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This paper examines the use of recurrence plots to find changes in the
deoxyribonucleic acid (DNA) sequence. The DNA sequence is entered
into the recurrence plot algorithm in codons and not consecutively, in
order to make it easier to find the nucleotide change. The results show
that the codon arrangement makes it easy to identify two types of muta-
tions, insertion and deletion, by means of the recurrence plot. It is also
shown that the recurrence plot of a short codon sequence has a homoge-
neous structure. Similarly, a comparison is made with the digital signal
processing methodology. Some limitations are the number of codons
that can be entered into the algorithm because computationally it
becomes very slow and matrix issues, which are mentioned in the dis-
cussion section.
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I 1. Introduction

Deoxyribonucleic acid (DNA) consists of four different nucleotides,
which are adenine (A), guanine (G), thymine (T) and cytosine (C).
These four bases, in different combination sequences, are the ones to
define amino acid sequences of proteins. The synthesis of these spe-
cific proteins is the basis for all biological functions. A mutation can
be defined as an alteration of the DNA sequence. A mutation may
involve the substitution, deletion or insertion of nucleotides in the
DNA sequence. When a mutation alters a gene, it can modify or even
eliminate the usual function encoded in the protein and cause the
appearance of an altered phenotype.

Sequence alignment method is an important term in DNA sequence
analysis. This method sorts DNA, ribonucleic acid (RNA) or protein
sequences to identify regions of similarity. There are two types of
methods for finding similarities in DNA sequence analysis, which are
[1, 2] alignment-based similarity analysis and alignment-free similar-
ity analysis. The difference between these two methods is that the sec-
ond has a lower computational complexity.
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Using DNA-based tests, scientists and doctors can directly examine
a patient’s DNA for mutations associated with disease. There are vari-
ous DNA tests to detect mutations, such as gene tests based on restric-
tion enzyme analysis, PCR-based methods, genetic tests using DNA
chips and genomic screening.

Recurrence plots (RPs) are a nonlinear analysis tool that shows the
existence of recurrence or discontinuous patterns in time series [3].
The objective of this tool is to find the repetition of a pattern within
the state space of a system or nonstationary data. It is also useful for
finding differences and similarities between two or more systems.

The use of graphs is not new in DNA sequence analysis. Dot plots,
which are a type of recurrence plot (RP), are used for DNA sequence
analysis. According to the literature, the pioneers in the use of dot
plots were Gibbs and Mcintyre [4], who used this type of method to
analyze different DNA sequences of living beings. From here, several
tools have been developed that use the dot plot method for the analy-
sis of DNA sequences, such as [5-7]. Recently, RPs have been used
for the analysis of protein sequences and DNA sequences [3, 8], as
well as in the analysis of EEG and ECG signals [9-11]. Similarly,
there are different methods that have been used for DNA sequence
analysis, such as digital signal processing or long-range correlation
[12-16]. As well, there are other methods of great relevance for DNA
sequence analysis [17-19] that are based on prediction and entropy
methods. The RP is a method that is also based on entropy.

A comparison is made with digital signal processing methodology.
The digital signal processing method detects that a change in DNA
sequence has occurred, but does not visualize the position where the
mutation occurred. The RP method, which is proposed in this paper,
detects and visualizes the position where changes in the DNA
sequence occur. Another advantage of the RP method is that it does
not require converting the DNA sequence into a numerical sequence.

The present paper aims to show that RPs can be a useful tool for
finding DNA sequence changes. This paper is limited only to the simu-
lation and identification of DNA mutations by RPs. It is proposed
that the DNA sequence be entered in the form of codons into the algo-
rithm [11], which is freely available on the web, to make it easier and
less computationally time consuming to identify changes in the
sequence.

The paper begins with a brief introduction about RPs and genetic
concepts used in the present paper. A brief review of DNA sequence
analysis by digital signal processing follows. Subsequently, the results,
future work and conclusions are given.
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I 2. Recurrence Plot

The RP method is an effective tool for the analysis of nonlinear sig-
nal, stationary or nonstationary data. This method is a two-
dimensional representation created from a one-dimensional time
series. The RP is created by means of an NxN matrix, where N is the
number of data samples; this matrix is called R. The R matrix con-
sists of zeros or ones, according to [4, 9]:

1:x; =~ x;
R; = iLj=1,...,N (1)
0:x; # x;

x; and x; are two samples of the signal at time points i and j. The con-
cept of recurrence can be expressed as {x : [|x; — xjl| < &}. If the distance
between x; and x; is less than or equal to the threshold ¢, it is said
that there is a recurrence. The threshold value is determined empiri-
cally. According to equation (1), the RP is constructed by replacing 1
with dots and 0 with blanks. The RP has a black main diagonal line,
called the line of identity (LOI). There are different typologies of RPs;
here is a list of some of them [4]:

= Homogeneity: The process is stationary.
»  White banding disruptions: The process is nonstationary.

» Periodic patterns: The process has characteristic cyclicities; the distance
between periodic patterns is the period.

= Single isolated points: The states of the process are rare, do not persist
for any time or have heavy fluctuations.

= Diagonal lines parallel to the LOI: The process is deterministic in the
periodic sense (long diagonals) or chaotic sense (short diagonals).

Figures 1 and 2 show a pair of time series and a string with their
respective RPs. Figure 1(a) shows a periodic time series and Fig-
ure 1(b) its recurrence plot. The RP of Figure 1(b) shows long diago-
nal lines parallel to the LOT; this indicates that the process is periodic
and deterministic. Figure 2(a) shows a time series of a white noise and
Figure 2(b) its RP. The RP of Figure 2(b) shows a homogeneity struc-
ture indicating a stationary process.
Figure 3 represents the RP of the following tongue twister:

I WISH TO WISH THE WISH YOU WISH TO WISH, BUT IF
YOU WISH THE WISH THE WITCH WISHES, I WOULD
NOT WISH THE WISH YOU WISH TO WISH.

Which is input to the algorithm as a string. The dots inside the circle
represent the word that recurs most often in the tongue twister; the
isolated dots are the words that do not have much recurrence.
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Figure 1. RP of a periodic signal. (a) Periodic signal. (b) RP of Figure 2(a).
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Figure 2. RP of a white noise signal. (a) White noise signal. (b) RP of
Figure 3(a).
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Figure 3. RP of the tongue twister.
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I 2.1 Deoxyribonucleic Acid Sequence, Codons and Mutations

As mentioned earlier, the DNA sequence is made up of the following
bases: A, G, T, C. A codon is a triplet of nucleotides that specifies a
particular amino acid or a start or end signal in the genetic code [20].
The DNA sequence is usually written or expressed consecutively, and
to decode or read the sequence, it is separated into codons to know
the types of amino acids.

A mutation is an alteration of the DNA sequence. These alterations
may involve the substitution, deletion or insertion of one or more
nucleotides in the DNA sequence. Such mutations can occur sponta-
neously as a result of biological and chemical processes in the organ-
ism. They can also be due to external factors, such as chemicals and
radiation.

Table 1 shows a small DNA sequence obtained from the website
[21], expressed in codons. The codons sequence in Table 1 was used
to obtain the results shown in Section 3.

CCTCCTCCCCCGCCTCGGCTCAGGAGTTGTTTT CCT CCCCCG TGG TCG
CCG GGC TGG CAA GGG GTC TGG GGC AAG GGC CAG GGA AGG ATG CGG CTG
CAAAGG TAACGG TGT GCG CGG TGC CTC TCC CGC GGT CGT GAAAGT TTG
CTCTGG CGT GCG AGG CGT GCC CGC CGG GTG CTC CGC CGC GCC GCG CTG
CCCTGG CCC GAG GCT CCC CGG GGG CGG GCA GGG GCC GCG CCG GGC CAG
GGC AGG GCT GGG CAG GGG CCT CCC GGG CGG CCTTTACTG CCT TGT CCC
CAT CAAAGG CCG CAG CTG CTC GAG TGG CGG CTG TAG CTT TGAAAC TGC
CAT AAA GAG CGA TGG AGG GCG GGG AGG CGG GGG ATG TTC AGA GCA GTG
CCCAGG AGG GTG GCC GGG AGA GGA GGG GCC CGA GGG GGC TGC TCG GGG
AGC GCG GCA GCA GCA GGG GCG TGA AGG GCA GGG CCCCGG GTCACAGTC
CCAGGG GCCGAGTGC CCG CCCCCGTCC CCT CCG GTC CAGATC CAG CCG
CGCCCCCGTCCCCTCCGG TCCAGATCCAGC CGC CGT GCG

Table 1. DNA sequence obtained from [21], expressed in codons.

3. Review of Digital Signal Processing Methods for
Deoxyribonucleic Acid Sequence Analysis

There are different digital signal processing (DSP) methods to detect
periodicities or repetitive features of a DNA sequence, such as Fourier
transform, Ramanujan—Fourier transform and periodic power spec-
trum (PPS) [12-14]. In the aforementioned methodologies, the alpha-
betic DNA sequence is converted into a numerical sequence and then
undergoes DSP for power spectrum analysis in the sequence.

The PPS method can detect nucleotide changes in the DNA
sequence. In [12] the comparison between a correct DNA sequence
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and the same DNA sequence with a mutation is shown. Here is the
definition of the PPS algorithm [12]:

p-1 p-1
PPS(p) = " faat D, Solks it @)
aefA,T,G,C) \9=0 k=0, /=0, k>j

where p is the periodicity of the DNA sequence and PPS, f, is the con-
gruent derivative vector of the sequence a € {A, T, G, C} and §,, is the
spectrum transform matrix of size p.

Next, using the PPS method, the comparison of the DNA sequence
(with periodicity 3) mentioned in the previous section against the
same sequence but inducing a mutation is shown. Figure 4 shows
the comparison between the correct DNA sequence with the same
sequence but with a one-nucleotide substitution; a small change in the
peaks is visualized. The peak value of the correct sequence is 1247
and of the sequence with nucleotide substitution is 1286. Figure 5
shows the comparison between the correct DNA sequence with the
same sequence but with the deletion of one nucleotide; a considerable
change in the peaks is visualized. The peak value of the sequence with
the deletion is 896. Figure 6 shows the comparison between the cor-
rect DNA sequence with the same sequence but with the insertion of
one nucleotide; a considerable change in the peaks is visualized. The
peak value of the sequence with the insertion is 890. As can be seen in
the graphs in Figures 4-6, the PPS method detects changes in DNA
sequence with respect to the original.
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Figure 4. PPS of the correct DNA sequence with periodicity 3 against the
same sequence but with a one-nucleotide substitution.
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Figure 5. PPS of the correct DNA sequence with periodicity 3 against the
same sequence but with a one-nucleotide deletion.
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Figure 6. PPS of the correct DNA sequence with periodicity 3 against the
same sequence but with a one-nucleotide insertion.

I 4. Results and Discussion

First, the RP of the codon sequence in Table 1 is shown. Subse-
quently, the RPs are presented when simulating a substitution, dele-
tion and insertion into the codon sequence.

I 4.1 Recurrence Plot of Codon Sequence

Figure 7 represents the RP of the codon sequence shown in Table 1.
According to the RP in Figure 7, the typology is homogeneity. It
is well known that a DNA sequence has stationary process character-
istics [3, 22].
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Figure 7. RP of the DNA sequence arranged in codons.

I 4.2 Substitution

To simulate the substitution, a single nucleotide change is made at
codon 50 of the sequence in Table 1. The substitution generates a
change of one nucleotide for another, so the number of nucleotides of
the sequence does not change. To know the position where the muta-
tion occurred, a matrix subtraction of the original sequence against
the mutated sequence is made.

The lines in Figure 8 depict the position where the nucleotide substi-
tution occurred. The position number is given by the position of the
codon multiplied by three (since each codon has three nucleotides)
plus the sum of spaces before the codon where the mutation occurred.
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Figure 8. RP of the substitution.
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I 4.3 Deletion and Insertion
To simulate the deletion, one nucleotide is deleted at codon 41 of the
sequence in Table 1. When a nucleotide is eliminated from the codon,
it is left with two nucleotides, so it is directly reflected in the RP, as
shown in Figure 9, where the grayish-white stripe shows the position
where the deletion occurred.

Recurrence Plot
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Figure 9. RP of the deletion.

To simulate the insertion, a single nucleotide is added at codon 70
of the sequence in Table 1. When a nucleotide is added to the codon,
it is left with four nucleotides, so it is directly reflected in the RP,
as shown in Figure 10, where the grayish-white stripe shows the posi-
tion where the insertion occurred. In the case of deletion and inser-
tion, the position number is given in the same way as explained for
substitution.
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Figure 10. RP of the insertion.
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| 4.4 Discussion

Figure 11 depicts the RP of a deletion and insertion at the codons 41
and 70, respectively. The deletion and insertion process can be
obtained in a single RP, since the codon triplet is broken.

Recurrence Plot
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Figure 11. RP of deletion and insertion at the same time.

The substitution process occurs when there is a change of
nucleotide for another, so the triplet of the codon is not altered. As
mentioned earlier, a matrix subtraction is done to know where the
substitution occurs by means of the RP. For matrix considerations, it
is not possible to obtain the three types of mutation in a single RP. As
future work, it is proposed to improve the RP algorithm to solve the
matrix problem.

I 5. Conclusions and Future Work

According to the results, the methodology of recurrence plots (RPs)
can be an additional tool to identify genetic mutations. In the present
paper, the types of mutations are simulated within the deoxyribonu-
cleic acid (DNA) sequence, which is arranged in codons for easier
identification. A comparative analysis between digital signal process-
ing and recurrence plot (RP) methodologies is performed. The result
is favorable to the RP, since this method is able to detect and visualize
where the mutations occur. Hence, an area of opportunity is to have a
base DNA sequence within the algorithm and then introduce the
sequence to be analyzed, and by means of the RP visualize where a
substitution, deletion and insertion of nucleotides occur, according to
the original sequence. This can be possible by fixing the matrix
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problem, which we have done in this specific case, as cited in the dis-
cussion section.
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