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Abstract

The melting of the coding and non-coding classes of natural DNA sequences was investigated using a program, MELTSIM,
which simulates DNA melting based upon an empirically parameterized nearest neighbor thermodynamic model. We calculated
T, results of 8144 natural sequences from 28 eukaryotic organisms of varying Fgc (mole fraction of G and C) and of 3775
coding and 3297 non-coding sequences derived from those natural sequences. These data demonstrated that the T, vs. Fgc
relationships in coding and non-coding DNAs are both linear but have a statistically significant difference (6.6%) in their
slopes. These relationships are significantly different from the 7}, vs. Fgc relationship embodied in the classical Marmur—
Schildkraut—Doty (MSD) equation for the intact long natural sequences. By analyzing the simulation results from various base
shufflings of the original DNAs and the average nearest neighbor frequencies of those natural sequences across the Fgc range,
we showed that these differences in the 7}, vs. Fgc relationships are largely a direct result of systematic Fgc-dependent biases
in nearest neighbor frequencies for those two different DNA classes. Those differences in the T, vs. Fgc relationships and
biases in nearest neighbor frequencies also appear between the sequences from multicellular and unicellular organisms in the
same coding or non-coding classes, albeit of smaller but significant magnitudes.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction important technology developments underlying and
driving the evolution of biotechnology in the aca-
demic and commercial arenas. Historically, the DNA
double helix thermal denaturation process has been

mostly studied with optical methods [1]. Many early

The process of DNA denaturation, followed by a
hybridization event, was one of the earliest and most
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biophysical studies of whole organism genomic
DNAs and fractionated purified components such
as satellite DNAs, employed experimental DNA
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melting to help understand the structure and organi-
zation of these complex DNAs [2—6]. Investigations
of the DNA thermodynamic stability have focused
on correlations with the DNA base composition
[1,7], base substitution, mutation or polymorphism
[8—10] and its relationship to the DNA hybridization
process [1,11]. It has been long known from various
experiments that the melting process of any DNA
molecule depends on the solution pH, counterion
type and concentration and the presence of solutes in
the solution environment, as well as the (G+C)
content, the length, and the sequence of the DNA
[1,12].

Statistical thermodynamic models of the dsDNA
melting process have been proposed [13,14], which
have led to algorithms, using empirically derived
thermodynamic parameters, for the simulation of the
process [15—17]. It is notable that there are differ-
ences in the thermodynamic parameters used in these
models for simulating long DNA as opposed to
oligonucleotide melting [1,11]. This is necessary in
order to make the simulations accurate and agree with
experimental results [18,19]. Consequently, in simu-
lations it is necessary to treat the DNA melting
process separately for DNA and for double helical
oligonucleotides. The most often used parameter
resulting from the computation of the melting process
is the melting temperature (7,), which is the temper-
ature at which 50% of the base pairs in all sample
duplexes have been dissociated.

Classically, the 7., of long DNA sequences has
been correlated with the sequence mole fraction of
guanine and cytosine bases, Fgc, and the ionic
strength of the solution environment through a linear
equation, the Marmur-Schildkraut—Doty (MSD)
equation [20,21]. This equation was refined over
three decade time from the empirically measured
T»s of many complex heterogeneous populations of
long length DNA sequences from whole organisms.
These DNAs covered a wide range of average Fgc
values with a large, relatively unbiased distribution of
nearest neighbor pair frequencies, f;;, where 7j denotes
the stack of nucleotide pair i on its neighbor j [1].
The MSD equation, while not representing the near-
est neighbor pair dependence widely believed to
underlie the DNA melting process, shows a linear
dependence of T;, on Fgc over a wide Fgc range
(0.3<F5c<0.7) [1].

However, the effect of biased nearest neighbor
pair frequencies, found in many natural DNA
sequences, on the linear relationship of 7, and
Fge studied in the MSD equation, is problematic.
Especially as studied sequence lengths get smaller
and nearest neighbor biases become more pro-
nounced, the MSD equation becomes an oversimpli-
fication of more complex dependencies of DNA
stability on sequence domains and the physical states
of neighboring domains. In the case of extreme
nearest neighbor bias in the DNA sequences being
melted (for example, d(G-C)-d(G-C), d(AT)-d(AT)),
quite large deviations have been observed between
the experimentally determined and simulated 7.,s
[22]. In these extreme instances, the disagreement
between experiment and simulation is thought to
result from the sequences adopting non-B secondary
structures with altered base stacking. Given the
limitations in the applicability of the MSD equation
to sequences with nearest neighbor bias, we decided
to investigate the relationship between T, and Fgc
in relatively short DNA sequences containing normal
bias in neighbor-pair frequencies. For this study, we
chose a large number of coding and non-coding
sequence elements in eukaryotic genomes, a system
that had not been investigated.

Using the MELTSIM program [7,23], we per-
formed a large-scale simulation of the DNA melting
of over 8000 single gene-containing DNA sequences
obtained from GenBank that were contained within 28
eukaryotic organisms’ genome files across the entire
%(G+C) range. This type of large-scale survey study
of separate gene-containing sequences, containing a
wide range of nearest neighbor pair frequencies, has
not been described before. MELTSIM is a program
based on a statistical mechanics algorithm described
by Fixman and Freire [17], in which empirically
parameterized nearest neighbor base pair frequencies
are used to simulate DNA melting. The program has
been shown to simulate accurately the melting pro-
cesses of a number of specific DNA populations from
different organisms that have also been studied exper-
imentally. The 7}, values calculated by the MELTSIM
program are in agreement with the experimental 7};s
of various DNAs with different Fgc and lengths
[7,22—26]. Here, we compare the T, values computed
from melting simulations of two functionally different
kinds of DNA sequences, protein-coding sequences
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(exons) and non-coding sequences (introns and gene-
flanking DNA) from the single gene-containing
sequences. We show that relationships between 7},
and Fgc for the two functionally different genome
regions are both linear like the classic MSD-type
relationship, but that they possess a statistically sig-
nificant 6.6% difference in their slope. Next, via a
comparison of 7;,s of all sequences to 7,,s of their
identical Fgc shuffled versions, we demonstrate that
this exon—intron difference results from a systematic
difference in the distribution of nearest-neighbor pairs
in coding and non-coding genomic regions. No higher
order neighbor pair information is necessary to ac-
count for the specific T;, vs. Fgc relationships.
Finally, we demonstrate significant differences in the
T, and Fgc relationship between single-cell and
multi-cell organisms, within both their coding and

Table 1
List of the 28 organisms studied and composition of their sequences

non-coding classes. These differences are due to
differential f; trends found in a subset of nearest
neighbor pairs across the Fgc range.

2. Materials and methods
2.1. DNA sequence selection

In this study, nucleic DNA sequences coding for
single-genes from 28 eukaryotes (Table 1) were in-
cluded in order to cover the whole range of Fgc of
typical eukaryotic genomes. These sequences were
retrieved from GenBank (http://www.ncbi.nlm.nih.
gov/entrez/query.fcgi? db=Nucleotide) within the
dates April 15-25, 2001. In order to minimize se-
quence-specific bias, duplicate sequences and alleles

Organisms Unicellular (U) Average Number of source Number of Number of non-
or multi- %(G+C) sequences and coding sequences coding sequences
cellular (M) total bps and total bps and total bps

Anopheles gambiae M 48.95 17/60 030 4/7357 10/32 761

Arabidopsis thaliana M 38.34 885/2 844 052 141/242 310 334/573 281

A. niger M 52.55 147/400 451 52/84 809 0/0

Caenorhabditis elegans M 35.92 282/4 757 788 42/81192 87/190 536

Candida albicans U 35.25 296/701 662 243/496 201 50/68 702

Danio rerio M 38.70 177/493 124 29/37 877 75/296 545

D. discoideum 0] 26.58 286/824 350 180/430 553 57/82 416

Drosophila melanogaster M 43.93 599/2 767 024 244/419 398 383/1 644 670

Emericella nidulans M 50.77 263/1 090 070 149/325 646 110/176 425

Entamoeba histolytica U 29.76 72/170 130 41/92 986 3/3855

Fugu rubripes M 4591 124/1 485 333 33/62 718 271/874 888

Gallus gallus M 49.96 294/1 103 275 47/80 463 220/467 685

H. sapiens M 48.37 264/993 148 189/248 222 201/616 788

L. major U 60.68 103/2 188 745 102/259 197 11/16 461

M. sexta 0] 34.18 19/88 840 0/0 19/46 244

Mus musculus M 47.83 612/2 300 980 142/238 100 317/699 303

Neurospora crassa M 51.93 250/1 993 520 241/571 197 249/693 151

Oryza sativa M 44.56 305/1 334 458 64/118 268 197/436 572

P. falciparum U 24.63 256/790 013 260/702 528 22/48 524

S. cerevisiae 6] 38.80 1516/4 015270 1015/2 100 566 184/265 488

Schistosoma mansoni M 38.79 55/134 183 10/23 256 14/22 656

Schzosaccharomyces pombe U 37.71 424/1 177 433 254/524 491 106/167 277

Strongylocentrotus purpuratus M 41.35 39/95 468 5/7997 17/50 514

T. thermophila M 27.26 76/168 395 21/26 049 10/15 734

Toxoplasma gondii 0] 51.27 69/199 507 26/41 175 21/39 714

Trypanosoma brucei U 45.49 212/707 014 148/250 084 63/146 887

Xenopus laevis M 41.51 177/567 675 40/65 735 99/178 261

Zea mays M 46.67 325/1 181 564 53/105 110 167/345 212

Total 8144/34 633 502 3775/7 643 485 3297/8 200 550
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of the same gene were removed using the CLEANUP
program [27], which removed from the input sequence
collection the shorter of two matching sequences hav-
ing identity and overlapping percentage above 95%.
The non-redundant sequences were then filtered to
remove the sequences with over 1% of unidentified
nucleotides. Then, from each of the filtered single-gene
DNA sequences (source sequence), coding (exon) and
non-coding (flanking and intron) regions were sepa-
rated by the COMPILE program (freely available at
http://bioinformatics.org/meltsim). In this process, all
the nucleotides that have the same functional structure
(coding or non-coding) were placed into one sequence
file designated coding or non-coding. Furthermore, in
order to minimize variations in our Ty, results due to
the known end-effect (sequence terminal thermody-
namic bias) and the effect of DNA sequence length
[1], we selected only the source, coding, and non-
coding sequences above 1000-bp length for the melt-
ing simulation. The numbers of the sequence files
received from each organism and the average %(G+C)
in DNA sequences of each organism are summarized
in Table 1.

2.2. DNA melting simulation and sequence shuffling

After separating the coding and non-coding
nucleotides from each GenBank document into dif-
ferent files, melting was separately simulated for
each individual sequence using the MELTSIM pro-
gram [7,23], which is available for download at
http://bioinformatics.org/meltsim. In this paper, we
focused on the calculation of melting temperatures
(T,,) of the DNA sequences at one condition of the
counterion concentration—in this case [Na']—is
equal 0.075 M.

In order to validate the effect of nearest-neighbor
pairs on the DNA melting simulation process, we
shuffled the sampled sequences separately for each
coding or non-coding DNA sequence received after
the cleaning and filtering processes. There were three
shuffling procedures: (1) randomized shuffling of all
nucleotides along the sequence (‘random shuftling’);
(2) randomized shuffling of nucleotides within the first,
the second, and the third positions of a 3-nucleotide
frame repeating along the sequence, respectively,
(‘in-frame shuffling’); and (3) a random shuftling
procedure, in which all of the dinucleotide or oligo-

nucleotide frequencies of the sequence are conserved
(‘conservative shuffling”). In the random shuffling
procedure, all the nucleotides’ positions in the orig-
inal sequence were randomly swapped with the help
of a random number generator, and a new DNA
sequence was created with the same Fgc but with a
new random distribution of nearest neighbor pair
frequencies. In the in-frame shuffling procedure,
the nucleotides in each position of a 3-nucleotide
repeating frame were randomly swapped within their
frame positions. Therefore, the newly created DNA
sequence had the same in-frame nucleotide compo-
sitions as well as overall Fgc as compared to the
original sequence. However, this in-frame shuffling
procedure still changed randomly the nearest neigh-
bor pair frequencies of the original sequences. The
conservative shuffling procedure employed the Euler
paths on directed graphs algorithm of Kandell et al.
[28], which is implemented by the Shufflet program
of Coward [29]. This procedure produced a uniform
sample of randomly shuffled sequences, which con-
serve the exact counts of all words equal to or
shorter than a given length &. When we chose =2,
we received randomly shuffled sequences, in which
the nearest neighbor pair frequencies (f;) were all
maintained. The melting processes of the shuffled
sequences were also simulated by MELTSIM and the
Tms were compared with the results of the original
sequences as difference representations. The pro-
grams to carry out these procedures are available
in the supplementary material. The nearest neighbor
pair frequencies, f;, were calculated by taking the
counted number of the nucleotide pair ij in a
sequence divided by the total number of all the
nearest neighbor pairs. The graphs and statistical
procedures were carried out using the SigmaPlot
2002 for Windows v. 8.0 from SPSS (http:/www.
spssscience.com/) and scripts in R language (www.
r-project.org).

3. Results

3.1. The T,, vs. Fc relationship is different in natural
coding and non-coding DNA sequences

Natural DNA sequences, which contain single-
genes, were retrieved from 28 representative eu-
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karyotic organisms (see Table 1). These eukaryotes
cover a wide range of GC content in their genomes,
from GC-rich, e.g. Leishmania major, Aspergilus
niger, to GC-poor, e.g. Distyostelium discoideum,
Plasmodium falciparum. They also include well-
sequenced genomes like Saccharomyces cerevisiae,
Homo sapiens, as well as, sparsely-sequenced
genomes like Tetrahymena thermophila, Manduca
sexta. The total number of sequences and base pairs
of each class of DNA sequences are shown in
Table 1.

There has long been known to be a length-
dependence of the T}, of any DNA sequence. Due
to thermodynamic end effects—the end melting
preferentially in any given sequence—as sequences
shorten to hundreds of base pairs length, then T,
begins to decrease significantly. In this investiga-
tion, we only considered the natural sequences
longer than 1000 bps because it had been shown
that when the sequence length (/) is greater than
approximately 1000 bps, the T;, y-melting tempera-
ture of oligomers of length N, approximates the T,
of a ‘corresponding’ DNA of infinite length with
identical nearest-neighbor composition [1]. Never-
theless, for all those selected sequences, we exam-
ined the average lengths over the Fgc range. These
data are shown in Table 2 for five different Fgc bins.
No consistent average length trend is statistically
evident in any of the three kinds of DNA sequences
studied in this paper. Therefore, we calculated and
compared T,,s of these long sequences without fur-
ther considering their actual lengths.

Using the MELTSIM program, we calculated the
simulated 7,,s of the source sequences (original
sequences containing both coding and non-coding
regions) and plotted them against their Fgc in

Table 2
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Fig. 1. T, vs. Fgc of the source sequences of the organisms.

Fig. 1. The data in Fig. 1 were fitted with a linear
regression, giving the following equation:

Tin_se = 41.44 Fge + 63.90 (1a)

(R?=0.9969, and the coefficient had P<0.0001). A
recent accurate representation of the MSD equation,
determined from experimental DNA melting, has the
formula:

Tm (°C) = 193.67 — (3.09 — Fgc)(34.64 — 2.83-
In[Na']) [1], and in the specific condition of
[Na']=0.075 M, we can write:

Tn =41.97-Fgc + 63.98 (1b)

Obviously, the relationship in Eq. (1a) agrees quite
well with the relationship derived from the MSD
equation (Eq. (1b)). However, when we plotted the
simulated T3, (°C) vs. Fgc of the natural separated
coding and non-coding sequences (see Fig. 2), we
obtained two different linear relationships that both

Length distributions of the DNA sequences studied across their range of Fgc

Fge Whole sequences (bps) Coding sequences (bps) Non-coding sequences (bps)
Average (STD) Average (STD) Average (STD)
0.1-0.2 5026.3 (14 435.5) 2293.3 (981.1) 1610.2 (931.2)
0.2-0.3 2997.7 (3492.3) 2715.1 (1983.6) 1706.0 (1036.4)
0.3-0.4 4193.6 (6794.2) 2288.9 (1366.9) 2528.7 (3456.7)
0.4-0.5 3859.3 (5886.8) 1835.8 (1043.2) 3175.4 (4365.7)
0.5-0.6 4104.5 (8051.9) 1772.8 (1067.5) 2377.7 (3674.4)
0.6-0.7 7280.9 (12819.4) 1365.3 (615.5) 1640.0 (606.8)
0.7-0.8 1551.4 (502.3) - - 1727.4 (928.8)
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Fig. 2. T),, vs. Fgc of the coding and non-coding sequences of all the
organisms. Open circles and open triangles represent 7,,, values of
the coding and non-coding sequences, respectively.

differed significantly from the Eq. (1b) MSD-type
relationship. The linear regression result for the cod-
ing sequences was:

T cd = 42.75-Fge + 63.29 (2a)

(R?=0.9970, P<0.0001); and the result for non-
coding sequences was:

T non—cd = 40.11-Fge + 64.39 (2b)

(R*=0.9958, P<0.0001). The slope for coding
DNA in Eq. (2a) is 6.6% higher than the slope for
non-coding DNA in Eq. (2b). In order to determine
whether that difference was significant, we calculated
the standard errors of the coefficients in Egs. (2a) and
(2b) by the non-parametric bootstrap method [30].
With 1000 bootstrap cycles, we obtained the standard
errors of the slope and the intercept of Eq. (2a) to be
0.04 and 0.0173, respectively. Similarly, standard
errors of the slope and the intercept of Eq. (2b) were
0.04 and 0.0172, respectively. Therefore, we could
conclude that the difference between these two equa-
tions was highly statistically significant as were the
differences between these two equations and the Eq.
(1a), total source sequence, and Eq. (1b), the MSD
relationship.

3.2. The T, vs. Fgc relationship of shuffled
DNA sequences demonstrates a nearest neighbor
dependence

First, we considered the DNAs obtained from the
‘random shuffling’ of individual coding and non-

coding sequences. This shuffling procedure main-
tained the overall base composition (constant mono-
nucleotide frequencies, fa, f1, fG, fc) of the original
sequences, but randomly changed every higher order
neighbor base frequency in the DNAs (f, fix etc.).
The T,s of those random shuffled sequences were
computed by the MELTSIM program. In order to
ensure that we deal with the properties of a truly
randomized sequence, each coding or non-coding
sequence was randomly shuffled ten times. Each
time a T, of the resulting sequence was calculated,
and then these T,,s were averaged. The average
Tws of the random shuffled sequences were plotted
against their Fgc in Fig. 3. Here, both of the reg-
ression lines are similar. For the random shuffled
coding sequences:

Tm_Sh_cd = 41.69'F(;c + 6383, (33)

for which R*=0.9993, P<0.0001; and for the ran-
dom shuffled non-coding sequences:

Tin_sh_non—cd = 41.69-Fgc + 63.84, (3b)

for which R?=0.9989, P<0.0001. These nearly
identical relationships demonstrate that randomized
nearest neighbor f; values have removed all the
Fgc-dependent melting differences that distinguish
coding from non-coding sequences—as we would
expect.

In a similar way, each coding and non-coding
sequence went through the ‘in-frame shuffling’
process, which maintained the base composition of
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Fig. 3. Average T}, vs. Fgc of the randomly shuffled coding and
non-coding sequences of all the organisms. Open circles and open
triangles represent T, values of the randomly shuffled coding and
non-coding sequences, respectively.
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the whole original sequence as well as the base
composition in each position of a repeating 3-
nucleotide frame along the original sequence. Each
sequence also went through this shuffling procedure
10 times, and then an average T,, was calculated.
Fig. 4 depicts the relationship between the average
Twms and Fge of those ‘in-frame shuffled’ sequen-
ces. The linear regression results here were very
similar with the random shuffled results from Fig.
3. Specifically, for the ‘in-frame shuffled’ coding
DNAs:

Tm_Sh3_cd = 4159FGC + 63887 (43)

for which R*=0.9995, P<0.0001; and for the ‘in-
frame shuffled’ non-coding DNAs:

Tmsmnonfcd =41 -73'FGC + 6382, (4b)

for which R*=0.9994, P<0.0001. These results show
that a small residual difference of 0.3% exists
between coding and non-coding sequences that is
nearly within the standard error limits for these
slopes. Therefore, we do not consider these slope
differences to be significant.

Finally, the ‘conservative shuffling’ process, which
maintained both the base composition and the nearest
neighbor frequencies (f;) of the original sequences,
was applied to the coding and non-coding sequences
in the same manner as with the two previous shuffling
procedures. Fig. 5 represents the relationship between
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Fig. 4. Average T, vs. Fgc of the in-frame shuffled coding and non-
coding sequences of all the organisms. Open circles and open
triangles represent 7, values of the in-frame shuffled coding and
non-coding sequences, respectively.
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Fig. 5. Average T, vs. Fgc of the dinucleotide frequencies-
conservatively shuffled coding and non-coding sequences of all the
organisms. Open circles and open triangles represent 7,,, values of
the dinucleotide frequencies-conservatively shuffled coding and
non-coding sequences, respectively.

the average T, and Fgc of the ‘conservative shuffled’
sequences. Those ‘conservative shuffled’ coding and
non-coding sequences both had very good linear
relationships but with different coefficients, especially
the slopes. For the ‘conservative shuffled’ coding
sequences:

Tm_Conssh_cd = 42.78-Fgc + 63.27, (Sa)

for which R2=O.9970, P<0.0001; and for the ‘conser-
vative shuffled’ non-coding sequences:

Tin_ConsSh_non—cd = 40-23'FGC + 6435, (Sb)

for which R?=0.9959, P<0.0001. The slope results in
Fig. 5 differ by 6.3% and are, therefore very similar to
the results obtained for the original natural coding and
non-coding sequences (Egs. (2a) and (2b)), where a
6.6% difference was observed. In order to confirm
that the difference between Eq. (5a) and Eq. (5b) was
also statistically significant, we calculated the stan-
dard errors of the coefficients in the two equations by
the bootstrap method (1000 bootstrap cycles). The
standard errors of the slope and the intercept were
0.04 and 0.0172, respectively, for Eq. (5a); and were
0.04 and 0.0173, respectively, for Eq. (5b). Based on
these results, we concluded that the 6.3% slope
difference between Eq. (5a) and Eq. (5b) was highly
statistically significant.

As a way to more easily compare the data in the 7},
vs. Fgc plots that we presented in Figs. 1 -5, the best fit
slope values that were determined in Egs. (1a), (1b),
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(2a), (2b), (3a), (3b), (4a), (4b), (52) and (5b) have been
plotted in the Fig. 6 bar chart for each normal and
shuffled condition we studied. Here, the statistically
significant 6.6% difference in slope between the natural
coding (cd) and non-coding (non-cd) sequences that we
studied separately is clear. Also clear are the differences
between these slopes and the original source sequences
(Sr) from which they were obtained, as well as the
similarity of the source sequences slope to the MSD
equation slope. Then the random shuffled (Sh) and in-
frame shuffled (Sh3) sequences results can be seen to
produce slopes that are indistinguishable from one
another, but are distinctly different than the natural
coding and non-coding sequences slopes. However, the
conservative shuffled (consSh) sequences reproduce
the natural coding and non-coding sequence slopes
within the bootstrap determined experimental error.
Another way to compare the T}, vs. Fgc relation-
ships in the natural sequences and in the shuffled
sequences was to look at the difference in 7}, of these
sequences across the range of Fgc. Fig. 7a,b present
the difference in 7, between the natural sequences
and the average ‘random shuffled’ natural sequences
of coding and non-coding DNAs, respectively, as a
function of their Fgc. Although we did not see a good
linear regression in either case (in Fig. 7a, R*=0.1612,
and in Fig. 7b, R’=0.2424), there were clearly two
opposite trends for coding (positive slope) and non-
coding (negative slope) sequences. As the Fgc in-
creased, the difference in T, of the coding sequences
increased significantly, while the difference in 7, of
the non-coding sequences decreased by a similar mag-
nitude. However, when we considered the difference
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Fig. 6. Bar chart of the best-fit slope values of the linear regression
relationships between T),, and Fgc of different DNA sequences.
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and the average 7),;s of the randomly shuffled sequences in the cases
of (a) coding DNAs and (b) non-coding DNAs against their Fgc.

between T}, of the natural sequences and average T,
of the ‘conservative shuffled’ natural sequences vs.
Fgc for coding and non-coding DNAs in Fig. 8, we saw
two random distributions centered approximately 0 °C
over the whole range of Fgc. The linear regressions for
both coding and non-coding sequences possessed
slopes of zero to the third and second decimal places
and intercept of approximately 0.01 °C. These data
demonstrate the closeness of 7}, of the natural sequen-
ces to the average T}, of their ‘conservative shuftled’
sequences for both coding and non-coding DNAs.

3.3. Comparison of the nearest-neighbor frequencies
in different classes of DNA

The results presented above demonstrate that the
MSD-type relationships between T, and Fgc in
coding sequences and in non-coding sequences were
substantially different and were only dependent on the
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Fig. 8. Plots of the differences between 7),,s of the natural coding
and non-coding sequences and the average 7,,s of the dinucleotide
frequencies-conservatively shuffled sequences against their Fgc.
Open circles and open triangles represent difference T, values of
the coding and non-coding sequences, respectively.

frequencies of the nearest neighbor pairs in DNA.
There are 16 possible nearest neighbor combinations
(16 dinucleotides), but only 10 nearest neighbors are
unique. Therefore, we compared these 10 nearest-
neighbor frequencies of the coding and the non-
coding sequences in Fig. 9. Here, the nearest-neighbor
frequencies of the sequences in five different bins
across the range of Fgc were averaged with sequence-
length weightings, and the weighted averages of the
frequencies in the five bins of Fgc were compared as
the difference between the coding and the non-coding
frequencies. On the horizontal axis, the nearest neigh-
bors were arranged in the order of decreasing stacking
energy from left to right. We noticed that there were
differences between coding and non-coding sequences
in every nearest-neighbor frequency across most of
the Fgc bins. For some nearest neighbor pairs (GG,
AG, GA, AT), there was a striking sign reversal in the
frequency difference from the lowest four Fgc bins
going to the fifth and highest 0.6—0.7 Fgc bin. A
number of nearest neighbors (GC, AC, CG, CA)
showed a consistent trend to an increasingly positive
frequency difference from the lowest to the highest
FGe bins. These cases, and the mostly positive fre-
quency differences observed for GG, AG, GA, and
AA would be expected to contribute significantly to
the 6.6% higher slope calculated for natural coding
compared to natural non-coding sequences from the

data presented in Fig. 2, as well as account for the Fig.
7a,b, Ty, differences for these DNAs.

3.4. The T,, vs. Fgc relationships of multicellular and
unicellular organisms are different due to the differ-
ences in nearest-neighbor frequencies

As seen in Fig. 7a,b, we can get information about
T vs. Fgc relationships of different classes of DNAs
through plots of the differences in 7, between the
natural sequences and the average ‘random shuffled’
natural sequences against their Fgc. Considering the
varied origins of the natural DNAs, we divided them
into two additional classes—the sequences from mul-
ticellular organisms and those from unicellular organ-
isms. The differences in T,, between the natural
sequences and the average ‘random shuffled’ natural
sequences of coding and non-coding DNAs of these
two classes were plotted as a function of their Fg¢ in
Fig. 10a—d. As in Fig. 7a,b, the T,, difference be-
tween the natural and ‘randomly shuffled’ sequences
vs. Fgc relationships have two opposite trends for
coding and non-coding DNAs (Fig. 10a,b, [positive
slopes] as compared to Fig. 10c,d, [negative slopes]).
Furthermore, within each coding or non-coding DNA
class, the T, difference vs. F5c relationship is clearly
quantitatively different between the sequences from
multicellular organisms and the sequences from uni-
cellular organisms (compare Fig. 10a vs. Fig. 10b, and
Fig. 10c vs. Fig. 10d). These results suggest that there
is a difference between the Ty, vs. Fgc MSD relation-
ships of sequences from multicellular and those from

0.1
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Fig. 9. The distribution of average nearest neighbor frequencies in
five different bins of their Fgc for all DNA coding and non-coding
sequences.
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unicellular organisms in both coding and non-coding
DNAs. However, this difference is smaller than the
overall difference between coding and non-coding
DNA classes. This observation can be explained when
we consider the differences in the nearest-neighbor
frequencies of the sequences from the two different
kinds of organisms.

In a manner similar to Fig. 9, the differences in
weighted averages of nearest-neighbor frequencies of
the sequences in different bins across the Fgc range
were plotted for the coding sequences from multicel-
lular organisms (Fig. 11a) and for the non-coding
sequences from unicellular organisms (Fig. 11b). The
differences in frequencies of several nearest-neighbors
(GC, CG, GG, AG, AA, TA) are significant across the
range of Fgc in both of the figures. However, the most
striking features in these two figures are the magnitudes
of the frequency differences. Few frequency differ-
ences exceed +0.01, with the largest few being close to
—0.03 (GC, CG). These differences are much smaller
than the magnitude of the frequency differences be-
tween coding and non-coding sequences in Fig. 9,
where many exceed +0.02 and the largest are +0.07
(GC) and —0.15 (GG). That explains why the differ-
ences in the 7, vs. Fgc relationships between the
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Fig. 11. The differences of average nearest neighbor frequencies
between DNAs from (a) coding sequences and (b) non-coding
sequences of multi-cellular and single-cellular organisms in
different bins of their Fgc.
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sequences from multicellular organisms and unicellular
organisms are much smaller than the differences be-
tween coding and non-coding sequences.

4. Discussion

The relationship between the thermodynamic sta-
bility of DNA sequences, expressed by the 7, and the
sequence features, most notably the sequences’ base
content, has been investigated for decades. In various
versions of the MSD equation, determined empirically
from measured T,,s acquired over three decades, T},
has a linear relationship with the mole fraction of
(G+C) in the DNA sequences [1]. The MSD equation
has typically been shown to apply to large heteroge-
neous mixtures of DNA of long sequence lengths.
However, for DNA sequences of relatively homoge-
nous sequence composition, large deviations from the
MSD equation have been observed and the 7, has
been shown to depend more directly on the nearest
neighbor frequencies of DNA sequences [22]. In the
present investigation, we examined a large collection
of natural DNAs that are moderate in length (from 1 to
100 Kbp). Only sequence documents containing single
genes were collected from 28 organisms of varying
FGce, so that every organism across the range of bio-
logical GC content (0.15<Fg¢<0.7) was sampled con-
sistently. Furthermore, using single-gene documents,
we obtained a collection of DNAs that were relatively
homogeneous in composition and of consistently small
size. With this collection of natural DNAs as input, we
employed the MELTSIM program, which models the
melting process in terms of the nearest neighbor
interactions, to simulate the melting and calculate the
TS.

Comparing the slopes and intercepts of Eqgs. (1a)
and (1b) and taking into account that the accepted
accuracy for the MSD equation is +0.15 °C [1], the
results of the calculated T,,s of all the natural DNAs
gave a Ty, vs. Fge relationship, which is similar with
that given by the MSD equation. When we separated
the natural DNAs into two different functional
domains, coding and non-coding, the T;, vs. Fgc
relationships for these two sequence classes were
linear but exhibited significantly different slopes
from one another as well as from the original source
sequences. Comparing Eq. (2a) for coding sequences

with Eq. (1a), we see that the difference between the
Ty cq and the T, of the intact sequences calculated
by MELTSIM is higher than the experimental accu-
racy when Fgc is below 0.69. From Eq. (2b) for
non-coding sequences and Eq. (la), the difference
between the Ty, non.ca and the Tj, of the intact
sequences is also higher than the experimental accu-
racy when Fgc is higher than 0.30. In other words,
in most of the natural range of GC content in DNAs,
the linear relationships between T, and Fgc in
coding DNAs and non-coding DNAs are different.
These results could not be accurately described by
the MSD equation previously reported. However, the
fact that Eqs. (2a) and (2b) both exhibit strong linear
relationships, like Eq. (1b), demonstrates that rela-
tionships between T}, and Fgc in coding DNAs and
non-coding DNAs can be described by MSD-like
equations for each DNA class, just with different
coefficients — in particular a 6.6% difference in
slope. Thus, for coding and non-coding sequences
of identical or similar Fgc values, the very different
T,»s that are evident in Fig. 2, are subsumed into a
single T, in Fig. 1 for those coding and non-coding
sequence segments that form one single gene se-
quence in Fig. 1.

The very different coding and non-coding region
T,»s that occur within single genes may be manifest
as individual cooperative melting domains that retain
their functional identity during melting. There is a
feature of the MELTSIM program that accurately
simulates the thermodynamic domain melting along
any DNA sequence [1,7,24—-26,31]. Application of
this simulation feature would undoubtedly reveal in
the original source sequences some of the same
behavior exhibited here by the coding and non-
coding sequence classes. Such behavior has been
previously observed by our laboratory in genes found
in D. discoideum, comprised of multiple alternating
exons and introns [25]. In these cases, MELTSIM
demonstrated that the alternating exon and intron
sequences melted as distinct thermodynamic cooper-
ative domains, reflecting their nearest neighbor base
compositions.

Our experiments with shuffled sequences demon-
strate that the biases in nearest neighbor frequencies
alone can account for the observed differences in
the individual MSD-like relationships between 7},
and Fgc in coding DNAs and non-coding DNAs—
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not their Fgc or higher order pair frequencies.
Whenever the natural nearest neighbor frequencies
in those two classes of DNAs are changed but Fgc
is maintained by either the ‘random’ or ‘in-frame’
shuffling procedures, the relationships between T,
and Fgc in the new sequences from the two kinds
of DNAs become nearly identical to each other and
to the relationship derived for whole gene contain-
ing sequences and to the MSD equation reported in
the literature [1]. These relationships are clearly
seen in Fig. 6. However, when these natural nearest
neighbor frequencies are preserved (in the ‘conser-
vative’ shuffling procedure), the relationships be-
tween Ty, and Fgc in the shuffled sequences from
the two kinds of DNAs remain different in slope by
6.3%, which is 95% of the 6.6% slope difference
exhibited by the original coding and non-coding
sequences (see Egs. (5a) and (5b), and Fig. 6).
Thus, nearest neighbor effects in the large popula-
tion of relatively homogeneous sequences we stud-
ied here can adequately account for the difference
observed between the coding and non-coding se-
quence T, vs. Fgc MSD-like relationships.
However, to understand the underlying physical
basis for the 6.6% difference in slopes of these
relationships, we investigated whether differences
existed in the nearest neighbor frequency distribu-
tions between coding and non-coding sequences that
are consistent across the entire Fc range. Therefore,
we examined the nearest neighbor frequencies of our
coding and non-coding sequence populations and
presented evidence for the differences in the natural
nearest neighbor frequencies of coding and non-
coding DNAs across the whole range of their GC
content in Fig. 9. These differences are most prom-
inent in the CG, GG, and GC neighbor pairs and less
so for AA, GA, and CA neighbor pairs. These
differences in nearest neighbor pair frequencies are
in agreement both with the results of several pub-
lished investigations, which surveyed fewer sequen-
ces [32,33], as well as the known fact that the triplet
code constrains the nearest neighbor pair frequencies
of coding DNAs to be different from the neighbor
pair frequencies of non-coding DNAs, where no
equivalent code exists. Interestingly, the positive
differences in CG and GC neighbor pairs reflect
the known under-representation of the CG neighbor
pair in all eukaryotes and its preferential depletion in

non-coding as opposed to coding sequences [34-—
37]. This restricted occurrence is due to endogenous
enzymatic methylation at the 5’ position of cytosine
in the CG neighbor pair, which can lead to a
deamination reaction generating TG and CA muta-
tions [38].

It can be argued that our simulated 7}, results based
on the MELTSIM program, which uses only nearest
neighbor pairs in the melting simulation process, are
obvious based on the known differences in the natural
nearest neighbor frequencies of coding and non-cod-
ing DNAs. However, arguments have been made for
the inclusion of higher order neighbor pair interac-
tions in modeling the melting process [1]. The results
here comparing the natural and shuffled sequences
support the idea that nearest neighbor frequencies
alone adequately determine thermal stability and sug-
gest that for the vast majority of DNA sequences
higher order neighbor pair interactions play insignif-
icant roles.

We also demonstrated that there are small differ-
ences in the thermal stability of DNAs from multicel-
lular and unicellular eukaryotes that can be accounted
for based on small differences in their nearest neigh-
bor frequencies. These differences in nearest neighbor
frequencies are consistent with published results,
which were derived from far fewer sequences [39].
The large negative differences in CG and GC are also
consistent with the overall lower occurrence of meth-
ylated cytosine in multicellular organisms as opposed
to some unicellular organisms [39].
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