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Patchiness and Correlations in DNA Sequences

Samuel Karlin and Volker Brendel

The highly nonrandom character of genomic DNA can confound attempts at modeling DNA
sequence variation by standard stochastic processes (including random walk or fractal
models). In particular, the mosaic character of DNA consisting of patches of different
composition can fully account for apparent long-range correlations in DNA.

Genomic global and local compositional
heterogeneity is widely recognized. The
many examples of DNA heterogeneity in
existence include isochore compartments
[regions dominated by either G + Cor A +
T as determined by thermal-melting studies
or density-gradient centrifugation; for ex-
ample, the G + C-and A + T-rich halves
of the bacteriophage lambda genome (1);
see (2) for examples in mammalian species];
mobile insertion elements [such as Alu in
human, Ty in yeast, and IS in Escherichia
coli (3)]; characteristic satellite centromeric
tandem repeats [such as the 171-base pair
human alpha satellite DNA (4)]; charac-
teristic telomeric sequences [such as
AGGGTT tandem repeats in humans (5)];

Department of Mathematics, Stanford University, Stan-
ford, CA 94305.
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HTF islands [vertebrate DNA sequences
that occur generally upstream of genes and
are abundant with nonmethylated CpG
(6)]; repetitive extragenic palindromes
(REPs) in E. coli and Salmonella typhimuri-
um (7); repeat induced point (RIP) muta-
tion in certain fungi (8); recombinational
hot spots [such as chi elements in E. coli
(9)]; universal underrepresentation of the
dinucleotide TpA (10); suppression of the
dinucleotide CpG in vertebrates (11); the
pervasive rarity of the tetranucleotide
CTAG (12); GNN periodicity in coding
sequences (13); and methyltransferase mod-
ifications (14).

Thus, genome organization is complex
and variegated. In general, genomic se-
quences are not homogeneous on any scale.
For example, eukaryotic sequences are of-
ten endowed with tandem repeats accruing
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Fig. 1. (A) Random walk plot of the bacterio-
phage lambda sequence (thick line) and a
shuffled sequence of the same composition
(thin line). For each occurrence of R (purine)
the graph moves up one unit, and for each
occurrence of Y (pyrimidine) the graph moves
down one unit. Thus S(n) is the net count of R
minus Y from the beginning of the sequence up
to position n. (B) Analogous random walk plot
for the human beta-globin region (GenBank/
EMBL file name HUMHBB).

80,000

from polymerase slippage or unequal cross-
ing-over and with distant direct and invert-
ed repeats promoted in part by transposi-
tion, translocation, recombination, ampli-
fication, and excision recurrences. Many
genomic sequences exhibit polymorphisms,
strain variation, DNA inversions, and rear-
rangements reflecting a state of flux.

These phenomena raise fundamental
and methodological questions. Can DNA
sequence variation be reasonably modeled
by stochastic processes of a tractable
genre? In this context, there has recently
been intense discussion about the exis-
tence and nature of long-range correla-
tions within DNA sequences (15-18).
One approach has been to study DNA
sequence variation by means of a random
walk generated by an incremental variable
that associates to position i the value X (i)
= 1 or —1, depending on whether the ith
nucleotide of the sequence is based on R
(purine) or Y (pyrimidine), respectively
(Fig. 1) (15). Let

Sn) =D X@), n=1,2,...,N (1)

i=1
be the cumulative variable of the random
walk, and let us denote the cumulation over

678
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Fig. 2. Fluctuation plot for the bacteriophage
lambda sequence (solid line) and a shuffled
sequence of the same composition (broken
line). The function F(L) is the estimated stan-
dard deviation of R minus Y counts over all
windows of size L along the sequence (see
text).

a segment defined by a sliding window of
length L by

SLy=Sk+L—-1)—Sk—-1)
k+L—1

= X X0 (2)
i=k

where k is the position where the window
begins. The analysis in (15) implicitly as-
sumes that the distribution of nucleotides is
stationary (stationarity); in particular, it is
assumed that the probability distribution of
S, (L) is independent of the sequence posi-
tion k. For each window size L, the sample
variance of S, (L), Var(L), gives a measure
of sequence variation. Its value is deter-
mined from the data moving along the
sequence (k = 1,2,. . .,N — L + 1). Under
the condition of stationarity, Var(L) is an
estimate of the auto-covariance function

L L
CL) =D, ) Cov [XAXH)] )
i=1 j=1
where Cov[X(i),X(j)] denotes the covari-

ance of X(i) and X(j). Here, Cov[X(i),
X(@i + 1] = CovlX(1), X(1 + 7)] = C, for

alli=1,2,...,andr = 1,2,. . ., and thus
L—-1

CL)=LCo+2 D (L-1C,
r=1

For a stationary stochastic process with
asymptotically strongly independent incre-
ments, C, decreases to zero rapidly as r —
; for example, C, = co” where ¢ > 0 and
0 < o < 1. In this case, C(L) grows with
order L. In contrast, for a process with

- asymptotically weakly independent incre-

ments (implying weak long-range correla-
tions), C, decreases to zero at a slow rate;
for example, C, = cr*~2 where ¢ > 0 and 1
< a < 2. In this case, C(L) grows with
order L* (19, 20).

Recent papers (15, 16) proffer the as-
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Fig. 3. Histograms of R minus Y counts in
windows of size L = 1000 for bacteriophage
lambda and a shuffled sequence of the same
composition. The bimodal distribution for lamb-
da has a mean of 38 and a standard deviation of
86. The shuffled sequence has a similar mean of
37 but a much smaller standard deviation of 32,
close to the expected value of v1000.

ymptotically weakly independent stationary
process as a model to describe apparent
long-range dependencies inherent to many
DNA sequences. However, the assumption
of stochastic stationarity is problematic in
view of the great degree of local and global
heterogeneity, as indicated above. We
show here that most DNA sequence varia-
tion can be explained by compositional
patchiness and does not involve the higher
order organization implied by long-range
correlations [see also (18)].

The effect of genomic patchiness on
variance and correlation assessments can be
illustrated by analysis of the sequence of the
bacteriophage lambda and a corresponding
random sequence obtained by shuffling the
original sequence. Figure 1A displays the
random walk plot for both sequences. The
shuffled sequence attains the overall excess
of purines over pyrimidines observed for the
lambda sequence with an approximately
steady increase throughout, as would be
expected for a random walk with drift (such
as for independent tosses of a biased coin).
The log-log plot of F(L) = ar(L) as a
function of L (Fig. 2) for the shuffled
sequence gives the expected line with slope
~0.5. The corresponding plot for lambda,
however, reveals a marked deviation from a
straight line with the values of F(L) exceed-
ing the ones expected for a homogeneous
random sequence. This larger variance is
most easily explained by the extant patch-
iness of the lambda sequence (see theory
below). To illustrate the patchiness, Fig. 3
gives the histograms of the R minus Y
counts in windows of length L = 1000 for
lambda and for the shuffled sequence. For
lambda, one clearly sees a bimodal histo-
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Fig. 4. Histograms of R minus Y counts in
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globin region (HUMHBB) and a shuffled se-
quence of the same composition. Both distribu-
tions have a mean of about 0, but the human
sequence displays a standard deviation which
is larger by a factor of 2 (19.5 versus 10.3).

100

gram with peaks corresponding to pyrimi-
dine- and purine-rich windows that are
derived from the pyrimidine- and purine-
rich segments of the sequence. This distri-
bution has a variance that is considerably
larger than the variance for the unimodal,
bell-shaped distribution associated with the
shuffled sequence. Similar results hold for
other values of L, leading to the discrepan-
cy between the natural and the shuffled
sequences that is evident in Fig. 2 (see Figs.
1B and 4 for a eukaryotic example).

We shall argue that such a discrepancy
follows, in general, from a theoretical anal-
ysis of sequences modulated by a multipatch
model. Suppose that in a first approxima-
tion, the sequence is composed of a mosaic
of patches of distinct underlying composi-
tions [that is, the distribution of the incre-
ments X(i) in each patch type is homoge-
neous but differs between patches]. The
variance of S, (L) over all windows, irre-
spective of patch type, can be obtained by
classical partitioning according to patch
type (analysis of variance within and be-
tween groups) as the sum of the within-
patch variance (average of the variances
over the different patch types) plus the
between-patch variance (variance of the
average segmental values in the different

patch types) (21). Formally,
Var (L) =
E[Var{Si(L) | (k,k + L — 1) in patch P}]

+ VarE[Si(L) | (k,k + L — 1) in patch P]

(€))
where E denotes the appropriate expecta-
tion and (k,k + L — 1) refers to the
nucleotides in sequence positionsk tok + L
— 1. The variances within each patch are

15,000
10,000
5,000
0

-100 [) 100

S§-Wfor L =500

Fig. 5. Histograms of S (G or C) minus W (A or
T) counts in windows of size L = 500 for the
155844 nucleotide sequence of the tobacco
chloroplast genome (GenBank/EMBL file name
CHNTXX). The mean is —121.5. The standard
deviation is 67.2, about threefold larger than
expected for a random sequence of the same
composition.

-300 -200

about cpL, where the positive constants cp
depend on the patch type P. Thus, averag-
ing over the different patches gives a with-
in-patch variance estimate of the order L.
The variance of all the different segmental
patch values (the between-patch variance)
is of the order dL2, where the nonnegative
constant d is zero only when the underlying
distributions of all patches are the same
(22). In total, the overall variance of S, (L)
for a sequence that comprises at least two
distinct patches is given by cL + dL2.
Accordingly, depending on the complexity
of the DNA sequence (the degree of local
inhomogeneity and global patchiness), the
variance plot is more accurately represented
by a curve of the form cL + dL?, which
might be fitted by L* (for some o, 1 < o <
2) over short intervals with o varying from
interval to interval. Here L has to be small
compared to the sequence length; other-
wise, the patchiness will be smoothed out
by averaging over the window size. More
generally, the contribution of the dL? term
will tend to be large when L is small
compared to the typical patch size, but will
be reduced for larger L.

An intrinsic difficulty with the approach
taken in (I5) is that the plot of logF(L)
against logL is not a straight line over the
whole range of L values (23) (Fig. 2),
contrary to the assumption of stationarity.
Given that compositional heterogeneity oc-
curs on all scales, attempts at breaking up a
sequence into more homogeneous segments
(15, 16) cannot succeed, unless the seg-
ments are chosen to be so small that the
whole notion of long-range correlations
evaporates. Observations analogous to
those reported here hold, to varying degrees
in our data analyses, for most sequences,
including both the intron-containing genes
and the cDNAs analyzed in (15). More-
over, the pervasive phenomenon of patch-
iness also occurs in other alphabets, as in,
for example, S (G or C) versus W (A or T)
or G versus non-G. A typical example is
given in Fig. 5. The multimodal character
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of the distribution is evident. Similar dis-
tributions for the S — W segmental counts
are obtained for other sequences, including
the long herpes-virus genomes, the human
beta-globin region, and yeast chromosome
III. The pervasive patchiness of DNA in all
alphabets precludes modeling DNA se-
quences by a stationary process and, in
particular, by a process having long-range
dependence. From this perspective, system-
atic long-range correlations in DNA se-
quences are doubtful.

Biological phenomena are generally re-
plete with variability, which is at the core
of evolutionary developments and is also
operating at the molecular level [to explain
the extant variability, see the discussion
between the protagonists (24) and antago-
nists (25) of the neutral theory of molecular
evolution]. Mathematical and statistical
models can, at best, help in providing
benchmarks for interacting with biological
data and in interpreting experimental re-
sults (26). Components of variance analy-
ses such as described here might assist in
assessing sources of molecular sequence
variation.
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The Skipping of Constitutive Exons in Vivo
Induced by Nonsense Mutations

Harry C. Dietz,* David Valle, Clair A. Francomano,
Raymond J. Kendzior, Jr., Reed E. Pyeritz, Garry R. Cutting

Nonsense mutations create a premature signal for the termination of translation of mes-
senger RNA. Such mutations have been observed to cause a severe reduction in the
amount of mutant allele transcript or to generate a peptide truncated at the carboxyl end.
Analysis of fibrillin transcript from a patient with Marfan syndrome revealed the skipping
of a constitutive exon containing a nonsense mutation. Similar results were observed for
two nonsense mutations in the gene encoding ornithine 3-aminotransferase from patients
with gyrate atrophy. All genomic DNA sequences flanking these exons that are known to
influence RNA splicing were unaltered, which suggests that nonsense mutations can alter

splice site selection in vivo.

The fibrillin gene (FBN1) encodes a 350-
kD glycoprotein component of the extracel-
lular microfibril (I). Mutations in this gene
cause Marfan syndrome, a systemic disorder
of connective tissue with manifestations in
the ocular, skeletal, and cardiovascular sys-
tems (2—4). Although the genomic organi-
zation of the gene has not been determined,
approximately 7 of 10 kb of FBNI cDNA
have been cloned and sequenced (5). The
characterization of FBN1 defects that cause
Marfan syndrome resulted in the identifica-
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tion in one patient of an allele with a
66-nucleotide (nt) deletion in mature
mRNA resulting from in-frame skipping of
an entire exon. This patient had no family
history of Marfan syndrome but had classic
and severe manifestations of the disorder.
The only identified sequence variation
unique to this patient was a T — G trans-
version at position +26 of the skipped
exon, which resulted in a premature TAG
termination codon. Exon skipping restored
the open reading frame of the mutant tran-
script. Alternative splicing was not ob-
served in either parent of the patient or in
70 unrelated individuals. We subsequently
observed two recurrences of this phenome-
non in patients with different nonsense
mutations in the gene (OAT) for ornithine
d-aminotransferase (OAT), a nuclear-en-
coded mitochondrial matrix enzyme. Muta-
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tions in OAT cause gyrate atrophy (GA),
an autosomal recessive, slowly progressive
chorioretinal degeneration leading to blind-
ness in middle age. We propose that these
nonsense mutations induce the skipping of
constitutive exons in vivo.

A 540-nt fragment of FBNI ¢cDNA was
amplified by the polymerase chain reaction
(PCR) and subjected to single-strand confor-
mation polymorphism analysis. An abnor-
mally migrating band unique to a sample
from a patient with classic Marfan syndrome
(patient MS-7) was observed (6). Reampli-
fication of DNA recovered from the abnor-
mal band showed a heteroduplex that con-
tained a wild-type product (540 bp) and a
smaller (474 bp) product. Direct sequencing
of each template demonstrated a 66-bp de-
letion in the smaller product (Fig. 1) that
encompassed the 3’ region of one of five
eight-cysteine domains in FBNI that are
homologous to a motif found in transforming
growth factor—B1 binding protein (5). This
cysteine-rich domain may participate in pro-
tein-to-protein interactions.

The sequencing of PCR-amplified ge-
nomic DNA revealed that the deleted 66-
bp region of cDNA represents an entire
exon (hereafter referred to as exon B) (Fig.
2A). To determine the basis for exon skip-
ping, we amplified by PCR a 3.0-kb region
of genomic DNA from MS-7, his parents,
and an unrelated and unaffected individual
(Col). The resulting product spanned the
3’ end of the upstream exon (A), the
skipped exon (B), and two downstream
exons (C and D). With the exception of
the central 2.0 kb of the intron following
exon C (intron C), this region was se-
quenced for all four individuals (Fig. 2B). A
wild-type sequence was observed for all of
the cis-acting elements known to influence
RNA splicing, including the 3’ and 5’
splice sites and the predicted branchpoint
flanking exon B (7-9) in all samples. Pa-
tient MS-7’s sample, however, had a
unique mutation: a T — G substitution in
one allele at position +26 in exon B (Fig.
2C). The corresponding amino acid alter-
ation is a substitution of a termination
codon (X) for tyrosine (Y) at codon 1215
(Y1215X) in the characterized coding se-
quence for FBN1 (5). A Cvn I restriction
site is created by this alteration and can be
used to screen DNA for mutation Y1215X
(6). None of 55 unaffected control subjects
and 52 unrelated probands with Marfan
syndrome carried this defect.

Another single base substitution was
identified at position —64 of intron A.
Patient MS-7 was heterozygous A/G, his
mother was A/A, his father was G/G, and
Col was A/G. This polymorphism occurs
away from the conventional placement for
a branchpoint sequence (positions —18 to
—40) and within a context without homol-
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