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ABSTRACT

This paper presents an approach for study of gene expressions based on Markov chain theory. A mathematical
model has been proposed to study the transcription of DNA into mRNA and translation of mRNA into Proteins. It is
assumed that the DNA, mRNA and Proteins are states in the model and initial state of the system is known. Based on
theinitial state, the successive states (without state feedback) are predicted using probabilities. The model is used to
predict the final state Proteins of the system. The moddl is illustrated with the help of data set of asparagus
maritimus RpoA gene, Accession: EU051382.1 and unidentified retrovirus gene, Accession: BD432460.
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INTRODUCTION

The cells are the primordial units of all livingganisms. In a biological cell, genes express cantisly. The most
fundamental property of cell of all living organisris their ability to reproduce. Even more amazintpat each cell
stores its own set of instructions for carrying eath of these activities [1].

The central dogma of molecular biology deals wiih transfer of sequential information in organisAxcording to

it information cannot be transferred back from piotto either protein or nucleic acid. In other d&ronce
information gets into protein, it can't flow baak mucleic acid. The dogma is a framework for un@erding the
transfer of sequence information between sequeintfatmation-carrying biopolymers, in the most coommor

general case, in living organisms [2]. The findbmmation embedded in DNA and RNA is ultimately eegsed as
proteins. Proteins are one of the most importaniiblgical macromolecules made of 20 alphabets caltedmino
acids. They make most of the structures in celtsnilly, proteins act as the eyes and ears of.dd#sce, it is
crucial for researchers to understand the basieghenon which underlies the functioning of thesdemues

called bio molecules which are the primers of [&k

RNA interference has been exploited in diseaseaflyeand control. The use of short interfering RNAnms has
been more successful [4]. The first applicatiometach clinical trials was in the treatment of muacdegeneration
and respiratory syncytial virus [5]. RNAI has als®en shown to be effective in the reversal of ieduéver failure

in mouse models [6, 7]. Many features of proteimstheir classification and prediction have ex@dif8]. With

attributes like amino acid, di-peptide and tri-pgptcomposition, proteins can be classified intdows levels of
classes and subclasses. Similarly, using evolutjoirdormation and statistical factor based scaaasin depth
analysis of proteins and their families have bedneved [9].

Regarding health issues in eukaryotic cells, gerfatitors can be affected by energy insufficientgxygen which
is the cause of weakness. A comparative study ré gepression has been carried out in healthy aadk wersons.
It is also manifested thaingle Cell Protein (SCP) is not only provide a nutritional enhancat &lso play an
important role for other functioning in all livingrganism. It comes from microbial source and paintet the
production, processing and consumption for foodpkrments [10, 11]. A study on chloramphenicol acety
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transferase, used as reporter gene in microbessponsible for chloramphenicol resistance in bacteas been
proposed. For DNA degradation of orange samplegeaomic DNA extraction method is developed and
demonstrates the effect of microwave applicatiod, [13]. Molecular mechanics is primordial for theidy of
molecular modeling. A molecular modeling based ndds been demonstrated using PM6 model in rogiglite
metabolism [14].

MATERIALSAND METHODS

1. Préiminaries

Markov chain plays an important role to solve tlenplicated problems in many areas of science actthtdogy
such as: Polymers, Biology, Physics, Chemistry,r@jmns Research, Computer Networks etc. The agtjiit of
Markov chain, in Chemical Engineering has beertikadly diminutive [15]. It have extensively beenadtewith in
references [16, 17], mainly by mathematicians. Markhain Theory has great potential for applicationthe field
of Bioinformatics [18].

A Markov chain model can be described by the thopde: State space, Transition probability matnid dnitial
state vector. The most important advantage isphgsical models can be presented in a unified ¢e&nT via state
vector and aone-step transition probability matrix. The essence of the model is that if the initialestef a system is
known, i.e. its present state and the probabilitiesiove forward to other states are also given the possible to
predict the future state of the system ignoringdst history. In other words, it does not depemdhe past history
of the system for predicting the future; this ie #ey-element in Markov chains [19].

In the discrete processes, the mathematical fortronlaf the complex problem can be expressed. hetet are
finite or countably infinite number of states ofystem. Also, let the states %, S,,S;,S,,S..... S ..5 S

where S reveals for state [20, 21]. LeX (t) be a discrete random variable which reveals thtestof the system
with respect to time. In a discrete process, thentjty t intimates the number of steps from time zero aft)
designates the fact that the system has occupie state at stdp X (t) can be assigned any of the values

corresponding to the state§, S,,S;,S,,S;... S, i.e., X(t) =S where statd was occupied by the system on
stept [22, 23]. The notations used in the present féaten are as given below:

2. Nomenclature
State space

State of DNA
State of mMRNA
State of Proteins

XYY HyY

Function of time
P Two-step transition probability function
m,Nn  Steps or time, wher# N

S (n) Probability which is occurred by the system ofes@NA at timen or stepn
SR(n) Probability which is occurred by the system ofestaRNA at timen or stepn
SP(n) Probability which is occurred by the system ofesfrotein at timen or stepn

The following assumptions have been made in thegmtemodel.

. In the present model, three states have been eadidnamely DNA, mRNA and Proteins.
. Also, it is assumed that DNA completely changes mRNA and in turns into Proteins in a normal &eit in the

case of retroviruses, it does not follow.

It is assumed that no more DNA is being transdrifi mMRNA and whatever RNA is available in the églbeing
translated into Proteins.

3. Mathematical M odel

In this model, Markov Chain Theory is used to shbe change of one state to another state. In ligisry, the
future state of a system can be predicted on tlsés lwd present state ignoring its past history.el bas DNA,
MRNA and Proteins which is considered as systemménmodel. In the present approach, DNA, mRNA dm t
Proteins are considered as states. Now the prolléow to construct the basic elements of Markaaircldepicting
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the change of the states DNA to mRNA and in tumBrteins. Suppos&, be the state of DNASR be the state
of MRNA and S, be the state of Proteins. For this, 8 be the state space, we have

For the state space the probability of stadfgs S; and S, is given by
O0<Prob{S}=<1 wherd = D, RandP --(2)

The expression for transition to Proteins statevidexl that the DNA and mRNA states exists can lpgessed as
0< Prob{S,|S, .Sk }<1 ..(3)

In the above equation, the sty must be occupied before occupying each of othResper our assumption, the
entire DNA converts completely into mRNA and akimnRNA converts completely into protein, therefamehave

Prob, {S,|S, .Sk} =1 .(4)

Since, the stat€5, change intoS; and S; changes intdS; , which has two steps to complete the whole process

then the two-step transition probability matrix che constructed. SupposE}, is the two-step transition
probability function then we have,

P, =prob{S. |S,.S:} Forall D,R& S ...(5)

Further, the two-step transition probability fuecti P, is independent of time or time-homogeneous then th

probability of a transition from one given sateatwother state depends solely on the states. Alsoe tare three
states namely DNA, RNA and Proteins, where the Ddtite is given then the two-step transition proliggs in
matrix form can be given as

H.l P12 Pl3
P= I:)DP = I:)21 I:)22 P23
F%;l P32 P33 (6)

Where P, denotes the probability of transition from statd/to state Proteins. Finally, the initial statectar, a

function which gives the probability that the systés initially in statei, i.e., at time zero or at step zero, the
system is initially in staté . Thus, the initial state vector is

S(0)=Prob{S} wherel =D,R& P (7
This can be arranged in row vector form of theahtate vector as

5(0)=[S, (0).5: (0)S, (0)] -0
Similarly, if there aren steps in the initial state vector then the rowteetorm is

S(n) =[S (), Sk (n), S- (n) ] .9

Now multiplying Py, and S(n) from equation (6) & (9) respectively, gives us tieav row vectorS(n+1), that
is, the probability of occupying state ProteiBs at (n+1) is
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S.(n+1) = S(n)R,, ...(10)

Where P, is the probability of transition from state DNA dtate Proteins and presents a recurrence rekatiorit
can be expressed in matrix notation as

S(n+1)=S(n)P ...(11)

Using iteration method, equation (10) can be writie
wheren=0, 1, 2, 3....

S(n+1) = S(0)P™* ..(12)
Now, from equation (6) & (8), putting the value Bf and S(0) in equation (12) respectively, we get
n+l
Pll F)].Z Pl3 (13)
S(n+1):[SD(n)!SR(n)1SP(n)] Py Py Py
P31 P32 P33

The above equation (13) shows that if the inittates of gene, i.e., DNA is known and the probapitift moving
forward from the state DNA to state mRNA and thetesitnRNA to state Proteins is given then the fat¢eins of
the system can be predicted.

RESULTSAND DISCUSSION

Since there are three states DNA, mRNA and Pragteihere DNA is the initial state and Proteins is thture state,
thus the state spa{@o Sk, SP] is finite. Secondly, there are two steps as DNehgcript into mRNA and mRNA
translate into Proteins, then the two step tramsigirobability is

S S S

2

SR P. Py
I:)DP :SR F)Zl P22 P23
SP P31 P32 P33

Also, the initial state vector is
s(0)=[1,0,d

The graphical representation of transition prolitds are given below:
SHESSS
s,[o 1 o]
Pr=%|0 0 1
S.|0 0 1

0 1 o
S,=[100]0 0 1| =[001
00 1

Fig. 1(a): Statetransition diagram and transition probability matrix in a normal cell
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S S S
s,[05 05 O
P.=S| 0 05 05
s./o 0 1
05 05 OF
S,=[100]| 0 05 0.5 = [0.250.50 0.2
0O 0 1
0.5
Fig. 1(b): State transition diagram and transition probability matrix in a normal cell
1 S S S
sfo 1 o7
P,=S/05 0 05
S./0 0 1
0 1 0F
S,=[100]05 0 0.5 = [0.500.F
0 0 1

Fig. 2(a): Statetransition diagram and transition probability matrix in retroviruses

1 S & S
s,[05 05 0T
P,=S/05 03 0.

S0 0 1
05 05 OF

S.=[100] 05 0.3 0.2 = [0.50.40.
0 0 1

0.3

Fig. 2(b): State transition diagram and transition probability matrix in retroviruses

In Fig. 1(a), the DNA state has completely chanigéal MRNA state and in turns into Proteins statisoAthere are
some examples which show the possibilities of DNIRNA and Proteins as states in the cell. Regarttiisg Fig.
1(b) shows that only 25 percent DNA state transsiiigto mRNA state and 50 percent of whole trapsed mMRNA
state change into Proteins state. In this, we §gb&rcent of Proteins as final state. We take #ita det of gene
RpoA in E. Coli from NCBI [24], which follows our adel; Accession: EU051382, Gl: 158021634, GenBank:
EU051382.1, Organism: Asparagus maritimus. Thexe8&0 base pair (bp) in the gene. The DNA sequisrteden

in FASTA format and using the software “EMBOSS Teeq)’, we get the 6 frame Proteins sequences. Wedfou
that the entire DNA sequence transcripts into mR¥gguence and mRNA sequence translates into Prateigisen
below:

>EU051382.1 1 Asparagus nmaritinmus RpoA (rpoA) gene, partial cds; and rpoA-
pet D i ntergenic spacer, partial sequence; chloropl ast

SYEN* | FSHRRCKTDI GHSTEAFCNQFT* E* TFI LI * I Y* NLFI FFLYFI NYI LKV* RKN

FI FYLRHAI RI FAE* I | | KFMYLGRI HFRRDYSLDTYI VWFHD* | HLKKT* S* RFI NR* X

>EU051382.1 2 Asparagus nmaritinmus RpoA (rpoA) gene, partial cds; and rpoA-
pet D i ntergenic spacer, partial sequence; chloropl ast
LVKI EYFRTEDVKQ LDTLQKHFAI NLPKNKLSF* FKSI RI FSYSFYI L* | | F* RSKEKT
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LFFI FGTRSVFSRNRS* * NSCI * GGFTLEGTI P* I PTSWYFTI ESI * KRPKVRDLSI GXX

>EU051382.1 3 Asparagus maritims RpoA (rpoA) gene, partial cds; and rpoA-
pet D i ntergeni c spacer, partial sequence; chloropl ast

L* KLNI FAQKMF NRYWILYRSI LQSI YLRI NFHFNLNLLESFHI LFI FYKLYSKGLKKKL

YFLSSARDPYFRG DHNKI HVSREDSL* KGLFPRYLHRG SRLNPFKKDLKLEI Y@ VX

>EU051382.1 4 Asparagus maritimus RpoA (rpoA) gene, partial cds; and rpoA-
pet D i ntergenic spacer, partial sequence; chloropl ast

LPI DKSLTLGLF* MDSI VKYHDVA * G VPSKVNPP* | HEFYYDL FRENTDRVPKI KNKV

FSLDL* NI | YKI * KEYEKI LI DLN* NESLFLGKLI AKCFCRVSNI CFTSSVRKYSI FI R

>EU051382.1 5 Asparagus maritimus RpoA (rpoA) gene, partial cds; and rpoA-
pet D i ntergeni c spacer, partial sequence; chloropl ast

XTY**| SNFRSFLNGFNREI PRCRYLGNSPF* SESSLDT* | LL* S| PRKYGSRAEDKK* S

FFFRPLEYNL* NI KRI * KDSNRFKLK* KFI LR* | DCKM_L* SVQYLFYI FCAKI FNFHKX

>EU051382.1 6 Asparagus maritimus RpoA (rpoA) gene, partial cds; and rpoA-
pet D i ntergenic spacer, partial sequence; chloropl ast

XYLLI NL* L* VFFKW QS* NTTMF VSRE* SLLK* | LPRYMNFI M YSAKI RI ACRR* KI K

FFL* TFRI * FI KYKKNVKRF* * | * | KNKVYS* VN* LONASVECPI SVLHLLCENI QFS* X

In Fig. 2(a), only 50 percent DNA state transcript® mRNA state but whole transcripted mRNA statanslates
into Proteins state. In this, we get 50 percenPuditeins as final state. Also, the probability 8f and S;

remaining in stateS; and S; are 0 respectively, the probability &, reaching in stateS; is 1. The probability
of S reaching in stateS, and S, is 0.5, which shows that the reverse transcripisnmRNA state reverse
transcripts into DNA state. The probability &, remaining in stateS, and S; is 0 and the probability ofS,

remaining in stateS, is 1. In Fig. 2(b), only 50 percent DNA state saripts into mRNA state and only 40 percent

of whole transcripted mRNA state translate intot&irs state. In this, we get 10 percent of Protaméinal state.
For this, we get the gene of unidentified retrosifian infective endogenous retrovirus and its aasioa with
demyelinating diseases and other diseases”, Ames®8D432460, Gl: 92376536, GenBank: BD432460.1,
Organism: unidentified retrovirus. There are 129¢ebpair (bp) in the gene. Again, the DNA sequeiacegaken in
FASTA format from NCBI [25] and using the softwdEEMBOSS Transeq”, we get the 6 frame Proteins seces
as given below:

>BD432460.1_1 AN | NFECTIVE ENDOGENCQUS RETROVIRUS AND | TS ASSCCI ATION W TH
DEMYEL| NATI NG DI SEASES AND OTHER DI SEASES
RLSG* RLTL PDRL GSPL DHHGCRASGNSHNGRSPAI * ROPSWI

>BD432460.1_2 AN | NFECTI VE ENDOGENCQUS RETROVIRUS AND | TS ASSCCI ATION W TH
DEMYEL| NATI NG DI SEASES AND OTHER DI SEASES
GLAAED* RCPI ASEAP* TI TDAELRVTLTMEDPQPYEDNLAGR

>BD432460.1_3 AN | NFECTI VE ENDOGENOUS RETROVIRUS AND | TS ASSOCI ATION W TH
DEMYELI NATI NG DI SEASES AND OTHER DI SEASES
A* RLKTDAARSPRKPPRPSRMPSFG* LSQWKI PSHMKTT* LDX

>BD432460.1_4 AN | NFECTI VE ENDOGENOUS RETROVIRUS AND | TS ASSOCI ATION W TH
DEMYELI NATI NG DI SEASES AND OTHER DI SEASES
RPARLSSYGWGSSI VRVTRSSASVIW* GASEAI GQRQSSAAKP

>BD432460.1_5 AN | NFECTI VE ENDOGENOUS RETROVIRUS AND | TS ASSOCI ATION WTH
DEMYELI NATI NG DI SEASES AND OTHER DI SEASES
SS* WFI WG FHCESYPKLG RDGLGGFRGDRAASVFSR* AX

>BD432460. 1_6 AN | NFECTI VE ENDOGENCQUS RETROVIRUS AND | TS ASSCCI ATION W TH
DEMYELI NATI NG DI SEASES AND OTHER DI SEASES
VQLGCLHVAGDLPL* EL PEARHP* WBRGLPRRSGSVSLQPLSR
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CONCLUSION

In this paper, a Markov chain is employed to prepasnodel for gene expression when the state spdita, state
vector and the two-step transition probability ma#re given. All the three properties are satifie predict the
state Proteins from state mRNA and in turn from skete DNA. Thus, a different approach is usedind the
Proteins state. It is also shown that if the ihiiate of a system is known and the probabilityntmve forward from
one state to another state is also given thenutiieef state of the system can be predicted. Theehi®a@dlso suitable
for retroviruses as the probability to move from MfRto DNA is given, which is shown in figure 2(ahd 2(b).
Such models can be developed and employed to prgeie expressions in sequences of other orgarasihs
generate information and knowledge which may bduliger development of protocols for diagnosis, \y@etion
and treatment of diseases.
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