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Motivation and Information

Humans recognize a gigantic variety of chemicals as having distinctive odors.

Udor perception initiates in the nose, where odorants are detected by a large
tamily of olfactory receptors (ORs).

URs are the basis for the sense of smell, and they constitute the largest gene
super family in the human genome. There are about 30,000 to 40,000 protein-
coding genes in the human genome.

To gain insight into the mechanisms underlying odor perception, the amount of
complexities and the quantitative differences in different genes of various
species, we provide a quantitative description of three OR sequences taken
from Human, Mouse and Chimpanzee.



There are many works done experimentally in different research
labs across the globe but to the best of our knowledge, there is not
so much of work done to decipher the quantitative content of
W

We believe the geometry and morphology of the DNA structure are
important aspects in studying their functions. We follow popular
techniques to decipher quantitative aspects of DNA through fractals
and mathematical morphology (3. 4, 0. b, 7 and 8] that are employed
to study many problems encountered in various branches of science
and technology including the domain of biology.

In this work, We captured the evolutionary connections amaong ORs
with the help of their quantitative descriptions.



Data dource and Data Representation

Date used and Data representation: Date are acquired from
the Yale University database (ORDB:
http://senselab.med.yvale.eduw/ordb/). This data are represented
in text form which we further represented in spatial form and
1s coded 1in 2-bit (4 color). Each nucleotide 1s assigned with
unique color such that spatially represented data show from
different colors. OR for Chimpamzee is shown i Fig. la.
Similar representations are made for other two species Human
and Mouse. We consider the olfactory receptors (Ors) OR1D2,
CONTIG3463.6-1888. GA x5J8BTW3YLM-7051808 of
Human., Chimpanzee and Mouse respectively for our case
study [2]. It 1s noted that fort we have selected the OR OR1D2
froom HORDE database and i1t was blasted in the NCBI
database (http://blast.ncbi.nlm.nih.gov/Blast.cgi) to get hughly
similar OR sequences in Chimpanzee and Mouse and we
found that the CONTIG3463.6-1888. GA x5JE8B7TW3YLM-
7051808 of Chimpanzee and Mouse respectively.



Some Basics

luantitative description for ORs is done through some basics of
Mathematical Morphology and Fractal Geometry. For  better
understanding, the basic morphological transformations are stated

here.



Mathematical Morphology

 Mathematical Morphology based on axiomatic set theory and
more relevantly lattice theory, has gained popularity out of its
obvious uses in the field of image analysis which provides a
quantitative description of geometrical structures.

e |nt

nis work, we apply certain morphological transformations

essentially to gain the spatial distribution of different

NUC
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eotides in DNA sequence templates.

nerform these analyses, two fundamental morphological

transformations employed include morphological erosion (to
shrink) and morphological dilation (to expand) as explained in
equations (1) and (2).



Dilation and Erosion

(XOB)={x:B,cX}= ﬂx_,,

bER

(X®B)={x:B.Nx}=| |x.,.

beEB

where B # B.
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Fractal

The precise definition of “Fractal” according to Benoit
Mandelbrot is, a set for which the Hausdroff Besicovitch
dimension strictly exceeds the topological dimension [2Z).

Une of the fundamental fractal parameters is ‘Fractal
Dimension’. There are several methods like box counting
method, perimeter area dimension method and so on to
compute fractal dimension of an object.

In this work, we follow Box Counting Method and is computed
through well known software called BENOIT™,



Model Decomposition and Representation

A DNA sequence be in the form of four-letter (ATGC)
nucleotides sequence (Fig. 1a). Such sequence shown in next
slide as Fig. (la) is converted as a function (Fig. Ib)

depicting colors RED, BLUE, GREEN, and YELLOW respectively
tor A, T, 5, and L.



AAAAATTATAAAATTGGGTGTAAGACATTCTTAATTCTAAG
AAAATGTTGATTTTGCTTATCTTCATGTTTTTATTCAATTA
AGGACTTTTGGTAAACATTTGCTGGTGTTAATGT TAAAAGA

GAGTTGGGGAAATGGATGGCATGGGGCTCTGGGAAGACTCC

TAGATAAACACTTTAAGAGGCT

ACATTGAGTTTCCCAGCTTTGAAGTAGCTGAAATAATTATA
TCGCATAAAAACTTTGTTATATTTTTCACTTTCTTATITIITTC

ATGACAGGATTGAAAAATAAGAATTACACATTATTCCTTTA

(b)

Fig. 1. (a) a DINA sequence, and (b) function generated by proper color coding
for ATGC of CONTIG3463 6-1888



Threshold Decompaosition

Threshold decomposition: We decomposed the four colored
image f(x,v) mto four bmary 1mages (Fig. 2a-d) for
Chimpanzee (Fig. 1b). through the threshold decomposition
function defined as:

i:i=0,1,2 and 3.

fflx,y)=1; z
=0:z%#1

Those decomposed binary images for chimpanzee are denoted
A T G C : : -

as feuw s fenw fen and fey . Such bimmary images for species

Human and mouse are denoted respectively as

fH fH fH and fH (fﬂr human) and
fM ,f,,,, ,fM and fM (for mouse)
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Fig. 2: Threshold decomposed binary images of ORs of Chimpanzee (Black
and white denote complimentary space and one of the ATGC). (a) A(b) T (c)
(. and (C).




Skeleton Decomposition

Skeleton Decomposition: Morphological skeletons (Fig. 3a-d)
for threshold decomposed binary i1mages of ORs of
Chimpanzee (CONTIG3463.6-1888) shown m Fig. 2a-d are

obtamed according to (3).

SK(X) = [(X © nB)(X © nB) 0 B]

where B 15 a structuring element that 1s symmetric about the
origin,andnB =B @ B@B...® B(n times).



Skeletons

Skeletons of OR Chimpanzee




Binary Decomposition

Binarv Representation: We have considered a DNA as a one
dimensional nucleotide sequence, and 1s represented as a map

such that T(A) =00; T(T) =11, T(C) =01 and T(G) =
10. This mapping vields a DNA sequence in a a bmary string
format. A portion of such a binary string 1s shown below of
some fixed size (twice of the DNA sequence length).

11110101010010011111111000001011001001111000000011
00001111001100110110010011000000000001111111101111

O0O110011111111110100011111110111110011111111010000
00000011110011000000001111101010111011000010000100
1111011111.....(some more 0. 1 are there mn the string).



Methods

e The techniques employed to derive indexes are from the fields
of mathematical morphology and fractal geometry further to
retrieve geometric characteristics in quantitative manner.

e |n particular, we employed skeletonization and granulometries
from mathematical morphology and fractal dimension, Hurst
exponent, succolority measures from fractal geometry to
derive six quantitative indexes that also include poly-string
mean and standard deviation.

 Data represented in spatial form enables rich geometric
characteristics.



Foly String Mean and S0

Polv-String Mean and Standard Deviation (A classification
method): Let total number of poly-strings of different size
ey ko ks ey o K, of nucleotide ‘N’ are
My, Mo, Ma, My ... M,. Then poly-string mean (Fm”) and
poly-string standard deviation (Ps,") of N are defined as

me — Li=1n Mik; and FSDN — JiZle m; {kf — Fm}z

El:ﬂmi

After calculating four nucleotides poly string mean and
standard deviation will get a strict ordering relation among the

P,," and Pg,". We can classify any DNA sequence according
to the order of P,," and P.,".



Fractal Dimension

Fractal Dimernsion of Indicaror Marfrix: We have plotted a
DNA sequences i two axes and defined a indicator map
rf:{x,.v3} — {0,1} as

(X, Y) =0if Y + X

= 1 otherwise

Fig-4: Indicator matnix

Then we have calculated the box-counting dimension of the
indicator matrix on using the Benoir software.



Hurst Exponent

Let a string X = {X;};-1 to n- defines the following entities
regarding the sequence as:

1Z
My = X
ﬂ. -
) i=1
X(i,n) = E {x; —m.n}

1
SGD = [= D> G —mn)?
- I H B{n)
Then Hurst Exponent (H) is defined as (E) = scn:
&

In our case “m° denotes the length of the binary strings
corresponding to each DINA sequence and x; are the binary
digits of the strings. The Hurst exponent varies between 0 and
1. In our present study we can calculate the Hurst exponent for
any binary string (as shown in ITT (A)).



succolarity

Succolaritv index: The degree of percolation of an image (how
much a given fluid can flow through this 1mage) can be
measured through Succolarnty. a fractal parameter. The
succolarity of a binary image 1s defined below [22]

.\ Xk=1 OP(BS(k)) x PR(BS(k), pc)
a(BS(k), dir) = ST PR(BSO), po)

¥

where *‘dir” denotes direction. BS(n) where n 1s the number of
possible divisions of a binarv image i boxes. The occupation
percentage (OP) 1s detined as. for each box size. k. then the
sum of the multiplications ot the OP (BS(k)). where k 1s a
number from 1 to n. by the pressure PR(BS(k).pc). where pc 1s
the position on x or v of the centroid of the box on the scale of

pressure) applied to the box are calculated. Therefore for any
binary decomposed images of f(x, v). the succolarity can be
obtamed.



Morphometric Dimension

|t is conspicuous that the skeletal networks (Fig. da-d) decomposed from threshold decomposed
binary images (Fig. Za-d) of ORs of Chimpanzee possess branching pattern. The open-ended
segments in the skeleton network are designated as first order segments, and second order
segments begin from the point where two first order segments join, and where two second order
segments join a third order segment begins, and so on. If any lower order segment joins to a higher
order segment, higher order designation is maintained.

We designated the skeletal networks according to this seqment ordering scheme, and we computed
order-wise number of skeletal segments . and order-wise mean lengths of skeletal segments

. By using these two quantities we estimated bifurcation () and mean length () ratios
of order-designated segments as follows:

_C ) -

Further, we estimated fractal dimension using the ratio of lngarithms of these topological quantities
(i.e. ). For the four skeletal networks decomposed from four threshold decomposed binary

images (Fig. da-d), the estimated fractal dimensions are given in Fig. 7.




Morphological Entropy

Here let us see how A, T, b, C are spatially distributed in a DNA sequence. We
need to calculate the area (# of blocks) of the images by successive
morphological opening on

We then calculate the probability through the probability density function:

( )
C1)
where X is the decomposed images of (). The Morphological Entropy
(ME) is defined as - where N is defined as

[ )] [ C C )



RESULTS AND DISCUSSIONS

We estimated six quantities viz. poly-string mean, poly-string
standard deviation, Hurst exponent, fractal dimension,
succolarity index and morphological entropy for ORs of three
species namely Human, Mouse and Chimpanzee.

Here we will discover quantitative connections through the
measures, described in the section-|ll.



Evolutionary Connection of ORs of Mouse and Chimpanzee with Human

[Rs

It is to be noted that we have classitied all the human ORs
based on classification methodology on the poly-string mean
and standard deviation as proposed in [1a].

Ising the same we have classified ORIDZ (Human),

1A xaJsBTW3YLM-705Zad3-70al808 (Mouse) and
LONTIG34b3.b-1888(Chimpanzee) and the results are shown

in table-|.




Olfactory Class According | Hurst Maps fto
Receptors to Poly-String | Exponent OR
Mean/SD (H)

W.rto H

ORID2 CGTA/CGAT 0.598911 ORID2

GA x35J8B7 | GCTA/GCAT 0.645594 OR4D2
W3YLM-
7052533-
7051808

CONTIG34 CGAT/ACTG 0.539152 OR3A3
63.6-1888

Table-1: Evolutionary Connection of ORs with Human



Inference

The Mouse OR (GA xaJaB7TW3YLM-7052a33-7051808) maps to a human OR

UR4D? based on classification and closest Hurst exponent.

But it is to be noted that GA xaJBBTWSYLM-7057533-7051808 is mare

similar to ORID2. But as far as Hurst exponent is concerned (amount of long
range correlation in the sequence) the mouse OR maps to OR4DZ.

In this connection, it is our strong conviction that, OR4DZ and ORIDZ are
structurally similar in sequence despite the fact that they belong to different
tamilies as per HORDE qualitative classification. Also we discovered that
mouse and human ORs are significantly similar in structure and in function.

The Chimpanzee OR (CONTIG34B3.6-1888) maps to a human OR OR3AS

according to the classification (shown in taIJIE -|). Although OR3AS and
ORIDZ belong to different families but with respect to evolution in connection
with Chimpanzee OR CONTIG3463.6-1888, they are structurally almost same
as per quantification shown above.




OR1D2

GA_x5J8B7W3YLM... / \CDNTG?AE?..51333
1\ Z

OR4D2 OR3A3

Fig-5: Evolutionary connect ion among Human, Mouse and Chimpanzee ORs

ORI1D2, GA x5J8B7W3YLM-7052533-7051808 and
CONTIG3463.6-1888 are also most similar to OR4D2 and
OR3A3 as shown above. They are evolutionarily connected
and hence through biological evolution CONTIG3463.6-1888
and GA x5J8B7W3YILM-7052533-7051808 are updated as

OR3A3 and OR4D2 respectively.



Fractal and Morphological Quantitication of ORs

e The fractal dimensions of DNA nucleotide sequences---- ORIDZ
LONTIG3463.6-1888, GA xaJaBTWsYLM-70aZ033-7001808 of
Human, Chimpanzee, and Mouse respectively-----generated by
nlotting the sequences in two axes (fig.-ll) and that yields

respectively |./7687, 1.81316 and 182453,

 Here we observe that fractal dimensions of ORs of Chimpanzee
and Mouse are significantly similar. Through genomic evolution
they got updated into ORIDZ in human the fractal dimension of
is reduced by a small amount 0.04 ie. through genomic
evolution amount of complexity or disorderliness got
decremented.




Results on Succolarity

For three olfactory receptor DNA sequences of Human, Mouse
and Chimpanzee succolarity index are calculated. A DNA
sequence can be thought of as a texture of four disjoint
templates of A, T, U and b. For their four different templates of
each DNA sequence the succolarity for each of those three
sequences are shown in fig.-b.



Succolarity Results
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7052533-7051808

Figure-6: Succolarity of ORs

The succolarity of all the textures of A, T, C, and G are almost same for Mouse and Chimpanzee ORs but in case
of Human OR ORIDZ are less than that of other two ORs. It is seen that over genomic evolution the succolarity

(amount of continuous density) in sequence structure in Human OR is smaller than the other similar
sequences of Mouse and Chimpanzee.



Results on Morphometric Dimension of Skeleton

 Morphometry-based fractal d/imensions tor four skeletons are computed and
found similarity among the species as shown in Fig.-7.

M Human

MNMouse

m Chimpanzee

OrRr N WBEOOONMm
| I I I I I

Fig.-7: Histogram of Morphometric Dimensions.

In Fig.-7, 1t 1s apparent that they do not follow a strict order.
We believe this parameter provide a distinction between the
functions of ORs.



Results on Morphological Entropy (Spatial Distribution)

Itern./ | 0 1 2 3 4 5 6
Area
fu’ 170 | 26 6 1 1 0
fu® 189 | 67 15 4 2 0
fu€ 147 | 39 8 2 0
fu 214 | 36 8 1 0
fu 120 | 19 5 2 0
fu® 165 | 52 7 2 1 0
fu© 101 | 30 6 2 0
o 172 | 34 6 2 0
Feu® | 278 | 59 21 8 5 1 0
feu® | 256 | 81 17 5 3 0
feu® | 221 | 59 14 2 0
feu' |317 |79 20 6 2 0

Table-2: Area over successive opening



From the above Table-2, we then have calculated the ME for

all the decomposed images of f(x,yv) as shown below in the
Fig. 8.

Morphological Entropy

o4
0.35
o3
0.25
02
015
0.1
0.05
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Fig.-8: ME of decomposed images of f(x, y)

From the Fi1g-8, it 1s noticed that the morphological entropy of
the decomposed images of A and T for all the species are
almost same. In other words we can say that the spatial
distribution of A and T in three sequences are almost same due
to the fact of homologue relationship among them. But the
spatial distribution of C and G are different from others
mdividually, and 1t 1s our strong conviction that this
differentiation makes them distinct species-wise.



Conclusion

In the present work, we have shown an evolutionary
connection among Human, Mouse and Chimpanzee ORs. These
sequences have very close sequential similarity but they do
ditferent in different species due to their intricate details of
the structures in the DNA sequence. Those intricate details
are illustrated here. In our further studies, we provide a
quantitative classification based on Fractals and Mathematical
Morphology with some more details about all the ORs of
Human, Chimpanzee and Mouse.




On Going ....
Cancer Quantitative Genomics

In recent past it is reported that a genomic
sequence (PTPN11/Shp2 of Human) is acting as
Oncogene (responsible for cancer) as well as it
works as tumour-suppressor function in liver.

This is a first kind of report published in the journal
Cell.

We have made an effort to characterize the
genomic landscape in the gene sequence,
guantitatively through Fractal and Mathematical

morphology.
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