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¢ Abstract

A linguistic complexity measure was applied to the complete genomes of HIV-1, Escherichia coli, Bacillus subtilis,

i Haemophilus influenzae, Mycoplasma genitalium, and to long human and yeast genomic fragments. Complexity

values averaged over entire genomic sequences were compared, as were predicted average values of intrinsic DNA

curvature. We found that both the most curved and the least complex fragments are located preferentially in non-

coding parts of the genome. Analysis of location of the most curved and the simplest regions in bacteria showed

that the low-complexity segments are preferentially located in close proximity to the highly curved sequences, which

are, in turn, placed from 100 to 200 bases upstream to the start of the nearest coding sequence. We conclude that

the parallel analysis of sequence complexity and DNA curvature might provide important information about
sequence-structure—function relationship in genomes. © 1999 Elsevier Science Ltd. All rights reserved.
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1. Introduction Functional organization of the genome can be
viewed as a multilevel, superimposed hierarchy.
Applying appropriate parameters, complexity may help
in discovering compartmentalization of the genome
into functional domains. This approach was used in
the study of structure and complexity of yeast chromo-
some III (King, 1993). Ussery et al. performed a simi-
lar analysis to examine the Escherichia coli genome
(Proceedings of the 25th FEBS meeting). In these and
other studies, complexity mapping was shown to reveal
occurrence of genes, regulatory domains, and patterns
required for higher order genome organization.

Due to rapid advances in genomic sequencing, new
and effective methods that allow one to predict details
of genome functional organization have become
increasingly important. Statistical analysis of bio-
sequences aims at determining sequence patterns which
have unexpected distributions or frequencies of occur-
rence (Konopka, 1994). Associating these patterns with
particular types of structure or function enables one to
make further predictions of biologically important sites
in genomes. In this study we would like to bring atten-
tion to one such method, linguistic complexity. and to
i its relationship to DNA intrinsic structural features.

2. Sequence complexity
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The concept of genomic sequences as texts has been
introduced a long time ago. In searching for the func-
tional code, they were studied as linear texts, applying
linguistic (Brendel et al., 1986: Gelfand, 1993; Popov
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et al. 1996) or information (Sibbald et al.. 1989;
Schmitt and Herzel, 1997) methods. One of the funda-
mental characteristics of any text is its complexity,
which may be calculated either according to the
Shannon entropy or Kolmogorov complexity methods.

Quite a few different measures of sequence complex-
ity have been used to characterize biological sequences,
as there is no unequivocal definition of sequence com-
plexity. Nevertheless, there tends to be agreement on
the definition of a ‘low-complexity'sequence, which
usually has a highly repetitive structure. Linguistic
complexity was introduced by Trifonov (1990). and
used by Popov et al. (1996) to compare biological
sequences with natural language texts, and by Bolshoy
et al. (1997) to demonstrate that a weak pattern can be
significantly enhanced by subset selection according to
the sequence complexity criterion.

We refer the reader who wishes to learn more about
mathematical background and theoretical justifications
of sequence complexity measures to the appropriate
section in (Konopka, 1994).

3. DNA curvature

Intrinsic DNA curvature was shown to be important
in many biological processes. in particular in the inter-
action of DNA with DNA-binding proteins.

To reconstruct the shape of a DNA molecule from a
sequence, the nearest neighbor models are commonly
used (Ulanovsky and Trifonov, 1987: De Santis et al.,
1988: Bolshoy et al., 1991; Goodsell and Dickerson,
1994). According to such a model, local variations in
DNA shape are described by angles between successive
base pairs. There are several sets of these angles. de-
rived by different groups from electrophoretic mobility
data, or X-ray and NMR structures of DNA.
Evidently, the resulting shape is dependent on the
angles that were used in the stepwise transformations.
In our study on the intrinsic curvature of promoters
(Gabrielian et al., submitted), as well as in this study,
we applied different algorithms and scales to assess
relative levels of curvature (or bendability) of selected
fragments. It was found that selection of particular
angles was not critical, as our results were confirmed
by all methods.

4. Methods
4.1. Linguistic complexity

The linguistic complexity measure (Trifonov, 1990)
was introduced as a measure of the ‘vocabulary rich-

ness’of a text. When a nucleotide sequence is studied
as a text written in the four-letter alphabet, the repeti-
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tiveness of such a text, that is, the extensive repetition
of some k-grams (words), can be calculated, and served
as a measure of sequence complexity. Thus, the more
complex a DNA sequence, the richer is its oligonucleo-
tide vocabulary, whereas repetitious sequences have
relatively lower complexities. We have recently
improved the original algorithm described in (Trifonov
1990) without changing the essence of the linguistic
complexity (LC) approach.

The meaning of LC may be better understood by
regarding the presentation of a sequence as a tree of
all subsequences of the given sequence. The most com-
plex sequences have maximally balanced trees. while
the measure of imbalance or tree asymmetry serves as
a complexity measure. The number of nodes at the
tree level i is equal to the actual vocabulary size of
words with the length i in a given sequence: the num-
ber of nodes in the most balanced tree, which corre-
sponds to the most complex sequence of length N, at
the tree level i is either 4' or N —i+ 1, whichever is
smaller. Complexity (C) of a sequence fragment (with
a length RW) can be directly calculated as the product
of vocabulary-usage measures (U;):

C=U' % % o X Ui R0 Uy (n

Vocabulary usage (U;) for oligomers of a given size i
can be defined as the ratio of the actual vocabulary
size of a given sequence to the maximal possible voca-
bulary size for a sequence of that length. For example,
U for the sequence ACGGGAAGCTGATTCCA =
14/16, as it contains 14 of 16 possible different di-
nucleotides: Us for the same sequence = 15/15, and
U, = 14/14. For the sequence ACACACACACA-
CACACA, U, =1/2:U> =2/16=0.125, as it has a
simple vocabulary of only two dinucleotides; U; for
this sequence = 2/15. k-tuples with & from two to W
considered. while W depends on RW. For RW values
less than 18, W is equal to 3: for RW less than 67, W
is equal to 4 for RW<260,W =5 for
RW<=1029.W = 6, and so on. The value of C provides
a measure of sequence complexity in the convenient
range 0<C<1 for various DNA sequence fragments of
a given length. This novel formula ((1)) is different
from the previous LC measure in two respects: in the
way vocabulary usage U; is calculated, and because i is
not in the range of 2 to N — 1 but only up to W. This
new limitation on the range of U; makes the algorithm
substantially more effective without loss of power.

The new refined version of a linguistic complexity
program has been developed and implemented under
UNIX.

4.2. Clustered representation of extreme regions of a
variance

For long nucleotide sequences. such as whole
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Fig. 1. Influence of a sliding window parameter. The linguistic complexity (LC) measure was applied to the HIV-1 genome with
various sliding windows, that is, 50, 100, 200, 400 and 800 bases from top to bottom. Dashed curves present raw complexity data,
while thicker solid lines are used to mark the simplest and most complex regions. Complexity maps from top to bottom refer to
sliding-window sizes in the ascending order. All plots are shown on the same scale, while the average linguistic complexity of HIV-
1 is different for different sliding windows, that is, 0.49, 0.45, 0.42, 0.40 and 0.38 from top to bottom.

bacterial genomes or entire chromosomal sequences,
we have applied a simplified, ‘boxlike’presentation of
complexity profiles. In Fig. 1, the distribution of lin-
guistic complexity along the entire HIV-1 genome
(GenBank accession number K0455) is shown, while
several sliding windows were applied. Dashed lines cor-
respond to the raw results of complexity calculations,
while solid lines show the mean complexity of the
whole sequence for regions of low variance and ‘boxes’
define the most outstanding areas. The number and
position of ‘boxed’ areas are dependent on following
parameters: imposed thresholds, a smoothing window
size, and a minimal width of the extremal region
necessary to form a ‘box’. Such a threshold-box pres-
entation helps to bring viewers’ attention to the areas
of a maximal variance; however, it does not replace a
complete detailed graph.

4.3. DNA curvature calculations

Prediction of DNA curvature was done using three
different programs, with three different scales.

4.3.1. CURVATURE program
This program calculates the three-dimensional path
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of DNA molecules and estimates the curvature of the
path of the axis (Shpigelman et al., 1993). Dinucleotide
wedge angles of Bolshoy et al. (1991) and twist angles
of Kabsch et al. (1982) were used for all calculations.
In earlier work, CURVATURE was successfully used
for realistic prediction of DNA shape (for example,
Suka et al., 1993). The new version of this software
runs under UNIX OS.

4.3.2. Helical asymmetry of bendability distribution

It has been shown (Gabrielian et al.. 1996) that
DNA sites known to be curved frequently possess peri-
odic distribution of bendable and rigid fragments.
Helical asymmetry is not a geometric parameter; it can
be considered as a measure of ‘compatibility’ of DNA
sequence with a curved conformation. Sequence-
dependent bendability data were taken from
(Gabrielian and Pongor, 1996). The ‘consensus’ scale
was obtained by averaging the bendability scales of
Satchwell et al. (1986) and Brukner et al. (1995)
derived from statistics of nucleosome positioning and
DNasel cutting frequencies. The program for calculat-
ing helical asymmetry is available on the Web site
htip:/[www.icgeb.trieste.it/dna.
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4.3.3. BEND program

The program utilizes a simplified approach for calcu-
lating the amplitude of curvature, without the prior
calculation of three-dimensional structure of DNA.
The set of roll, tilt, and twist angles of De Santis et al.
(1990) was used in ANSI C modification of the pub-
licly available version of the BEND program
(Goodsell and Dickerson, 1994).

5. Results and discussion

5.1. Comparison of complexity of biological and random
sequences

One of the most important tests of every complexity
measure should be comparison between complexity of
a natural text, which is supposed to carry redundancy
properties (Trifonov. 1990; Konopka, 1990; Popov et
al.. 1996). and its randomized counterpart. To perform
such a test, the above-mentioned sequence complexity
measure LC was applied to the standard (reference)
HIV-1 genome, to a shuffled HIV-1 genome, to a long
E. coli fragment starting at position 19,901 and having
a length of 60000 nt, and to its randomized counter-
part. Randomization was performed as a first-order
shuffling, i.e., with preservation of nucleotide compo-
sition only. Complexity was calculated in sliding win-
dows with length 120 and 200 nt. The results are
summarized in Table 1. As we expected, original geno-
mic sequences show substantially lower average com-
plexity than randomized sequences with the same
composition (i.e., shuffled HIV-1 genome and shuffled
E. coli fragment). We observed an increment of com-
plexity as a result of sequence randomization approxi-
mately equal to one standard deviation.

We use the terms ‘random’ and ‘randomization’ as
they are used in the literature. However, to avoid mis-
understandings, we would like to emphasize that so-
called random sequences are usually obtained by shuf-
fling corresponding biological sequence, using a gen-
erator of pseudo-random numbers. Such a randomized
sequence does not necessarily possess the highest poss-
ible complexity for a defined nucleotide composition.

Table 1
Comparison of complexity of biological and pseudo-random
sequences

Sequence Window 120 Window 200
HIV-1 0.46+0.09 0.42+40.07
HIV-1 randomized 0.5340.08 0.49 +0.06
E. coli 0.56+0.08 0.55+0.09
E. coli randomized 0.634+0.07 0.60+0.10
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The most complex sequence must be carefully
designed, and thus will not be really random. It is
therefore incorrect to assume that the most complex
regions of the genome (of the HIV-1 genome, for
example) are the most ‘random’ regions. Usually, it is
much easier to provide a reasonable explanation for a
nature of ‘low complexity” of a certain region.

5.2. Complexity and a sliding window parameter

Table | shows that linguistic complexity is sensitive
to window size. Fig. 1 illustrates that, presenting
results of HIV-1 genome mapping with several sliding
windows. To facilitate visualization of similarities and
differences, the complexity graphs are plotted one
under the other. The simplest and the most complex
regions were found for every sliding window individu-
ally, and sometimes they are placed rather distinctly.
depending on the window size. However, certain fea-
tures show up in all graphs: for example, a simple site
always appears close to nucleotide position 5000. The
three upper curves, corresponding to smaller windows,
depict a region around position 6100 as the simplest.
and the region approximately at position 6900 as the
most complex. The two lowest curves, corresponding
to larger windows of 400 and 800 bases, present a
‘bird’s-eye view’ on an overall tendency: the gag-pol
region is simpler than the env region. It is very tempt-
ing to correlate distribution of complexity along the
HIV-1 genome with distribution of its variability, but
this interesting issue is beyond the scope of this study.

5.3. Comparison of linguistic complexity of coding and
non-coding regions

Fig. 2 shows histograms of linguistic complexity in
coding and non-coding regions of E. coli. The original
annotation of the E. coli genome (GenBank accession
number U00096) was used to divide the whole
sequence into coding and non-coding parts. Two data-
sets, consisting of 300 coding and non-coding frag-
ments of E. coli, were compiled by randomly cutting
300 nt pieces off the corresponding parts of the gen-
ome. After dataset compilation, LC was calculated
using a sliding window of 100 nt in every fragment.
Histograms of averaged LC,q clearly show different
distributions between coding and non-coding E. coli
sequences. Although not every non-coding sequence is
extremely simple, the fraction of simpler non-coding
fragments is significantly larger than among coding
sequences. Thus, our more detailed analysis of E. coli
sequence is consistent with the results of Konopka
(1990) and Trifonov (1990). A similar analysis was
applied to datasets of human introns and exons with
rather similar results (data not shown), although the
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