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First used in cryptography, Kappa Index of Coincidence (Kappa IC) is an unexplored
approach in molecular genetics. We used Kappa Index of Coincidence to determine
new patterns and evolutionary signatures in DNA sequences. For analyzing genetic data
through Kappa Index of Coincidence, we have created an open source project named
DNAKAPPA. Extensive tests were conducted for eighteen genes from Homo sapiens
and twelve Human Immunodeficiency Virus strains. We obtained three types of
patterns, namely: KappaIC/C+G%, KappaIC/TM and KappaIC/CpG Obs/Exp.

1. INTRODUCTION
The examination of DNA sequences is a research area of great importance.
The field of bioinformatics has rapidly developed into an essential asset for modern
biology and powerful bioinformatics methods have been developed. We present a
new method to analyze and interpret biological data through Kappa Index of
Coincidence. The Index of Coincidence (IC) is a statistical measure first described
by William F. Friedman [1–4]. Index of Coincidence principle is based on letter
frequency distributions.
We used Index of Coincidence to discover correlations between DNA
sequences (e.g. genes, viral genomes or promoter sequences). The order of
nucleotide molecules influences the overall stability of a DNA sequence. For
instance, two DNA sequences with identical C+G content can have different
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melting temperatures ( TM ). By extracting Kappa Index of Coincidence (Kappa IC)
and TM from a sliding window we can measure the localized values along the
sequence. Kappa Index of Coincidence plotted on a graph against other types of
signals (e.g. TM or C+G%) form a recognizable pattern. These patterns (Figure 1)
may have important implications for molecular genetics (e.g. selection pressure
determination or gene prediction).
The evolutionary dynamics provided fault safe mechanisms in mammalian
genes which can be highlighted by Kappa IC. For instance, DNA transcription
starts near multiple alternative start sites, usually after a CpG island [5]. CpG
islands are regions which show a CpG (Cytosine-phosphate-Guanine) ratio greater
than 60% and are found near approximately 40% of promoters from mammalian
genes [6, 7].
The same fault safe mechanism is observed for CpG island positions. CG
content vary continuously and CpG islands decay or renew due to point mutations
and selection pressure [8–10], both in the eukaryotic genomes and in smaller
sequences like virus genomes [11].
2. MATERIAL AND METHODS
We downloaded the assembled human genome (human build 37) and several
viral sequences from NCBI database. We used sliding window techniques for
reading four types of signals: Kappa IC, TM , C+G% and CpGObs / Exp ratio. The
sliding window (fixed length of 30b) starts at the beginning of a DNA sequence.
All nucleotides within the new sliding window are processed in order to generate
each of the four signal types. Once processing is complete, the sliding window is
moved down by an offset of one nucleotide. The processing of all nucleotides from
the sliding window is repeated and the window continues to move down on the
DNA sequence until it reaches the end.
We begin by reading each signal in order to plot the data. First, we determine
the TM (defined as the dissociation temperature of the primer/template duplex)
value for each DNA sequence in the sliding window. We used MarmurSchildkraut-Doty formula (shown below) for determining the melting temperature
of nucleic acids, also used for calculation of TM on PCR primers and hybridization
probes in Polymerase Chain Reaction (PCR) processes [12–14]

TM = 81.5 + 16.6 × (log10 [ Na + ]) + 0.41 × (mol%C + G ) −

675
.
N

In above equation, the sodium ion concentration [ Na + ] is 0.05 M and N
represents the length of a DNA sequence. The CG percentage is also calculated for
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each sliding window: CGcontent = (C + G A + T + C + G ) × 100 and is compared
with the Kappa Index of Coincidence. We use a color scheme that make
Kappa/C+G% spots more visible. The red and blue colors represent threshold
values where C+G% > Kappa is plotted in red color and C+G% < Kappa is plotted
in blue color (Fig. 1, section a)).
The third type of signal extracted from each sliding window is CpGObs / Exp .
The CpG count represents the number of CG dinucleotides in the sequence. The
ratio of observed and expected [15] CpG dinucleotides is calculated according to

CpGObs / Exp =

CpG × N
,
C ×G

where N represents the length of a DNA sequence. The last type of signal extracted
from the sliding window is Kappa IC. The formula for Kappa IC is shown below,
where sequences A and B have the same length N. Only if an Ai nucleotide from
sequence A matches the Bi correspondent from sequence B, then ∑ is incremented
by 1.

∑
KappaIC =

N
i =1

[ Ai =Bi ]

N /C

.

With small changes, the same method for measuring the Index of
Coincidence was applied for only one sequence, in which the sequence was
actually compared with itself, as shown below in the algorithm implementation.
Function IC(ByVal s1 As String) As Variant
max = Len(s1) - 1
For u = 1 To max
s2 = Mid(s1, u + 1)
For i = 1 To Len(s2)
If Mid(s1, i, 1) = Mid(s2, i, 1) Then
count = count + 1
End If
Next i
total = total + (count / Len(s2) * 100)
count = 0
Next u
IC = Round((total / max), 2)
End Function

From what we observed, an input sequence of any size, must contain at least
two types of nucleotides in order to obtain the Kappa Index of Coincidence below
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100% (ie. sequence “AAAAAAAA” will generate a Kappa IC value of 100%,
while a sequence of the same size “AAATAAAA” will generate a Kappa IC value
of 81.87%.). After determining each signal separately, (C+G)%, CpGObs / Exp and

TM values are compared with Kappa IC on a graph.

3. RESULTS
There are many signal types that can be obtained through Kappa Index of
Coincidence which have distinctive features compared with other signals like
C+G% (Figure 2, section d). DNA sequences that differ only by a single nucleotide
molecule show completely different results.
Figure 2, section d2, shows two sequences – (CG)n(TC)42(T)(CG)n and
(GC)n(G)(TC)43(CG)n which generate a Kappa IC signal pattern radically
different from other signals generated by (G+C)%. Furthermore, a deletion of
thymine (T) and other three insertions (a guanine and a TpC dinucleotide) in the
first sequence shows a phase shift in Kappa IC signal (Fig. 2, section d2)). Another
proof for the high sensitivity of Kappa IC are the sequences (CG)n(G)43(CG)n and
(CG)n(G)44(CG)n which differ by one nucleotide (Fig. 2, section d5)). In this case,
the middle of the slope passes from a noisy signal to a clean one. Moreover,
sequences (GC)n(TC)43(GC)n and (GC)n(TG)43(GC)n differ by two types of
dinucleotide structures, namely TpC and TpG. Interestingly, even with these small
differences the first sequence shows a clean signal whereas the second sequence
shows a noisy signal (Fig. 2, section d3)).
We used our DNAKAPPA software to plot Kappa Index of Coincidence
values against G+C percentage, the melting temperature ( TM ) and CpGObs / Exp .
Extensive tests were conducted for eighteen genes from Homo sapiens – GRCh37
primary reference assembly: ALMS1, BBS5, PROP1, SLC2A2, BBS7, COL8A2,
PPP1R3A, POMC, CRHR2, FGFR3, PCSK1, LMNA, GHRHR, GPC1, LEP,
HSD11B1, GPR35, H6PD (Figure 1) and viral genomes like Human
Immunodeficiency Virus (Fig. 3 Section a)) (all downloaded from the NCBI FTP
servers).
Figure 1, subsection a, shows a color scheme. If (C+G)% > Kappa IC then
C+G% values are plotted in red color and if C+G% < Kappa then Kappa IC values
are plotted in blue color. The right side of all Kappa IC/(C+G)% patterns contain
GC-rich sequences while their left side contain AT-rich sequences. Figure 1,
subsection b, shows Kappa IC on y-axis and TM ratio on x-axis.
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Fig. 1 – Three types of Kappa IC patterns. Eighteen genes from Homo sapiens (assembly GRCh37)
were analyzed, Section: a) Kappa IC/(C+G)% patterns;
b) Kappa IC/TM patterns;
c) Kappa IC/CpG(Exp/Obs) patterns.
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Fig. 2 – Comparative analysis, Section: a) Kappa IC patterns of POMC gene from eight different
organisms; b) analysis of artificially generated DNA sequences; c) analysis of Homo sapiens
mitochondrial genome; d) eight Kappa IC signal types.
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Figure 1, subsection c, shows Kappa IC on y-axis and CpGObs / Exp ratio on xaxis. In this case, as CpG dinucleotide structures are more frequent, these patterns
show more lines toward the right side of the chart. Vertical positioning of these
lines is determined by the CpG distribution inside the sequence. A more scattered
distribution of CpG dinucleotides pushes these lines towards the bottom of the
chart while a cluster formation of these structures positions these lines to the top of
the chart.
Figure 2 shows a further analysis of POMC gene from eight different
organisms [16] which may suggest the importance of Kappa IC in determining the
selection pressure for a DNA sequence. POMC-derived peptides (Proopiomelanocortin) are associated with body weight regulation in the central
nervous system [17, 18]. Diabetes has multiple causes and is commonly associated
with obesity [19]. POMC neurons regulate glucose homeostasis and for this reason
it is believed that POMC gene is often involved in diabetes [20]. In some species,
these POMC patterns show a more prominent part in their left side, indicating a
high presence of short AT-rich repetitions. These observations may be linked to
other studies regarding the incidence of diabetes in different species [21–24].
Therefore, we suggest a possible correlation between short AT-rich repetitions and
the predisposition for diabetes in different species.
Artificially generated sequences (with an equal probability of occurrence for
A, T, C and G), regardless of the DNA sequence length, have a similar diagram
type as shown in Fig. 2, section b. Figure 2, section c, shows a distinctive signature
of Homo sapiens mitochondrial genome. Pattern similarities between
mitochondrial genome and randomly generated sequences tend to confirm once
more the oxidative stress and the lack of rules in the distribution of point mutations
inside the mitochondrial genome.

4. DISCUSSION
We developed a program called DNAKAPPA (Fig. 3, section b). The
properties of DNAKAPPA visualization make it a novel method of analyzing DNA
sequences. The visualization process enables the identification of distribution
differences along the sequence. DNAKAPPA is an open source program written in
Visual Basic and it is freely available on the web at http://dnakappa.novusordo.ro.
It runs on all Windows operating systems and does not require installation.
The package size is 1.77 Mb and the memory requirements are between 1.2 Mb
and 1.5 Mb (Windows 7 and Windows XP). DNAKAPPA can analyze DNA
sequences up to 500 kb. The program requires two initial parameters. The first
parameter is the sliding window length. The second parameter is the sliding
window step.
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In Fig. 3, section b, the chart at the top of the DNAKAPPA window shows
dinucleotide and nucleotide frequencies, Kappa Index of Coincidence values, TM
values and motif sequences found on 5'-3' and 3'-5' strands. Fig. 3, subsection b1)
shows Kappa IC on y-axis and C+G % on x-axis. Fig. 3, subsection b2) shows the
blue/red color scheme for Kappa IC (y-axis) and C+G % (x-axis). Fig. 3,
subsection b3) shows Kappa IC on y-axis and CpGObs / Exp ratio on x-axis. Fig. 3,
subsection b4) shows Kappa IC on y-axis and TM on x-axis.
DNAKAPPA was tested on a computer equipped with a 2.8 GHz processor,
500 MB RAM and 80 GB HDD. On average, DNAKAPPA scan speed is 1.5 Kb/s.
Another feature worth mentioning is the DNAKAPPA interface that makes a
dynamic correlation between the diagram and the sequence.

Fig. 3 – DNAKAPPA program. Section a) shows the analysis three envelope glycoprotein genes of
HIV-1 isolate SC24-40, GX84-59 and GX79-7. Section b) shows a screenshot of DNAKAPPA
program analyzing POMC gene from Homo sapiens genome.

By moving the mouse over the diagram, DNAKAPPA selects the appropriate
plain text sequence. The aim of the project is to act like a platform for other future
applications intended for different types of studies on nucleic acids.
Nevertheless, in future tests we wish to point out possible correlations
between Kappa IC patterns obtained from gene sequences and protein structures.
The prediction of gene structure in DNA sequences have been the focus of
the scientific community over the past few years. Because DNA sequences have a
probabilistic and non-deterministic structure, computational linguistic methods are
effective for describing genomic structures. Many algorithms from electrical
engineering and cryptography can be adapted for the field of molecular genetics
and bioinformatics [25–28].
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5. CONCLUSIONS
In this study we examined new patterns using Kappa Index of Coincidence
and other parameters already used in molecular genetics: G+C percentage, the
nucleic acids melting temperature ( TM ) and CpGObs / Exp ratio. We showed possible
applications for Kappa IC and we believe that these patterns may have important
implications for molecular genetics in the near future.
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