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Abstract: The concept of spectral envelope for analyzing periodicities in
categorical-valued time series was introduced in the statistics literature as a
computationally simple and general statistical methodology for the harmonic
analysis and scaling of non-numeric sequences. One benefit of this technique
is that it combines nonparametric statistical analysis with modern computer
power to quickly search for diagnostic patterns within long sequences. An
interesting area of application is the nucleosome positioning signals and
optimal alphabets in long DNA sequences. The examples focus on period
lengths in nucleosome signals and optimal alphabets in herpesviruses and
we point out some inconsistencies in established gene segments.

Keywords: Spectral Analysis, Optimal Scaling, Nucleosome Positioning Sig-
nals, Herpesviruses, DNA Sequences.

1 Introduction

Rapid accumulation of genomic sequences has increased demand for methods
to decipher the genetic information gathered in data banks such as GenBank.
While many methods have been developed for a thorough micro-analysis of
short sequences, there is a shortage of powerful procedures for the macro-
analyses of long DNA sequences. Combining statistical analysis with modern



computer power makes it feasible to search, at high speeds, for diagnostic
patterns within long sequences. This combination provides an automated
approach to evaluating similarities and differences among patterns in long
sequences and aids in the discovery of the biochemical information hidden
in these organic molecules.

Briefly, a DNA strand can be viewed as a long string of linked nu-
cleotides. Each nucleotide is composed of a nitrogenous base, a five car-
bon sugar, and a phosphate group. There are four different bases that can
be grouped by size, the pyrimidines, thymine (T) and cytosine (C), and
the purines, adenine (A) and guanine (G). The nucleotides are linked to-
gether by a backbone of alternating sugar and phosphate groups with the
5' carbon of one sugar linked to the 3’ carbon of the next, giving the string
direction. DNA molecules occur naturally as a double helix composed of
polynucleotide strands with the bases facing inwards. The two strands are
complementary, so it is sufficient to represent a DNA molecule by a sequence
of bases on a single strand. Thus, a strand of DNA can be represented as a
sequence of letters, termed base pairs (bp), from the finite alphabet {A, C,
G, T}. The order of the nucleotides contains the genetic information spe-
cific to the organism. Expression of information stored in these molecules
is a complex multistage process. One important task is to translate the
information stored in the protein-coding sequences (CDS) of the DNA. A
common problem in analyzing long DNA sequence data is in identifying
CDS that are dispersed throughout the sequence and separated by regions
of noncoding (which makes up most of the DNA). For example, the entire
DNA sequence of a small organism such as the Epstein-Barr virus (EBV)
consists of approximately 172,000 bp. Table 1 shows part of the EBV DNA
sequence.

The idea of rotational signals for nucleosome positioning is based on the
fact that the nucleosomal DNA is tightly wrapped around its protein core.
The bending of the wound DNA requires compression of the grooves that
face toward the core and a corresponding widening of the grooves facing the
outside. Because, depending on the nucleotide sequence, DNA bends more
easily in one plane than another, Trifonov and Sussman (1980) proposed
that the association between the DNA sequence and its preferred bending
direction might facilitate the necessary folding around the core particle. This
sequence dependent bendability motivated the theoretical and experimental



Table 1: Part of the Epstein-Barr Virus DNA Sequence (read across and down)
AGAATTCGTC TTGCTCTATT CACCCTTACT TTTCTTCTTG CCCGTTCTCT TTCTTAGTAT
GAATCCAGTA TGCCTGCCTG TAATTGTTGC GCCCTACCTC TTTTGGCTGG  CGGCTATTGC
CGCCTCGTGT TTCACGGCCT CAGTTAGTAC CGTTGTGACC GCCACCGGCT TGGCCCTCTC
ACTTCTACTC TTGGCAGCAG TGGCCAGCTC ATATGCCGCT GCACAAAGGA  AACTGCTGAC
ACCGGTGACA  GTGCTTACTG CGGTTGTCAC TTGTGAGTAC ACACGCACCA TTTACAATGC
ATGATGTTCG TGAGATTGAT CTGTCTCTAA CAGTTCACTT CCTCTGCTTT TCTCCTCAGT
CTTTGCAATT TGCCTAACAT GGAGGATTGA GGACCCACCT TTTAATTCTC TTCTGTTTGC
ATTGCTGGCC GCAGCTGGCG  GACTACAAGG CATTTACGGT TAGTGTGCCT CTGTTATGAA

search for rotational signals. These signals were expected to exhibit some
kind of periodicity in the sequence, reflecting the structural periodicity of
the wound nucleosomal DNA.

While model calculations as well as experimental data strongly agree
that some kind of periodic signal exists, they largely disagree about the
exact type of periodicity. A number of questions remain unresolved: Do
the periodicities in rotational signals occur predominantly in di- or in trin-
ucleotides, or even in higher order dinucleotides? Ioshikhes et al (1992) re-
ported evidence for dinucleotide signals, while the analysis of Satchwell et al
(1986) resulted in a trinucleotide pattern that was supported by data from
Muyldermans and Travers (1994). Some questions are: Which nucleotide
alphabets are involved in rotational signals? Satchwell et al (1986) used a
strong, S = (G, C), versus weak, W = (A, T) hydrogen bonding alphabet
to propose one signal, while Zhurkin (1985) suggested the purine-pyrimidine
alphabet with another pattern, and Trifonov and coworkers propose a differ-
ent motif. What is the exact period length? The helical repeat of free DNA
is about 10.5 bp, the periodicities of rotational signals tend to be slightly
shorter than 10.5 in general, for example: 10.1 bp in Shrader and Crothers
(1990), 10.2 bp in Satchwell (1986), 10.3 bp in Bina (1994), and 10.4 bp
in JToshikhes et al (1992). Consistent with all these data is the proposition
by Shrader and Crothers (1992) that nucleosomal DNA is over wound by
about 0.3 bp per turn. Are there other periodicities besides the approzimate
10 bp period? Uberbacher et al (1988) observed several additional periodic
patterns of lengths 6 to 7, 10, and 21 bp. Bina (1994) reports a TT-period
of 6.4 bp.

Of course one could extend this list of controversial questions about
the properties and characteristics of positioning signals. Depending on the



choice among these divergent observations and claims, different sequence-
directed algorithms for nucleosomic mapping have been developed, for exam-
ple, by Mengeritsky and Trifonov (1983), Zhurkin (1983), Drew and Calla-
dine (1987), Uberbacher et al (1988), and Pina et al (1990). An attempt to
analyze existing data by the spectral envelope (Stoffer et al, 1993a) could
result in a more unified picture about the major periodic signals that con-
tribute to nucleosome positioning. This, in turn, might lead to a new reliable
and efficient way to predict nucleosome locations in long DNA sequences by
computer.

In addition to positioning, the spectral envelope could prove to be a
useful tool in examining codon usage. Regional fluctuations in G+C con-
tent not only influence silent sites but seem to create a general tendency in
high G+C regions toward G+C rich codons (G+C pressure), see Benardi
and Bernardi (1985) and Sueoka (1988). Schachtel et al (1991) compared
two closely related a-herpesviruses and showed that for pairs of homologues
genes, G+C frequencies differed in all three codon positions, reflecting the
large difference in their global G4-C content. In perfect agreement with their
overall compositional bias, the usage for each individual amino acid type was
shifted significantly toward codons of preferred G4+C content. Several au-
thors reported codon context related biases (see Buckingham 1990, for a
review). Blaisdell (1983) observed that codon sites three were chosen to
be unlike neighboring bases to the left and to the right with respect to the
strong-weak (S-W) alphabet. While the various studies on codon usage ex-
hibit many substantial differences, most of them agree on one point, namely
the existence of some kind of periodicity in coding sequences. This widely
accepted observation is supported by the spectral envelope approach which
shows a very strong period-three signal in genes but disappears in noncod-
ing regions. This method may even be helpful in detecting wrongly assigned
gene segments as will be seen. In addition, the spectral envelope provides
not only the optimal period lengths but also most favorable alphabets, for
example {S, W} or {G, H}, where H = (A, C, T). This analysis might help
decide which among the different suggested pattern [such as RNY, GHN,
etc., where R = (A,G), Y = (C, T), and N is anything] are the most valid.

The spectral envelope methodology is computationally fast and simple
because it is based on the fast Fourier transform and is nonparametric (that
is, it is model independent). This makes the methodology ideal for the anal-



ysis of long DNA sequences. Fourier analysis has been used in the analysis
of correlated data (time series) since the turn of the twentieth century. Of
fundamental interest in the use of Fourier techniques is the discovery of
hidden periodicities or regularities in the data. Although Fourier analysis
and related signal processing are well established in the physical sciences
and engineering, they have only recently been applied in molecular biology.
Because a DNA sequence can be regarded as a categorical-valued time series
it is of interest to discover ways in which time series methodologies based on
Fourier (or spectral) analysis can be applied to discover patterns in a long
DNA sequence or similar patterns in two long sequences.

One naive approach for exploring the nature of a DNA sequence is to
assign numerical values (or scales) to the nucleotides and then proceed with
standard time series methods. It is clear, however, that the analysis will
depend on the particular assignment of numerical values. Consider the ar-
tificial sequence ACGT ACGT ACGT... . Then, setting A = G = 0 and
C =T =1, yields the numerical sequence 0101 0101 0101..., or one cycle

every two base pairs (that is, a frequency of oscillation of w = %c‘%;le, or a
period of oscillation of length 1 =2 c;cpl -). Another interesting scaling is A

=1, C =2, G =3, and T = 4, which results in the sequence 1234 1234
1234..., or one cycle every four bp (w = 7). In this example, both scalings
(that is, {A, C, G, T} = {0, 1, 0, 1} and {A, C, G, T} = {1, 2, 3, 4})
of the nucleotides are interesting and bring out different properties of the
sequence. It clear, then, that one does not want to focus on only one scaling.
Instead, the focus should be on finding all possible scalings that bring our
interesting features of the data. Rather than choose values arbitrarily, the
spectral envelope approach selects scales that help emphasize any periodic
feature that exists in a DNA sequence of virtually any length in a quick
and automated fashion. In addition, the technique can determine whether
a sequence is merely a random assignment of letters.

Fourier analysis has been applied successfully in molecular genetics;
McLachlan et al (1976) and Eisenberg et al (1984) studied the periodicity in
proteins with Fourier analysis. They used predefined scales (for example, the
hydrophobicity alphabet) and observed the w = % frequency of amphipatic
helices. Because predetermination of the scaling is somewhat arbitrary and

may not be optimal, Cornette et al (1987) reversed the problem and started
1

with a frequency of wg = 575

and proposed a method to establish an ‘optimal’



scaling at wg = 3%6. In this setting, optimality roughly refers to the fact that
the scaled (numerical) sequence is maximally correlated with the sinusoid
that oscillates at a frequency of wg. Viari et al (1990) generalized this ap-
proach to a systematic calculation of a type of spectral envelope (which they
called A-graphs) and of the corresponding optimal scalings over all funda-
mental frequencies. While the aforementioned authors dealt exclusively with
amino acid sequences, various forms of harmonic analysis have been applied
to DNA by, for example, Tavaré and Giddings (1989), and in connection to
nucleosome positioning by Satchwell et al (1986) and Bina (1994). Recently,
Stoffer et al (1993a) proposed the spectral envelope as a general technique
for analyzing categorical-valued time series in the frequency domain. The
basic technique is similar to the methods established Tavaré and Giddings
(1989) and Viari et al (1990), however, there are some differences. The main
difference is that the spectral envelope methodology is developed in a sta-
tistical setting to allow the investigator to distinguish between significant
results and those results that can be attributed to chance. In particular,
tests of significance and confidence intervals can be calculated using large
sample techniques.

2 The Spectral Envelope

Briefly, spectral analysis has to do with partitioning the variance of a sta-
tionary time series, {Xy, ¢t = 0,%1,+2,...}, into components of oscillation
indexed by frequency w, and measured in cycles per unit of time, for —1/2 <
w < 1/2. Given a numerical-valued time series sample, Xy, ¢t = 1,...,n, that
has been centered by its sample mean, the sample spectral density (or peri-
odogram) is defined in terms of frequency w:

2

n
In(w) = n_1/2ZXtexp(—2m'wt)
t=1
n 2 n 2
= n! ZXtcos(27rwt) +nt Zthin(wat) (1)
t=1 t=1

The periodogram is essentially the squared-correlation of the data with a
sines and cosines that oscillate at frequency w. For example, if X; repre-
sents hourly measurements of a persons body temperature that happens to



oscillate at a rate of one cycle every 24 hours, then I,,(1/24) will be large
because the data will be highly correlated with the cosine and/or sine term
that oscillates at a cycle of w = 1/24, but other values of I,,(w) will be small.

Although not the optimal choice of a definition, the spectral density f(w)
of the time series can be defined as the limit as the sample size n tends to
infinity of E[I,(w)] provided that it exists. It is worthwhile to note that

flw) >0, f(w) = f(—w), and

1/2 1/2 )
/_1/2f<w> dw=2/0 f(w) dw =02, (2)

where 02 = var(X;). Thus, the spectral density can be thought of as the
variance density of a time series relative to frequency of oscillation. That is,
for positive frequencies between 0 and 1/2, the proportion of the variance
that can be attributed to oscillations in the data at frequencies in a neigh-
borhood of w is roughly 2f(w)dw. If the time series X; is white noise, that
is, E(X}) is independent of time ¢, and cov(X,, Xy) = 0 for all s # ¢, then
f(w) = 0?; that is, a uniform distribution. This is interpreted as all frequen-
cies being present at the same power (variance) and hence the name white
noise, from an analogy to white light, indicating that all possible periodic
oscillations are present with equal strength.

If n is a highly composite integer, the fast Fourier transform (FFT)
provides for extremely fast calculation of I,(j/n), for j = 1,2,...,[n/2],
where [n/2] is the greatest integer less than or equal to n/2. If n is not
highly composite, one may remove some observations or pad the series with
zeros (see Shumway and Stoffer, 2000, §3.5). The frequencies w; = j/n are
called the fundamental (or Fourier) frequencies. The sample equivalent of
the integral equation (2) is

[( 1)/2]
2_: I,(j/n) + n'I,(1/2) = &%, (3)

where s? is the sample variance of the data; the last term is dropped if n
is odd. One usually plots the periodogram, I, (w;), versus the fundamental
frequencies w; = j/n, for j = 1,2,...,[n/2], and inspects the graph for
large values. As previously mentioned, large values of the periodogram at
w; indicate that the data are highly correlated with the sinusoid that is
oscillating at a frequency of 5 cycles in n observations.
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Figure 1: Time series generated from Eq (4) [solid line] and the cosine

signal [dashed line].

As a simple example, Figure 1 shows a time plot of 128 observations

generated by
X = cos(2m[wot + P]) + €, t=1,...,128 (4)

where wy = 13/128 is the frequency of oscillation, ¢ = 10/128 is a phase
shift, and e; ~ iid N(0, 1); the cosine signal, cos(2m[wot+¢]), is superimposed
on the data in Figure 1. Figure 2 shows the standardized periodogram,
I,,(w)/s?, of the data shown in Figure 1. Note that there is a large value of
the periodgram at w = 13/128 and small values elsewhere (if there were no
noise in (4) then the periodogram would only be non-zero at w = 13/128).

Because—mno matter how large the sample size—the variance of peri-
odogram is unduly large, the graph of the periodogram can be very choppy.
To overcome this problem, a smoothed estimate of the spectral density is
typically used. One form of an estimate is

Fw) =" heln(wjtq), (5)

g=—m

m

where the weights are chosen so that hy = h_y > 0 and }2*_, hy =
1. A simple average corresponds to the case where hy = 1/(2m + 1) for
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Figure 2: Periodogram of data generated from Eq (4).

g =0,£1,...,+m. The number m is chosen to obtain a desired degree of
smoothness. Larger values of m lead to smoother estimates, but one has to
be careful not to smooth away significant peaks.

An analogous theory applies if one collects k£ numerical-valued time se-
ries, say X1y, ..., Xg¢, for t = 1,...,n. In this case, write X; = (X14,..., Xks)
as the k£ x 1 column vector of data at time ¢. The periodogram is now a
k X k complex matrix

*

I,(w) = |n~1/? ZX,: exp(—27ritw)] [n_l/QZXt exp(—2mitw) (6)
t=1 t=1

where * means to transpose and conjugate. Smoothing the periodogram can

~

be accomplished as in the univariate case, that is, f(w;) = 30~ _p, heln(wjiq)-
The population spectral density matrix, f(w), is again defined as the limit
as n tends to infinity of E[I,(w)]. The spectral matrix f(w) is Hermitian
[f*(w) = f(w)] and non-negative definite. The diagonal elements of f(w),
say fii(w), fori =1,..., k, are the individual spectra and the off-diagonal ele-
ments, say f;j(w), for i # j =1,...,k are related to the pairwise dependence
structure among the k sequences (these are called cross-spectra). Details for
the spectral analysis of univariate or multivariate time series can be found
in Shumway and Stoffer (2000, Chapters 3 and 5).

The spectral envelope is an extension of spectral analysis when the data



are categorical-valued such as DNA sequences. To briefly describe the tech-
nique using the nucleotide alphabet, let X;, ¢ = 1,...,n be a DNA sequence
taking values in {A, C, G, T}. For real numbers 8 = (531, B2, (3, £4)’, not
all equal, denote the scaled (numerical) data by X;(8), where

Xi(B) =p1 if Xy = A; Xi(B) =B if Xy =C;
Xi(B) =pB3 if Xy =G; Xi(B) =ps if Xy =T.

Then, for each frequency, we call B(w) the optimal scaling at frequency w if

o) = max | £ @iB)
Aw) ﬂicl{ o },

where f(w;B) is the spectral density of X;(B8), the scaled data, c is a real
number, 1 is a vector of ones, and 0% = var[X;(B)]. Note that A\(w) can

it satisfies

be thought of as the largest proportion of the power (variance) that can be
obtained at frequency w for any scaling of the DNA sequence X;, and B(w) is
the particular scaling that maximizes the power at frequency w. Thus, A(w)
is called the spectral envelope. The name spectral envelope is appropriate
because A(w) envelopes the spectrum of any scaled process. That is, for
any assignment of numbers to letters, the standardized spectral density of a
scaled sequence is mo bigger than the spectral envelope, with equality only
when the numerical assignment is proportional to the optimal scaling, 8(w).
We say ‘proportional to’ because the optimal scaling vector, B(w), is not
unique. It is, however, unique up to location and scale changes; that is, any
scaling of the form af(w) + b1 yields the same value of the spectral envelope
A(w), where a # 0 and b are real numbers. For example, the numerical
assignments {A, C, G, T} = {0,1,0,1} and {A, C, G, T} = {-1,1,-1,1}
will yield the same normalized spectral density. The value of A(w), however,
does not depend on the particular choice of scales; details can be found in
Stoffer et al (1993a). For ease of computation, we set one element of B(w)
equal to zero (that is, for example, the scale for T is held fixed at T = 0)
and then proceed with the computations.

For example, to find the spectral envelope, A(w), and the corresponding
optimal scaling, B(w), holding the scale for T fixed at zero, form 3 x 1 vectors
Y

Yt = (170’0)1 if Xt = A, Yt = (O, ]_,O)I if Xt = C,
Y, =(0,0,1) if X;=G; Y; = (0,0,0) if X;=T.



Now with 8 = (81, 82, 33)', the scaled sequence, X¢(8), can be obtained from
the Y; vector sequence by the relationship X;(8) = B'Y;. This relationship
implies
B'fyw)B
o {T5t )

where fy-(w) is the 3 x 3 spectral density matrix of the indicator process,
Y., and V is the population variance-covariance matrix of Y;. Because
the imaginary part of fy(w) is skew-symmetric, the following relationship
holds: B fy (w)B = B 3£ (w)B, where fif(w) denotes the real part of fy (w).
It follows that A(w) and B(w) can easily be obtained by solving an eigenvalue
problem with real-valued matrices.

An algorithm for estimating the spectral envelope and the optimal scal-
ings given a particular DNA sequence (using the nucleotide alphabet, {A,
C, G, T}, for the purpose of example) is as follows:

1. Given a DNA sequence of length n, form the 3 x 1 vectors Yy, t =
1,...,n as previously described.

2. Calculate the fast Fourier transform of the data:
n
d(j/n) =n"Y? ZYt exp(—2mitj/n).
t=1
Note that d(j/n) is a 3 X 1 complex-valued vector. Calculate the
periodogram, I(j/n) = d(j/n)d*(j/n), for j = 1,...,[n/2], and retain
only the real part, say I"*(j/n).

3. Smooth the periodogram, that is, calculate

oG/ = 3 b ([ +dl/n),

qg=—m
where hy are symmetric positive weights, and m controls the degree of
smoothness. See Shumway and Stoffer (2000, Ch 3) for example, for
further discussions on periodogram smoothing.

4. Calculate the 3 x 3 variance-covariance matrix of the data,

S=nt i(Yt -Y)(Y,-Y),
t=1

where Y is the sample mean of the data.
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5. For each w; = j/n, determine the largest eigenvalue and the corre-
sponding eigenvector of the matrix 2n~18~/2f" (w;)S ~1/2_ Note that
S1/2 is the unique square root matrix of S, and $~1/2 is the inverse of
that matrix.

6. The sample spectral envelope X(wj) is the eigenvalue obtained in the
previous step. If b(w;) denotes the eigenvector obtained in the previous
step, the optimal sample scaling is B (wj) =S8 -1/ 2b(cuj); this will result
in three values, the fourth being held fixed at zero.

Any standard programming language can be used to do the calculations;
basically, one only has to be able to compute fast Fourier transforms and
eigenvalues and eigenvectors of real symmetric matrices. Note that this
procedure can be done with any finite number of possible categories, and
is not restricted to looking only at nucleotides. Inference for the sample
spectral envelope and the sample optimal scalings are described in detail in
Stoffer et al (1993a). A few of the main results of that paper are as follows.

If X; is an uncorrelated sequence, and if no smoothing is used (that
is, m = 0), then the following large sample approximation based on the
chi-square distribution is valid for z > 0:

Pr{n2_13\(wj) <z} = Pr{X%(k—n < 4z}
— w232 exp(—z)Pr{x} < 22} / T[(k - 1)/2],

where k is the number of letters in the alphabet being used (for example,
k = 4 in the nucleotide alphabet). If fy-(w) is a consistent spectral estimator
and if for each j = 1,..., J, the largest root of fi°(w;) is distinct, then

{valMwj) = Mwp)l/Awy), valB(wy) = Bw))l; § =1, T} (7)

converges (n — 00) jointly in distribution to independent zero-mean normal
distributions, the first of which is standard normal; the covariance structure
of the asymptotic (normal) distribution of E(wj) is given in Shumway and
Stoffer (2000, Section 5.8). The term v, in (7) depends on the type of
estimator being used. For example, in the case of weighted averaging (we
put m = m,, and take m, — oo but my,/n — 0 as n — o), as in (5), then
vy? = Y0, k2. If a simple average is used, that is, hq = 1/(2m + 1),
then v2 = (2m + 1). Based on these results, asymptotic normal confidence

11



intervals and tests for A(w) can be readily constructed. Similarly, for 8(w),
asymptotic confidence ellipsoids and chi-square tests can be constructed;
details can be found in Stoffer et al. (1993a, Theorems 3.1 — 3.3).

Peak searching for the smoothed spectral envelope estimate can be aided
using the following approximations. Using a first order Taylor expansion we
have

Aw) = Aw)

log A(w) ~ log A(w) + o) (8)

so that v,[log Mw) — log A(w)] is approximately standard normal. It also
follows that Eflog X(w)] ~ log A(w) and var[log j\(w)] ~ v, 2. If there is
no signal present in a sequence of length n, we expect A(j/n) = 2/n for
1 < j < n/2, and hence approximately (1 — «a) x 100% of the time, log Mw)
will be less than log(2/n) + (24/vn) where z, is the (1 — «) upper tail cutoff
of the standard normal distribution. Exponentiating, the « critical value for
Aw) becomes (2/n) exp(zq/vn). From our experience, thresholding at very
small values of « relative to the sample size works well.

As a simple example, consider the sequence data presented in Whisenant
et al (1991) which were used in an analysis of a human Y-chromosomal
DNA fragment; the fragment is a string of length n = 4156 bp. The sample
spectral envelope (based on the periodogram) of the sequence is plotted
in Figure 3a where frequency is measured in cycles per bp. The spectral
envelope can be interpreted as the largest proportion of the total variance
at frequency w that can be obtained for any scaling of the DNA sequence.
The graph can be inspected for peaks by employing the approximate null
probabilities previously given. In Figure 3a, we show the approximate null
significances thresholds of 0.0001 (0.60%) and 0.00001 (0.71%) for a single
a priori specified frequency w. The null significances were chosen small in
view of the problem of making simultaneous inferences about the value of
the spectral envelope over more than one frequency.

Figure 3a shows a major peak at approximately w = 3/4156 cycles per
bp (about three cycles in the DNA fragment of 4156 bp), with corresponding
sample scaling A = 1, C = 0.1, G = 1.1, T = 0. This particular scaling
suggests that the purine-pyrimidine dichotomization best explains the slow
cycling in the fragment. There is also a secondary peak at approximately
w = 1/4 cycles per bp with a corresponding sample scaling of A = 1, C
=15, G =09, T = 0. Again we see the pairing of the purines, but
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Figure 3: [top] Sample spectral envelope of a human Y-chromosomal frag-
ment based on the periodogram (solid line); approximate 0.0001 and 0.00001
significance thresholds (dashed lines). [bottom] Spectral envelope of the hu-
man Y-chromosomal fragment based on a smoothed periodogram estimate.

the pyrimidines C and T are set apart; the significance of this scaling and
frequency warrants further investigation and at this time we can offer no
insight into this result. Using the tests on the specific scalings, we found
that we could not reject the hypotheses that (i) at w = 3/4156, A = G =0,
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C=T=1,and (i) at w=1/4,A=G=0,C=—-1, T = 1. To show how
smoothing helps, Figure 3b shows a smoothed spectral envelope based on a
simple average with m = 12. For this example, v?> = 25 so an approximate
0.0001 significance threshold is (2/4156) exp(3.71/5) = 0.10%. Note that
there is considerably less variability in the smoothed estimate and only the
significant peaks are visible in the figure.

3 Sequence Analyses

Our initial investigations have focused on herpesviruses because we regard
them as scientifically and medically important. Kight genomes are com-
pletely sequenced and a large amount of additional knowledge about their
biology is known. This makes them a perfect source of data for statistical
analyses. Here we report on an analysis of nearly all of the CDS of the
Epstein-Barr virus via methods involving the spectral envelope. The data
are taken from the EMBL data base.

The study of nucleosome positioning is important because nucleosomes
engage in a large spectrum of regulatory functions and because nucleosome
research has come to a point where experimental data and analytical meth-
ods from different directions begin to merge and to open ways to develop
a more unified and accurate picture of formation, structure and function of
nucleosomes. While ten years ago many investigators regarded histones as
mere packing tools, irrelevant for regulation, there are now vast amounts of
evidence suggesting the participation of nucleosomes in many important cel-
lular events such as replications, segregation, development, and transcription
(for reviews, see Grunstein 1992 or Thorma 1992). Although nucleosomes
are now praised as a long overlooked “parsimonious way of regulating biolog-
ical activity” (Drew and Calladine 1987) or as the “structural code” (Travers
and Klug 1987), no obvious signals that would distinguish them from the rest
of DNA are yet known (Trifonov 1991). It therefore remains an important
task to understand and unravel this complex structural code. The genetic
code is degenerate, more than one triplet codes for the same amino acid,
nevertheless strong biases exist in the use of supposedly equivalent codouns.
This occurrence raises many questions concerning codon preferences and
understanding of these preferences will provide valuable information. It is
our goal to contribute to a better understanding of coding sequences by
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Figure 4: Smoothed sample spectral envelope of the BcLF1 gene from the
Epstein-Barr virus.

presenting the statistical methodology to perform a systematic statistical
analysis of periodicities and of codon-context patterns. To this end, we sug-
gest the following types of analyses based on the spectral envelope. The uses
of the spectral envelope and the analyses presented here are by no means
exhaustive; we will most likely raise more questions than we answer.

We first explore the gene BcLF1 of Epstein-Barr. Figure 4 shows the
spectral envelope of the CDS which is 4143 bp long with the following nu-
cleotide distribution: 900 A, 1215 C, 1137 G, 891 T. There is a clear signal at
one cycle every three bp (w = 1/3). Smoothing was performed in the calcula-
tion of the sample spectral envelope using triangular smoothing with m =5
(in this case the weights are hg = 6/36, hi1 = 5/36, hio = 4/36, his =
3/36, hisa = 2/36, his = 1/36, so that v5 ~ 3, and a 0.0001 [0.00001]
significance threshold is approximately 0.17% [0.20%]). In this analysis, the
scalings at the peak frequency of one cycle every three bp were A = 1.16, C
= 0.87, G = —0.14, T = 0. This suggests that BcLF1’s signal is in the {M,
K} alphabet, where M = {A or C}, K = {G or T}.

The next question is which positions in the codon are critical to the
BcLF1 signal. To address this we did the following: First, every codon-
position 1 was replaced with a letter chosen at random from the nucleotide
alphabet, {A, C, G, T}, with probability equal to the proportion of each
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Figure 5: Smoothed sample spectral envelope of the BcLF1 gene from the
Epstein-Barr virus with various codon positions destroyed.

letter in the entire gene. For example, the first nine values of BcLF1 are
ATG GCC TCA; they are changed to X; TG XoCC X3CA, where X;, for
1 =1,2,3, are independently chosen letters such that the probability that X;
is: an A is 900/4143, a C is 1215/4143, a G is 1137/4143, a T is 891/4143.
This is done over the entire gene and then the spectral envelope is computed
to see if destroying the sequence in that position destroys the signal. The
graph shown in Figure 5a is the resulting spectral envelope. There it is
noted that not very much has changed from Figure 4, so that destroying
position 1 has no effect on the signal. The graph shown in Figure 5b has
the second position destroyed and Figure bc is the result of destroying the
third position. While destroying the first position has virtually no effect on
the signal, destroying the second or third position does have an effect on the
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signal. In the next three panels of Figure 5, the results of destroying two
positions simultaneously are shown. Figure 5d shows what happens when
the first and second positions are destroyed, Figure 5e has the first and
third positions destroyed, and Figure 5f has the second and third positions
destroyed. It is clear that the major destruction to the signal occurs when
either the first and third positions, or the second and third positions are
destroyed, although in either case there is still some evidence that the signal
has survived. From Figures 5e and 5f we see that the first and second
positions cannot thoroughly do the job of carrying the signal alone, however,
the signal remains when the third position is destroyed (Figure 5¢), so that
the job does not belong solely to position three.

To show how this technology can help detect heterogeneities and wrongly
assigned gene segments we focus on a dynamic (or sliding-window) analy-
sis of BNRF1 (bp 1736-5689) of Epstein-Barr. Figure 6 shows the spectral
envelope (using triangular smoothing with m = 5) of the entire CDS (ap-
proximately 4000 bp). The figure shows a strong signal at frequency 1/3;
the corresponding optimal scaling was A = 0.04, C = 0.71, G = 0.70, T =
0, which indicates that the signal is in the strong-weak bonding alphabet, S
= {C, G} and W = {A, T}.

Next, we computed the spectral envelope over two windows: the first
half and the second half of BNRF1 (each section being approximately 2000
bp long). We do not show the result of that analysis here, but the spectral
envelopes and the corresponding optimal scalings were different enough to
warrant further investigation. Figure 7 shows the result of computing the
spectral envelope over four 1000 bp windows across the CDS, namely, the
first, second, third, fourth quarters of BNRF1. An approximate 0.001 signif-
icance threshold is .69%. The first three quarters contain the signal at the
frequency 1/3 (Figure 7a-c); the corresponding sample optimal scalings for
the first three windows were: (a) A = 0.06, C =0.69, G =0.72, T =0; (b) A
=0.09,C=0.70,G=0.71, T=0; (c) A=0.18, C=0.59, G = 0.77, T = 0.
The first two windows are strongly consistent with the overall analysis, the
third section, however, shows some minor departure from the strong-weak
bonding alphabet. The most interesting outcome is that the fourth window
shows that no signal is present. This result suggests the fourth quarter of
BNRF1 of Epstein-Barr is just a random assignment of nucleotides (noise).

To investigate these matters further, we took a window of size 1000
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Figure 6: Smoothed sample spectral envelope of the BNRF1 gene from the
Epstein-Barr virus.

and moved it across the CDS 200 bp at a time. For example, the first
analysis was on bp 1700-2700 of Epstein-Barr, the second analysis is on bp
1900-2900, the third on bp 2100-3100, and so on, until the final analysis on
bp 4700-5700. Each analysis showed the frequency 1/3 signal except the
last analysis on bp 4700-5700 (this is an amazing result considering that
the analysis prior to the last one is on bp 4500-5500). Figure 8 shows the
optimal sample scalings at the 1/3 frequency from each window analysis;
the horizontal axis shows the starting location of the 1000 bp window (1700,
1900, 2100, ..., 4700), and the vertical axis shows the scalings. In Figure 8
the scalings are obtained as follows: each analysis fixes G = 0 and then the
scales for A, C and T are calculated. Next, we divided each scale by the
value obtained for C, so that C = 1 in each analysis. Hence, the vertical
axis of Figure 8 shows the scales, at frequency 1/3, in each window with
G = 0 (solid line), C = 1 (dashed line), A free (solid line), T free (dashed
line). This was done primarily to assess the homogeneity of the strong-weak
bonding alphabet across the CDS. We see that, for the first quarter or so
of the CDS the {S, W} alphabet is strong. That strength fades a bit in
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Figure 7: Smoothed sample spectral envelope of the BNRF1 gene from the
Epstein-Barr virus (a) first 1000 bp, (b) second 1000 bp, (c¢) third 1000 bp,
(d) fourth 1000 bp.

the middle and then comes back (though not as strong) near the end of the
CDS. We see, however, that this alphabet is nonexistent in the final 1000 bp
of BNRF1. This lack of periodicity prompted us to reexamined this region
with a number of other tools, and we now strongly believe that this segment
is indeed noncoding.

Herpesvirus saimiri (taken from GenBank) has a CDS from bp 6821 to
10561 (3741 bp) where the similarity to EBV BNRF1 is noted. To see if
a similar problem existed in HVS BNRF1, and to generally compare the
periodic behavior of the genes we analyzed HVS BNRF1 in a similar fashion
to EBV BNRF1 as displayed in Figure 6. Figure 9 shows the smoothed
(triangular with m = 5) spectral envelope of HVS BNRF1 for (a) the first
1000 bp, (b) the second 1000 bp, (c) the third 1000 bp, and (d) the remaining
741 bp. There are some obvious similarities, that is, for the first three
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vertical axis shows the scales in each window with G = 0 (solid line), C =
1 (dashed line), A free (solid line), T free (dashed line).

sections the cycle 1/3 is common to both the EBV and the HVS gene. The
obvious differences are the appearance of the 1/10 cycle in the third section
and the fact that in HVS, the fourth section shows the strong possibility of
containing the 1/3 periodicity (the data were padded to n = 756 for use with
the FFT, the 0.001 significance threshold in this case is (2/756)exp(3.71/3)
= .91; the peak value of the spectral envelope at 1/3 in this section was
0.89) whereas in EBV the fourth section is noise. Next, we compared the
scales for each section of the HVS analysis. In the first section, the scales
corresponding to the 1/3 cycle are A = 0.2, C = 0.96, G = 0.18, T = 0,
which suggests that the signal is driven by C, not-C. In the second section
the scales corresponding to the 1/3 signal are A = 0.26, C = 0.63, G =
0.73, T = 0, which suggests the strong-weak bonding alphabet. In the third
section there are two signals; at the approximate 1/10 cycle the scales are
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Figure 9: Spectral envelope for HVS BNRF1, bp 6821 - 10561, (a) first
1000 bp, (b) second 1000 bp, (c) third 1000 bp, (d) remaining last section
of 741 bp.

A =10.83, C =047 G = 0.30, T = 0 (suggesting a strong bonding-A-T
alphabet), at the 1/3 cycle the scales are A = 0.20, C =0.32, G =0.93, T =
0 (suggesting a G-H alphabet). In the final section, the scales corresponding
to the (perhaps not significant) 1/3 signal are A = 0.28, C = 0.51, G = 0.81,
T = 0, which does not suggest any collapsing of the nucleotides.

Finally, we tabled the results of the analysis of nearly every CDS in
Epstein-Barr. Only genes that exceed 500 bp in length are reported (BNRF1
and BcLF1 are not reported again here). In every analysis we used trian-
gular smoothing with m = 3 in which case v3 = 2.41. These analyses
were performed on the entire gene and it is possible that a dynamic analy-
sis would find other significant periodicities in sections of a CDS than are
listed here. Table 2 lists the CDS analyzed, the 0.001 critical value (CV) for
that sequence, the significant values of the smoothed sample spectral enve-
lope (SpecEnv), the frequency at which the spectral envelope is significant
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(Freq), and the scalings for A, C, and G at the significant frequency (T = 0
in all cases). Note that for some genes, there is no evidence to support that
the sequence is anything other than noise; these genes should be investigated
further. The occurrence of the zero frequency has many explanations but
we not certain which applies and this warrants further investigation. One
explanation is that the CDS has long memory in that sections in the CDS
that are far apart are highly correlated with one another. Another possibly
is that the CDS is not entirely coding. For example, we analyzed the entire
lambda virus (approximately 49,000 bp) and found a strong peak at the zero
frequency and at the one-third frequency; however, when we focused on any
particular CDS, only the one-third frequency peak remained. We have no-
ticed this on other analyses of sections that contain coding and noncoding
(see Stoffer et al, 1993b) but this is not consistent across all of our analyses.

4 Discussion

The spectral envelope, as a basic tool, appears to be suited for fast auto-
mated macro-analyses of long DNA sequences. Interactive computer pro-
grams are currently being developed. The analyses described in this paper
were performed either using a cluster of C programs that compile on Unix
operating systems, or using the Gauss programming system for analyses on
Windows operating systems. We have presented some ways to adapt the
technology to the analysis of DNA sequences. These adaptations were not
presented in the original spectral envelope article (Stoffer et al, 1993a) and
it is clear that there are many possible ways to extend the original method-
ology for use on various problems encountered in molecular biology. For
example, we have recently developed similar methods to help with the prob-
lem of discovering whether two sequences share common signals in a type of
local alignment and a type of global alignment of sequences (Stoffer & Tyler,
1998). Finally, the analyses presented here point to some inconsistencies in
established gene segments and, evidently, some additional investigation and
explanation is warranted.
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Table 2: Analysis of EBV Genes
CDS CV  SpecEnv  Freq A C G

BALF1 1.09 1.40 0.33 5.28 33.73 21.04
BALF2 0.21 1.67 0.33 3.01 -11.00 -9.69
BALF3 0.31 0.89 0.33 3.59 -12.28 -13.20
0.47 0.00 0.16 9.46 16.45
BALF4 0.28 1.32 0.33 3.66 -13.12 -8.61
BALF5 0.23 1.69 0.33 -2.94 12.05 9.88
BARF1 1.09 NONE
BBLF2 0.47 0.62 0.33 4.60 -17.01 -13.42
BBLF3 1.21 NONE
BBLF4 0.30 1.56 0.33 3.80 -14.42 -6.97
BBRF1 0.41 1.18 0.33 -3.18 14.01 14.21
BBRF2 0.77 1.84 0.33 0.01 24.51 19.43
BBRF3 0.60 1.86 0.33 0.67 21.01 18.88
BDLF1 0.80 1.56 0.33 -1.95 18.47 23.83
BDLF2 0.58 1.02 0.00 25.73 23.07 16.83
BDLF3 1.03 3.60 0.33 22.11  -12.34 7.14
1.33 0.00 27.20 27.40 1.01
BDLF4 1.07 1.79 0.33 -13.26 14.75 21.25
1.11 0.00 38.18 10.01 8.43
BERF1 0.30 0.46 0.00 5.76  -13.23 -2.80
0.45 0.33 12.26 11.79 13.90
0.36 0.10 10.06 16.96 -1.41
0.30* 0.45 15.18 1.89 2.36
BERF2b 0.28 0.89 0.00 -0.48 -16.77 -5.84
0.55 0.33 -3.77  -14.59 3.14
BERF4 0.28 0.70 0.00 717 -11.16 -2.92
0.51 0.33 10.75 17.79 4.09
0.34 0.07 4.53 -1.75 14.81
0.29 0.27 -1.34  -14.46 1.76
0.28* 0.10 7.48 6.62 9.11
BFLF1 0.42 1.12 0.33 0.16 18.04 16.43
0.56 0.00 18.45 10.79 23.26
BFRF1 0.71 0.90 0.33 -10.62 15.93 15.52
0.73 0.12 29.69 0.84 8.70
BFRF2 0.37 0.36* 0.33 12.72  -10.85 -5.81
BFRF3 1.25 1.65 0.33 -16.93 -30.58 2.93
1.60 0.00 -1.02 32.25 23.11
BGLF1 0.48 0.48* 0.00 -0.96 11.74 19.45
BGLF2 0.71 0.74 0.11 28.08 10.55 0.59
BGLF3 0.73 0.93 0.33 -9.14 11.16 19.38
0.80 0.15 8.22 -8.86 19.10
BGLF4 0.53 1.57 0.33 15.45 -8.65 -8.70
BGLF5 0.53 0.96 0.33 11.68 -12.42 -9.78
BGRF1 0.74 NONE
BILF1 0.77 1.46 0.33 21.93 27.59 24.86
BILF2 0.97 1.73 0.00 -26.57 -23.37 1.83

Key: CDS = name of coding sequence; CV = the 0.001 critical value for that sequence;
SpecEnv = the significant values of the spectral envelope (* indicates borderline signifi-
cance); Freq = the frequenc at hich the spectral envelope is significant; the last three
columns are the scalings for C and ; = 0in all anal ses.
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Table 2: Con in ed
CDS CV  SpecEnv  Freq A C G
B RF1 0.38 4.26 0.33 -13.59 3.21 5.52
3.79 0.00 13.19 5.36 18.21
B RF3 0.86 0.86* 0.33 2.25 -25.79 -17.94
B RF4 1.07 1.85 0.00 -8.79  -30.01 1.65
1.72 0.33 29.73 4.56 -6.19
BLLFlab 0.27 1.46 0.00 -11.30 -17.49 -3.94
0.87 0.33 8.23 -8.54 3.68
0.42 0.20 9.56 -6.35 7.05
0.41 0.05 -0.36 -12.74 4.31
0.36 0.15 -15.69 0.05 -4.82
BLLF3 0.87 1.37 0.33 10.00 -20.85 -15.28
0.92 0.00 0.96 -9.16 20.74
B LF1 0.53 0.59 0.33 0.19 14.51 20.89
B RF1 0.60 0.77 0.33 -9.44 10.72 16.60
0.75 0.00 -25.12 -17.39 -1.89
B RF2 0.68 0.98 0.33 2.24 23.28 19.86
BOLF1 0.20 0.79 0.33 2.58 10.00 14.46
0.38 0.00 15.46 6.42 -0.96
BORF1 0.66 1.10 0.00 -13.70 2.15 16.84
1.06 0.33 0.66 23.27 19.43
BORF2 0.30 1.18 0.33 6.88 -11.28 -8.85
B LF1 0.07 0.58 0.33 -0.49 3.67 8.35
0.28 0.00 5.72 -1.68 5.90
BRLF1 0.41 0.71 0.00 4.66 20.34 14.99
0.57 0.33 0.41 17.21 14.98
BRRF1 0.77 1.25 0.33 -1.74 23.30 18.75
BRRF2 0.46 0.74 0.00 0.56 -16.78 5.27
0.67 0.33 -11.08 -4.18 12.63
BSLF1 0.27 1.12 0.33 3.02 -12.04 -12.13
BSRF1 1.11 1.44 0.33 1.14 21.64 30.61
1.29 0.00 16.67 -20.22 6.41
B RF1 0.57 1.02 0.33 4.59 18.59 23.67
0.58 0.17 2.67 -15.43 9.38
BVRF1 0.42 1.20 0.33 1.31 15.26 19.15
BVRF2 0.41 0.83 0.33 -9.18 2.71 14.20
B RF1 0.63 1.09 0.10 4.55 -9.58 14.76
B LF1 0.39 0.60 0.00 5.99 22.21 9.04
0.49 0.33 -13.62 0.36 9.10
0.40 0.14 6.24 21.60 4.43
B LF2 0.34 1.10 0.33 -5.02 12.67 11.74
B RF1 0.97 NONE
B RF1 0.47 1.32 0.00 -7.18  -17.44 5.59
1.20 0.33 5.96 -16.02 -4.46
0.70 0.02 -9.93 -15.43 7.79
0.54 0.27 1.80 -16.33 -16.98
0.52 0.17  -13.22 -8.06 11.81
B LF2 1.08 1.11 0.00 11.08 -2.65 -25.10
BaRF1 0.80 1.73 0.33 -8.91 19.21 16.05
BcRF1 0.39 0.65 0.33 0.87 16.82 15.80
0.40 0.00 0.24 11.73 18.67
BdRF1 0.70 0.74 0.32 -8.05 -22.22 3.08
0.72 0.00 20.10 -8.68 7.64
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