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Protein Transcription

DNA sequences act as templates for building proteins
according to thetriplet code.
Thereare

��� � ���
possiblesequences or codonsdefinedby

threeconsecutivenucleotidebases.

A T G C C A G C T T G ADNA

A G UCGCU C A
RNA

M P AProtein

The triplet codemapseach of these64 sequencesto oneof
the20 differentaminoacidsor thestopsymbol.



The Triplet Code

U C A G

U

UUU Phe [F]
UUC Phe [F]
UUA Leu [L]
UUG Leu [L]

UCU Ser [S]
UCC Ser [S]
UCA Ser [S]
UCG Ser [S]

UAU Tyr [Y]
UAC Tyr [Y]
UAA STOP
UAG STOP

UGU Cys [C]
UGC Cys [C]
UGA STOP
UGG Trp [W]

U
C
A
G

C

CUU Leu [L]
CUC Leu [L]
CUA Leu [L]
CUG Leu [L]

CCU Pro [P]
CCC Pro [P]
CCA Pro [P]
CCG Pro [P]

CAU His [H]
CAC His [H]
CAA Gln [Q]
CAG Gln [Q]

CGU Arg [R]
CGC Arg [R]
CGA Arg [R]
CGG Arg [R]

U
C
A
G

A

AUU Ile [I]
AUC Ile [I]
AUA Ile [I]
AUG Met [M]

ACU Thr [T]
ACC Thr [T]
ACA Thr [T]
ACG Thr [T]

AAU Asn [N]
AAC Asn [N]
AAA Lys [K]
AAG Lys [K]

AGU Ser [S]
AGC Ser [S]
AGA Arg [R]
AGG Arg [R]

U
C
A
G

G

GUU Val [V]
GUC Val [V]
GUA Val [V]
GUG Val [V]

GCU Ala [A]
GCC Ala [A]
GCA Ala [A]
GCG Ala [A]

GAU Asp [D]
GAC Asp [D]
GAA Glu [E]
GAG Glu [E]

GGU Gly [G]
GGC Gly [G]
GGA Gly [G]
GGG Gly [G]

U
C
A
G



Implicatio nsof the Triplet Code

Eachof the20 aminoacidshasasfew as1 (e.g. tryptophan
TGG)or asmany as6 (e.g.arginineAGA, AGG,CGA,CGG,
CGT, CGC)correspondingcodons.
Thus the numberof possibleRNA sequences coding for a
givenproteingrowsexponentially in thelengthof theprotein,
e.g.. �	��
�� legal sequences for a 147-residuehemoglobin
protein.
Whyis oneparticular sequencechosen fromthis huge space
of possibilities?
Alternately, canbiotechnology exploit this redundancyif we
candesignthe‘best’ codingsequence?



Why DoesNature Usea Given Sequence?

Different theoriesexistastowhy aparticularcodingsequence
is selectedby nature:

 Sequences evolve to use organism-preferred codons–

reflectingits setof tRNAs.

 Codinghelpsregulategeneexpression,by beginningwith

common/scarcecodons.

 Coding evolves to protect from potential mutationsby

maximizingthemutationdistanceto brokenproteins.

But othernotionsof bestarepossible.. .



DesignCriteria for Artificial Genes

Optimizing certain technical criteria can have surprising
biologicalmotivations:

 Matchinga givencodon/pairdistribution � maximizing

proteinexpression.

 Folding into a desired2- or 3-dimensional structure �

RNA secondary structureoptimization,codedesignfor
DNA computing.


 Minimizing theoccurrenceof certainpatterns� increas-
ing therobustnessof bacteriophages.



RNA Folding

The folding problemseeksthe structureor shapeof a given
sequence.
Theshapeof certainRNAs playsamajorrole in determining
its interactionwith othermolecules, for exampletRNAs.
Foldingoccursin bothproteinsandRNA, althoughtheissues
aredifferent.
SinceRNA is single-stranded, its componentbasestend to
bond with other basesanalogouslyto the bondsformed in
double-strandedDNA (A-U, C-G).
The setof all thesepairsconstitutesthesecondarystructure
of anRNA molecule.



The Zuker-Turner RNA Folding Model

In this widely usedmodel,binding pairspartition the RNA
strandinto nestedloops.

Hairpin loop

Bulge

Multibranched loop

Stacked pairs

Internal loop
External base



A complicatedenergy function (derived from laboratory
experiments)is usedto measure thebindingstrengthof short
patterns.
Dynamic programming optimizes the secondary structure
undertheobservedenergy functions.
Zuker, et.al [LZP-99,ZS-84] hasdevelopedsuccessful RNA
secondary structure prediction algorithms – on average,
73% of known basepairs on domainsof fewer than 700
nucleotides[MSZT-99].



RNA Folding Recurrences

Let ��� ������� denotetheminimumenergy of thestructureclosedby ����� .��� � ������� denotethecontribution of subsequence� to � , to a multiloopwhichcontains� to � .
Theenergy of a hairpinloopclosedby ����� is givenby  "!$#%�����'&)(�*"+-,/.10"23#4�����'&6587:9; -<3.>=%,@?A# �CB��DBFEG&�H
Theenergy of thestructureclosedby pair ����� in a helix is givenby  "IJ#4�����1&)(K+-,/.10"23#4�����'&L5M��#4�����1&
Theenergy of aninternalloopwith externalclosingpair �6��� andinternalclosingpair 2N�"= is -OP#4�����'&)( QCR ST�U)VPU)W�UDX *"+-,/.10"23#4�����'&L58+-,/.P0-23#�23��=4&L5M��#�23�Y=4&@H
Theenergy contributionof sequencefrom � to � to a multiloopis givenby

��� #4�����1&Z(
QCR S\[]]]]^ �N#4�����'&L58_"� ��� #4�����CBFEG&65`0'� ��� #4�A5KE"���1&L5`0a�MQCR ST�U)VPbDX * ��� #%���G2CB\EG&A5 ��� #�23���'&�HDc ]]]]d

Theenergy of a multiloop closedby �6��� is givenby � � #4�����1&Z( QCR ST�egf"U)VPbDX"hJf * ��� #4�35KE"�G2NBFEG&65 ��� #�23���iBFEG&65`.3H
Combiningtheserecurrences,wearriveat thecompositerecurrencefor theminimumenergy:��#4�����1&Z(KQCR S>*" "!$#4�����1&Y�� "IJ#4�����'&Y�Y -OP#4�����1&Y�G� � #4�����1&�H



The Optimal Energy RNA SequenceProblem

Among all RNA sequences coding for a given protein j ,
which hastheminimumenergy (maximumstructure)?
Whichhasthemaximumenergy (minimumstructure)?
Can we designa sequence to have a specifiedsecondary
structure,e.g. Vienna RNA package’s inverse fold server
(Hofacker,et.al-94)?
We envision that the optimal sequenceshave applications in
biotechnology(e.g.high/low temperatureenvironments).



Maximizi ng Structur e

We have developeda dynamicprogrammingalgorithm for
the minimumenergy RNA sequence problem, which takes a
target protein j , andseeksthe moststable(lowestenergy)
RNA sequencewhichcodes for j .
Asymptotically, our algorithmrunsin k lCm �on

time, the same
timeasstate-of-the-artprograms[LZP-99] which only fold a
givenRNA sequence. But it hasabig constantfactor.. .
WecomputetheoptimalRNA sequenceamongthe �	�p
`� legal
sequencesfor a 147-residuehemoglobinproteinin aboutan
houronadesktopcomputer.
We exploit the fact that each residuecanbe codedin only a
constantnumberof ways.
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Thenew encoding requirestwice asmuchenergy to unfold.



Finding String Edit Distance

Our algorithmis bestillustratedby looking at a simplerand
morefamiliar dynamicprogrammingproblem.
The edit distancebetween strings q and r is the minimum
numberof character insertions,deletionsand substitutions
sufficient to transformq to r .
Let s t"uwvyx{z = the minimum numberof differencesbetween
q}|�v~q���v�������v~q�� andthesegmentof r endingat x .
s t"uwvyx{z is theminimumof thethreewaysto extend:
If q�� � r�� then s t-u�� ��vyx � ��z else s t"u�� ��vyx � ��z�� � (match
or do notmatch)
s t"uwvyx � ��z�� � (extracharacterin q )
s t"u�� ��vyx{z�� � (extracharacterin r )



What � is ClosestTo � ?

Dynamic programming can find the minimum distance� -
stringfrom q in k lNm�� n

time for constant-sized alphabets.
Let s t-u~v$x�v��~z = theminimumedit costbetweenq | vwq � v�������vwq �
andthe(unknown) segment of r endingin character � .
s t"uwvyx�v��~z is the minimumover all � � � of the minimumof
thethreepossiblewaysto extendsmallerstrings:
s t"u�� ��vyx � ��vo��z�� ��ta��vwq � z (match?)
s t"u�� ��vyx�v��~z�� � (extra characterin q )
s t"uwvyx � ��v���z�� � (extra character in r )
Although we use similar techniques, our RNA design
algorithm is substantiallymore involved, requiring several
freecharactersandincorporatingcodonconstraints.



Minimizing Structure

One can theorize that nature prefers to minimize RNA
secondary structuresinceenergy is requiredto breakthese
bondsduringtranscription.
However, the algorithmicsof finding the minimum energy
coding is considerably different than that of finding a
maximumenergy coding.
To minimize the complicationsof specificenergy functions,
we consider a problem which captures the essence of
minimumenergy coding,specificallythecasewheretheRNA
hasnosecondary structureat all.



String with No � -RepeatProblem

Input: An alphabet� , aninteger � , andanorderedcollection
of subsetsq � ��  |ov����¡��v  p¢�£ , where

  ��¤ � , for all � ¥ u¦¥ m .
Question: Does thereexist a string r such that §'r § � m ,
r t"u$z �   � for all � ¥ u ¥ m , and there doesnot exist a
� ¥ ¨ © ª ¥ m such that r t"¨ � x{z � r t-ª � x{z for all
� ¥ x © � ?
This is a reasonable model for minimum energy coding
because(1) bothproblemsseekto build a stringwhereeach
character position is restrictedto certain subsetof possible
characters,and(2) bothproblemsseeka stringwhich avoids
apair of complementary patternsof sufficient lengthto bind.



HardnessProof

We use a reduction from the directed Hamiltonian path
problem.
Our reductionconstructsa string on an alphabetof vertices
andspacers,with two parts:

 The header of r is completelyspecified,and includes

patternscorresponding to all non-edgesand all non-
verticesin «


 The characters in the secondportion of r will be left
fairly unrestricted – this provides the “tape” to write the
Hamiltonianpathof thegraphspecifiedin theheader.



Finding a character assignmentwhich avoids all length-3
patternsin theheadermeansthat:

 Eachvertex pairbetween commasmustrepresentanedge

in « (i.e. avoid anon-edge in « ).

 Eachadjacent edgesin thetour mustendandstarton the

samevertex (i.e. avoid any non-vertex pattern).

 Visits each vertex exactly once(sincenoneof the ¬ � �

pairsflanking‘:’ spacersareallowedto repeat).

Thus thereis a string satisfyingthe constraintsif f « hasa
Hamiltonianpath.



BaseOrder To Minimize Structure

CG bondsarestrongerthanAU or GU bonds,so sequences
with the lowest CG contenthave the highestenergy (least
stability). Thususing ­ s wherever possibleshouldconstruct
highenergy sequences.
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Maximized eDensity by nucleotide substitution

Every nucleotidepreferencerankingimpliesarankingamong
synonymouscodons. No singleorderingis alwaysbestbut
we use ­ ® ¯ « to minimizestructure.



Local Structure Avoidance(LSA) Method

An alternateapproach usesexhaustive searchto identify
an incremental extension that minimizes local secondary
structurewithin afixed-lengthsuffix of q .
With an exponential-time dependence on variable-window
length, §L¬ §±° ²³� becomesimpractical impractical.
Both heuristicsprove effective in producing low-structure
sequences. LSA producesbetter results in 73% of the
sequences.



What FreedomDoesNatureHave?
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The bell-shaped energy distribution for 1,000 randomly
encodings for 438-bp from M. genitalium and 435-bp
Halobacteriumsp.NRC-1.
Thevertical dashedline givesthewildtypeenergy while solid
circlesshow ourminimum/maximumenergies.



What DoesNature Do?

To test for evolutionary pressureon encodingenergy, we
comparethewild-type energy againstfive randomlyselected
sequencescodingfor thesameprotein.
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all organisms

Thus the wildtype sequenceoccupies one of six possible
“energy ranks” – the numberof syntheticsequenceswhich
aremorestablethanit.
Sequences with a preferenceto stability are in the left bin.
A uniform distribution would show the absence of selective
pressure.



Bacterial Stability Signatures
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ObservedBiases


 Clear Bias for Stability – In 34 of 36 cases, the number
of stable structures exceeds the expected value. The
structuremost strongly skewed toward stability belongs
to M. genitalium.


 SecondaryBias for Instability – Highly unstablestruc-
turesare over-represented in 19 of 36 cases. In 9 they
aretheprimarymode;in 10 they arethesecondary mode.
The structures most strongly skewed toward unstable
sequencesbelongsto X. fastidiosa.



Thermophiles

We initially conjectured that selectionfor stablestructure
might occurmoreintenselyunderextremetemperaturesand
pressures.
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Theseventhermophilesin ourdataset(A.pernix, A. fulgidus,
A. aeolicus, M. jannaschii, P. abyssi, P. horikoshii, T.
maritima) do not displaydifferent patternsof stability than
otherbacteria.



Ar chaevs. Bacteria

We initially conjectured that selectionfor stablestructure
might differ between archaeand bacteria due to their long
divergence.
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No discerniblebias between archae or bacteria could be
identified.



Bacteriophages

Bacteriophagesare viruseswhich kill bacteria by injecting
DNA.



Medical Applications

Thereis increasinginterestin medicalapplicationsof phages,
motivatedby thegrowing problemof antibioticresistance.
Phageshave beenwidely usedin theformerSoviet Union to
fighting infectionssincethe1930’s.
Several hurdlesmust still be overcome before phagescan
successfully competewith antibiotics.. .



Problemswith Bacteriophages


 Phagestendto benarrowly targeted to specificbacteria.

 Mammaliancirculatory systemsare adeptat removing

phagesfrom thebloodstream.

 Crudephagelysatesoftencontaintoxins.

Recent work towards isolating long-circulating bacterio-
phages[Merril et.al. 1996] shows considerable promisein
overcomingthesehurdles.
We proposea complementary approach to building better
phages,by engineering themto avoid aprimarybacteriologi-
cal defensemechanism.



Restriction Enzymes

Restriction enzymes cut unmethylated DNA at specific
patterns,or cuttersequences.
E.g.. EcoRI cuts at GAATTC, and EcoAI cuts at
GAGNNNNNNNGTCA.
Cuttersequencesrangein lengthfrom 2 to 16bases,andmay
includewildcardsymbols.
Such enzymes, isolated from bacteria, have become a
fundamental tool in biotechnology.
However, their primary biological role is as a defense
mechanismagainstphages.
Bacteriadeploy restrictionenzymes to cut theinjectedphage
DNA into fragmentsbeforeit becomesbiologicallyactive.



Exploiting the Triplet Code

We proposeincreasing the effectiveness of a therapeutic
phageby engineering its genometo minimizethenumberof
restrictionsitesfor a givensetof cuttersequences.
One must be careful not to changethe phenotypeof the
resultingphage,however.
Weseekthecodingsequencewhichminimizesthenumberof
restrictionsiteswhile still codingfor all thedesiredproteins.
The intergenic regions of bacteriophagesmay or may not
be recoded, but are typically very short, a tribute to the
evolutionary advantageof minimizing genome length in
phages.



The Minimum Restriction SiteGenome
Problem

Input: The sequenceq of a given phage j , with genes
« � ��¶ | v�������v ¶¸·¹£ , a set of restriction enzymescuttersº � �¼» | v����¡��v »p½¾£

, andaninteger ¿ .
Output: A DNA sequence q�À where §:q § � §:q}ÀÁ§ , suchthat for
eachgene

¶ � � « in q and q À codefor identicalproteins,all
non-codingregionsof q areconservedin qÂÀ , andthereareat
most ¿ of restrictionssitesin q À over

º
.



Bad news– NP-Complete!

Thereductionis from 3-satisfiability.
Note that every CNF clausehasone patternof literals (all
false)which causesit to fail.
Thegeneto synthesize/ logical variableswill berepresented
by a string of length m , whereeach positioncaneitherbe r
or « .
Theenzymeto cut / logical clausewill have don’t carebases
except at the threesymbolsin the clause,cutting only when
all relevantliteralsarenegated.
For example,clauselNª | vÂÃª � vÄª � n yieldsenzyme« r « .



Good News– Dynamic Programming!

Let Å t"u~v~Æ z betheminimumnumberof enzymecutspossible
to encodethe first u basesof q , wherethe last Ç basesof q À
aredefinedby thestring Æ � È | È � ����� ÈÊÉ

.

Å t"u~vËÆ z � Ì Í)ÎÏ�Ð¹Ñ±ÒÔÓÖÕ Å t"u×� ��v�Ø È | ���¡� È É)Ù | z�� ��¨ÛÚ   lÜÆ n
where ��¨ÛÚ   lÜÆ n

is the numberof restriction sitescreatedby
theimplicit enzymesetwhosecuttermatchesasuffix of Æ .



Thenumberof restrictionsitesin theoptimalsequence, Å t-m�z ,
is foundby testingall possiblesuffix windows, i.e.:

Å t-m�z � Ý`Þ Ù |Ì ÍZÎ�Jßáà Å t-mâv~Æ �Jz
Since the longestknown cutter is only 16 bases,this is a
tractable computation.



Complications


 Overlappinggenes – It is fairly commonfor two or more
genesto sharea givenregion ona genome.


 Genesonalternatestrands– Mostphagesexhibitedgenes
onboththeupperandlowerstrandsof thegenome.


 Non-palindromic cutters – Most but not all cuttersfor
restriction enzymesare palindromic, meaningthat the
cutteris equalto its reversecomplement.

Efficient implementationof the sparsedynamic program
requiressomecare.



Our implementation,which is 2000linesof C, canrun each
of ourphage/ enzymesetpairsin a few minutesonamodest
desktopworkstation.



PhagesStudied

Phage Length Coding Non-coding Genes Layers
186 30624 28380 2244 46 4
A118 40834 38461 2373 72 2
Alteromonas 10079 9318 761 23 2
C2 22172 20532 1640 39 2
Chp1 4877 2927 1950 12 6
Cp-1 19343 16715 2628 28 2
D29 49136 44191 4945 77 2
G4 5577 5295 282 11 4
HK022 40751 24781 15970 35 2
HK97 39732 34641 5091 60 2
HP1 32355 29645 2710 41 2
L2 11965 9140 2825 14 2
MAV1 15644 14115 1529 15 2
MS2 3569 3246 323 4 2
MX1 4215 4017 198 4 2
Mu 36717 33276 3441 53 3
N15 46375 41847 4528 60 2
NL95 4248 4053 195 4 2
P2 33593 30748 2845 42 2
P4 11624 9457 2167 13 2
PZA 19366 18181 1185 27 2
SPP1 44007 38883 5124 102 4
Streptococcus 40739 32311 8428 38 2
bIL170 31754 28806 2948 63 2
bIL67 22195 19846 2349 37 2
fs-2 8651 7334 1317 9 2
lambda 48502 40842 7660 67 2
psiM2 26111 22588 3523 31 2



EnzymeSets

REBASE containsabout 3409 enzymes with 255 distinct
cuttersequences.
 All cutter sequences – Thesesetsconsistof all known

sequences of particular length, all simplecutters(ALL-
SIMPLE), all cuttersincluding ambiguousbases(NON-
SIMPLE), and all simple cuttersof length 4, 6, and 8
(ALL-SIMPLE-4, -6, and-8).
 Denseorganism-specific sequences – Thesesetsconsti-
tute the host-specificsetsof enzymesfor the six genus
with thelargestknown enzymesets,from 49to 26distinct
cutterseach. Pseudomonas, Escherichia, Streptomyces,
Helicobacter, Neisseria, andThermus.



Why Lar geEnzymeSets?

Large enzymesetsoccurbecauserestrictionenzymesmove
laterallyacrossspecies.
The T7 phagecan infect E. coli unlessthe bacteriumhas
previously beeninfectedby the P1 phage,which suppliesit
with therestrictionenzymeEcoP1.
Bacteriophagegenomesare substantiallydepleted of palin-
dromic sequences, typically associatedwith restrictionsites
[Karlin 1992].
Bacterial genomesavoid cut sitesassociated with their own
enzymesbecause of the occasional failure of their own
methylation systems[GelfandandKoonin1997]



ResultsBy Cutter Length

4-cutters 6-cutters 8-cutters All simple
Phage wild opt wild opt wild opt wild opt
186 2514 61 695 7 9 0 10311 1872
A118 2114 45 716 8 12 0 8156 1957
Alter. 658 11 151 2 4 0 2489 567
C2 963 27 323 2 4 0 3354 890
Chp1 151 18 80 6 0 0 633 173
Cp-1 780 45 221 15 1 0 3191 802
D29 5126 70 1523 8 9 0 19985 3120
G4 314 60 115 14 0 0 1343 440
HK022 1840 28 661 5 3 0 8377 1575
HK97 2482 60 869 8 8 0 11176 2287
HP1 1597 29 533 4 6 0 7070 1523
L2 492 13 178 0 3 0 1627 354
MAV1 854 15 267 1 7 0 2499 452
MS2 241 21 108 4 1 0 1060 216
MX1 272 7 121 1 0 0 1206 186
Mu 2585 51 736 9 4 0 11273 2292
N15 3267 59 1211 5 9 0 14324 2751
NL95 339 5 126 1 0 0 1357 213
P2 2396 43 690 4 4 0 10010 1887
P4 782 19 215 2 4 0 3086 611
PZA 959 29 307 2 7 0 3758 819
SPP1 2603 263 736 61 5 0 9752 2745
Strep. 1484 40 560 5 2 0 6310 1529
bIL170 1355 40 446 5 5 0 4704 1176
bIL67 931 20 287 2 3 0 3146 834
fs-2 429 10 119 2 0 0 1884 412
lambda 3005 89 987 10 9 0 13249 2775



ResultsBy OrganismSpecificEnzymes

Pseudomonas Escherichia Streptomyces Helicobacter
Phage wild opt wild opt wild opt wild opt
186 946 42 652 84 335 48 2915 274
A118 370 20 308 46 167 25 1786 330
Alter. 133 3 60 3 18 1 550 63
C2 123 6 102 14 40 6 886 167
Chp1 54 1 41 4 30 3 184 31
Cp-1 52 2 60 12 9 2 723 153
D29 3301 159 3237 322 1928 194 7107 589
G4 103 15 63 12 29 9 434 91
HK022 937 50 894 112 538 67 2404 206
HK97 1120 65 1037 145 618 86 3149 334
HP1 316 18 287 47 171 27 1433 226
L2 148 24 145 52 92 32 449 83
MAV1 111 5 89 17 43 7 454 80
MS2 143 12 110 10 77 9 348 49
MX1 154 14 120 27 79 18 394 40
Mu 1174 70 1001 145 544 84 3044 339
N15 1630 101 1500 207 896 125 4055 396
NL95 174 12 142 24 91 16 451 44
P2 956 39 636 71 294 42 2774 272
P4 316 14 252 26 129 16 828 81
PZA 176 4 141 13 71 4 1076 163
SPP1 870 125 792 188 461 101 2920 645
Strept. 261 27 276 70 115 38 1572 270
bIL170 166 6 159 19 54 9 1143 242
bIL67 88 4 76 10 22 3 821 158
fs-2 92 3 54 2 19 1 476 62
lambda 1334 79 1137 173 636 106 3765 441
psiM2 945 56 922 116 534 62 2295 308



Density of sitesin optimized vs. wild-type
genomes
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Results

We have the freedomto remove every instanceof every 8-
cutterfrom thecodingregionsof every phageweconsidered.
We remove 90%of all 4-cutterand6-cuttersitesfrom every
phage.
We typically remove 80% or moreof all sitesfor all simple
cutters.
Thereseemsto be no significantdifference in our ability to
remove simpleor ambiguouscuttersequences.
We typically remove about90%of all wild-type sitesevenin
thedensestorganism-specificenzymesets.
Webelieve thattheseideasmayprovideamethodto increase
thehostrangeof specificphages.



Why Hasn’t Evolution Solved the Problem?

If phagesbenefitfrom genomeswith the minimum possible
numberof restrictionsites,why hasn’t evolution removed all
of them?
Extensive evidenceshows thatpalindromicsubsequencesare
indeedselected againstin bacteriaandphagegenomes.
We proposea simpleevolutionarymodelwhich mayexplain
why somany still remain. . .



An Evolutionary Model

Supposewemodelagenomeasan m -bit binarystring,where
0 denotesa restrictionsiteand1 nosite.
Randommutations/flipswill leave half thesitesactive,while
avery strongbiasis neededto remove all of them.
Equilibrium is achieved when the probability of forward
mutationsequalsthatof backwardsmutations,at

u�äÁå ��æ m
l8�ç� èÔéiêoë n � � � (1)

whereè éiêoë is theprobabilitythatany givensiteis fatally cut.
If è éiêoë � � , thereis nobiasand u äÁå � � m×ì�² sitesareinactive.
If è éiêoë � � , thereis suchstrongbiasthatall u äÁå � � m sitesare
inactive.



How Often are SitesCut?

Sincetypical phagegenomescanhave dozensof restriction
sites, èíéiê�ë must be fairly low for any significant phage
populationto survive.
Indeed, studiesshow thatthatbetween �¹ìá�	� th to �¹ìá�	����v��î�î� th
of bacteria survive aphageinfection.
Assuminga survival value of �¹ìá�	�î��� for a phagewith ten
restrictionsitesyields è éiêoëïæ ����ð , whichplacesequilibriumat
removing only 80%of all restrictionsites.
Similar calculationsfor a phagewith 100 restriction sites
yields èÔéiêoë æ ���L� � and equilibrium at only 53% of all
restrictionsites.



OpenProblems


 Conformingto agivencodondistribution.

 Otheroptimizationcriteria

 Laboratory implementation/ experimentation.



For Further Reading


