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Overview

In this chapter, we review the sequence based measures indicative of protein-coding func-
tion in genomic DNA. As the genome projects are entering the large scale sequencing
phase, computer programs are becoming essential to identify protein coding genes in
large uncharacterized genomic sequences—typically of tens of thousands, or even hun-
dreds of thousands of nucleotides— with efficiency and reliability. At the core all gene
identification programs there exist one or more coding measures. Most such programs
rely on additional information—mainly, potential sequence signals involved in gene spec-
ification, and sequence similarity database searches—, and use very complex frameworks
for its integration. Still, a good knowledge of the core coding statistics is important to
understand how gene identification programs work, and to interpret their predictions.
Here we will review a few of the most important coding measures, and we will illustrate
through examples the details involved in their computation.

1 Introduction

A coding statistic can be defined as a function that computes given a DNA sequence a
real number related to the likelihood that the sequence is coding for a protein. Since
the early eighties, a great number of coding statistics have been published in the liter-
ature. Most such coding statistics measure either codon usage bias, base compositional
bias between codon positions, or periodicity in base occurrence (or a mixture of all
them). Exhaustive reviews can be found elsewhere (see, for instance, Gelfand (1995)
and the references therein). Here we follow loosely the critical review by Fickett and
Tung (1992). Our classification of coding measures is, however, slightly different. The
main distinction here is between measures dependent of a model of coding DNA, and
measures independent of such a model. The model of coding DNA is always probabilis-
tic, allowing to compute the probability of a DNA sequence, given that the sequence
is coding. Although in the practice, the values (scores) of a given coding statistic in a
query sequence can be computed in a number of different ways, here for the model-based
coding statistics we will compute scores based on such a probability. Indeed, given a
query sequence, we will compute the probability of the sequence under the model of
coding DNA, and under an alternative model or non-coding DNA (which, here, for illus-
tration purposes will be simply random DNA). We will take the logarithm of the ratio
of these two probabilities—the log-likelihood ratio—as the score of the coding statistic
in the query sequence.

Model dependent coding statistics are likely to capture more of the specific features
of coding DNA—more of them as more complex the model is (i.e. dependent on more
parameters)—. Therefore, model dependent coding statistics may be more powerful in
discriminating coding from non-coding DNA. Model dependent coding statistics, how-
ever, require of a representative sample of coding DNA from the species under consider-
ation where to estimate the model’s parameters (probabilities). The more complex the
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model is, more sensible to sample bias and size. Model independent coding statistics,
on the other hand, capture only the “universal” features of coding DNA; since they do
not require of a sample of coding DNA| they can be used even in absence of previously
known coding regions from the species under consideration.

To illustrate the coding statistics reviewed here, we will use a few test sequences.
As a genomic test sequence, we use a 2000 bp DNA sequence from the human genome
coding for the [-globin gene. The sequence has been extracted from the GenBank
entry HUMHBB (EMBL entry HSHBB), from positions 62,001 to 64,000. The human
(-globin gene has three coding exons in positions 187-278, 409-631, and 1482-1610,
relative to the 2000 bp test sequence. In addition, we have extracted two subsequences
from this test sequence. The complete sequence of the second coding exon of the -
globin gene, which is 223 bp long, and a 223 bp long sequence from the middle of the
second intron (from positions 800 to 1022 of the test sequence). These two sequences
will serve as exonic and intronic test sequences. We have also extracted from GenBank
rel. 93 (February 1996), a set of 450 human genes following the protocol described
in Burset and Guigd (1996) (see also Guigé (1997b)). From this set, exons longer than
100bp and introns longer than 100 bp and shorter than 2500 bp were kept. This resulted
in 1753 introns and 1761 exons. The distribution of the scores of the different coding
statistics analyzed here will be plotted in these two sets of sequences. Results obtained
in the exonic, intronic and genomic test sequences are only for illustration purposes,
and differences in the performance of different coding statistics can not be inferred from
them. Readers interested in a rigorous comparative benchmarking should refer to Fickett
and Tung (1992).

We will try to avoid complex mathematical formulas to describe the algorithms, but
we will indicate how to calculate them, so that interested readers can hopefully reproduce
the computations. Although, we will thus keep mathematical formalisms to a minimum,
it will be useful to maintain a consistent notation through the chapter. Thus,

S =25,8,---5

will denote a DNA sequence of length [, while S; (i = 1---1) will denote the individual
nucleotides. For instance if
S = AGGACGGGATCA

then
Sle, SQZG, Sl:G, and [ =12

A DNA sequence can be partitioned in a sequence of consecutive non-overlapping
codons in three different ways depending on the nucleotide in the sequence on which the
grouping of nucleotides into codons starts (that is, the sequence can be read in three
different frames). If C' is a sequence of codons

020102"'Cm
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C; will denote the codon occupying position j in the sequence. If S is a nucleotide
sequence, we will use C% (or simply C*, i = 1,2,3) to denote the sequence of codons
that results when the grouping of nucleotides from S into codons starts at nucleotide .
We willl use C’;: to denote the codon occupying position ¢ in the decomposition j of the
sequence. For instance, if S is the sequence above, then

Cl =AGG Cy=ACG C3=GGA C} =TCA
C? =GGA (2 =CGG C? = GAT
C} =GAC (3 =GGG Cj = ATC

On the other hand, if ¢ is a codon, we will use ¢[k] to denote the nucleotide occupying
position k£ in the codon. For instance, in the example above

Cill]=4 C?%[38]=6G C}[2]=A
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2 Measures dependent on a Model of Coding DNA

All the measures dependent on a probabilistic model of coding DNA can be computed
in a uniform way through the computation of the probability of the sequence given the
model. That is, given a probabilistic model of what coding DNA is—the codon usage
table, for instance—, we can compute the probability of a sequence of nucleotides S,
assuming the sequence is coding in a given frame. We will use

P'(S)

to denote the probability of the sequence of nucleotides S, given that S is coding in
frame i (i = 1,2,3). On the other hand, we can compute the probability of S given a
model of non-coding DNA. We will use

By (S)

to denote such a probability. P*(S)/P,(S) is a likelihood ratio: the ratio of the probabil-
ity of finding the sequence of nucleotides S, if S is coding in frame 7 over the probability
of finding the sequence of nucleotides S, if S is non-coding. To measure the coding
potential of sequence S in frame i given the model of coding DNA, we will compute the
natural logarithm of this ratio—the log-likelihood ratio,

P(S)
Py(S)

LP'(S) =log

If LP(S) > 0, then the probability of the sequence of nucleotides S is higher assuming
that S is coding in frame 7, than assuming that S is non-coding in frame ¢, while if
LP'(S) < 0, then the probability of S is higher assuming that S does not code in
frame ¢ than assuming that S is coding in frame i. Given a sequence problem S, we
compute the log-likelihood ratios for S in the three frames. If the sequence is coding,
the log-likelihood ratio will larger for one of the frames than for the other two.

Through the chapter, we will assume non-coding DNA to be simply random DNA
with nucleotide equiprobability and independence between positions. It could be argued
that a model inferred from actual non-coding regions of the species under consideration
should be used, instead. However, non-coding DNA is usually underrepresented in
public databases, and it may exhibit a high degree of heterogeneity along the genome.
Therefore, we believe that, at least for illustration purposes, the random assumption
does not introduce a significant distortion.

2.1 Measures based on oligonucleotide counts

Unequal usage of codons in the coding regions appears to be a universal feature of the
genomes across the phylogenetic spectra. This bias obeys mainly to (i) the uneven us-
age of the amino acids in the existing proteins and (ii) the uneven usage of synonymous
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codons (Grantham et al., 1980). The bias in the usage of the synonymous codons corre-
lates with the abundance of the corresponding tRNAs (Ikemura, 1985). The correlation
is particularly strong for highly expressed genes. Codon usage is specific of the taxo-
nomic group, and there exist correlation between taxonomic divergence and similarity
of codon usage (Ikemura, 1985).

2.1.1 Codon Usage.

By comparing the frequency of codons in a region of an species genome read in a given
frame with the typical frequency of codons in the species genes, it is possible to estimate
a likelihood of the region coding for a protein in such a frame. Regions in which codons
are used with frequencies similar to the typical species codon frequencies are likely to
code for genes. This idea was first introduced by Staden and McLahlan (1982). In
the practice, the likelihood can be computed in a number of different ways. Here we
compute it as a log-likelihood ratio. Let F'(c) be the frequency (probability) of codon
c in the genes of the species under consideration (in other words, F' is the codon usage
table, see Table 1). Then, given a sequence of codons C' = C;C} - - - C,,, and assuming
independence between adjacent codons

P(C) = F(C)F(Cy)---F(Cm)

is the probability of finding the sequence of codons C knowing that C' codes for a
protein. For instance, if S is the sequence S=AGGACG, when read in frame 1, it results
in the sequence C] = AGG, C; = ACG. Then

P'(S) = P(C") = F(AGG)F(ACG)
Substituting the appropriate values from Table 1, we obtain
PY(S) = P(C") = 0.022 x 0.038 = 0.000836
On the other hand, let Fy(c) be the frequency of codon ¢ in a non-coding sequence.
Py(S) = R(C) = Fo(C1)Fo(C2) - -+ Fo(Crm)

is the probability of finding the sequence S if C' is non-coding. Assuming the random
model of coding DNA, Fy(c) = 1/64 = 0.0156 for all codons, and P, for the above
sequence of codons C' would be

Py(C) =0.0156 x 0.0156 = 0.000244
The log-likelihood ratio for S coding in frame 1, LP!, is

LP'(S) = log(0.000836,/0.000244) = log(3.43) = 0.53
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The log-likelihood ratios for S coding in frames 2, and 3 (LP? and LP?) are computed
in a similar way. Table 4 shows the values of the log-likelihood ratios computed on our
test exon and intron sequences, using the values of F' from Table 1. As it can be seen,
in this case the log-likelihood ratio LP is indeed greater than zero in the coding frame
of the exon sequence, while is smaller than zero in the non-coding frames of the exon
sequence and in all frames of the intron sequence.

The distribution of the scores of the Codon Usage log-likelihood ratios in the larger
sets of intron and exon sequences are shown in Figure 2. Because the sequences in these
sets are of very different lengths, the scores are divided by the sequence length in order
to derive these distributions. As it is possible to see, although the distributions are
clearly distinct, there is substantial overlap between the Codon Usage scores in the sets
of intron and exon sequences. As we will see, this is a general situation for all coding
statistics.

In the practice, the problem is not usually to determine the likelihood that a given
sequence is coding or not, but to locate the (usually small) coding regions within large
genomic sequences. The typical procedure is to compute the value of a coding statistic
in successive (usually overlapping) windows (an sliding window), and record the value
of the statistic for each of the windows. This generates a profile along the sequence in
which peaks may point to the coding regions and valleys to the non-coding ones. In
Figure 1, we plot the result of sliding a window of length 120 bp, the distance between
consecutive windows being 10 bp, computing LP in the three different frames, and
plotting the highest value obtained. In this case, the resulting profile reproduces fairly
well the exonic structure of the human (-globin gene.

As we have pointed out, codon usage bias is a mixture of both: bias in the usage
of amino acids, and bias in the usage of synonymous codons. Methods can be used to
measure these effects separately

2.1.2 Amino Acid Usage.

McCaldon and Argos (1988) compute the probabilities of occurrence of different oligopep-
tides in existing proteins. By translating a sequence of codons to a sequence of amino
acids, the probability of the resulting sequence of oligopeptides assuming the region to
be coding can be computed. Here, following Fickett and Tung (1992), we compute a
measure of amino acid bias based on the observed frequencies of single amino acids in
the existing proteins. The measure is identical to the log-likelihood ratio introduced
to measure codon usage bias, but the probability of each codon is now the observed
probability of the amino acid encoded by the codon. That is, F4(c) is the observed
probability of the amino acid encoded by codon ¢ in the existing proteins; This value
can be directly derived from a codon usage table by summing up the probabilities of
synonymous codons; that is, given a codon ¢

Fa(e) =3  F(c)

c'=c
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The Human Codon Usage Table

Gly GGG | 17.08 0.23 Arg AGG | 12.09 0.22 Trp TGG | 14.74 1.00 Arg CGG | 10.40
Gly GGA | 19.31 0.26 Arg AGA | 11.73 0.21 End TGA 2.64 0.61 Arg CGA 5.63
Gly GGT | 13.66 0.18 Ser AGT | 10.18 0.14 Cys TGT 9.99 0.42 Arg CGT 5.16
Gly GGC | 2494 0.33 Ser AGC | 18.54 0.25 Cys TGC | 13.86 0.58 Arg CGC | 10.82

Glu GAG | 38.82 0.59 Lys AAG | 33.79 0.60 End TAG 0.73  0.17 Gln CAG | 32.95
Glu GAA | 27,51 0.41 Lys AAA | 2232 0.40 End TAA 0.95 0.22 Gln CAA | 11.94
Asp GAT | 2145 0.44 Asn AAT | 16.43 0.44 Tyr TAT 11.80 0.42 His CAT 9.56
Asp GAC | 27.06 0.56 Asn  AAC | 21.30 0.56 Tyr TAC 16.48 0.58 His CAC | 14.00

Val GTG | 28.60 0.48 Met ATG | 21.86 1.00 Lew TTG | 11.43 0.12 Leu CTG | 39.93
Val GTA 6.09 0.10 Ile ATA 6.05 0.14 Leu TTA 5.55 0.06 Leu CTA 6.42
Val GTT | 10.30 0.17 Ile ATT 15.03 0.35 Phe TTT | 15.36 0.43 Leu CTT | 11.24
Val GTC 15.01 0.25 Ile ATC 22.47  0.52 Phe TTC | 20.72 0.57 Leu CTC 19.14

Ala GCG 7.27 0.10 Thr ACG 6.80 0.12 Ser TCG 4.38 0.06 Pro CCG 7.02
Ala  GCA | 15.50 0.22 Thr ACA | 15.04 0.27 Ser TCA | 10.96 0.15 Pro CCA | 17.11
Ala  GCT | 20.23 0.28 Thr ACT | 13.24 0.23 Ser TCT | 13.51 0.18 Pro CCT | 18.03
Ala  GCC | 2843 0.40 Thr ACC | 21.52 0.38 Ser TCC | 17.37 0.23 Pro CCC | 20.51

0.19
0.10
0.09
0.19

0.73
0.27
0.41
0.59

0.43
0.07
0.12
0.20

0.11
0.27
0.29
0.33

Table 1: The human codon usage and codon preference table as published in
http://bioinformatics.weizmann.ac.il/databases/codon. For each codon, the ta-
ble displays the frequency of usage of each codon (per thousand) in human coding regions
(first column) and the relative frequency of each codon among synonymous codons (sec-
ond column).

where, ¢/ = ¢ means ¢’ synonymous to ¢. Then,
P}(S) = Pa(C*) = Fa(C})Fa(C3) - - - Fa(Cy,)

is the probability of finding the sequence of amino acids resulting of translating the
sequence S in frame 7 given that S is coding in frame i. As a model of non-coding
DNA, we assume the probability of each amino acid to be proportional to the number
of synonymous codons coding for the amino acid, that is Fap(c) = n./64, where n, is
the number of codons synonymous to ¢, and we can compute P4o(S). Then, from P(S)
and Pao(S), we compute the Amino Acid Usage log-likelihood ratio as usual. Results
obtained using this measure in our test sequences are shown in Table 4, and Figures 1
and 2

2.1.3 Codon Preference.

Gribskov et al. (1984) introduce a coding statistic to measure uneven usage of synony-
mous codons solely. Indeed, from a codon usage table, we can compute the relative
probability of each synonymous codon to code for a given amino acid. For instance,
from Table 1, we can see that codons GAG and GAA—the two codons coding for Glutamic
Acid—are used in coding regions with probabilities 0.03882 and 0.02751 respectively,
which results in a relative probability of 0.59 and 0.41, respectively. Let Fgr(c) be the
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relative probability in coding regions of codon ¢ among codons synonymous to ¢,

Fr(C) = O

;F@
Then
Pj(S) = Pr(C") = Fr(C})Fr(C3) - - - Fr(C},)

is the probability of the sequence S given the particular sequence of amino acids coded
by S in frame i (that is, in Pg the effects of unequal usage of amino acids have been
eliminated.) We will assume that in non-coding DNA| there is no preference between
synonymous codons to code for a given amino acid. Therefore the probability of codon
¢ in non-coding DNA is Fre = 1/n.. From P%(S) and Pgo(S) we compute the Codon
Preference log-likelihood ratio as usual. Results obtained using this measure in our test
sequences are shown in Table 4, and Figures 1 and 2.

As it can be seen from Table 4 and Figure 1, although amino acid usage and codon
preference carry a lot of information about coding function, neither of these measures
appears to be as discriminant as codon usage. In fact, it is easy to see that, as we
have introduced them, codon usage is the composition of amino acid usage and codon
preference. Indeed, from the definitions above, it follows directly that for a given codon:

F(c) = Fa(c)Fg(c)
FO(C) = FA()(C)FRO(C)

which results in i ) )
P'(S) = P4(S)Px(C)
Py(S) = P4o(C)Pro(C)

for a sequence S in frame ¢, which in turn leads to
LP'(S) = LP}(S) + LP,(S)

which states that Codon Usage bias is the sum of Amino Acid usage bias and Codon
Preference.

2.1.4 Hexamer Usage.

Bias in the distribution of oligonucleotides other than codons (tri-nucleotides) can also
be used to discriminate between coding and non-coding regions. Bias in the usage of
hexamers may be the most discriminant one (probably because of dependence between
adjacent amino acids in the proteins). Claverie et al. (1990) were the first to use hex-
amer frequencies to locate coding regions. Bias in hexamer usage can be computed
exactly as bias in codon usage. An hexamer usage table, F'(h;) (i = 1,---,4096) from
the species under consideration is computed “a priori”. Then, the probability of a se-
quence of hexanucleotides, H = H;, H, ..., H,,, in the coding frame of a coding sequence
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nucleotide | codon position
1 2 3
A 0.27 0.31 0.18
C 0.24 0.24 0.31
G 0.32 0.20 0.29
T 0.17 0.26 0.22

Table 2: Frequency of the four different nucleotides at the three different codon positions
in human coding regions. Derived from Table 1

is P(H) = F(H,)F(H,)---F(Hy). If P, is the background probability distribution, the
log-likelihood ratio LP can be computed as before. Now, a test sequence can be decom-
posed in six different sequences of hexamers, instead of three, and, thus, six log-likelihood
rations can be computed (LP? ¢ = 1---6). Table 4 shows the values of these ratios in
our test intron and exon sequences, Figure 2 shows the distributions of the standardized
scores (by the sequence length) in the larger sets of intron and exon sequences, and
Figure 1 shows the results of sliding a window, and plotting the maximum of the six
values at each position.

2.2 Measures based on base compositional bias between codon
positions

From the codon usage table (Table 1), we can derive the probability of each base at
each codon position in coding regions (Table 2). As it is possible to see, there are clear
differences in the frequency with which the different bases appear at the different codon
positions; for instance, G is almost twice as frequent as T in the first codon position, while
T is more frequent than G in the second codon position. Similarly, C is almost twice as
frequent as A in the third codon position, but A is more frequent than C in the second
codon position. Sheperd (1981) already noted that the most frequent codons were of
the form RNY (R = A or G, Y = C or T, N any nucleotide). He suggested a method to test
for the existence and frame of a coding region by measuring the number of differences
between the sequence and the pattern RNYRNRY---RNY. A number of other measures
have been latter proposed to exploit the asymmetry in the base composition between
codon positions in order to locate potential coding regions in genomic DNA.

Before discussing some of these measures, we would like to point out that asymmetry
in the base composition between codon positions arises, not only because of uneven usage
of amino acids and synonymous codons, but also because of the particular structure of
the genetic code. Indeed, uneven usage of amino acids and uneven usage of synonymous
codons are not enough to produce asymmetry in base composition, as the following
example illustrates:
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ExXAMPLE. CODON PREFERENCE AND AMINO ACID USAGE BIAS DO NOT NECESSAR-
ILY RESULT IN CODON ASYMMETRY IN BASE COMPOSITION

Let's assume a three letter “DNA” and “amino acid” codes:
DNA={A,B,C} and AA={P,Q,R}

Let's assume “codons” to be di-nucleotides, and let’s assume strong bias in “amino acid”
usage, and in “codon” preference, as expressed in the following “genetic code” table:

P 07 P AA 06| Q BB 06|R AB 05
Q 0.2 P BC 02]|Q AC 02]|Q BA 05
R 0.1 P CB 02|Q CA 02]|stop CC

amino acid usage bias codon preference bias

This results in a very biased “codon” usage table, but not in “codon” asymmetry in base

composition

codon position
AA 042 | AB 0.05 | AC 0.04 1 2
BA 0.05| BB 0.12 | BC 0.14 A | 051 0.51
CA 004 | CB 0.14 ]| CC B | 031 0.31
“Codon” usage C 0.18 0-18

base composition at “codon”
positions

Because of the structure of the genetic code, synonymous codons almost always
share the first two nucleotides (the exception being obviously the amino acids coded
by six codons, Arginine, Serine, and Leucine). This implies that the first two positions
in the codons will be more abundant in those nucleotides common to the synonymous
codons corresponding to the most abundant amino acids. On the other hand, differences
between synonymous codons are mostly confined to the third codon position. At this
position, C and G are usually preferred, as genes (at least, in higher eukariotes) tend to
occur in G+C rich regions (references...)

2.2.1 Codon Prototype.

The distribution of base frequencies at codon positions (Table 2) can be assumed to
describe statistically a prototypical codon. Then, given a sequence problem S, we can
measure how similar to the prototypical distribution is the observed distribution of base
frequencies at the three codon positions in S. Closer the distributions, more likely for S
to be coding. As usual, there are a number of ways in which such a “proximity” can be
measured (Fickett and Tung, 1992; Mural et al., 1991). Here we will compute the usual
log-likelihood ratio.
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Let f(b,7) be the probability of nucleotide b at codon position r, as estimated from
known coding regions (Table 2). Then, if ¢ is a codon

F(e) = f(c[1],1) f(c[2],2) f(c[3],3)

is the probability of codon ¢ in coding regions, assuming independence between adjacent
nucleotides. On the other hand, we will assume Fy(c) = 1/64 the probability of for all
triplets ¢ in non-coding DNA. From F and Fp, P and P, can be computed exactly as
done before in deriving the codon usage log-likelihood ratio. For instance, if the sequence
S is AGGACG, the probability of S, if S is coding in frame 1, can be computed as

Pl(s) = F(AGG)F(ACG) = f(A’ 1)f(G7 2)f(Ga 3)f(A7 l)f(C’ 2)f(G7 3)
From Table 2, we obtain

P'(S) = 0.27 x 0.20 x 0.29 x 0.27 x 0.24 x 0.29 = 0.0002943
F(AGG) = 0.01566 F(ACG) = 0.01879

P?(S) and P3(S) are computed in a similar way. From P*, and Py, the Codon Preference
log-likelihood ratio is derived as usual. Results obtained using this measure are shown
in Table 4, and Figures 1 and 2.

2.3 Measures based on dependence between nucleotide posi-
tions

Both Codon Prototype and Codon Usage are based on a model of coding DNA described
by the probabilities of the codons. The models, however, are very different. In Codon
Usage, the model is described by the explicit probability of each codon. In Codon
Prototype, the model is simply described by the probability of occurrence of each base
at each position in a codon. Codon Prototype and Codon Usage would be equivalent
if codon positions were independent. This is not clearly the case: frequencies of codons
derived from Table 2 assuming independence between codon positions are substantially
different than the observed codon frequencies (Table 1). Measures based on the frequency
of usage of oligonucleotides, such as Codon Usage, implicitly capture such dependences
between nucleotide positions within codons in coding regions. Dependencies between

nucleotide positions in coding regions, however, can be explicitly described by means of
Markov Models.

2.3.1 Markov Models

Borodovsky and McIninch (1993) first introduced the usage of Markov Models to locate
potential coding regions in DNA sequences. For illustration purposes, it may be helpful
to introduce Markov Models from Codon Prototype. As we have seen, in Codon Pro-
totype, the probability of a nucleotide to appear in a given codon position is constant,



DRAFT. Do not copy or circulate. R. Guigo 13

independent of the nucleotides in nearby positions. For instance, if S is the sequence
above (S = AGGACG), the probability of G at codon position 3 (S3 and Sg) is constant,
0.29, whether the nucleotide preceding G is G (as in S3) or C (as in Ss). In the Markov
Models, however, the probability of a nucleotide at a particular codon position depends
(is conditionated) on the nucleotide(s) preceding it.

In the simplest of the Markov Models, the Markov Models of order 1, the probability
of a nucleotide depends only on the preceding nucleotide. In this case, the model of
coding DNA is based on the probabilities of the four nucleotides at each codon position,
depending on the nucleotide occurring at the preceding codon position (technically called
the transition probabilities). Thus, instead of one single matrix, as in Codon Prototype,
three 4 x 4 matrices (the transition matrices) are required, F', F? and F?, each one
corresponding to a different codon position. Coefficient i, from matrix F", F"(i,j),
corresponds to the probability of nucleotide i in codon position r + 1 (position 1, if
r = 3), given that nucleotide j is at codon position 7. We have estimated these matrices
from the sample of 1761 human exons. The conditional probability of nucleotides ¢ in
codon position r + 1, given nucleotide j in codon position r, is estimated by the number
of times that di-nucleotide j,7 appears at codon position r over the total number of
times that nucleotide j appears at codon position r. These matrices are shown in Table
3. Indeed, we can see from them that the probability of G at codon position 3, given
that C is at codon position 2, is 0.27, but the probability of G at codon position 3 given
that G is at codon position 2 is 0.37.

The probability of S above, given that S is coding in frame 1, can be computed now
as

PY(S) = f(A, 1)F'(G,A)F?(G,G)F?(4,G)F'(C,A)F*(G,C)

Obviously, the probability of the first nucleotide in the sequence is not described by the
transition matrices, because it is not preceded by any nucleotide. As the probability
of the first nucleotide in the sequence (the initial probability) we can assume simply
the probability of such nucleotide depending on its codon position, that is, the value in
the Codon Prototype Table (Table 2). Then, substituting the appropriate values from
Tables 3 and 2 in the above equation, we obtain the probability of S coding in frame 1:

PY(S) =0.27 x 0.19 x 0.27 x 0.24 x 0.21 x 0.41 = 0.0002862

Similarly, the probability of the sequence of nucleotides S, given that S codes in
frame 2 is

P%(S) = f(A2) F?(G,A) F3G,G) F'(A,G) F?*(C,A) F3(G,C)

I | I | | | |
0.0006744 = 031 040 037 035 028 015

P3(S) can be computed in exactly the same way. If Fy is the matrix of conditional
probabilities of the different nucleotides given the preceding ones, we can compute the
usual log-likelihood ratio. Assuming a random model of non-coding DNA| the probability
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codon position 1 codon position 2 codon position 3
~ A C G T - A C G T - A C G T
g A[36 27 35 .18 2 A|16 19 15 07 2 A2 33 24 13
g; Cl.21 23 24 27 5; Cl.28 44 41 .33 5; Cl.21 20 27 21
g G|.19 .14 23 23 g G|.40 .12 .27 .45 5 G|.44 .15 .37 .53
T T |24 35 19 31 T T|16 25 17 .16 T oT|13 2 12 13

Table 3: Probabilities of the four nucleotides at the different codon positions conditioned
to the nucleotide in the preceding codon position. Estimated from our set of human exon
and intron sequences.

of a nucleotide i does not depend on the preceding nucleotide j, then Fy(i,5) = 0.25
for each pairs of nucleotides ¢, j, Results obtained in the test sequences with the log-
likelihood ratios corresponding to a Markov Model of order 1 are shown in Table 4, and
Figures 1 and 2.

In Markov Models of order 2, the probability of a given nucleotide at a given codon
position depends on the di-nucleotide preceding it. The transition matrices have now 4
raws and 16 columns (one for each possible di-nucleotide). F?(4,GC), for instance, would
be the probability of A following the di-nucleotide GC at codon position 2 (that is, A would
be at codon position 1). In general, the order of the Markov Model indicates the number
of preceding nucleotides on which the probability of a given nucleotide depends. In a
Markov Model of order k, thus, the coefficients F (4, j) correspond to the probability of
oligonucleotide j, 7 of length £+ 1 at codon position r, given oligonucleotide ¢ of length &
at codon position r. These probabilities are estimated by the frequency of oligonucleotide
j,t of length k£ 4+ 1 at codon position r over the frequency of oligonucleotide j of length
k at position r. Borodovsky and McIninch (1993) investigate Markov Models of order
up to k£ = 5. Results obtained in the test sequences with Markov Models of order 2 and
5 are shown in Table 4, and Figures 1 and 2.

Markov Models of higher order may capture more of the intrinsic features of coding
DNA, but on the other hand they also depend on more parameters. Since Markov Mod-
els of order 2 are based on counts of tri-nucleotides they are, somehow, similar to Codon
Usage. However, while Codon Usage reflects only dependences between contiguous nu-
cleotides within codons, a Markov Model of order 2 also reflects nucleotide dependences
between nucleotides in contiguous codons. Consequently, it also depends on more pa-
rameters: while Codon Usage depends on 64 probabilities, a Markov Model of order 2
depends on four 4 x 16 matrices (corresponding to the three transition matrices and the
initial probabilities matrix), that is, it depends on 256 estimated probabilities. A simi-
lar reasoning can be applied to the relationships between Hexamer Usage and Markov
Models of order 5.
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Figure 1: Values of the model based Coding Statistics along the 2000 bp human (3-globin
gene sequence, computed on an sliding window of length 120 and step 10.
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Figure 2: Distribution of the scores of the model based Coding Statistics in the set of
1761 human exons and 1753 human intron sequences. To plot them, the values of the
Coding Statistics are divided by the length of the sequence.
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3 Measures independent of a Model of Coding DNA

All the methods reviewed so far rely on a probabilistic model of what coding DNA is,
under which the coding likelihood of DNA sequences is computed. To estimate the
probabilities describing the coding model (of codons, amino acids, synonymous codons,
hexamers, nucleotides at codon positions, ...) an non-biased sample of coding DNA is
ideally required. However, for most species such a sample does not exist. Indeed for most
eukariotic organisms (other than Sacharomices cerevisiae and maybe Caenorhabditis
elegans) only an small fraction of the genes are known, and the set of known genes tend
to be biased towards the highly expressed ones—which are likely to exhibit characteristic
sequence features as, for instance, strong codon preference bias—. The situation is even
worst in the case of the prokariotic genomes. Recent technological progress has made
shotgun sequencing of whole prokariotic genomes (up to a few megabases) feasible. It is
usually the case, thus, that no sequences of genes are known before the whole genome
a prokariotic organism is sequenced. Coding measures not depending of an “a priori”
model of coding DNA would, therefore, be very useful. A number of such measures
have been proposed. In general, the underlying assumption is that coding DNA is
less “random” or “homogeneous” than non coding DNA with respect to some feature
related to codigness—codon usage, base composition—. Deviation from randomness or
inhomogeneity can be measured independently of a reference model, and the resulting
score correlated with coding function. Since there is no reference model, these scores do
not have a direct probabilistic meaning, although their distribution can be empirically
studied in known sets of coding and non-coding sequences.

Obviously, deviation from randomness or inhomogeneity may in the practice mean
a number of different things. Fichant and Gautier (1987), for instance, measure, using
Correspondence Analysis, the degree of homogeneity in codon usage between the three
frames of the sequence problem. The assumption is that if the sequence is coding, codon
usage will be markedly different in the coding frame than in the two other frames—
and therefore it will exist inhomogeneity in codon usage between frames—, while if the
sequence is not coding, codon usage will be the essentially the same in the three frames—
and codon usage will be homogeneous between frames. While Fichant and Gautier (1987)
measure is based on the usage of codons, Fickett and Tung (1982) and Staden (1984)
propose measures independent of a reference model, based on the asymmetry in the base
composition between codon positions. We discuss one such measure next.

3.1 Measures based on base compositional bias between codon
positions

3.1.1 Position Asymmetry.

The goal here is to measure how asymmetric is the distribution of nucleotides at the
three triplet positions in the sequence problem. Both, Fickett and Tung (1982) and
Staden (1984) calculate the asymmetry independently for each nucleotide (although us-
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ing different formulas), and then combine the values into a single score. Staden (1984)
simply sums the four values. Fickett and Tung (1982), in the widely used TESTCODE
program, considers in addition the frequencies of the four nucleotides. Each of the asym-
metries and frequencies is used to make an estimate of coding likelihood—which makes
this measure dependent of a sample set of known coding and non-coding sequences—,
and the separate estimates are all combined using a linear weighted sum. Here we also
compute the asymmetry independently for each nucleotide, simply as the variance of
the frequency of the nucleotide at the three codon positions as suggested in Fickett and
Tung (1992), and sum the four values obtained into a single score. Let fg(b,r) be the
(relative) frequency of nucleotide b at codon position r in the sequence problem S, as
calculated from one of the three decompositions of S in codons (any of them). Let

3

fs(b) = (fs(b,r))/3

r=1

be the average frequency of nucleotide b at the three codon positions, and let’s define
the asymmetry in the distribution of nucleotide b, as the variance of this frequency

3

asym(b) = 3 (fs(b, ) — fs(b))"

i=1

Note that the value of asym(b) is independent of the frame in S in which the codons
are defined. Therefore, only one value of asymmetry needs to be computed along the
sequence problem (and not one for each frame, as we have been doing so far). Then we
compute the Position Asymmetry of the sequence, PA(S) as

PA(S) = asym(A) + asym(C) + asym(G) + asym(T)

Table 4, and Figures 5 and 6 show the results obtained when PA is computed in our test
sequences.

3.2 Measures based on periodic correlations between nucleotide
positions

Given a DNA sequence, we can compute how many times nucleotide i is followed by
nucleotide j at a distance of k nucleotides, N;;(k). For instance, if the sequence

S = AGGACGGGATCA

then Nga(1) =2, Nar(0) = 1, Ngg(0) = 3, Nga(7) = 2, and so on. Figure 3 shows the
absolute frequency of the pair A---A with k& nucleotides between the two A’s occurring
in the 200 first base pairs of the sequences in our test sets of human exons and introns.
As it is possible to see, a clear periodic pattern arises from the set of exon sequences.
The nucleotide A is more likely to be found at distance £ = 2,5,8, - from another
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Figure 3: Periodic structure in DNA sequences. The absolute frequency of the pair
A---A with k (from 0 to 5) nucleotides between the two A’s in the 200 first base pairs of
the sequences in the set of 1761 human exons and 1753 human introns. A clear period-3
pattern appears in coding regions, which is absent in non-coding regions. Due to the
finite size of the sequences (200 bp) the periodic pattern vanishes at longer distances k.
A similar periodic pattern appears in coding regions for the other fifteen possible pairs
of nucleotides.

A than at other distances. Note that nucleotide pairs at a distance of k = 2,5,8,---
nucleotides, are at the same codon position, whereas nucleotide pairs at other distances,
are not. Such a periodic pattern reflects correlations between nucleotide positions along
coding sequences (that is, the probability of finding a nucleotide at a given position in
a coding sequences is not independent of the nucleotide occurring at some other—even
distant—position). The correlations arise, in turn, because of the asymmetry in base
composition at the three codon positions in coding sequences (Gutiérrez et al., 1994).
The periodic pattern, which is characteristic of the 16 pairs of nucleotides, and not only
of the pair A---A, is absent in the intronic sequences.

A number of coding statistics have been devised based in measuring the periodic
structure (or the correlation structure) of DNA sequences. We discuss three such mea-
sures next. Konopka (1994) in the Position Asymmetry Index, compares the probability
of pairs of the same nucleotide to appear at a distance k = 2,5,8,---... (that is, at
the same codon position) in the query sequence with the probability of these pairs to
appear at other distances (different codon positions), Herzel and Grofie (1995) in the
Average Mutual Information, compare the correlations of all pairs of nucleotides at the
same codon positions with the correlations at different codon positions. Finally, Tiwari
et al. (1997) use the relative peak at the frequency 1/3 in the Fourier spectrum of the
sequence.
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3.2.1 Periodic Asymmetry Index

Given a sequence .S, Konopka (1994) considers three distinct probabilities, the probabil-
ity P, of finding pairs of the same nucleotide at distances k = 2,5, 8, - - -, the probability
Pl . of finding pairs of the same nucleotide at distances k = 0, 3,6, - - -, and the probabil-
ity P2, of finding pairs of the same nucleotide at distances k = 1,4, 7, - - -. Because of the
3-base periodic pattern, in coding regions P;n will be larger than the other two proba-
bilities, while in non-coding regions the three probabilities will be similar. The tendency
to cluster homogeneous di-nucleotides in a 3-base periodic pattern can be measured by
the Periodic Asymmetry Index
max(P;,, P}

t p2 t)
PAI(S) = Tamn
( ) min(Pm, Polutvpzzmt)

which can be taken as an indicative of the coding potential of the sequence S; In fact,
Konopka (1994) computes the Periodic Asymmetry Index in an slightly different way, he
computes the tendency to cluster di-nucleotides in a 2-base periodic pattern (suggested
to be characteristic of intronic sequences) and computes the Periodic Asymmetry Index
as the ratio of the two tendencies (2-base over 3-base periodicity).

Table 4, and Figures 5 and 6 show the results obtained when PAI is computed in our
test sequences.

3.2.2 Average Mutual Information

Given a sequence S, let P;;(k) be the probability in the sequence of the pair of nu-
cleotides 7 and j at a distance of k nucleotides. These probabilities can be estimated
by the absolute frequencies N; ;(k) above (see Li (1997) for considerations regarding the
estimation of these probabilities). The correlation between nucleotide ¢ and nucleotide
J at a distance of & nucleotides can be calculated (Li, 1997) as:

pij(k) = Pij(k) — pip;

where p; and p; are the probabilities of nucleotides 7 and j in S. Thus, for each distance &,
sixteen different individual correlations can be calculated. A measure that summarizes
all individual correlations at a given distance k is the Mutual Information function

(Shannon, 1948):
R-(k))

bip;

= Y Pyk)log (
i,je{A,C,G,T}

I(k) quantifies the amount of information that can be obtained from one nucleotide about

another nucleotide at a distance k. Figure 4 shows the Mutual Information Function

computed on the first 200 bp of the sequences in the set of human exons and introns.

The 3-base periodic pattern in coding sequences becomes obvious. I(k) has larger values

for k = 2,5,8,---. The pattern is absent in non-coding sequences.
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Figure 4: The Mutual Information function computed for distances from £ = 0 to k = 50

in the 200 first bp from the sequences in set of 1761 human exons and in the set of 1753
human introns.

In coding DNA, thus, I(k) oscillates between two values, while in non-coding DNA,
I(k) is rather flat. Herzel and Grofie (1995) use this fact to construct a coding statistic.
They call the two values between which I(k) oscillates in coding DNA| the in-frame mu-
tual information [;, at distances k = 2,5, 8, - - -, and the out-of-frame mutual information
I at kK = 4,5,7,8,---. They show that I;, and I,,; can be computed directly from
the probabilities fs(b, r) of the nucleotide b to appear at codon position r, as estimated

from S. In order to reduce the pair of numbers I;,, and I, to a single quantity, they
compute the Average Mutual Information as (Grofe et al., 1998)

I; 21
AMI: mn +3 out

Table 4, and Figures 5 and 6 show the results obtained when AMI is computed in
our test sequences.

Correlation structures in DNA sequences—such as those measured in AMI— may
reveal biologically relevant large scale heterogeneity in genomic sequences, other than

coding. For a review of correlation structures in DNA sequences, and their biological
implication see (Li, 1997).

3.2.3 Fourier Spectrum

Periodic correlations in DNA sequences can also be examined by means of Fourier Anal-

ysis. The partial spectrum of a DNA sequence S of length [ corresponding to nucleotide
b is defined as (Li et al., 1994; Silverman and Linsker, 1986):

Sb(f) = % (Z Ub(Sj)e27rifj)
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where Up(S;) = 1if S; = b, and it is 0 otherwise, and f is the discrete frequency, f = k/I,
with £k = 1,2,---,1/2. The total Fourier Spectrum of the DNA sequence is the sum of

the four partial Spectra:
S(H= > S(f)

be{A,C,G,T}

DNA coding regions reveal the characteristic periodicity of 3 as a distinct peak at fre-
quency f = 1/3. No such “peak” is apparent for non-coding sequences (Tsonis et al.,
1991), (Tiwari et al., 1997). We have computed the Fourier Spectrum at f = 1/3
(S(1/3)) in our test sequences. Results appear in Table 4, and Figures 5 and 6. As it is
possible to see from Figure 5, the Fourier Spectrum profile in the human g globin gene
sequences is identical (save scale) to the Position Asymmetry profile. This indicates that
there is a one to one correspondence between Fourier Spectrum and Position Asymme-
try, and that one measure can be directly derived from the other. In fact, this can be
shown analytically (Ivo Grofle, personal comunication). The relation between the two
measures depends on the length of the sequence, as the dissimilar distributions of the
Position Asymmetry and Fourier Spectrum scores indicates in the set of 1761 human
exons and 1753 human introns, which have variable length.

Actually, in order to obtain a cleaner signal, Tiwari et al. (1997) build the ratio of
the Fourier Spectrum at f = 1/3 over the average of the total spectrum of the sequence,

(S), which can be computed from the frequencies of the nucleotides along the sequence.

exon sequence intron sequence
coding frame | non coding frames | frame 1 frame 2 frame 3
Codon Usage 24.06 | -16.13 -3.16 | -14.36  -23.74  -19.67
Hexamer Usage 27.62 | -11.64 -6.51 | -20.90 -27.56  -22.07
39.98 | -14.58 -8.46 | -26.73  -27.81  -25.87
Codon Preference 15.97 | -1.32 7.24 -7.96  -12.70  -14.93
Amino Acid Usage 8.17 | -14.87 -10.17 -6.15  -10.69 -4.57
Codon Prototype 9.87 | -11.23 -10.30 -11.45 -17.44 -14.49
Markov Model order 1 29.92 | -2.69 -3.31 -35.44 -42.40 -41.73
order 2 34.73 | -18.26 -777 | -29.61  -41.76  -40.05
order 5 72.69 | -21.38 13.56 | -37.63 -30.99 -36.40
Position Asymmetry 0.0957 0.0211
Periodic Asymmetry Index 1.159 1.009
Average Mutual Information 0.00681 0.000344
Fourier Spectrum 2.278 0.892

Table 4: Values of different coding statistics in the 223 bp long second coding exon of
the human [-globin gene, and in a 223 bp long sequence from the middle of the second
intron of the same gene
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Figure 5: Values of the model independent Coding Statistics along the 2000 bp human
(B-globin gene sequence, computed on an sliding window of length 120 and step 10.
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Figure 6: Distribution of the scores of the model independent Coding Statistics in the
set of 1761 human exons and 1753 human intron sequences. To plot them, the values of

the Coding Statistics are divided by the length of the sequence.
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Program Authors WWW address

GENEMODELER Fields and Soderlund, 1990

GENEID Gulg(’) et al., 1992 wwwl.imim.es/geneid.html
geneid@darwin.bu.edu

SORFIND Hutchinson and Hayden, 1992

GENEPARSER Snyder and Stormo, 1993 beagle.colorado.edu/ eesnyder/GeneParser.html

GENEMARK Borodovski and McIninch, 1993 intron.biology.gatech.edu/"genmark
genmark@ford.gatech.edu

GENVIEW Milanesi et al., 1993 www.itba.mi.cnr.it/webgene

GREAT Gelfand and Roytberg, 1993

GRAIL II / GAP

Xu et al., 1994

avalon.epm.ornl.gov/gallery.html

grail@ornl.gov

FGENEH Solovyev et al., 1994 dot.imgen.bcm.tmc.edu:9331/gene-finder/gf .html
service@bchs.uh.edu

GENELANG DOIlg and Searls, 1994 cbil.humgen.upenn.edu/"sdong/genlang_home.html
genlang@cbil.humgen.upenn.edu

XPOUND Thomas and Skolnick, 1994

GENIE Kulp et al., 1996 www-hgc.1bl.gov/inf/genie.html

PROCRUSTES Gelfand et al., 1996 www-hto.usc.edu/software/procrustes/

MZEF Zhang, 1997 www.cshl.org/genefinder

GENSCAN Burge and Karlin, 1997 gnomic.stanford.edu/GENSCANW. html

MORGAN Salzberg et al., 1997 www.cs.jhu.edu/labs/compbio/morgan.html

VEIL Henderson et al., 1997 www.cs.jhu.edu/labs/compbio/veil.html

Table 5: List of Gene Identification programs, and Internet access. e-mail server address
is provided when different from the WWW address.

4 Coding Statistics in Gene Identification Programs

A number of gene identification programs for prediction of gene structure in large ge-
nomic regions are currently available. Table 5 shows a list of available programs and
Internet sites to access them. See Fickett (1996), Guigd (1997a) and Claverie (1997) for
recent reviews, Burset and Guigé (1996) for a comparative benchmark, and the WWW
document maintained by Wential Li at 1inkage.rockefeller/edu/wli/gene/list .html
for an up-to-date list of references. At the core of all such programs, there exists one
or more coding statistics related to the measures reviewed here. Indeed, currently more
powerful programs are entirely built on Hidden Markov Models (GenScan (Burge and
Karlin, 1997), Genie (Kulp et al., 1996), Veil (Henderson et al., 1997)), which can be
seen as a generalization of the Markov Models discussed here.

A general strategy among gene identification programs is to integrate the output of
a number of coding statistics. Thus, to name just a few examples, the popular Grail
program (Uberbacher and Mural, 1991) uses a neural network to integrate a number
of coding statistics, mostly related to Hexamer Usage and Position Asymmetry in base
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composition. Solovyev et al. (1994) in the Fgeneh program use linear discriminant
analysis, while Dong and Searls (1994) in GenLang use linguistic methods. Although
increased accuracy in the gene predictions is obtained in this way, because coding statis-
tics are all essentially measuring codon usage bias in one way or another, their output
is strongly correlated (Fickett and Tung, 1992). Indeed, Table 6 shows the correlation
between the scores of the coding statistics reviewed here in the set of human exon and
intron sequences. As it can be seen, the coding statistics are strongly correlated. The
only two statistics truly uncorrelated are Codon Preference and Amino Acid Usage in
exonic sequences, as otherwise expected. It appears, thus, that some combination of
just two statistics, one measuring correlation between positions within a codon, and the
other measuring dependence between codons along the query sequence could produce
the most discriminant output.

CU HU CPre AAU CPro MM-1 MM-2 MM-5 PA PAI AMI FOU
Codon Usage 0.908 0.769 0.492  0.803 0.876 0.909 0.772 | 0.590 0.558 0.529  0.562
Hexamer Usage 0.925 0.822 0.287  0.802 0.912 0.928 0.869 | 0.585 0.544 0.510 0.559
Codon Preference 0.927  0.932 -0.069 0.637 0.833 0.838 0.723 | 0.456 0.415 0.421 0.438
Amino Acid Usage 0.738 0.626  0.537 0.351 0.238 0.262 0.199 | 0.392 0.391 0.355 0.383
Codon Prototype 0.822 0.820 0.782 0.623 0.810 0.799 0.673 | 0.708 0.659 0.611 0.662
Markov Model, k=1 0.943 0.941 0.952 0.604 0.875 0.969 0.801 | 0.543 0.502 0.465 0.512
Markov Model, k=2 0.974 0.944 0.952 0.665 0.853 0.976 0.831 | 0.535 0.494 0.459 0.507
Markov Model, k=5 0.919 0.932 0.913 0.621  0.816 0.928 0.950 0.465 0.428 0.400 0.435
Position Assymetry 0.326  0.381  0.318 0.355  0.392 0.321 0.320 0.344 0.953 0.937 0.979
Periodic Assymetry Index 0.299 0.363 0.283 0.369  0.266 0.256 0.276 0.292 | 0.531 0.924 0.912
Average Mutual Information | 0.225 0.267 0.216 0.247 0.314 0.217 0.228 0.251 | 0.873  0.469 0.911
Fourier Spectrum 0.381 0.455 0.373 0.432 0.414 0.363 0.370 0.401 | 0.914 0.713 0.726

Table 6: Correlation between the different coding statistics in our set of exonic (upper
triangle of the table) and intronic (lower triangle) sequences. The scores of the model
dependent coding statistics and of the Fourier Spectrum have been divided by the length
of the sequence to compute the correlations.
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