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ABSTRACT

At present the genomes of many organisms have been se-
quenced, meaning that the nucleotide structure is known but
the location of genes, and most importantly, the coding re-
gions, are unknown. Locating the coding regions is vital as
they code for the proteins which control the functioning of
the organism, such as its resistance to disease. \We propose a
new algorithm to score genomic sequences. The algorithm
is based on discriminant analysis and can be incorporated
into existing programs to analyse DNA sequences.

1. INTRODUCTION

Deoxyribonucleic acid (DNA) is composed of four nucleotides

containing the bases Adenine (&), Cytosine (C), Thymine
(T) and Guanine (G) connected in sequence. Thus, DNA
molecules can be seen as a string created with the alphabet
{A,T,C,G}. A DNA sequence can be described as genes
containing coding regions separated by non-coding regions.
Coding regions within genes, called exons, code for the pro-
teins which determine the organism’s structure and func-
tioning. Introns are non-coding regions within a gene which
separate exons.

Location of genes, specifically exons, within the DNA
sequence is an important first step in analysing the genome
of an organism. Computational methods for predicting gene
locations have been investigated for over 20 years. In that
time, many and various techniques have been proposed to
detect genes. The biggest challenge in this context is to
find small coding regions. Aside from standard molecu-
lar methods, algorithms have been developed such as GEN-
SCAN [1], GeneMarks [2], MZEF [3] and many others [4].
The core units of those algorithms are scoring, i.e., finding
the likely start and end of coding regions and scoring the
coding region itself. To score a region many approaches [5]
have been proposed but most are based on statistical char-
acteristics like hexamer counts or periodicities in the oc-
currence of a base [6]. Other approaches include entropy

measures [7] and, currently, Markov models [8] are being
heavily investigated.

A disadvantage of most of these methods is the large
training sequence needed to distinguish between coding and
non-coding regions. This is especially important for the
widely used 5th order Markov models which need to esti-
mate 12288 parameters from training data. A recently pub-
lished algorithm [9] called the Z-curve claims to give better
results than the 5th order Markov model with less than 200
parameters to estimate from training data.

Our proposed method follows the Z-curve in that it is
based on the frequency of occurrence of a nucleotide in each
of the three possible positions of a codon, but instead of
using a linear discrimination function we use a quadratic
one.

2. MEASUREMENT VECTORS

2.1. Proposed approach

As 3 bases are required to define an amino acid, coding re-
gions are often represented as a consecutive sequence of 3
bases called codons. The proposed method is based on the
frequency of occurrences of base j € {A,T,C,G} in codon
position ¢ € {1,2,3}. In coding regions it has been ob-
served that there is a strong bias in the probability with
which a base occurs in a specific codon position away from
what would be expected if bases occurred totally at random,
i.e., with equal probability in each codon position [10]. In
non-coding regions there appears to be no bias in the occur-
rence of a base, i.e., bases occur totally at random or with
equal probability in each codon position. The bias can be
explained by a preference for certain codons brought about
by the redundancy of the genetic code, i.e., the 64 possible
codons are translated into only 20 amino acids, meaning that
several codons represent a specific amino acid. Although
these codons usually only differ in the last base or two, out
of the set of codons representing a specific amino acid, some
are preferred.



To score a genomic region of window length L using
mono-nucleotides (a single base), where L is a multiple of
3, a contingency table is constructed where N . is the fre-

Codon position ¢
Base | c=1|c=2|c=3
Nyi | Nap | Na3
C Nei | Nea | Negs
T Nr1 | Nra | Nr3
G Nei | Ne2 | Negs

quency of occurrences of base j in codon position ¢. Due to
the nature of the DNA sequence it is always true that

Z Nl,c

le{a,Cc,T,G}
1#j

Nje=N—

where N = % Utilising this redundancy, it is possible to
discard one of the bases without losing information. Col-
lecting the non-redundant frequencies of occurrence into a
feature vector X,,, (where m stands for mono-nucleotide)
gives

X, = [Na1 Nei Nry Nao Neo Npa Nus Nes Nps)©
= <Nj,c>’ .7 € {Aach}a cec {1a273}

where ()T is the transpose operator.

To extend this concept it is possible to use di-nucleotides
(pairs of bases) instead of mono-nucleotides. Proceeding in
the same manner as for mono-nucleotides we build a con-
tingency table of dimension 16x3 with entries N, ., j, @ €
{A,C, T,G}. Ny, . is defined as the frequency of occurrences
of the following pair: base j in codon position ¢ followed by
base i in position c+ 1. If ¢ = 3, ¢+ 1 becomesc = 1, i.e.,
the first codon position of the next codon. Again, a feature
vector X (where d stands for di-nucleotide) of dimension
64x1 can be created from the elements of the contingency
table,

X4 = <Nji70>a j,i € {A,C,T, G}’ (S {1a273}

Removing the redundancies in X results in a feature vector
with 42 linearly independent parameters. For di-nucleotides
we removed the parameters Ny 1, Ngg,3, Nej1 With j €
{C,T,G} and Nca 2.

A further extension can be made by using the frequen-
cies of occurrence of tri-nucleotides (triplets of bases), ;i c,
J.i,k € {A,C,T,G}, starting at codon position c. Similarly
to the case of mono-nucleotides and di-nucleotides a feature
vector X; (where ¢ stands for tri-nucleotide) can be defined
as

Xt - <Njik.,c>7 jaivk S {Avchv G}v cE {1a273}

which has 192 elements from the contingency table of di-
mension 64x3. Again, removing redundancies results in
a feature vector with 174 linearly independent parameters.
We removed the counts Ny 1, Naaa,2 and N 3 With ¢, j €
{A,C,T,G}.

It can be shown that X is composed of linear combina-
tions of the elements of X,,, and X .

2.2. Z-curve

Instead of directly using the frequencies of occurrence the
Z-curve uses a linear combination of them to define a three
dimensional point with the coordinates

ze = (Nae+ Nee) — (Nee + Nre)
Ye = (NA,C + NC,C) - (NG,C + NT,(:)
Ze = (NA,C + NT,c) - (Nc,c + Nc)c)

for the case of mono-nucleotides with ¢ € {1,2,3}. The
feature vector X ; ,,, of the Z-curve is then defined as

T
Xzm = [T131 21 T2 Y2 22 T3 Y3 23]

= <xc Ye Zc> .

Using di-nucleotides for each base j and codon position
¢, a three dimensional point with coordinates

zje = (Njne+ Njoe) = (Njce + Njre)
Yje = (Njae+ Njce) = (Nje,e + Njr,c)
zje = (Njae+ Njre) = (Njo,e + Nic,e)

je{ACT, G} ce{1,23}

is constructed. The 36 element feature vector for phase-
specific di-nucleotides [9] is
XZ,d = <xj,c yj,c Zj.,c>7 j S {Avcha G}v cec {1>273}

Using phase-specific tri-nucleotides for the Z-curve the
definition is quite similar with coordinates

Tjic (Njine + Njig,e) — (Njic,e + Njit,e)
Yjie = Ve + Njice) — (Njig,e + Njir,c)
zjie = (Njine+ Njire) = (Njig,e + Njic,c)

where 4,5 € {A,C,T,G} and ¢ € {1,2,3}. The feature
vector follows directly as

Xzt = (Tji,e Yji,c Zjire) -

In [9] a biological interpretation for the Z-curve was given
to motivate its use.



3. SCORING FUNCTIONS

In [9] a linear transformation of the measurement vector X 5
T(Xz)=VTX,.

was used to score a part of DNA as either coding or non-
coding. To construct X  either X z ,,, was used alone, X 7 ,,
and Xz ; were merged, or a combination of Xz ,,,, Xz 4
and Xz, were taken. As Xy ,, has 9 elements, X ; has
36 elements and X 7 ; has 144 elements, Xz has 189 ele-
ments.

In quadratic discriminant analysis (QDA) a second order
test statistic 7'(X;)

T(X;) =XIQX; + VTX,

with [ € {m,d, t} is used.
Fisher’s criterion [11] states that the optimal values of
@ and V' maximise

o (ETX)K] ~ E[T(X)|H))?
& OV Var[T(X)[K] + Var[T(X)|H]

where H denotes the null hypothesis of non-coding regions
and K denotes the alternative hypothesis of coding regions.

Note that since the feature vector for the Z-curve is a
linear transformation of the frequencies of occurrence of
nucleotides in the codon positions, the approaches of Sec-
tions 2.1 and 2.2 are exactly equivalent when used in linear
or quadratic discrimination.

Because the QDA is only optimal for Gaussian distri-
butions, another approach is to model the probability den-
sity function of coding and non-coding regions separately
by a finite Gaussian mixture. By using a mixture of Gaus-
sian curves a non-Gaussian distribution can be better ap-
proximated. For estimation of the parameters the Expec-
tation-Maximisation (EM) Algorithm [13] was been used.
To score the DNA region the log-likelihood (i.e. as used in
a likelihood ratio test)

log J(X|K)
F(X|H)

was used.
4, RESULTS

The comparison we present is based on yeast (Saccharo-
myces cerevisiae) chromosome XVI with Genbank acces-
sion number NC_001148 [12]. For non-coding regions we
took all bases between genes. For coding regions we took
all which are read in the forward direction and were longer
than the set window size.

The arbitrarily chosen sequence length was L = 60 and
the analysis was performed on non-overlapping segments.

As training data the yeast chromosome I-VI1I with Genbank
accession numbers NC_001133-NC_001139 was used. To
compare the methods we show the obtained operating char-
acteristic (OC) curve, which gives the probability of a true
positive (TP), (detection rate) versus the probability of a
false positive (FP) (false alarm rate). In the simulations,
the threshold was determined to obtain a preset false alarm
rate in non-coding DNA regions. The upper left point is the
optimum with zero false alarm rate and 100% detection rate.

Figure 1 shows the OC of mono-nucleotides using QDA,
Z-curve and Gaussian mixtures where N denotes the num-
ber of components. The QDA is superior compared to the Z-
curve. Further improvements through using Gaussian mix-
tures could not be made. This is because f(X;|K) and
f(X;|H) can be well approximated by a Gaussian distribu-
tion. For illustration Figure 2 shows the sample distribution
for mono-nucleotides as bars together with a Gaussian dis-
tribution which has the same mean and variance. As it can
be seen the central-limit-theorem (CLT) holds and the feat-
ure vector can be approximated by a multivariate Gaussian
distribution. This suggests that the second order informa-
tion contained in the covariance structure has discrimina-
tive ability, otherwise the linear and quadratic test statistics
would produce the same result. Note that this is consistent
with [10] where a kind of variance measure is used to dis-
criminate between coding and non-coding regions. Further
improvements using Gaussian mixtures could not be made.

In the case of using di-nucleotides Figure 4 shows that
QDA still outperforms the Z-curve measure. The increas-
ing number of parameters results in two drawbacks for the
Gaussian mixture such that it basically fails completely for
di- and tri-nucleotides and those results are omitted. First
the measurement vector space increases resulting in a more
difficult search problem for the EM algorithm and second,
because the window length stays the same, the number of
counts drops such that the CLT is not fulfilled and the dis-
tribution of the data is better approximated by a multivariate
binomial or Poisson distribution as shown in Figure 3.

This is even more visible in the case of tri-nucleotides
where the distribution is shown in Figure 5 and the OC in
Figure 6. Because of the computational burden using QDA
a subset feature selection algorithm [11] was used to reduce
the dimension of the feature vector. In Figure 6 a subset of
70 parameters out of 174 were used in QDA extracted by a
forward selection tree algorithm.

5. CONCLUSION

We proposed a new method for scoring DNA sequences to
discriminate between coding and non-coding regions based
on position asymmetry. As scoring functions we used a
second order test statistic and the log-likelihood ratio with
distributions under the null and the alternative modeled as



Gaussian mixtures. The QDA is superior compared to the
Z-curve. In future work we will try to model the distribu-
tions for coding and non-coding sequences by multivariate
Poisson distributions.
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Fig. 3. Histograms for di-nucleotides with window length
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Fig. 1. OC for window length L = 60 using mono-

nucleotides.
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Fig. 2. Histograms for mono-nucleotides with window
length L = 60. The upper two figures show the histograms
of Ny ; and N¢; in coding regions together with a Gaussian
distribution having the same mean and variance. The lower
figures show the same for non-coding regions.
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