 if z ≥ 0.5, and g(z) = −1 if
z ≤ −0.5] for ternary data.

3. FAST IMPLEMENTATION ISSUES

The computational complexity of the Bayesian gene selection
algorithm in (Algorithm 1) is very high. For example, if there

are 1000 gene variables, then for each iteration, we have to
compute the matrix inverse (Xγ

TXγ)−1 1000 times because
we need to compute (10) for each gene. Hence, some fast al-
gorithms must be developed to deal with the problem.

3.1. Preselection method

When there is a very large number of genes, we employ a pre-
selection method. In pattern recognition, the following crite-
rion is often adopted: the smaller is the sum of squares within
groups and the bigger is the sum of squares between groups,
the better is the classification accuracy. Therefore, we can de-
fine a score using the above two statistics to preselect genes,
that is, the ratio of the between-group to within-group sum
of squares. It is not necessary to adopt this procedure if the
number of genes is small.

3.2. Computation of p(γj|zk, γi 
= j) in (10)

Because γj only takes 0 or 1, we can take a close look at p(γj =
1|zk, i 
= j) and p(γj = 0|zk, i 
= j). Let

γ1 = (γ1, . . . , γj−1, γj = 1, γj+1, . . . , γn),

γ0 = (γ1, . . . , γj−1, γj = 0, γj+1, . . . , γn).
(20)

After a straightforward computation of (10), we have

p
(
γj = 1|zk, γi 
= j

)∝ 1
1 + h

, (21)

with

h = 1− πj

πj
exp

{
S
(
γ1, zk

)− S
(
γ0, zk

)
2

}√
1 + c. (22)

If γ = γ0 before γj is generated, this means that we have ob-
tained S(γ0, zk), then we only need to compute S(γ1, zk) and
vice versa.

3.3. Fast computation of S(γ, zk) in (7)

From the above discussion, it is a key step to compute S(γ, zk)
fast when a gene variable is added or removed from γ. Denote

E
(
γ, zk

) = zTk zk − zTk Xγ
(

Xγ
TXγ

)−1
Xγ

Tzk, (23)

where k = 1, . . . ,K − 1. Then (23) can be computed using
the fast QR-decomposition, QR-delete, and QR-insert algo-
rithms when a variable is added or removed [29, Chapter
10.1.1b]. Now, we want to estimate S(γ, zk) in (7). Compar-
ing (23) and (7), one can obtain the following equation:

zTk Xγ
(

Xγ
TXγ

)−1
Xγ

Tzk = (1 + c)
[
S
(
γ, zk

)− E
(
γ, zk

)]
. (24)

Substituting (24) into (7), after a straightforward computa-
tion, S(γ, zk) is given by

S
(
γ, zk

) = zTk zk + cE
(
γ, zk

)
1 + c

, k = 1, . . . ,K − 1. (25)
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(i) Preselect genes.

(ii) Initialization: Randomly set initial parameters γ(0), β(0)
k , z(0)

k .

(iii) For t = 1, 2, . . . , 12000
Draw γ(t). For j = 1, . . . ,n

Compute S(γ(t), zk) using QR-delete or QR-insert.
Compute p(γj = 1|zk , γ(t)

i
= j) according to (21).

Draw γ(t)
j from p(γj = 1|z(t−1)

k , γ(t)
i
= j).

Draw β(t)
k according to (11);

Draw z(t)
k according to (12) and (13).

(iv) Endfor.

(v) Count the frequency of each gene appeared in γ(t), t = 2001, . . . , 12000.

Algorithm 2

Thus, after computing E(γ, zk) using QR-decomposition,
QR-delete, and QR-insert algorithms, we then obtain
S(γ, zk). Here, we only need to compute the matrix inverse
one time each iteration, but in the original algorithm, we
have to compute the matrix inverse for n time each iteration.
The computation complexity will be much smaller than that
of the original algorithm [22] due to our processing tech-
niques. To that end, we summarize our fast Bayesian gene
selection algorithm as in Algorithm 2.

Notice that if it happens that the number of selected
genes is more than the total number of samples, we need to
remove this case because (Xγ

TXγ)−1 does not exist. Another
concern is that if it happens that (Xγ

TXγ) is singular due to
some rows or columns being a constant, then we need to add
a very small random number to each element in Xγ.

4. EXPERIMENTAL RESULTS

In the first step in constructing a gene regulatory network,
the complexity of the expression data is reduced by thresh-
olding changes in transcript level into ternary expression
data: −1 (down-regulated), +1 (up-regulated), or 0 (invari-
ant). When using multiple microarrays, the absolute signal
intensities vary extensively due to both the process of prepar-
ing and printing the EST elements [30] and the process of
preparing and labeling the cDNA representations of the RNA
pools. This problem is solved via internal standardization.
We then build gene regulatory networks using the proposed
approaches.

4.1. Malignant melanoma microarray data

The gene expression profiles used in this study result from a
study of 31 malignant melanoma samples [24]. For the study,
total messenger RNA was isolated directly from melanoma
biopsies. Fluorescent cDNA from the message was prepared
and hybridized to a microarray containing probes for 8 150
cDNAs (representing 6 971 unique genes). A set of 587 genes
has been subjected to an analysis of their ability to cross pre-
dict each other’s state in a multivariate setting [11, 13, 25].

From these, we have selected 26 differential genes using the
following t-test:

t( j) = x̄1, j − x̄2, j

s0( j)
√

1/m1 + 1/m2
, j = 1, . . . , p, (26)

with

s0( j) �
√(

m1 − 1
)
s1( j)2 +

(
m2 − 1

)
s2( j)2

m1 + m2
, (27)

where p is the number of genes, {x̄k, j}2
k=1 denotes the aver-

age expression level of gene j across the samples belonging
to class k, m1 and m2 are the numbers of the two classes, and
{sk( j)2}2

k=1 are the variances of gene j across the samples be-
longing to class k. Genes with t( j) ≥ 0.05 are listed in Table 1.

COD values for all the 26 targets have been computed
using the strongest genes found via the Bayesian selection.
CODs have been computed using leave-one-out cross valida-
tion. The strongest genes for each target are listed in the sec-
ond column of Table 2 and the third column lists the CODs
using the top 2, 3, and 4 genes for each target and using
the probit regression to form the predictors. Several points
should be noted. First, while the theoretical (distributional)
COD values increase as the number of predictors increases,
this is not necessarily the case for experimental data, espe-
cially when small samples are involved (on account of over-
fitting and high variance of cross-validation error estima-
tion). Second, pirin (no. 2) is a strong predictor gene in many
cases, and this agrees with the comment in the original paper
that pirin has a very high discriminative weight [24]. Third,
even with feature selection and a suboptimal predictor func-
tion, for the most part, the CODs are fairly high.

Having made the last point, we note that our salient in-
terest is gene selection. Hence, having found strong genes
via Bayesian variable selection, we are not compelled to use
the probit regression model to form the predictors; rather,
we can choose the optimal predictor using the strong genes
among all possible (full-logic) predictor functions. We can
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Table 1: The 26 differential genes.

Gene no. Index no. Gene description
1 3 Tumor protein D52
2 7 Pirin
3 14 V-myc avian myelocytomatosis viral oncogene homolog
4 42 Endothelin receptor type B
5 60 ESTS
6 79 Alpha-2-macroglobulin
7 117 V-myc avian myelocytomatosis viral oncogene homolog
8 126 ESTs
9 175 Myotubularin related protein 4

10 210 NGFI-A binding protein 2 (ERG1 binding protein 2)
11 216 IQ motif containing GTPase activating protein 1
12 220 Annexin A2
13 228 ESTs
14 245 Homo sapiens mRNA; cDNA DKFZp434L057 (from clone DKFZp434L057)
15 282 Endothelin receptor type B
16 292 ESTs
17 323 ESTs
18 360 Glycoprotein M6B
19 372 “Nuclear receptor subfamily 4, group A, member 3”
20 374 Thrombospondin 2
21 387 “ESTs, weakly similar to HP1-BP74 protein [M.musculus]”
22 404 “Phosphofructokinase, liver”
23 506 Placental transmembrane protein
24 556 Human insulin-like growth factor binding protein 5 (IGFBP5) mRNA
25 573 “Platelet-derived growth factor receptor, alpha polypeptide”
26 576 ESTs

Table 2: Strongest genes to predict each gene and the corresponding COD values for 2, 3, and 4 predictor genes.

Target gene no.
Strongest genes (no.) COD

1 2 3 4 2 3 4

1 19 23 22 17 0.6452 0.6129 0.7097
2 25 1 19 11 0.3871 0.6774 0.8065
3 7 23 2 5 0.7097 0.7742 0.7742
4 15 2 13 17 0.7419 0.7742 0.8710
5 14 2 13 10 0.5484 0.5161 0.4194
6 10 2 19 24 0.6129 0.7097 0.8387
7 3 2 17 1 0.7419 0.8387 0.8387
8 20 2 21 14 0.5161 0.5484 0.5484
9 2 13 17 15 0.6774 0.7097 0.7742

10 6 20 2 4 0.6129 0.6452 0.6774
11 13 25 2 1 0.8710 0.8710 0.7742
12 2 13 11 14 0.6452 0.6452 0.7419
13 2 15 11 18 0.8387 1.0000 1.0000
14 2 25 21 15 0.6774 0.7742 0.6774
15 2 4 13 14 0.8065 0.7419 0.9677
16 4 25 2 7 0.6452 0.7097 0.6452
17 11 18 2 8 0.8387 0.8065 0.8387
18 2 17 13 23 0.8387 0.7742 0.8710
19 1 22 2 9 0.7419 0.6774 0.7419
20 22 5 10 24 0.3548 0.3548 0.7419
21 25 2 14 20 0.7742 0.7742 0.7742
22 2 9 6 23 0.6774 0.7097 0.7742
23 24 2 1 5 0.5161 0.5484 0.6774
24 2 20 3 7 0.5806 0.6129 0.6452
25 11 2 14 13 0.7742 0.6774 0.8065
26 17 13 2 23 0.7742 0.7742 0.8387
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Table 3: Three-predictor COD values using full-logic predictor, full search, and Bayesian-selected genes. There are 2300 three-predictor sets
for each target gene.

Target gene no. Probit position logic COD (best) logic COD (probit)

1 32 0.8065 0.7419

2 59 0.8387 0.7419

3 36 0.9355 0.9032

4 15 0.9677 0.9032

5 52 0.7742 0.6774

6 1 0.9677 0.9677

7 30 0.9355 0.9032

8 91 0.8387 0.7419

9 141 0.8710 0.7742

10 25 0.9677 0.9032

11 49 0.9677 0.8710

12 173 0.8387 0.7419

13 1 1.0000 1.0000

14 212 0.8387 0.7419

15 102 0.9677 0.9355

16 46 0.8710 0.7742

17 12 0.9677 0.9355

18 289 0.9355 0.8710

19 196 0.9677 0.8387

20 21 0.8710 0.8387

21 14 0.8387 0.8065

22 16 0.9355 0.9032

23 48 0.9032 0.8065

24 29 0.8065 0.7097

25 69 0.8710 0.7742

26 49 0.9355 0.9032

also compare the COD for this approach with the fully op-
timal COD derived from considering all possible predictor
sets from among the full-gene set and all possible predic-
tor functions. The results of this analysis for three predictor
variables are shown in Table 3. For each target, the second
column gives the rank of the COD resulting from the pro-
bit predictors in the list of all the 2300 CODs found from all
possible subsets of three predictors using the best full-logic
predictor. The selected gene sets rank very high except in a
couple of cases. The third and fourth columns give the CODs
for the best full-logic predictor with a full search of the gene
subsets and the best full-logic predictor using the strongest
three genes found by Bayesian gene selection. As must be the
case, the values in the third column must exceed the values in
the fourth, but in general, this does not happen much, even
when the probit-selected predictor set does not rank near the
top. The differences are likely due to multivariate interaction
between the predictors not recognized by the sequential se-
lection of strongest genes [17]. Table 4 shows analogous re-
sults for four predictors. For it, we note that there are 12 650

predictor sets for each target. Similar comments apply to the
genes in Table 4.

It is interesting to compare the fourth column in Table 4
with the third in Table 3. For large gene sets (say, 600 to 1000
genes), a full search over all the three-variable predictor sets
is feasible with a supercomputer running for weeks [15]. But
a full search is not feasible for a full search over all four-
variable predictor sets. Optimal four-connectivity may not
be possible in network design. Hence, the small loss in COD
between the full-search column in Table 3 and the probit-
selection column in Table 4 demonstrates the potential of
the Bayesian feature selection. Indeed, there are a number of
cases in which the four-variable probit-selected genes out-
perform the corresponding three-variable full-search genes.
Just to get an idea of the vast difference between the methods,
the Gibbs sampler would need approximately 12000 × 1000
iterations, whereas the fully optimal full-search predictor
would need to consider 21000 predictor sets. Even for four-
variable predictor sets, the full search needs C1000

4 iterations,
which is vastly larger than the Gibbs sampling search.



122 EURASIP Journal on Applied Signal Processing

Table 4: Four-Predictor COD values using full-logic predictor, full search, and Bayesian-selected genes. There are 12650 four-predictor sets
for each target gene.

Target gene no. Probit position Logic COD (best) Logic COD (probit)

1 48 0.8710 0.7742

2 70 0.8710 0.8065

3 14 0.9677 0.9355

4 283 1.0000 0.9355

5 48 0.8387 0.7419

6 1 0.9677 0.9677

7 82 0.9677 0.9032

8 101 0.8710 0.7742

9 60 0.9032 0.8387

10 569 0.9677 0.8710

11 82 0.9677 0.9032

12 510 0.9355 0.8065

13 1 1.0000 1.0000

14 131 0.8710 0.8065

15 1 1.0000 1.0000

16 60 0.8710 0.8065

17 65 0.9355 0.8710

18 364 0.9677 0.8710

19 170 0.8065 0.7419

20 52 0.9355 0.8387

21 193 0.9355 0.9032

22 163 0.9677 0.9032

23 240 0.9677 0.8710

24 91 0.8065 0.7419

25 58 0.9032 0.8387

26 79 0.9677 0.9355

5. CONCLUSION

We have studied the problem of multilevel gene predic-
tion and genetic network construction from gene expression
data based on multinomial probit regression with Bayesian
gene selection, which selects genes closely related to a par-
ticular target gene. Some fast implementation issues for
this Bayesian gene selection method have been discussed,
in particular, computing estimation errors recursively us-
ing QR decomposition. Experimental results using malig-
nant melanoma data show that the Bayesian gene selection
yields predictor sets with coefficients of determination that
are competitive with those obtained via a full search over all
possible predictor sets.
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Probabilistic Boolean networks (PBNs) comprise a model describing a directed graph with rule-based dependences between its
nodes. The rules are selected, based on a given probability distribution which provides a flexibility when dealing with the uncer-
tainty which is typical for genetic regulatory networks. Given the computational complexity of the model, the characterization of
mappings reducing the size of a given PBN becomes a critical issue. Mappings between PBNs are important also from a theoretical
point of view. They provide means for developing a better understanding about the dynamics of PBNs. This paper considers two
kinds of mappings reduction and projection and their effect on the original probability structure of a given PBN.

Keywords and phrases: Boolean network, genetic network, graphical models, projection, reduction.

1. INTRODUCTION

Given a set of genes, the evolution of their expressions consti-
tutes a dynamical system over time. Owing to the complexity
of gene interaction and the paucity of data, homogeneous
transitions are customarily assumed. Many different gene-
regulatory-network models have been proposed. Among de-
terministic dynamical systems, perhaps, the most attention
has been given to the Boolean network model [1, 2, 3]. In
this model, gene expression is quantized to only two levels:
ON and OFF. The expression level (state) of a gene is func-
tionally related, via a logical rule, to the expression states of
some other genes. The Boolean network model has yielded
insights into the overall behavior of large genetic networks
[4, 5, 6, 7], thereby facilitating the study of large data sets
in a global fashion. Here, we are concerned with a stochas-
tic extension of the Boolean model that results in probabilis-
tic Boolean networks [8, 9]. For these, similarities exist with
Bayesian networks [10, 11, 12, 13] and, more generally, with
models including stochastic components on the molecular
level [14, 15, 16].

The dynamical behavior of such networks can be used
to model many biologically meaningful phenomena—for in-
stance, cellular state dynamics, possessing switch-like be-
havior, stability, and hysteresis [17]. Besides the conceptual
framework offered by such models, there are practical uses,

such as the identification of suitable drug targets in cancer
therapy or inferring the structure of the genetic models from
experimental data, for example, from the gene expression
profiles [17]. To that end, a significant effort has gone into
identifying the structure of gene regulatory networks from
expression data [8, 18, 19, 20, 21, 22, 23].

Probabilistic Boolean networks (PBNs) [8, 9] constitute
a probabilistic generalization of Boolean networks and of-
fer a more powerful and flexible modeling framework. They
share the appealing rule-based properties of the Boolean net-
works, are robust to uncertainty both in the data and model
selection, and can be studied in the probabilistic context of
Markov chains (see also [23]). PBNs enable the systematic
study of global network dynamics and permit quantification
of the relative influence and sensitivity of genes in their in-
teractions with other genes. While the Boolean assumption
is useful for a simple up- or down-regulated model and also
useful for reducing the complexity of the network, the ba-
sic model extends directly to a finite-state-space model, and
inference has been studied in that context in [22].

A principle reason for studying regulatory models is
to develop intervention strategies to help in guiding the
time evolution of the network towards more desirable states.
Three distinct approaches to the intervention problem have
been considered in the context of PBNs by exploiting their
Markovian nature. First, one can toggle the expression status



126 EURASIP Journal on Applied Signal Processing

of a particular gene from ON to OFF or vice versa to facil-
itate the transition to some other desirable state or set of
states. Specifically, using the concept of the mean first pas-
sage time, it has been demonstrated how the particular gene,
whose transcription status is to be momentarily altered to
initiate the state transition, can be chosen to “minimize” (in
a probabilistic sense) the time required to achieve the desired
state transitions [24]. A second approach has aimed at chang-
ing the steady-state (long-run) behavior of the network by
minimally altering its rule-based structure [25]. A third ap-
proach has focused on applying ideas from control theory
to develop an intervention strategy in the general context of
Markovian genetic regulatory networks whose state transi-
tion probabilities depend on an external (control) variable
[26].

An obstacle in applying PBNs is the computational com-
plexity of the model. Owing to the large number of states
often present in full networks, it is sometimes necessary to
construct computationally tractable subnetworks while still
carrying sufficient structure for the application at hand—
hence, the need for size reducing mappings between PBNs.
Construction of mappings to alter PBN structure while at the
same time maintaining consistency with the original prob-
ability structure have previously been studied [27]. These
include projections onto subnetworks. Unfortunately, while
projections maintain the probabilistic structure by reduc-
ing the number of genes, they also increased the complex-
ity of the Boolean function structure. This paper considers
reduction mappings of a PBN that alter the structure of the
network while maintaining maximum consistency with the
original probability structure. Once this notion of maximum
consistency has been defined, the problem reduces to one of
optimization. Thus, a key issue to be addressed in this paper
is the positing of consistency conditions.

2. DEFINITIONS AND BASIC PROPERTIES

This section provides the definitions and the basic proper-
ties of probabilistic Boolean networks as given in [8]. While
there have been some generalization of the model [9, 24], we
stay with the original definition, as has the original analysis
of projection mappings between PBNs [27]—which plays a
key role in the present paper. A PBN (V ,F,C) is defined by a
set of nodes (genes)

V = {x1, . . . , xn
}

,

xi ∈ {0, 1},
i = 1, . . . ,n,

(1)

a list of predictors

F = (F1, . . . ,Fn
)
,

Fi =
{
f (i)
1 , . . . , f (i)

l(i)

}
,

f (i)
j : {0, 1}n −→ {0, 1},

(2)

and a list

C = (C1, . . . ,Cn
)
,

Ci =
{
c(i)

1 , . . . , c(i)
l(i)

} (3)

of selection probabilities c(i)
j = Pr{ f (i) = f (i)

j } with respect

to a list (vector) of probability distributions (ν(1), . . . , ν(n)),
where f = ( f (1), . . . , f (n)) is a random vector taking values in
F. Each node xi represents the state (expression) of the gene
i, where xi = 0 means that the gene i is not expressed and
xi = 1 means that it is expressed. Every set Fi contains the

possible rules f (i)
j of regulatory interactions for the gene i.

These functions are also called predictors for the correspond-
ing gene. Updating of the states of all genes in the network
is done synchronously according to the functions assigned
to the genes, and then the process is repeated. The predic-
tors for every gene xi are selected simultaneously and ran-
domly (according to the list C) from the sets Fi at every time
step.

A realization of a PBN is determined at every time step
by the vector f . If the predictor for each gene is chosen in-
dependently of the other predictors, then the number of all

possible realizations fk = ( f (1)
k1

, . . . , f (n)
kn

), k = 1, . . . ,N , of the
PBN is N =∏n

j=1 l( j). Even though the domain of every pre-

dictor f (i)
j is assumed to be {0, 1}n, there are only a few input

genes that actually regulate xi at any given time step. This
simplification can be justified by some biological and practi-
cal considerations [8]. In general, there is no need of the as-
sumption that f (1), f (2), . . . , f (n) are selected independently;
however we make this assumption. A PBN that satisfies this
assumption is called independent. For an independent PBN,
we have

Pk = Pr
{

f = fk
} = n∏

j=1

Pr
{
f (i) = f (i)

kj

}
=

n∏
j=1

c(i)
kj
. (4)

In [8], the list C of selection probabilities is created using the
coefficient of determination [28, 29].

A PBN can be interpreted as a homogeneous Markov
chain relative to the states x = (x1, x2, . . . , xn) of the network
with transition probabilities given by

Pr
{

x −→ x′
} =∑

i

Pi, (5)

where the summation is over the indices i such that i :
f (i)
Ki1

(x1, . . . , xn) = x′1, . . . , f (n)
Kin

(x1, . . . , xn) = x′n and K is the
matrix with rows given by the possible realizations of the
PBN [8].

3. PBN PROJECTION MAPPING

Projection mappings of a PBN A are defined in [27]. They are
introduced as an attempt to reduce the complexity of A while
maintaining consistency with the original probability struc-
ture of the PBN. The basic projection Πi is a mapping that
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transforms the given PBN into a new one, where the num-
ber of the genes is reduced by one, that is, the gene xi in the
original network is “deleted.” Without loss of generality, we
may assume that the deleted gene is the last one, xn. Thus,
Πn : A→ Â, Â(V̂ , F̂, Ĉ), where

V̂ = {x1, . . . , xn−1
}

, F̂ = (F̂1, . . . , F̂n−1
)
,

Ĉ = (Ĉ1, . . . , Ĉn−1
)
.

(6)

Every F̂i and every Ĉi have twice as many elements as the cor-

responding sets Fi and Ci in A. Every predictor f (i)
j ∈ Fi gen-

erates two predictors f̂ (i)
0 j and f̂ (i)

1 j according to the rule

f̂ (i)
k j

(
x1, . . . ,xn−1

) = f (i)
j

(
x1, . . . , xn−1, k

)
, (7)

where k ∈ {0, 1} and (x1, . . . , xn−1) is in Â. The new Boolean
functions f̂ (i)

k j , k = 0, 1, have transition probabilities

ĉ(i)
k j = c(i)

j Pr
{
xn = k

}
, k ∈ {0, 1}. (8)

It is noticed in [27] that there is a difficulty in defining the

new selection probabilities ĉ(i)
k j because the probabilities for

the gene xn depend on the current state probability distribu-
tion of the underlying Markov chain. One way to go around
the problem is to use the steady state distribution forA or, the
stationary distribution for A if there is no steady state distri-
bution. Another way is to estimate Pr{xn = k}, k = 0, 1, by
running A for some time. In doing so, one has to be aware
of the possible transient behavior of those probabilities. Yet,
another way to find the values of Pr{xn = k} is to use the data
set from which the original PBN A was created.

4. PBN REDUCTION MAPPINGS

In this paper, we propose a new kind of mapping that also
reduces the size of a given PBN. In contrast to the projection
mapping discussed in the previous section, this new mapping
does not increase the number of the predictors for the genes
that remain in the new network. One has to keep in mind
that any such mapping might not preserve the probability
structure of the original PBN. For example, this will be the
case if the deleted gene is essential for one of the predictors of
the remaining genes [8].

Therefore, the problem is to find a reduction mapping
that renders a PBN close to the original one. To be more spe-
cific, consider an independent PBN A(V ,F,C) and a map-
ping πn : A→ Ã, Ã(Ṽ , F̃, C̃), where

Ṽ = {x1, . . . , xn−1
}

, F̃ = (F̃1, . . . , F̃n−1
)
,

Ĉ = (Ĉ1, . . . , Ĉn−1
)
,

(9)

where Ã(Ṽ , F̃, C̃) is an independent PBN with F̃i =
{ f̃ (i)

1 , . . . , f̃ (i)
l(i)}, f̃ (i)

j : {0, 1}n−1 → {0, 1}, and c̃(i)
j = P̃r{ f̃ (i) =

f̃ (i)
j } with respect to some probability distribution vector

(ν̃(1), . . . , ν̃(n−1)). Note that the cardinality of F̃i is the same
as the cardinality of Fi. The new PBN Ã is called a reduced

PBN obtained from the original PBN A by deleting one of
the genes in A. As in Section 3, we have assumed without loss
of generality that the deleted gene is xn.

The reduction πn should yield a PBN that is “close” to the
original, and there are various natural ways to interpret this
closeness:

(A) for every c̃(i)
j , |c̃(i)

j − c(i)
j | ≤ ε for some given ε ≥ 0;

(B) the transition probabilities for the state diagrams of A
and Ã are close;

(C) the stationary/steady-state distributions D of A and D̃
of Ã are close;

(D) every new predictor function f̃ (i)
j is selected as close as

possible to both functions f̂ (i)
k j , k = 0, 1, given by the

projected PBN Â.

Some comments about the preceding conditions are in order.

(A′) In the context of gene regulatory networks, one can
expect the number ε to be reasonably small, and per-
haps even equal to zero, that is, the predictors for the
genes in the reduced PBN Ã have the same selection
probabilities as their corresponding predictors from
the original PBN A.

(B′) Consider the portion of the state diagram of A con-
taining the states i1 = (x1, . . . , xn−1, 1), i0 = (x1, . . . ,
xn−1, 0), j1=(x′1, . . . , x′n−1, 1), and j0=(x′1, . . . , x′n−1, 0):

i1
pi1 j1 j1

pi1 j0

pi0 j1

i0
pi0 j0

j0

where pi1 j1 , pi0 j0 , pi1 j0 , and pi0 j1 are the corresponding
transition probabilities. If one “deletes” the node xn,
this diagram collapses to the following one:

i
p∗i j

j

where i = (x1, . . . , xn−1) and j = (x′1, . . . , x′n−1) are the
corresponding states in Ã, and

p∗i j = Pr
{
xn = 1

}(
pi1 j1 + pi1 j0

)
+ Pr

{
xn = 0

}(
pi0 j1 + pi0 j0

)
.

(10)

The transition probabilities for the reduced PBN Ã are
given by (see [8])

p̃i j =
∑
i

P̃i, (11)

where the summation is over the indices i such that i :
f̃ (i)
Ki1

(x1, . . . , xn−1) = x′1, . . . , f̃ (i)
Kin−1

(x1, . . . , xn−1) = x′n−1.
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Since the transition probability matrices for A and Ã
have different dimensions, one cannot compare them
directly. This is why we compare the p̃i j ’s to the p∗i j ’s,
and the term “close” in part (B) refers to the quantity
maxi, j| p̃i j − p∗i j | being small.

(C′) Collapsing the state transition diagram, as described in
part (B′), induces a probability distribution D∗ on the
state space of Ã in the following way:

Pr∗
{

state in Ã = (x1, . . . , xn−1
)}

= Pr
{

state in A = (x1, . . . , xn−1, 0
)}

+ Pr
{

state in A = (x1, . . . , xn−1, 1
)}
.

(12)

Notice that one cannot compare the distribution D to
the distribution D̃ directly because they are defined
over different state spaces. This is why the term “close”
in (C) refers to the closeness of the distributionD∗ and
the stationary state distribution D̃ of Ã in the l1 sense,
that is, to the quantity∥∥D∗ − D̃

∥∥
l1
=
∑
x̃∈S̃

∣∣Pr∗{x} − P̃r{x}∣∣ (13)

being small. Here, S̃ = {0, 1}n−1 is the set of all states
in Ã, and P̃r is associated with D̃.

(D′) Using the notation from (D), we have the following
proposition.

Proposition 1. Given a PBN A with a stationary state distri-
bution D, consider the projected PBN Â. Then

ED


∂ f (i)

j

∂xn


 = ∥∥∥ f̂ (i)

0 j − f̂ (i)
1 j

∥∥∥
l2
n−1

1

= ED∗
(∣∣∣ f̂ (i)

0 j − f̂ (i)
1 j

∣∣∣). (14)

Here the space l2
n−1

1 is endowed with the probability measure
P̃r defined by the distribution D∗, and ED means the expecta-
tion of the corresponding random variable with respect to the
distribution D.

Proof. The claim in this proposition becomes obvious if
one notices that for every state (x1, . . . , xn−1, xn) ∈ {0, 1}n,

where ∂ f (i)
j /∂xn = 1, there are two terms in the sum that

compute ED(∂ f (i)
j /∂xn), namely, Pr{(x1, . . . , xn−1, 0)} and

Pr{(x1, . . . , xn−1, 1)}.
The proposition plays an important role in selecting

the new predictor function f̃ (i)
j . Notice that the expectation

ED(∂ f (i)
j /∂xn) represents the influence In( f (i)

j ) of the gene xn

on the predictor f (i)
j (cf. [8]). In the special case when xn

is not essential for the function f (i)
j , the new predictor can

be selected to be identically equal to either of the two possi-

ble predictors f̂ (i)
0 j and f̂ (i)

1 j in the projected PBN Â. Gener-

ally speaking, the selection of the new predictor f̃ (i)
j should

minimize both ED∗(| f̂ (i)
0 j − f̃ (i)

j |) and ED∗(| f̃ (i)
j − f̂ (i)

1 j |). The
inequality

ED∗
(∣∣∣ f̂ (i)

0 j − f̂ (i)
1 j

∣∣∣) ≤ ED∗
(∣∣∣ f̂ (i)

0 j − f̃ (i)
j

∣∣∣)
+ ED∗

(∣∣∣ f̃ (i)
j − f̂ (i)

1 j

∣∣∣) (15)

provides a measurement of how well the reduction map-
ping preserves the predictors from the original PBN. “Delet-

ing” a gene xk with bigger influence Ik( f (i)
j ) on the predictor

f (i)
j produces a new predictor f̃ (i)

j which cannot be closer to

f (i)
j when compared to the new predictor resulting from the

“deletion” of a gene xl with smaller influence Il( f
(i)
j ) on f (i)

j .
In other words, “deleting” essential genes from the original
PBN comes with a “price”—the predictor functions for the
reduced PBN cannot be too close to the original predictors.

The selection of every function f̃ (i)
j ∈ F̃i has to be per-

formed pointwise, that is, for each state in S̃, define

U =
{

x = (x1, . . . , xn−1
) ∈ S̃ : f̂ (i)

0 j (x) = f̂ (i)
1 j (x)

}
(16)

and W = S̃ \ U . Clearly, f̃ (i)
j ≡ f̂ (i)

0 j ≡ f̂ (i)
1 j on the set U . For

the states in the remaining set W , one has to decide to what
degree one favors certain states in S = {0, 1}n which in its

turn defines f̃ (i)
j as either equal to f̂ (i)

0 j or to f̂ (i)
1 j . Motivated

by the preceding remarks about the conditions (A), (B), (C),
and (D), we now design a selection procedure for the func-

tions f̃ (i)
j .

Selection procedure

(a) For all i, j, select numbers −1 ≤ ω(i)
j ≤ 1.

(b) For every state x = (x1, . . . , xn−1) ∈W , define

f̃ (i)
j (x) =



f̂ (i)
0 j (x) if Pr

{(
x1, . . . , xn−1, 0

)}
> ω(i)

j + Pr
{(
x1, . . . , xn−1, 1

)}
;

f̂ (i)
1 j (x) otherwise.

(17)

(c) For every state x = (x1, . . . , xn−1) ∈ U , set f̃ (i)
j (x) =

f̂ (i)
1 j (x).

Notice that the condition on the numbers ω(i)
j is natural

since we are dealing with probabilities.
Our selection procedure leads to the following optimiza-

tion problem.

Problem 1. Find F̃ that achieves minΩ maxi, j| p̃i j−p∗i j | subject
to

(i) c̃(i)
j = c(i)

j , 1 ≤ i ≤ n− 1, 1 ≤ j ≤ l(n),

(ii) Ω = {ω(i)
j : −1 ≤ ω(i)

j ≤ 1, 1 ≤ i ≤ n−1, 1 ≤ j ≤ l(n)}.

Remark 1. The above problem has a solution: it is enough to
notice that Ω is a compact set.

Remark 2. From a computational point of view, the only

values for ω(i)
j one should consider are the differences
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Pr{(x1, . . . , xn−1, 0)} − Pr{(x1, . . . , xn−1, 1)}. This essentially

reduces Ω to a finite set. Notice that if all ω(i)
j ≡ −1, then

f̃ (i)
j (x) ≡ f̂ (i)

0 j (x). The other extreme choice is when all ω(i)
j ≡

1 which produces f̃ (i)
j (x) ≡ f̂ (i)

1 j (x). One can see that different

choices for the ω(i)
j ’s could be based on how much one favors

certain states in the original PBN. In the following simula-

tions, we always set ω(i)
j = 0 which means that we do not

assume any additional information, and the selection of the
new predictor functions is based only on the probability dis-
tribution of the states of A.

5. COMPARISON BETWEEN THE PROJECTION
AND THE REDUCTION MAPS

One should immediately notice the difference in defining the
reduction and the projection mappings. While the projection
is based on the probability distribution of a single gene, the
reduction mapping is defined using the probability distribu-
tion of the entire collection of states of the given PBN. To
illustrate this difference, we consider one particular example
of a PBN (cf. [8]).

Example 1. Let A(V ,F,C) be a PBN consisting of three genes
V = {x1, x2, x3} and function sets F = (F1,F2,F3), where
F1 = { f (1)

1 , f (1)
2 }, F2 = { f (2)

1 }, and F3 = { f (3)
1 , f (3)

2 }, and the
predictor functions are given by the truth table (Table 1).

Table 1

x1x2x3 f (1)
1 f (1)

2 f (2)
1 f (3)

1 f (3)
2

000 0 0 0 0 0
001 1 1 1 0 0
010 1 1 1 0 0
011 1 0 0 1 0
100 0 0 1 0 0
101 1 1 1 1 0
110 1 1 0 1 0
111 1 1 1 1 1

c(i)
j 0.6 0.4 1 0.5 0.5

After computing the transition probabilities, (cf. [8]), we
arrive at the following directed graph/state transition dia-
gram:

1 000

P4

001

P3

011

1
110

1

010

1
100

P2

P1

P2 + P4 P2 + P4

P1 + P3

101

1

111

P1 + P3

Here, P1 = 0.3, P2 = 0.3, P3 = 0.2, and P4 = 0.2.
Next, we start with a uniform state probability distribution
Din = {1/8, 1/8, . . . , 1/8} for the states in the state space S of
A, and then run the corresponding Markov chain for some
large number of iterations. Notice that even if the given net-
work does not possess a steady state distribution, the re-
sult after running the Markov chain sufficiently long time is
approximately the stationary state distribution D that cor-
responds to Din. The simulation gives D = {0.15, 0.0, 0.0,
0.0, 0.0, 0.0, 0.0, 0.85}. Using this distribution, one can com-
pute the projected Â and the reduced Ã networks, as well
as their probability transition matrices. After running the
Markov processes associated with these two transition prob-
ability matrixes, we obtain the stationary state distributions
D̂ for Â, and D̃ for Ã. For the case when the deleted gene is
x3, we get

D̂ = {0.006734, 0.022778, 0.138384, 0.831647},
D̃ = {0.35, 0.0, 0.0, 0.65}.

(18)

The stationary state distribution for the transition prob-
ability matrix (p∗i, j)

4,4
i=1, j=1, produced after the collapsing

procedure described in part (D) (Section 4), is D1 =
{0.008145, 0.020362, 0.135747, 0.835747}. One can notice
the similarity between D1 and D̂ and their apparent dif-
ference from D̃. At the same time, the distribution D∗ =
{0.15, 0.0, 0.0, 0.85} described in part (D), Section 4, is simi-
lar to D̃. This should not be surprising—both the projection
and the “collapsing” mappings are based on the probability
distribution of a single gene, x3 in our example, while the
reduction mapping is based on the probability distribution
of the entire collection of states in the original PBN. Thus
the optimization criterion described in Problem 1 becomes a
natural compromise between these two possible approaches
of reducing the original PBN size.

Inequality (15) can be used in deciding which gene, after
being eliminated from the network, will have a minimal im-
pact on the stationary distribution of the original PBN. Since

the left-hand side of (15) represents the influence In( f (i)
j )

of a gene xn on the predictor f (i)
j , one can say that, in gen-

eral, deleting genes with smaller influences on the remain-
ing predictors will result in a better chance of preserving the
stationary state distribution of the original PBN. Here, we
provide the values for the influences of x3 on the remain-
ing predictors and then two more simulations for the same
example, where the other two possible genes x2 and x1 are
deleted from the original PBN. The influences of x3 on the

remaining predictors are I3( f (1)
1 ) = 0.15, I3( f (1)

2 ) = 0.15, and

I3( f (2)
1 ) = 1. After deleting x2 from A, the corresponding sta-

tionary state distribution is D̃ = {0.25, 0.0, 0.0, 0.75}, and the

influences of x2 on the remaining predictors are I2( f (1)
1 ) =

0.15, I2( f (1)
2 ) = 0.15, I2( f (1)

3 ) = 0, and I2( f (2)
3 ) = 0.85. After

deleting x1 from A, the corresponding stationary state distri-
bution is D̃ = {0.5, 0.0, 0.0, 0.5}, and the influences of x1 on
the remaining predictors are I1( f (1)

2 ) = 1, I1( f (1)
3 ) = 0, and

I1( f (2)
3 ) = 0.85.
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It appears that the gene x1 with the biggest total influ-
ence distorts the stationary state distribution the most but
one should be careful when generalizing this observation.
Gene influences can be computed based on different prob-
ability distributions (cf. [8]). In addition, deleting different
genes from the original PBN results in reduced PBNs with
different state spaces. Finally, the left-hand side of (15) is just
a lower bound that governs the selection procedure in con-
structing Ã, and that the lower bound might not be achieved
during the selection procedure.

6. SIMULATION RESULTS

The reduction mapping has been tested using coefficient of
determination (COD) microarray data for a network A con-
sisting of 10 genes [23]. The genes of interest in the net-
work are PIRIN, WNT5A, S100P, RET-1, MMP-3, PHO-C,
STC2, MART-1, HADHB, and SYNUCLEIN. The network is
reduced down to 7 genes by subsequently deleting the last
three genes, starting with SYNUCLEIN. Table 2 presents lists
of some of the states in the stationary/steady distributions
for the full network A and the reduced networks Ã10, Ã10,9,
and Ã10,9,8, where the indices indicate which genes in A are
deleted. For example, Ã10,9,8 is the reduced network after
deleting the genes SYNUCLEIN, HADHB, and MART-1. The
states are presented by binary strings of ten digits, where 0
indicates that the corresponding gene is “OFF” and 1 indi-
cates that the corresponding gene is “ON.” The leftmost digit
represents PIRIN and then the remaining digits represent the
following genes in the network with the rightmost digit rep-
resenting SYNUCLEIN. Next to every given state, its corre-
sponding weight in the stationary state distribution of the
network is given. Only states with weight bigger than 0.0001
are shown.

One can notice the presence of a very “heavy” state,
1010000111, in the stationary/steady state distribution of
the full network. That is in agreement with the COD data
set, where the same state is present in 8 out of 31 sam-
ples (see [23] for a related discussion). The reduction map-
ping maintains the structure of the stationary state distribu-
tion of the full network, specifically, the states 101000011,
10100001, and 1010000 carry most of the weight in the sta-
tionary/steady state distributions of their corresponding re-
duced networks.

7. CONCLUSION

The new mapping introduced in this paper offers a way of re-
ducing the size of a given PBN by using the stationary proba-
bility distribution on the state space of the PBN. At the same
time, it minimizes the distance between the reduced network
and the projected PBN introduced in [27]. The distance is
given in terms of the distance between their corresponding
probability transition matrices. One should notice that the
construction of the projected PBN is based on the proba-
bility distribution of a single gene, and that the same single
gene probability distribution could happen under many dif-
ferent stationary distributions on the state space of the orig-
inal PBN.

Table 2

For the full network A:

(0000111000, 0.003773); (0000111001, 0.003117);

(0001111000, 0.001905); (0010000111, 0.001715);

(0100011000, 0.001030); (0100101000, 0.010710);

(0100101001, 0.012694); (0100111000, 0.023957);

(0100111001, 0.026482); (0101101000, 0.004985);

(0101101001, 0.001685); (0101111000, 0.011730);

(0101111001, 0.003710); (0110111001, 0.001352);

(0111111000, 0.001416); (1010000101, 0.002299);

(1010000111, 0.832929)

For Ã10:

(000011100, 0.010795); (000111100, 0.002513);

(001011100, 0.001944); (010010100, 0.140539);

(010011100, 0.083694); (010110100, 0.020368);

(010111000, 0.001241); (010111100, 0.014547);

(011011000, 0.001116); (011011100, 0.005920);

(011111000, 0.001743); (011111100, 0.003310);

(101000010, 0.001003); (101000011, 0.689413)

For Ã10,9:

(00000110, 0.001528); (00001110, 0.017951);

(00011110, 0.004141); (00101110, 0.003209);

(01000110, 0.001423); (01001010, 0.230668);

(01001100, 0.001481); (01001110, 0.137728);

(01011010, 0.033485); (01011100, 0.002186);

(01011110, 0.024005); (01101100, 0.001911);

(01101110, 0.009774); (01111100, 0.003293);

(01111110, 0.005520); (10100001, 0.499967)

For Ã10,9,8:

(0000011, 0.001523); (0000111, 0.020527);

(0001110, 0.001065); (0001111, 0.004695);

(0010111, 0.003700); (0100011, 0.001814);

(0100101, 0.269151); (0100110, 0.001628);

(0100111, 0.160629); (0101101, 0.039116);

(0101110, 0.002575); (0101111, 0.027858);

(0110110, 0.002169); (0110111, 0.011428);

(0111110, 0.004034); (0111111, 0.006365);

(1010000, 0.429211)
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Complex representation of nucleotides is used to convert DNA sequences into complex digital genomic signals. The analysis of
the cumulated phase and unwrapped phase of DNA genomic signals reveals large-scale features of eukaryote and prokaryote
chromosomes that result from statistical regularities of base and base-pair distributions along DNA strands. By reorienting the
chromosome coding regions, a “hidden” linear variation of the cumulated phase has been revealed, along with the conspicuous
almost linear variation of the unwrapped phase. A model of chromosome longitudinal structure is inferred on these bases.

Keywords and phrases: genomic signals, open reading frames, ORF orientation.

1. INTRODUCTION

The conversion of nucleotide sequences into digital signals
offers the opportunity to apply signal processing methods to
analyze genomic information. Using the genomic signal ap-
proach, long-range features of DNA sequences, maintained
over distances of 106–108 base pairs, that is, at the scale of
whole chromosomes, have been found [1, 2, 3, 4, 5, 6, 7]. One
of the most conspicuous results is that the unwrapped phase
of the complex genomic signal varies almost linearly along
all investigated chromosomes for both prokaryotes and eu-
karyotes. The slope is specific for various taxa and chromo-
somes. Such a behavior reveals a large-scale regularity in the
distribution of the pairs of successive nucleotides—a rule for
the statistics of second order: the difference between the fre-
quency of positive nucleotide-to-nucleotide transitions (A → G,
G → C, C → T, T → A) and that of negative transitions (the
opposite ones) along a strand of nucleic acid tends to be small,
constant, and taxon and chromosome specific. There is a sim-
ilarity between this rule and Chargaff ’s rules referring to the
frequencies of occurrence of nucleotides, that is, to statistics
of the first order [8].

The paper shows that the abrupt changes in nucleotide
frequencies along DNA strands of prokaryote chromosomes,
as revealed by the piecewise linear variation of the cumulated
phase of complex genomic signals [1, 2, 3, 4, 5, 6, 7] or by
the skew diagrams [9, 10, 11], are the effect of corresponding
abrupt changes in the distribution of direct and inverse open
reading frames (ORFs) along the strand. It is also shown that,
by reorienting all the negative (inverse) ORFs in the direc-
tion of the positive (direct) ones, an almost linear variation
of the cumulated phase along the concatenated sequence is
obtained, corresponding to almost constant frequencies of
nucleotides along the entire chain of concatenated reordered
ORFs. This large-scale homogeny of the reordered ORFs, to-

gether with the taxon specific large-scale regularities of the
actual nucleic DNA strands, suggests that the distribution of
direct and inverse coding segments along chromosomes, as
reflected in the slope of the cumulated phase, has a functional
role, most probably linked to the control of the crossing-
over/recombination process, thus playing a role in the sep-
aration of species. A similar property probably exists in eu-
karyote chromosomes too, but the relative extension of the
coding regions is much lower than in the case of prokary-
otes, so that there is too little information for the reordering
of the extremely large number of direct and inverse individ-
ual chromosome patches.

The paper also presents a model of chromosome lon-
gitudinal structure. The model explains why the frequency
of nucleotide-to-nucleotide transitions does not change sig-
nificantly in the points of abrupt changes of the nucleotide
frequencies or as a consequence of ORF reordering. Corre-
spondingly, the model explains the ubiquitous almost lin-
ear variation of the unwrapped phase of the genomic signals
along all investigated chromosomes.

2. DATA AND METHOD

Complete genomes or complete sets of available contigs for
eukaryote and prokaryote taxa have been downloaded from
the GenBank [12] database of National Institutes of Health
(NIH), converted into genomic signals, and analyzed at the
scale of whole chromosomes.

As the detailed methodology of the nucleotide, codon,
and amino acid sequence conversion into digital signals has
been presented elsewhere [3, 4], we give here only a short
summary of the quadrantal complex representation used
throughout this paper. The nucleotides (adenine (A), cyto-
sine (C), guanine (G), and thymine (T)) are mapped to four
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complex numbers as shown in Figure 1:

a = 1 + j, c = −1− j, g = −1 + j, t = 1− j. (1)

The representation (1) conserves the main six classes of
nucleotides:

(i) strong bonds S = {C, G},
(ii) weak bonds W = {A, T},

(iii) amino M = {A, C},
(iv) keto K = {G, T},
(v) pyrimidines Y = {C, T},

(vi) purines R = {A, G},
and readily expresses the W-S and R-Y dichotomies. This
representation allows also the classification of nucleotide
pairs in three sets of transitions, in accordance with the
change of the unwrapped phase they produce when occur-
ring in a sequence:

(i) the positive transitions A → G, G → C, C → T, and
T → A that determine a variation with +π/2 in the
trigonometric sense,

(ii) the set of negative transitions A → T, T → C, C →
G, and G → A—that determines a variation of −π/2,
clockwise,

(iii) the set of neutral transitions that correspond to a zero-
mean change of the unwrapped phase.

The slopes sc of the cumulated phase and su of the un-
wrapped phase of a complex genomic signal, obtained by ap-
plying the representation (1) to a DNA sequence, are linked
to the nucleotide and the nucleotide-to-nucleotide transition
frequencies by the following equations [2]:

sc = π

4

[
3
(
fG − fC

)
+
(
fA − fT

)]
, (2)

su = π

2

(
f+ − f−

)
, (3)

where fA, fC, fG, and fT are the nucleotide frequencies, while

f+ and f− are the positive and negative transition frequencies.
Thus, the phase analysis of complex genomic signals

is able to reveal features of both the nucleotide frequen-
cies and the nucleotide-to-nucleotide transition frequencies
along DNA strands.

Relations (1) can be seen as representing the nucleotides
in two orthogonal bipolar binary systems with complex bases
(units).

3. A MODEL OF DNA LONGITUDINAL STRUCTURE

The chromosomes of both prokaryotes and eukaryotes have
a very “patchy” structure comprising many intertwined cod-
ing and noncoding segments oriented in a direct and inverse
sense. The reversed orientation of DNA segments has been
found first for the coding regions, where direct and inverse
ORFs have been identified. The analysis of the modalities
in which DNA segments can be chained together along the
DNA double helix is important for understanding genomic
signal large-scale properties [1, 2, 3].

The direction reversal of a DNA segment is always ac-
companied by the switching of the antiparallel strands of its
double helix. This property is a direct result of the require-
ment that all the nucleotides be linked to each other along
the DNA strands only in the 5′ to 3′ sense.

Figure 2 schematically shows the way in which the 5′ to
3′ orientation restriction is satisfied when a segment of a
DNA double helix is reversed and/or has its strands switched.
In the case in Figure 2a, the two component helices have
the chains (A0A1)(A1A2)(A2A3) and (B0B1)(B1B2)(B2B3),
respectively, ordered in the 5′ to 3′ sense indicated by
the arrows. The reversal of the middle segment, with-
out the corresponding switching of its strands (Figure 2b),
would generate the forbidden chains (A0A1)(A2A1)(A2A3)
and (B0B1)(B2B1)(B2B3) that violate the 5′ to 3′ align-
ment condition. Similarly, the switching of the strands of
the middle segment, without its reversal, would gener-
ate the equally forbidden chains (A0A1)(B2B1)(A2A3) and
(B0B1)(A2A1)(B2B3) shown in Figure 2c. Finally, the con-
joint reversal of the middle segment and the switching of its
strands (Figure 2d) generate the chains (A0A1)(B1B2)(A2A3)
and (B0B1)(A1A2)(B2B3), compatible with the 5′ to 3′ ori-
entation condition. As a consequence, there is always a pair
of changes (direction reversal and strand switching) pro-
duced by an inversed insertion of a DNA segment so that
the sense/antisense orientation of individual DNA segments
affects the nucleotide frequencies but not the frequencies of
the positive and negative transitions. Figure 3 shows the ef-
fect of the segment reversal and strand switching transforma-
tions on the positive and negative nucleotide-to-nucleotide
transitions for the case of the complex genomic signal repre-
sentation given by (1). After a pair of segment reversal and
strand switching transformations of a DNA segment, the nu-
cleotide transitions do not change their type (positive or neg-
ative). As a consequence, the slope of the unwrapped phase
does not change as the slope of the cumulated phase. This
explains why the cumulated phase and the unwrapped phase
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Figure 2: Schematic representations of the direction reversal of a DNA segment. (a) Initial state in which the two antiparallel strands have
all the marked segments ordered in the 5′ to 3′ direction, indicated by arrows. (b) Hypothetic reversal of the middle segment without the
switching of the strands. (c) Hypothetic switching of strands for the middle segment without its reversal. (d) Direction reversal and strand
switching for the middle segment. The 5′ to 3′ alignment condition is violated in cases (b) and (c) but reestablished in (d).

of genetic signals have completely different types of varia-
tions along DNA molecules that contain a large number of
reversed segments.

4. CUMULATED AND UNWRAPPED PHASE VARIATION
ALONG CHROMOSOMES AND CONCATENATED
REORIENTED CODING REGIONS

Figure 4 presents the cumulated and the unwrapped phases
of the complete circular chromosome of Salmonella ty-
phi, the multiple-drug resistant strain CT18 [13] (accession
AL5113382 [12]). The locations of the breaking points,
where the cumulated phase changes the sign of the slope of its
variation along the DNA strand, are given in Figure 4. Even
if, locally, the cumulated phase and the unwrapped phase
do not have a smooth variation, at the large scale used in
Figure 4, the variation is quite smooth and regular. A pixel
in the curves of Figure 4 represents 6050 data points, but the
absolute value of the difference between the maximum and
minimum values of the data in the set of points represented
by each pixel is smaller than the vertical pixel dimension ex-
pressed in data units. This means that the local data varia-
tion falls between the limits of the width of the line used for

Negative
transitions

T → C
C → G
G → A
A → T

Segment
reversal

Positive
transitions

C → T
G → C
A → G
T → A

Strand
switching

Negative
transitions

G → A
C → G
T → C
A → T

Strand
switching

Positive
transitions

A → G
G → C
C → T
T → A

Segment
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Figure 3: Effect of segment reversal and strand switching on pos-
itive and negative nucleotide-to-nucleotide transitions. An even
number of transforms do not change the type of the transitions.

the plot so that the graphic representation of data by a line
is adequate. As found for other prokaryotes [2, 3, 4, 5], the
cumulated phase has an approximately piecewise linear vari-
ation over two almost equal domains, one of positive slope
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Figure 4: Cumulated and unwrapped phases for the genomic signal
of the complete chromosome (4809037 bp) of Salmonella typhi [13]
(accession AL5113382 [12]).

(apparently divided in the intervals 1-1469271 and 3764857-
4809037, but actually contiguous on the circular chromo-
some) and the second of negative slope (1469272-3764856),
while the unwrapped phase has an almost linear variation
for the entire chromosome, showing little or no change in
the breaking points. The breaking points, like the extremes of
the integrated skew diagrams, have been put in relation with
the origins and termini of chromosome replichores [2, 9, 11].
The slope of the cumulated phase in each domain is related to
the nucleotide frequency in that domain by (2). In the break-
ing points, a macroswitching of the strands, accompanied by
a reversal of one of the domain-large segments, occurs. On
the other hand, the two domains comprise a large number
of much smaller segments, oriented in the direct and the in-
verse sense. At the junctions of these segments, reversals and
switchings of DNA helix segments take place as described in
Section 3. The average slope of each large domain is actually
determined by the density of direct and inverse small seg-
ments along that domain. This model can be verified by us-
ing the “∗.ffn” files in the GenBank [12] database that con-
tain the coding regions of the sequenced genomes, together
with their orientation. Concatenating the coding regions ori-
ented in the positive direction (positive ORFs) with the re-
oriented (reversed and complemented) coding regions read
in the negative direction (negative ORFs), a nucleotide se-
quence with all the coding regions (exons and introns) ori-
ented in the same direction is obtained. Because the inter-
genic regions for which the orientation is not known have to
be left out of the reoriented sequence, this new sequence is
shorter than the one that contains the entire chromosome or
all the available contigs given in the “∗.gbk” files of the Gen-
Bank database [12].

Figure 5 shows the cumulated and unwrapped phases of
the genomic signal obtained by concatenating the 4393 re-
oriented coding regions of Salmonella typhi genome [13] (ac-
cession AL5113382 [12]). Each inverse coding region (in-
verse ORF) has been reversed and complemented, that is,
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Figure 5: Cumulated and unwrapped phases of the genomic signal
for the concatenated 4393 reoriented coding regions (3999478 pb)
of Salmonella typhi genome [13] (accession AL5113382 [12]).
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the nucleotides inside the same W (adenine-thymine) or S
(cytosine-guanine) class have been replaced with each other
to take into account the switching of the strands that accom-
panies the segment reversal.

As expected from the model, the breaking points in the
cumulated phase disappear and the absolute values of the
slopes increase as there is no longer interweaving of direct
and inverse ORFs. The average slope sc of the cumulated
phase of a genomic signal for a domain is linked to the aver-

age slope s(0)
c of the concatenated reoriented coding regions

by the relation

sc =
∑n+

k=1 l
(+)
k −∑n−

k=1 l
(−)
k∑n+

k=1 l
(+)
k +

∑n−
k=1 l

(−)
k

s(0)
c , (4)

where
∑n+

k=1 l
(+)
k and

∑n−
k=1 l

(−)
k are the total lengths of the n+

direct and n− inverse ORFs in the given domain.
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The unwrapped phase, which is linked by (3) to the nu-
cleotide positive and negative transition frequencies, shows
little or no change when replacing the chromosome nu-
cleotide sequence with the concatenated sequence of reori-
ented coding regions. As explained, the reorientation of the
inverse coding regions consists in their reversal and switching
of their strands.

The model also explains the finding that the unwrapped
phase, which reveals second-order statistical features, has
an almost linear variation even for eukaryote chromosomes
[1, 2, 3, 4, 5, 6, 7] despite their very high fragmentation
and quasirandom distribution of direct and inverse ORFs,
while the cumulated phase, linked to the frequency of nu-
cleotides along the DNA strands, displays only a slight drift
close to zero. Figure 6 gives the cumulated phase and the un-
wrapped phase along the complete chromosome 4 [14] of
Mus musculus (accession NT019246 [12]). The unwrapped
phase increases almost linearly (actually there are two do-
mains of quasilinearity with distinct slopes), while the cu-
mulated phase remains almost zero (at the scale of the plot).
Similar results have been obtained for all Mus musculus and
Homo sapiens chromosomes.

The reversal of all inverse segments along the same pos-
itive direction, as performed for prokaryotes, would most
probably reveal a similar “hidden linear variation” of the cu-
mulated phase. Unfortunately, for eukaryotes, the informa-
tion about the OFR orientation is not sufficient to perform
the reordering, because the extension of the coding regions
is only a small fraction from the total length of the chro-
mosome. We illustrate the way the “hidden” linear variation
of the cumulated phase could be revealed by DNA segment
reorientation, by using again the case of a prokaryote, the
aerobic hyperthermophilic crenarchaeon Aeropyrum pernix
K, for which the genome has been completely sequenced
[12, 14]. Figure 7 presents the cumulated and the unwrapped
phases of the genomic signal for the entire genome compris-

ing 1669695 base pairs. The unwrapped phase varies almost
linearly, like in all the other investigated prokaryote and eu-
karyote genomes [1, 2, 3, 4, 5, 6, 7], confirming the rule
stated in Section 1 and explained in this paper. The cumu-
lated phase decreases irregularly, an untypical behavior for
prokaryotes that tend to have a regular piecewise linear vari-
ation of the cumulated phase, as shown above. Figure 7 also
shows the cumulated and unwrapped phases of the signal
that correspond to a sequence obtained by concatenating the
1839 coding regions in the genome after reorienting them all
in the same reference direction. The new sequence comprises
only the 1553043 base pairs involved in the coding regions
for which the sense information is available; the intergenic
regions, for which this information is missing, have been left
out. As seen in the figure, the cumulated phase changes to a
uniform, almost linear, increase while the unwrapped phase
remains practically unchanged.

5. CONCLUSION

DNA sequences of complete chromosomes or sequences ob-
tained by concatenating all reoriented coding regions of
chromosomes have been converted into genomic signals by
using a nucleotide complex representation derived from the
nucleotide tetrahedral representation. Some large-scale fea-
tures of the resulting genomic signals have been analyzed.
The cumulated phase and unwrapped phase of genomic sig-
nals are correlated with the statistical distribution of bases
and base pairs, respectively. The paper presents a model of
the longitudinal structure of the chromosomes that explains
the almost linear variation of the unwrapped phase of the
complex genomic signals for all prokaryotes and eukaryotes
[1, 2, 3, 4, 5, 6, 7]. The linearity of the cumulated phase for
the reordered ORFs, reflecting a large-scale homogeny of the
nucleotide distribution in such sequences, on one hand, and
the taxon specific variation of the cumulated phase for the
actual nucleic DNA strands, on the other, suggest the hy-
potheses of a primary ancestral genomic material and of a
functional role of the particular orientation of direct and in-
verse DNA segments that generate specific densities of the
first- and second-order repartition of nucleotides along chro-
mosomes. The relevance of these large-scale features of chro-
mosomes in the control of the crossing-over/recombination
process, the identification of the interacting regions of chro-
mosomes, and the separation of species, as well as the mech-
anisms that generate the specific arrangements of direct and
inverse ORFs remain to be further investigated.
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Email: peter.nordin@mc2.chalmers.se

Received 28 February 2003; Revised 31 July 2003

A novel approach to signal peptide identification is presented. We use an evolutionary algorithm for automatic evolution of
classification programs, so-called programmatic motifs. The variant of evolutionary algorithm used is called genetic programming
where a population of solution candidates in the form of full computer programs is evolved, based on training examples consisting
of signal peptide sequences. The method is compared with a previous work using artificial neural network (ANN) approaches.
Some advantages compared to ANNs are noted. The programmatic motif can perform computational tasks beyond that of feed-
forward neural networks and has also other advantages such as readability. The best motif evolved was analyzed and shown to
detect the h-region of the signal peptide. A powerful parallel computer cluster was used for the experiment.
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1. INTRODUCTION

The huge and growing amount of unanalyzed data present in
genetic research creates a demand for automatic methods for
classification of proteins and protein properties. Automatic
mechanical means for property screening of interesting pro-
teins would accelerate the process of finding new drug candi-
dates.

Classification rules for the processing of amino acid se-
quences can be obtained either by human design or by a me-
chanical process, the latter often through the use of machine-
learning algorithms.

A signal peptide is a short region of amino acid residues
situated at the N-terminal part of some peptide chains. Com-
monly, signal peptides are referred to as the address tags
within the cell since they control the transport of proteins
through the secretory pathway, the mechanism that moves
proteins through cell membranes. These proteins are pro-
duced by ribosomes in the cytoplasm but the produced pep-
tide does not fold to become a protein at this stage. Instead,
the first part of the peptide, the signal peptide, attaches it-
self to a translocon in the membrane. This binding opens a
channel and the peptide starts to transport itself through the
translocon channel. After transportation through the mem-

brane, the signal peptide cleaves from the protein’s peptide
and the channel is closed. The protein’s peptide is now free
and can fold itself to become an active, or mature, protein.

The existence of a signaling mechanism in the cell was
first postulated by Günther Blobel in 1971. After a series of
experiments, he came to the correct conclusion that the sig-
nal, or address tag, was coded with amino acids as part of
the peptide and the transport went through channels in the
membranes. Later, Blobel could verify that the process was
universal. The same mechanisms work not only in animal
cells but also in bacteria, yeast, and plants. For his work, Blo-
bel received the Nobel prize in medicine in 1999.

The knowledge about signal peptides has been instru-
mental in understanding some hereditary diseases caused by
proteins not reaching their intended destination. It is also be-
lieved that signal peptides will help in engineering yeast cells
into drug factories. Drugs could then be delivered from the
cells through secretion.

2. PREVIOUS RESEARCH

An early approach to signal peptide classification is the ma-
trix method used by von Heijne in [1]. The matrix was
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constructed out of the known signal peptides at the time and
gave results of a sequence level performance of 78% correct
classification for eukaryotic sequences.

Nielsen et al. [2] improved on the weight matrix method
and carried out an experiment where they used feed-forward
artificial neural networks trained with backpropagation to
predict if a peptide had a signal peptide attached or not.

To compare this method with the more traditional weight
matrix method, they started with a recalculation of the ma-
trix weights using the sequences already known. In 1996, the
number of known signal peptides was 5–10 times greater
than in 1986. However, the results were considerably worse
than the results obtained by von Heijne in 1986, and only
66% of the eukaryotic sequences were classified successfully.
Nielsen et al. attributes the failure either to larger variation
in the signal peptides found since 1986 or to more frequent
errors in the dataset. The 1986 dataset was hand-compiled
while Nielsen et al. used an automatic method.

The neural network method combined the results of two
individually trained networks that were trained on different
tasks. The first network tried to predict if a specific position
in the sequence was part of the signal peptide or not while the
second network tried to predict if the position was the cleav-
age site. The combined output from the two networks was
based on changes in the output from the first network close
to peaks in the output from the second network. Together,
the two networks managed to predict 70% of the eukaryotic
sequences correctly and 68% of the sequences from the hu-
man dataset. Their method and signal peptide identification
service is known as signalP.

The use of genetic programming (GP) for protein clas-
sification tasks has been pioneered by Koza. In [3], he uses
it to find protein motifs and in [4] he coined the term pro-
grammatic motif and used the method for evolving a rule
that predicted the cellular location of a given protein. Both
experiments produced results better than any other method
at the time, including hand-crafted motifs.

3. DATA

In our experiments, we used the data Nielsen et al. made pub-
lic on their ftp-server [5]. It is the same data they used in
their own experiments and the data originates from SWISS-
PROT version 29 [6]. Nielsen et al. started with selecting
sequences marked with SIGNAL. From the SIGNAL group,
they removed all proteins where they could suspect that they
had been tagged as SIGNAL in a nonverified way, that is,
by the use of prediction algorithms or guessing. As a back-
ground, they chose different known cytoplasmic and nuclear
proteins. Here they also removed all entries that seemed to
be nonverified.

Furthermore, they also compared the data and excluded
sequences that were too similar to others. In this way redun-
dancy in the dataset was reduced. For a more detailed de-
scription of the extraction and preparation of the dataset, see
[2, 7].

Nielsen et al. performed their experiment on several dif-
ferent groups of proteins including human, E. coli, eukary-

otes, and gram+ and gram− bacteria, with similar results for
all groups. For experiments described in this paper, we chose
to work only with the human dataset.

In our experiments, the data was split into two sets: one
training set consisting of 176 background proteins and 291
signal peptides and one validation set consisting of 75 back-
ground proteins and 125 signal peptides. For every position
in the peptide sequence, the dataset included information
telling whether it was part of a mature protein or part of
a signal peptide. An excerpt from the dataset is shown in
Figure 1.

The peptide sequences were truncated after 70 amino
acids for background proteins. In the case of signal peptides,
the signal part and the first 30 positions of the mature protein
were kept. This makes sense since the process of translocation
starts before the whole peptide is produced by the ribosome.

4. METHOD

We have used the machine-learning technique GP. GP is
a branch of evolutionary algorithms where computer pro-
grams are evolved from first principles to solve a problem
specified by a fitness function. Although GP has many fea-
tures in common with other branches of evolutionary com-
putation, such as genetic algorithms (where often fixed-
length binary genomes are evolved), the solutions evolved by
a GP system are more complex and can solve harder prob-
lems; they are often complete programs or algorithms.

In GP, a population of solution candidates, individual
programs, is kept and these individuals compete for the right
to reproduce. During mating, variations are introduced in
the offspring’s genome by the use of genetic operators. Two
common simulated operators are mutation and sexual re-
combination. The undirected mechanisms of random vari-
ation combined with selection through survival of the fittest
leads to evolution. The competing individuals in the popula-
tion will usually improve over time at the task by which they
are graded, and the more fit individuals survive and prolifer-
ate.

The solution candidates, or the individuals, have two ap-
pearances, the genotype and the phenotype. The genotype is
the genome, the recipe that builds the phenotype, and the
behavior of the program. In GP, the phenotype is a program
being executed on a real or simulated machine. Depending on
the phenotype’s performance, the genotype may reproduce.
Since the selection criterion is defined as an external prop-
erty, the algorithm might be seen as more similar to breeding
than to actual evolution.

Three different types of genomes are common in GP:
tree-like, linear, and graph-like. In this experiment, a lin-
ear representation of the genome was used. For more back-
ground on GP and discussions about genome, representa-
tion, theory, and different selection mechanisms, see [8, 9,
10, 11].

The individuals in the population had variable-length
genomes that could contain up to 300 instructions. Evolution
started with a population with genomes of random length
and random content (genes).
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Figure 1: All the sequences have a class, a name, and a specification of which kind of peptide the acid is part of. Here, S means that the
amino acid is part of the signal peptide while C and M are parts of the mature protein; C marks the cleavage site.
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Figure 2: The evolved program instructs the virtual machine to
move along the sequence and to perform calculations on registers
and writing to memory.

4.1. The virtual machine

The linear genomes of the individuals are interpreted as a
computer program by a virtual machine. The virtual machine
used was implemented as a register machine. The machine
had the ability to analyze the peptide sequence, perform
arithmetics with five registers, and use a sequential memory.
A schematic of the machine is shown in Figure 2.

Each position in the individual’s genome represents a
complete instruction and is encoded as a 32-bit integer. The
first eight bits encodes the operation while the following
three bytes are passed as arguments. The most common ar-
gument is a pointer to a register, but depending on the op-
eration, it could also be interpreted as a real-valued constant
or a relative program address. Regardless of how a gene is
coded, it is always reinterpreted as a valid instruction with
valid arguments.

The following operations were supported by the ma-
chine:

(i) Boolean operators: and, or, xor, not;
(ii) register setting operators: one, clear, set;

(iii) arithmetic operators: add, sub, mul, div, sigmoid;
(iv) branching operators: ifgtz, jmp, jmpgtz;

(v) head-moving operators: for, rev, home;
(vi) memory-altering operators: read, write;

(vii) amino acid residue detecting operators: ala, arg, asn,
asp, cys, glu, gln, gly, his, ile, leu, lys, met, phe, pro,
ser, thr, trp, tyr, val, aliphatic, aromatic, charged, hy-
drophobic, negative, polar, positive, small, tiny.

The application-specific operators in this virtual ma-
chine are the amino acid residue detecting operators. These
instructions return positive if the machine is positioned over
the respective target. Otherwise, a negative result is returned.
There are also instructions to determine if a target has a spe-
cific chemical property.

The genome of an individual contains up to 300 instruc-
tions forming a program. The program is the individual and
from this point that is what we refer to when using the word
program. The virtual machine and the computational meth-
ods around it, such as fitness measurement, are referred to as
the system.

The evaluation of an individual program was executed
once for every peptide in the training set of fitness cases. Be-
fore every run, both registers and sequential memory were
being reset to zero and the program counter was initiated to
zero. The head of the virtual machine was moved to the first
position in the sequence of the peptide to examine.

When the program was executed, it could instruct the
virtual machine to move along the peptide chain and check
for amino acid residues or properties of the residues. In be-
tween those operations, it could perform calculations on its
registers and/or write to sequential memory. The sequen-
tial memory would also be treated as the output of the pro-
gram. If a memory cell in the sequential memory held a value
greater than zero at program termination, that cell’s position
was considered to be a prediction of a cleavage site. The value
zero or less was considered as no prediction.

Programs terminated when reaching the end of the pro-
gram or when a jump instruction instructed the machine
to jump outside the program. If a program used all of its
allowed executions, all branching operators were treated as
NOPs (no operation) and the program terminated when the
end of the program was reached. The execution limit was set
to 800 instructions per run. The program would also termi-
nate if the head was moved outside the peptide sequence.
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For a more thorough description of register machine GP,
see [8].

4.2. Fitness measurement

After the evaluation of the peptide sequences, the result had
to be analyzed in order to assign a fitness to the individual.
This process may be the most important in GP due to the
principle “what you train is what you get.”

The main part of the fitness was made up of errors asso-
ciated with the distance between the real and the predicted
cleavage site. For every predicted position, the error d2 was
added to the fitness. If the program tagged several positions,
it would receive multiple penalties and thus such behavior
would result in poor fitness. If no position was tagged on a
signal peptide, the program would get a penalty that corre-
sponds to a distance d of 17. The same was true for nonsignal
peptides that were falsely classified to have a cleavage site.

To further guide the evolution, the fitness assigning func-
tion was made more smooth by adding a small error for every
position in the memory. The system expected the program to
return one for cleavage sites and minus one for every other
position. Deviations from these values and an extra penalty
p = 0.15 for falsely classified positions were added to the fit-
ness.

Later when the system activated parsimony pressure, it
also added a small cost associated with execution of instruc-
tions to the fitness. This cost was small enough not to affect
the results of the comparison other than when the system
had to choose between two equally performing individuals
with different sizes. Finally, there were some penalties needed
to avoid cheating and control the behavior of the program.
These penalties were large. First, if a program used recursion
and did not terminate before using its available 800 instruc-
tions, it would be punished for loop violation. Second, if a
program produced constant output for different peptides in
the set, the program would get punished.

The last punishment was received if the program tried
to move the head of the virtual machine outside the pep-
tide sequence. This was needed to avoid cheating where the
program otherwise could locate the end of the sequence and
count a certain number of steps back from that point. Such
“cheating” solutions were often evolved by the system if no
penalty was given. The total fitness function is

f = 1
peptides

∑
Peptides

(
d2 + parsimony

+
1

length

∑
Positions

(
e2 + p

))

+ loop violation + constant output

+ illegal move.

(1)

The fitness was balanced in such a way that individuals
first prioritize minimizing d, then e, and lastly the size of so-
lution (parsimony pressure). The penalties for illegal behav-
ior dominate over all of the above.
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Figure 3: If sexual recombination takes place, the children (a′) and
(b′) will be a combination of the parents (a) and (b) genomes. Re-
combination works by letting the crossover operator exchange two
random parts of the genomes.

4.3. Selection and genetic operators

We used steady-state tournament selection. For every evo-
lutionary step, four arbitrary individuals are selected. They
compete against each other in two pairs and the best two in-
dividuals from the two (semifinal) games mate.

Mating produces two offspring. It can be either two per-
fect copies of the parents or recombinations of the parents
genomes. Two-point crossover was used for recombination,
shown in Figure 3. There is also a small chance that the
genome of a child will be mutated at a single position.

The two less-performing individuals who were defeated
in the tournament are removed while the parents and the off-
spring stay in the population. The process of tournaments is
iterated over many generations.

4.4. Parallelization

To speed execution up, six workstations were clustered to-
gether using demes. Equal-sized subpopulations were kept
in each deme and one percent of the population migrated to
another deme every generation. The demes were connected
with a ring-like topology.

The clustering gave a full linear speedup and there was
no performance degradation due to clustering. Indications
of superlinear speedups [10] were found but the experiment
did not run sufficient number of times to statistically sup-
port such claims. A comparison of the evolutionary progress
for a single population and a population spread over demes
can be seen in Figure 4. When the system utilizes demes, the
population evolves faster. It can be noted that the effort in
Figure 4 is measured in computer time and that the system
taking advantage of clustering was more than six times faster
in real time than the system utilizing a single workstation.

5. RESULTS

The results presented in the following sections show the
best performing individual. During the run, a population of
twenty thousand programs was evolved for four million tour-
naments. Approximately eight million different solutions
were tried. Parsimony pressure was added after two million
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Figure 4: A comparison between a demes population and a non-
demes population. The progress of evolution as the function of total
computational effort. The mean fitness out of three runs plotted for
both having the population spread out over demes or keeping all
individuals in a single population.
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Figure 5: Fitness for population. The fitness of the two best per-
forming individuals on training and validation data.

tournaments. During mating, there were a 98% probability
of sexual recombination and 15% probability of mutation.

The best performing individual was 273 instructions long
and had formed through 383 genetic operations. The whole
run took about three days on standard PC hardware running
at 500 MHz.

In Figure 5, we can see how the population becomes
more fit over generations. Even though the best individual
continues to improve on training, we do not see evidence of

Table 1: Performance for the identification of signal peptides (best
individual).

Training set Validation set Whole set

Correctly identified (%) 92.5 92.5 92.5

MCC 0.84 0.84 0.84

any overlearning. The individuals are general solutions to the
problem, and fitness on validation data remains similar to
that of the training fitness.

5.1. Identification of signal peptides

The first quality measurement of the individual is how reli-
able the program is classifying a sequence as a signal peptide
or not. Any sequence that produces an output above zero in
any cell of the sequential memory is considered to be a signal
peptide, while the sequences where all outputs are at or below
zero are considered to be classified as background data.

We use the Matthew correlation coefficient [12] to deter-
mine the performance of a rule in addition to percentage of
correctly classified signal peptides. The coefficient is defined
as

CMCC =
NtpNtn −NfpNfn√(

Ntn + Nfn
)(

Ntn + Nfp
)(

Ntp + Nfn
)(

Ntp + Nfp
) .
(2)

The coefficient CMCC equals one for a perfect prediction,
minus one for a total opposite prediction, and zero for a
completely random prediction. The variables Ntp, Ntn, Nfp,
and Nfn represent the number of correctly classified positives,
correctly classified negatives, falsely classified positives, and
falsely classified negatives, respectively.

The performance of the best individual on the task of
identifying signal peptides is presented in Table 1. The indi-
vidual managed equally well on the training and validation
cases and actually had a lower fitness on the validation data
than on the training set which indicates that there was no
overtraining.

5.2. Predicting cleavage site location

After identifying which sequences that include a signal pep-
tide, we would like to know where their cleavage sites are lo-
cated. The individuals are trained to minimize the distance
between predicted and actual cleavage site. This is introduced
in the fitness as a sum over d2.

To verify how well the individuals perform on locating
the cleavage site, the percentage of signal peptide sequences
with correctly predicted cleavage sites was measured. In this
case, a correct prediction is a predicted cleavage site at most
two positions away from the real site.

The results of the same best individual as in the previ-
ous sections are presented in Table 2. To further know if this
result was better than a random guess, the average distance
between the predicted cleavage site and the real cleavage site
was calculated.
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Table 2: Performance for the prediction of cleavage sites (best indi-
vidual).

Training set Validation set Whole set

Correctly predicted (%) 53.3 61.6 55.8
Mean d2 12.2 12.7 12.3

To put the measured distance d2 into perspective, a cou-
ple of different test measurements were carried out. First we
measured how large the mean value of d2 would be if the
prediction algorithm chose random points distributed uni-
formly between the two extreme positions for cleavage sites
found in the whole dataset. The mean, out of a 100 test runs,
yielded a d2 of 194. This large d2 is expected since the distri-
bution of cleavage site positions is far from uniform. Next
step was to use the discrete frequency distribution in the
dataset to transform the randomness to follow the distribu-
tion. These runs gave a mean square distance of 55. Thus, no
random solutions could compete with the measured distance
of the best individual.

Earlier in the studies, the system had produced individu-
als with constant output which managed to reach quite low
fitness and therefore the mean distance for various constant
solutions is needed to be measured. The best constant solu-
tion was the one stating that the cleavage site was positioned
at position 24 in the peptide sequence. This solution had a
mean d2 of 28.

In comparison with the tests above, it is clear that the best
individual evolved far from being a random guess or optimal
constant solution.

5.3. Analysis of the best individual program

One of the often stated advantages of GP compared, for in-
stance, to artificial neural networks is the ability to produce
the result in a human readable form. It is much harder to
analyze the weights and get a grip of how an artificial neu-
ral network is calculating its results than to analyze program
code.

In our case, the task of analysis takes some effort since
we let the program evolve without any constraints on its
architecture. The individuals could evolve loops and sub-
functions with the help of branching instructions. Since the
individuals only had one single linear genome, these func-
tions sometimes overlapped. A loop may partially overlap
with another loop and some parts of the code will be used
differently at different times. Still the function of an individ-
ual is not that hard to understand.

Although the mechanism for targeting signal peptides
work similar in all organisms, the signal peptides do not
share one common sequence. They do however share a com-
mon structure. There are some simple rules of thumb to de-
tect a signal peptide. First the sequence should start with a
short region, usually of positively charged amino acids, called
the n-region at the N-terminal of the peptide. It is followed
by a somewhat longer region of hydrophobic amino acids
called the h-region. Between the hydrophobic region and the

cleavage site is a short region consisting mainly of polar and
uncharged amino acids named the c-region. At the positions
before the cleavage site, a pattern called the (−3, −1) rule
is common. It states that position −1 and −3 relatively to
the cleavage site should be occupied by small and neutral
residues. The amino acid residue at position −2 can however
be an aromatic, charged, or large polar residue.

A quick analysis of the program from the best individ-
ual revealed that at most 30% of the instructions contributed
to the solution. The others are known in genetic program-
ming as introns, genes/instructions that are inactive. Introns
are also common in nature and could among other functions
be a product of evolution’s desire to protect important in-
formation in the genome from mutations. In GP, they con-
sist of operations where the results produced will be over-
written by another operator without being used anywhere in
between.

The evolved program consists mainly of two parts where
the first part is made up of four nested loops. The program
will stay inside these loops and iterate over the peptide se-
quence until it has come across four aliphatic residues and
has not detected any proline or arginine. If encountered,
the program will go back and loop some more. When this
happens, the program moves around eleven positions for-
ward. There, it performs a simple check and marks the po-
sition as a cleavage site if there is no tryptophan there. Tryp-
tophan is a large aromatic residue. Aliphatic residues are
also hydrophobic, so it seems that our program has found a
simple rule relying on finding the h-region, moving across
the most common number of positions and marking the
cleavage site if not completely wrong. The code seems very
simple but still the program can discriminate between sig-
nal peptides and other proteins with good accuracy. It has
also successfully predicted cleavage sites as close to the N-
terminal as 17 positions and as far away as 37 positions,
so the rule spans over signal peptides with quite different
characteristics.

6. COMPARISON WITH PREVIOUS METHODS

Nielsen et al. presented their results on the task of the identi-
fication of signal peptides with the help of Matthews correla-
tion coefficient and reported it to be CSP = 0.96, as the best,
for the human dataset. This is a good value but they tried
several ways of interpreting the output from the network and
also optimized the threshold value used in the interpretation.
When they only used their cleavage site predicting network,
which is more similar to the approach presented in this pa-
per, and used the highest output to determine if a sequence
has a signal peptide or not, they got a CSP = 0.71 which is
worse than the CSP = 0.84 reached in this experiment.

When it comes to predicting the cleavage site, Nielsen
et al. reported a 68.0% success rate on the human dataset
using the combined output from two different neural net-
works. The weight matrix method with newly calculated
weights scored 66.7%. According to a survey performed by
Emanuelsson et al. [13], TargetP, the successor to signalP,
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correctly predicted 81.1% of the cleavage sites within two po-
sitions from the real site. The best individual in our experi-
ment scored 55.8%.

Although this is comparing apples to oranges, it can be
interesting to note how much parameters are included in
the solutions. The two networks used to classify human sig-
nal peptides contained in total 3080 real-valued parameters
while the program produced through GP had a length of 273
32-bit instructions. About 30% of these instructions were ac-
tually used in the solution. The instruction set is highly re-
dundant and could easily fit into a 16-bit representation. The
evolved program can be described using much less informa-
tion than the neural network.

GP is also generally less sensitive to initial parameter set-
tings than neural networks, making it possibly a more robust
search tool.

Another difference between the systems is the ability to
learn from the solution derived from the method. The re-
sulting program from the GP system is available in a human-
readable form, although it may take some work to sort it out.
This way, the GP approach holds promise for the future since
it is not only a program that predicts, but also it can produce
new human knowledge.

7. DISCUSSION

The evolved programs have a quite complex architecture with
the ability to create iterations and conditional loops. The
programs evolved by GP can therefore express completely
different patterns than practically possible with artificial neu-
ral networks. This may also make a hybrid method between
neural networks and a candidate for future research.

A great deal of effort was spent to prevent programs from
“cheating.” Examples of cheating would be to count positions
from the end of the peptide in the dataset. Although it is clear
that the predictive performance of the neural networks is not
affected by this kind of cheating, it is not fully evident from
publications if enough effort is spent on preventing the net-
work from building up the kind of function needed for all
kinds of possible cheating.

Our results are not verified with cross-validation. In-
stead, we have relied solely on the use of separate training
and validation sets. Since no overlearning has been detected,
we judge this method as sufficient. We would however like to
use cross-validation in the future but there are questions re-
garding its accuracy in combination with evolutionary tech-
niques.

The system identified and extracted a rule similar to a
hand-discovered rule within signal peptide sequence analy-
sis. On the task of the identification of signal peptides, the
evolved rule faired well. The combined score of the neural
networks was however significantly better at prediction of the
cleavage sites.

The interpretability of solutions enables the GP tech-
nique to be used for extraction of new knowledge regarding
cleavage sites and signal peptides. The clear text output en-
ables reformulation as human knowledge.

8. CONCLUSION

We have shown that GP can be used to extract features
in peptide sequences. The resulting “programmatic motifs”
have a high expressiveness and can express other information
than practically possible with, for example, neural networks.

Unlike many other methods, the resulting program is
available in a human-readable form and is interpretable. An
analysis of the program showed that it has evolved a rule that
relied heavily on finding the hydrophobic core in the signal
peptide.

GP is still a young research field and this report describes
one of the first experiments on peptide classification with this
method. Our results points to the feasibility of further use of
genetic programming in sequence analysis tasks.
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This paper considers key issues in the emerging field of genomic signal processing and its relationship to functional genomics.
It focuses on some of the biological mechanisms driving the development of genomic signal processing, in addition to their
manifestation in gene-expression-based classification and genetic network modeling. Certain problems are inherent. For instance,
small-sample error estimation, variable selection, and model complexity are important issues for both phenotype classification
and expression prediction used in network inference. A long-term goal is to develop intervention strategies to drive network
behavior, which is briefly discussed. It is hoped that this nontechnical paper demonstrates that the field of signal processing has
the potential to impact and help drive genomics research.
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1. INTRODUCTION

Sequences and clones for over a million expressed sequence
tagged sites (ESTs) are currently publicly available. Only a
minority of these identified clusters contains genes associ-
ated with a known functionality. One way of gaining insight
into a gene’s role in cellular activity is to study its expres-
sion pattern in a variety of circumstances and contexts, as
it responds to its environment and to the action of other
genes. Recent methods facilitate large-scale surveys of gene
expression in which transcript levels can be determined for
thousands of genes simultaneously. In particular, expression
microarrays result from a complex biochemical-optical sys-
tem incorporating robotic spotting and computer image for-
mation and analysis. Since transcription control is accom-
plished by a method that interprets a variety of inputs, we
require analytical tools for expression profile data that can
detect the types of multivariate influences on decision mak-
ing produced by complex genetic networks. Put more gen-
erally, signals generated by the genome must be processed
to characterize their regulatory effects and their relationship
to changes at both the genotypic and phenotypic levels. Two
salient goals of functional genomics are to screen for key
genes and gene combinations that explain specific cellular

phenotypes (e.g., disease) on a mechanistic level, and to use
genomic signals to classify disease on a molecular level.

Genomic signal processing (GSP) is the engineering dis-
cipline that studies the processing of genomic signals. Ow-
ing to the major role played in genomics by transcriptional
signaling and the related pathway modeling, it is only nat-
ural that the theory of signal processing should be utilized
in both structural and functional understanding. The aim of
GSP is to integrate the theory and methods of signal process-
ing with the global understanding of functional genomics,
with special emphasis on genomic regulation. Hence, GSP
encompasses various methodologies concerning expression
profiles: detection, prediction, classification, control, and sta-
tistical and dynamical modeling of gene networks. GSP is
a fundamental discipline that brings to genomics the struc-
tural model-based analysis and synthesis that form the basis
of mathematically rigorous engineering.

Application is generally directed towards tissue classifi-
cation and the discovery of signaling pathways, both based
on the expressed macromolecule phenotype of the cell. Ac-
complishment of these aims requires a host of signal process-
ing approaches. These include signal representation relevant
to transcription, such as wavelet decomposition and more
general decompositions of stochastic time series, and system
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modeling using nonlinear dynamical systems. The kind of
correlation-based analysis commonly used for understand-
ing pairwise relations between genes or cellular effects can-
not capture the complex network of nonlinear information
processing based upon multivariate inputs from inside and
outside the genome. Regulatory models require the kind of
nonlinear dynamics studied in signal processing and con-
trol, and in particular the use of stochastic dataflow networks
common to distributed computer systems with stochastic
inputs. This is not to say that existing model systems suf-
fice. Genomics requires its own model systems, not simply
straightforward adaptations of currently formulated mod-
els. New systems must capture the specific biological mecha-
nisms of operation and distributed regulation at work within
the genome. It is necessary to develop appropriate mathe-
matical theory, including optimization, for the kinds of ex-
ternal controls required for therapeutic intervention as well
as approximation theory to arrive at nonlinear dynamical
models that are sufficiently complex to adequately represent
genomic regulation for diagnosis and therapy while not be-
ing overly complex for the amounts of data experimentally
feasible or for the computational limits of existing computer
hardware.

2. BACKGROUND

A central focus of genomic research concerns understanding
the manner in which cells execute and control the enormous
number of operations required for normal function and the
ways in which cellular systems fail in disease. In biological
systems, decisions are reached by methods that are exceed-
ingly parallel and extraordinarily integrated, as even a cur-
sory examination of the wealth of controls associated with
the intermediary metabolism network demonstrates. Feed-
back and damping are routine even for the most common
activities, such as cell cycling, where it seems that most pro-
liferative signals are also apoptosis priming signals, with the
final response to these signals resulting from successful nego-
tiation of a large number of checkpoints, which themselves
involve further extensive cross checks of cellular conditions.

Traditional biochemical and genetic characterizations of
genes do not facilitate rapid sifting of these possibilities to
identify the genes involved in different processes or the con-
trol mechanisms employed. Of course, when methods do ex-
ist to focus genetic and biochemical characterization proce-
dures on a smaller number of genes likely to be involved in
a process, progress in finding the relevant interactions and
controls can be substantial. The earliest understandings of
the mechanics of cellular gene control were derived in large
measure from studies of just such a case, metabolism in sim-
ple cells. In metabolism, it is possible to use biochemistry to
identify stepwise modifications of the metabolic intermedi-
ates and genetic complementation tests to identify the genes
responsible for catalysis of these steps, and those genes and
cis-regulator elements involved in the control of their ex-
pression. Standard methods of characterization guided by
some knowledge of the connections could thus be used to

identify process components and controls. Starting from the
basic outline of the process, molecular biologists and bio-
chemists have been able to build up a very detailed view of
the processes and regulatory interactions operating within
the metabolic domain.

In contrast, for most cellular processes, general methods
to implicate likely participants and to suggest control rela-
tionships have not emerged. The resulting inability to pro-
duce overall schemata for most cellular processes has meant
that gene function is, for the largest part, determined in a
piecemeal fashion. Once a gene is suspected of involvement
in a particular process, research focuses on the role of that
gene in a very narrow context. This typically results in the
full breadth of important roles for well-known, highly char-
acterized genes being slowly discovered. A particularly good
example of this is the relatively recent appreciation that onco-
genes such as Myc can stimulate apoptosis in addition to pro-
liferation [1].

Recognition of this bottleneck has stimulated the field’s
appetite for methods that can provide a wider experimen-
tal perspective on how genes interact. High-throughput mi-
croarray technology, which facilitates large-scale surveys of
gene expression, can now provide enormous data sets con-
cerning transcriptional levels [2, 3, 4, 5]. As these measure-
ments are snapshots of the types of levels of transcripts re-
quired to achieve or maintain the cell state being observed,
they constitute a de facto source of information about tran-
script interactions involved in gene regulation.

Analysis of this data can take two routes: gene-by-gene
analysis or multivariate analysis of interactions among many
genes simultaneously. Correlation and other similarity mea-
sures can identify common elements of a cell’s response to
a particular stimulus and thus discern some groups of genes;
however, correlation does not address the fundamental prob-
lem of determining the sets of genes whose actions and in-
teractions drive the cell’s decision to set the transcriptional
level of a particular gene. Because transcriptional control is
accomplished by a complex method that interprets a variety
of inputs [1, 6, 7], the development of analytical tools that
detect multivariate influences on decision-making present in
complex genetic networks is essential. To carry out such an
analysis, one needs appropriate analytical methodologies.

As a discipline, signal processing involves the construc-
tion of model systems. These can be composed of vari-
ous mathematical structures, such as systems of differen-
tial equations, graphical networks, stochastic functional rela-
tions, and simulation models. By its nature, signal processing
draws upon many related disciplines, including estimation,
classification, pattern recognition, control, information, net-
works, computation, statistics, imaging, coding, and artificial
intelligence. These in turn draw upon signal processing to the
extent that their application involves processing signals.

Numerous mathematical and computational methods
have been proposed for construction of formal models of ge-
netic interactions. Many of these models have the following
general characteristics:

(1) the models essentially represent systems in that they
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(a) characterize an interacting group of components
forming a whole,

(b) can be viewed as a process that results in a trans-
formation of signals,

(c) generate outputs in response to input stimuli;
(2) the models are dynamical in that they

(a) capture the time-varying quality of the physical
process under study,

(b) can change their own behavior over time;
(3) the models can be considered generally nonlinear in

that the interactions within the system yield behavior
more complicated than the sum of the behaviors of the
agents.

The preceding characteristics are representatives of
nonlinear dynamical systems. These are composed of states,
input and output signals, transition operators between states,
and output operators. In their most abstract form, they are
very general. More mathematical structure is provided for
particular application settings. For instance, in computer sci-
ence they can be structured into the form of dataflow graphi-
cal networks that model asynchronous distributed computa-
tion, a model that is very close to genomic regulatory mod-
els. There have been many attempts to model gene regulatory
networks including probabilistic graphical models, such as
Bayesian networks [8, 9, 10, 11], neural networks [12, 13],
differential equations [14], Boolean [15] and probabilistic
Boolean networks [16, 17], and models including stochastic
components on the molecular level [18].

As we look towards medical applications based on func-
tional genomics, dynamical modeling is at the center. Som-
ogyi and Greller [19] give the following areas in which dy-
namical modeling will play a “pivotal role”:

(i) stimulus-response interactions,
(ii) prediction of new targets based on pathway context,

(iii) potential use of combinatorial therapies,
(iv) pathway responses including the understanding of re-

active or compensatory behavior,
(v) stress and toxic response mechanisms,

(vi) off-target effects of therapeutic compounds,
(vii) pharmacodynamics,

(viii) characterization of disease states by dynamical behav-
ior,

(ix) gene expression and protein expression signatures for
diagnostics,

(x) design of optimized time-dependent dosing regimens.

As we consider the salient issues of GSP, it should become
evident that the preceding list offers a call for a major effort
on the part of the signal processing community to apply its
store of knowledge to genetic science and medicine.

3. TECHNOLOGY

A cell relies on its protein components for a wide variety of
its functions, including energy production, biosynthesis of
component macromolecules, maintenance of cellular archi-
tecture, and the ability to act upon intra- and extra-cellular

stimuli. Each cell in an organism contains the information
necessary to produce the entire repertoire of proteins the
organism can specify. Since a cell’s specific functionality is
largely determined by the genes it is expressing, it is logical
that transcription, the first step in the process of convert-
ing the genetic information stored in an organism’s genome
into protein, would be highly regulated by the control net-
work that coordinates and directs cellular activity. A primary
means for regulating cellular activity is the control of pro-
tein production via the amounts of mRNA expressed by in-
dividual genes. The tools to build an understanding of ge-
nomic regulation of expression will involve the characteriza-
tion of these expression levels. Microarray technology, both
cDNA and oligonucleotide, provides a powerful analytic tool
for genetic research. Since our concern in this paper is to ar-
ticulate the salient issues for GSP, and not to delve deeply
into microarray technology, we confine our brief discussion
to cDNA microarrays.

Complementary DNA microarray technology combines
robotic spotting of small amounts of individual, pure nu-
cleic acid species on a glass surface, hybridization to this array
with multiple fluorescently labeled nucleic acids, and detec-
tion and quantitation of the resulting fluor-tagged hybrids
by a scanning confocal microscope. A basic application is
quantitative analysis of fluorescence signals representing the
relative abundance of mRNA from distinct tissue samples.
Complementary DNA microarrays are prepared by print-
ing thousands of cDNAs in an array format on glass micro-
scope slides, which provide gene-specific hybridization tar-
gets. Distinct mRNA samples can be labeled with different
fluors and then co-hybridized onto each arrayed gene. Ratios
(or sometimes the direct intensity measurements) of gene
expression levels between the samples can be used to detect
meaningfully different expression levels between the samples
for a given gene. Given an experimental design with multiple
tissue samples, microarray data can be used to cluster genes
based on expression profiles, to characterize and classify dis-
ease based on the expression levels of gene sets, and for other
signal processing tasks.

A typical glass-substrate and fluorescent-based cDNA
microarray detection system is based on a scanning con-
focal microscope, where two monochrome images are ob-
tained from laser excitations at two different wavelengths.
Monochrome images of the fluorescent intensity for each
fluor are combined by placing each image in the appropri-
ate color channel of an RGB image. In this composite im-
age, one can visualize the differential expression of genes in
the two cell types: test sample typically placed in red chan-
nel, and the reference sample in the green channel. Intense
red fluorescence at a spot indicates a high level of expression
of that gene in the test sample with little expression in the
reference sample. Conversely, intense green fluorescence at a
spot indicates relatively low expression of that gene in the test
sample compared to the reference. When both test and refer-
ence samples express a gene at similar levels, the observed
array spot is yellow. Assuming that specific DNA products
from two samples have an equal probability of hybridizing
to the specific target, the fluorescent intensity measurement
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is a function of the amount of specific RNA available within
each sample, provided that samples are well mixed and there
is sufficiently abundant cDNA deposited at each target loca-
tion.

When using cDNA microarrays, the signal must be ex-
tracted from the background. This requires image process-
ing to extract signals arising from tagged reverse-transcribed
cDNA hybridized to arrayed cDNA locations [20], and vari-
ability analysis and measurement quality assessment. The
objective of the microarray image analysis is to extract probe
intensities or ratios at each cDNA target location and then
cross-link printed clone information so that biologists can
easily interpret the outcomes and high-level analysis can be
performed. A microarray image is first segmented into in-
dividual cDNA targets, either by manual interaction or by an
automated algorithm. For each target, the surrounding back-
ground fluorescent intensity is estimated, along with the ex-
act target location, fluorescent intensity, and expression ratio.

In a microarray experiment, there are many sources of
variation. Some types of variation, such as differences of gene
expressions, may be highly informative as they may be of bi-
ological origin. Other types of variation, however, may be
undesirable and can confound subsequent analysis, leading
to wrong conclusions. In particular, there are certain sys-
tematic sources of variation, usually due to specific features
of the particular microarray technology, that should be cor-
rected prior to further analysis. The process of removing such
systematic variability is called normalization. There may be
a number of reasons for normalizing microarray data. For
example, there may be a systematic difference in quantities
of starting RNA, resulting in one sample being consistently
over-represented. There may also be differences in labeling or
detection efficiencies between the fluorescent dyes (e.g., Cy3
or Cy5), again leading to systematic overexpression of one
of the samples. Thus, in order to make meaningful biologi-
cal comparisons, the measured intensities must be properly
adjusted to counteract such systematic differences.

4. SALIENT ISSUES FOR GSP

In this section we address what we consider to be the salient
issues for GSP: phenotype classification and genetic regula-
tory networks, which include expression prediction and net-
work intervention and control. Other topics, including im-
age processing, signal extraction, data normalization, quan-
tization, compression, expression-based clustering, and sig-
nal processing methods for sequence analysis play necessary
and supportive roles.

4.1. Classification

An expression-based classifier provides a list of genes whose
product abundance is indicative of important differences in
cell state, such as healthy or diseased, or one particular type
of cancer or another. Among such informative genes are
those whose products play a role in the initiation, progres-
sion, or maintenance of the disease. Two central goals of
molecular analysis of disease are to use such information to

directly diagnose the presence or type of disease and to pro-
duce therapies based on the disruption or correction of the
aberrant function of gene products whose activities are cen-
tral to the pathology of a disease. Correction would be ac-
complished either by the use of drugs already known to act
on these gene products or by developing new drugs targeting
these gene products.

Achieving these goals requires designing a classifier that
takes a vector of gene expression levels as input and outputs a
class label that predicts the class containing the input vector.
Classification can be between different kinds of cancer, dif-
ferent stages of tumor development, or many other such dif-
ferences. Classifiers are designed from a sample of expression
vectors. This requires assessing expression levels from RNA
obtained from the different tissues with microarrays, deter-
mining genes whose expression levels can be used as classifier
variables, and then applying some rule to design the classifier
from the sample microarray data. Design, performance eval-
uation, and application of classifiers must take into account
randomness arising from both biological and experimental
variability. To rapidly move from expression data to diagnos-
tics that can be integrated into current pathology practice or
to useful therapeutics, expression patterns must carry suffi-
cient information to separate sample types.

Classification using a variety of methods has been used
to exploit the class-separating power of expression data in
cancer: leukemias [21], various cancers [22], small, round,
blue-cell cancers [23], hereditary breast cancer [24], colon
cancer [25], breast cancer [4], melanoma [26], and glioma
[27].

Three critical statistical issues arise for expression-based
classification [28, 29]. First, given a set of variables, how does
one design a classifier from the sample data that provides
good classification over the general population? Second, how
does one estimate the error of a designed classifier when data
is limited? Third, given a large set of potential variables, such
as the large number of expression level determinations pro-
vided by microarrays, how does one select a set of variables
as the input vector to the classifier? The problem of small-
sample error estimation impacts variable selection in a devil-
ish way. An error estimator may be unbiased but have a large
variance, and therefore often be low. This can produce a large
number of gene (variable) sets and classifiers with low error
estimates. For a small sample, one can end up with thou-
sands of gene sets for which the error estimate from the data
at hand is zero. In the other direction, a small sample size en-
hances the possibility that a designed classifier will perform
worse than the optimal classifier. Combined with a high er-
ror estimate, the result will be that many potentially good
diagnostic gene sets will be pessimistically evaluated.

Not only is it important to base classifiers on small num-
bers of genes from a statistical perspective, but there are also
compelling biological reasons for small classifier sets. As pre-
viously noted, correction of an aberrant function would be
accomplished by the use of drugs. Sufficient information
must be vested in gene sets small enough to serve as either
convenient diagnostic panels or as candidates for the very ex-
pensive and time-consuming analysis required to determine
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if they could serve as useful targets for therapy. Small gene
sets are necessary to allow construction of a practical im-
munohistochemical diagnostic panel. In sum, it is important
to develop classification algorithms specifically tailored for
small samples [27].

While clustering algorithms do not produce the speci-
ficity and quantitative predictability of classification proce-
dures, they can provide the means to group expression pat-
terns that are coexpressed over a range of experiments in or-
der to detect common regulatory motifs in an unsupervised
manner. Moreover, by considering expression profiles over
various tissue samples, clustering these samples based on the
expression levels for each sample helps to develop techniques
that offer the potential to discriminate pathologies and to
recognize various forms of cancers or cell types. Clustering
constitutes a supporting methodology for classification and
prediction.

Many clustering approaches, such as K-means [30], self-
organizing maps [31], hierarchical clustering [32], and oth-
ers, have been applied to gene expression data analysis. One
difficulty is that the selection of various algorithm parame-
ters and other choices (e.g., type of linkage), initial condi-
tions, and distance measures can all critically impact the re-
sults of clustering. Moreover, the number of clusters must of-
ten be chosen in advance. Therefore, comparison of results
and analysis of the inference capability of clustering algo-
rithms is important [33]. A good overview of clustering algo-
rithms, as applied to gene expression data, including cluster
validation, is available in [34].

4.2. Networks

A model of a genetic regulatory network is intended to cap-
ture the simultaneous dynamical behavior of all elements,
such as transcript or protein levels, for which measurements
exist. Needless to say, it is possible to devise theoretical mod-
els, for instance based on systems of differential equations,
that are intended to represent as faithfully as possible the
joint behavior of all of these constituent elements. The con-
struction of the models, in this case, can be based on exist-
ing knowledge of protein-DNA and protein-protein interac-
tions, degradation rates, and other kinetic parameters. Addi-
tionally, some measurements focusing on small-scale molec-
ular interactions can be made, with the goal of refining the
model. However, global inference of network structure and
fine-scale relationships between all the players in a genetic
regulatory network is still an unrealistic undertaking with ex-
isting genome-wide measurements produced by microarrays
and other high-throughput technologies.

Thus, if we take the pragmatic viewpoint that models are
intended to predict certain behavior, be it steady-state ex-
pression levels of certain groups of genes or simply the func-
tional relationships between a group of genes, we must then
develop them with the awareness of the types of data that
are available. For example, it may not be prudent to attempt
inferring dozens of continuous-valued rates of change and
other parameters in differential equations from only a few
discrete-time measurements taken from a population of cells
that may not be synchronized with respect to their gene ac-

tivities (e.g., cell cycle) and with a limited knowledge and
understanding of the sources of variation due to the mea-
surement technology and the underlying biology. What we
should rather strive for is obtaining the simplest model that
is capable of “explaining” the data at some chosen level of
“coarseness” (Ockham’s Razor). That is, we must strike the
right balance between goodness-of-fit and model complex-
ity.

Recently, a new class of models, called probabilistic
Boolean networks (PBNs), has been proposed for modeling
gene regulatory networks [16]. PBNs inherently capture the
dynamics of gene regulation and activity, are probabilistic in
nature, thus being able to absorb some of the uncertainty in-
trinsic to the data, are rule-based, and can be inferred from
gene expression data sets in a straightforward manner. This
class of models constitutes a probabilistic generalization of
the well-known Boolean network model [35]. The PBN can
be constructed so as to involve many simple but good predic-
tors of gene activity. Just as importantly, it can include the sit-
uation where the structure of the model network changes in
accord with the activity of latent variables outside the model,
in effect, thereby resulting in a model composed of a family
of constituent classical Boolean networks [17].

4.2.1. Prediction

The study of gene interaction and the concomitant behav-
ioral changes due to signals external to the genome itself fits
into the classical theories of nonlinear filtering, stochastic
control, and nonlinear dynamical systems. Central to both
analysis and design is prediction. With microarray technol-
ogy, the gene expression measurements compose a random
vector over time. They have a stochastic nature on account of
both inherent biological variability and experimental noise.
Genetic changes over time concern this random vector as a
temporal process. Questions regarding the interrelation be-
tween genes at a given moment of time concern this vector
at that moment. Comparison of two cell lines, say tumori-
genic and nontumorigenic, involves two random processes
and their cross probabilistic characteristics.

The genome is not a closed system. It is affected by intra-
cellular activity, which in turn is affected by external factors.
At a very general level, we might represent the situation by
a pair of vectors, X denoting the gene expression time pro-
cess and Z being a vector of variables external to the genome,
either cellular or otherwise. In any practical situation, these
will only include variables that are observable, measurable,
and of interest. In a laboratory setting, Z might be composed
of several components decided upon by the experimenter.
Ultimately, our concern is with temporal transitions of X ,
affected by both the current states of X and Z. The most crit-
ical problem is the prediction of X at a future time from a
current observation of X and knowledge of Z.

A predictor must be designed from data, which ipso facto
means that it is an approximation of the predictor whose
action one would actually like to model. The precision of
the approximation depends on the design procedure and the
sample size. Even for a relatively small number of predictor
genes, good design can require a very large sample; however,
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one typically has a small number of microarrays. There is
also the computational problem inherent in the vast num-
ber of possible combinations of genes that can be involved in
prediction. The problems of classifier design apply essentially
unchanged when inferring predictors from sample data. To
be effectively addressed, they need to be approached within
the context of constraining biological knowledge, since prior
knowledge significantly reduces the data requirement.

Even in the context of limited data, there are modest ap-
proaches that can be taken. One general statistical approach
is to discover associations between the expression patterns of
genes via the coefficient of determination [36, 37, 38]. This
coefficient measures the degree to which the transcriptional
levels of an observed gene set can be used to improve the pre-
diction of the transcriptional state of a target gene relative to
the best possible prediction in the absence of observations.
The method allows incorporation of knowledge of other con-
ditions relevant to the prediction, such as the application of
particular stimuli or the presence of inactivating gene mu-
tations, as predictive elements affecting the expression level
of a given gene. Using the coefficient of determination, one
can find sets of genes related multivariately to a given tar-
get gene. No causality is inferred. It may be that the target is
controlled by a function of the predictive genes, or they pre-
dict well the behavior of the target because it is a switch for
them. The relationship may involve intermediate genes in a
complex pathway.

Another approach for finding groups of genes or factors
that are likely to determine the activity of some target gene
is the minimal description length (MDL) principle, which
has been applied in the context of gene expression predic-
tion [39]. This approach essentially seeks flexible classes of
models with good predictive properties and considers the
complexity of the models as a penalizing factor. With the
fundamental goal being to improve the predictive accuracy
or generalizability of the model [40], the MDL principle at-
tempts to select the model that achieves the shortest code
length describing both the data and the model. A related ap-
proach, called normalized maximum likelihood (NLM), has
also been recently used for gene-expression-based prediction
and classification [41].

4.2.2. Intervention

One reason for studying regulatory models is to develop in-
tervention strategies to help guide the time evolution of the
network towards more desirable states. Three distinct ap-
proaches to the intervention problem have been considered
in the context of probabilistic Boolean networks by exploit-
ing their Markovian nature. First, one can toggle the expres-
sion status of a particular gene from ON to OFF or vice versa
to facilitate transition to some other desirable state or set of
states. Specifically, by using the concept of the mean first pas-
sage time, it has been demonstrated how the particular gene,
whose transcription status is to be momentarily altered to
initiate the state transition, can be chosen to “minimize” in
a probabilistic sense the time required to achieve the desired
state transitions [42]. A second approach has aimed at chang-
ing the steady-state (long-run) behavior of the network by

minimally altering its rule-based structure [43]. A third ap-
proach has focused on applying ideas from control theory
to develop an intervention strategy, using dynamic program-
ming, in the general context of Markovian genetic regulatory
networks whose state transition probabilities depend on an
external (control) variable [44].

5. CONCLUDING REMARKS

Computational genomics has been greatly influenced by data
mining, partly due to the availability of large data sets and
databases. Although data mining, as a discipline, is quite
broad and lies at the intersection of statistics, machine learn-
ing, pattern recognition, and artificial intelligence, there are
a number of challenging and important problems in com-
putational genomics that can benefit from the application of
engineering principles and methodologies, the latter being
characterized by systems-level modeling and simulation.

Modern signal processing, though encompassing many
of the same subject areas, has had a different history and
background. As such, the applications around which the field
has developed have been of a substantially different nature
than those in data mining. While data mining problems are
often centered around visualization and exploratory analysis
of large high-dimensional data sets, finding patterns in data,
and discovering good feature sets for classification, some
common tasks in signal processing include removal of inter-
ference from signals, transforming signals into more suitable
representations for various purposes, and analyzing and ex-
tracting some characteristics from signals.

Of importance in signal processing is the optimal design
of operators under various criteria and constraints. That is,
given a “true” signal and its noise-corrupted version, the goal
is to find an optimal estimator, from some class of estimators
(constraint), such that when it is applied to the noisy signal,
some error (criterion) between its output and the true signal
is minimized. Alternatively, if a representative signal is not
available for training, armed with only the knowledge of the
noise characteristics and a class of operators, the goal is to
select an optimal estimator under a different criterion, such
as minimizing the variance of the noise at its output.

Though these approaches have much in common with
machine learning and statistical estimation theory, the nature
of the constraints and criteria, and consequently the ensu-
ing theory and algorithms, are guided by application-specific
needs, such as detail and edge preservation, robustness to
outliers, and other statistical and structural constraints. At
the same time, much of the theory behind signal processing,
in particular nonlinear digital filters, is tightly intertwined
with dynamical systems theory, involving constructs such as
finite and cellular automata.

It is clear that signal processing theory, tools, and meth-
ods can make a fundamental contribution to gene-expres-
sion-based classification and network modeling. Needless to
say, traditional signal processing approaches, such as trans-
form theory, can play an important role in other genomic
applications, such as DNA or protein sequence analysis [45,
46, 47]. It is our belief that researchers with a background in
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signal processing have the potential to make significant con-
tributions and bring their unique perspectives to this exciting
and important field.
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