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Protein Transcription

DNA sequence act as templates for building proteins
accodingto thetriplet code

Thereare4® = 64 possiblesequenceor codonsdefinedby
threeconsedative nucleotidebases.

Protein w

|

AUGe cAGCy

|

DNA ATgc CAgcTT Ga

RNA

The triplet codemapsead of these64 sequenesto one of
the 20 differentaminoacidsor the stopsymbol.



The Triplet Code

Ll u | C | A | G
UUU Phe [F] UCU Ser [S] UAU Tyr [Y] UGU Cys [C] U
| vuc Phe [F UCC Ser [S] UAC Tyr [Y] UGC Cys [C] C
UUA Leu [L] UCA Ser [S] UAA  STOP UGA STOP A
UUG Leu [L] UCG Ser [S] UAG STOP UGG Trp [W] G
CUU Leu [ CCU Pro [P] CAU His [H] CGU Arg [R] U
c| cuc teu CCC Pro [P] CAC His [H] CGC Arg [R] C
CUA Leu [L] CCA Pro [P] | CAA GIn [Q] CGA Arg [R] A
CUG Leu [ CCG Pro [P] CAG GIn [Q] CGG Arg [R] G
AUU Tlle [1] ACU Thr [T] | AAU Asn [N] | AGU Ser [9] U
Al AUC lle ACC Thr [T] | AAC Asn [N] AGC Ser [S] C
AUA lle  [I] ACA Thr [T] | AAA Lys [K] AGA Arg [R] A
AUG Met [M] | ACG Thr [T] | AAG Lys I[K] AGG Arg [R] G
GUU Vval [V] GCU Ala [A] | GAU Asp [D] | GGU Gly [G] U
s | euc va v GCC Ala [A] | GAC Asp [D] GGC Gly [G] C
GUA Val [V] GCA Ala [A] | GAA Glu [E] | GGA Gly [G] A
GUG Val [V] GCG Ala [A] | GAG Glu [E] | GGG Gly [G] G




Implicatio ns of the Triplet Code

Eachof the 20 aminoacidshasasfew as1 (e.g. tryptophan
TGG)orasmary as6 (e.g.amginineAGA, AGG,CGA, CGG,
CGT, CGC)correspondingcodons.

Thus the numberof possibleRNA sequence coding for a
givenproteingrows exponentidly in thelengthof theprotein,
e.g.. 10™ legal sequenes for a 147-residuehemoglobin
protein.

Whyis oneparticular sequencehosen fromthis huge space
of possibilities?

Alternatdy, can biotedinology exploit this redundancyf we
candesignthe ‘best’ codingsequence



Why DoesNature Usea Given Sequene?

Differenttheoriesxist asto why aparticularcodingsequene
IS selectedvy nature:

e Seguence evolve to use organismprefered codons—
reflectingits setof tRNAs.

e Codinghelpsregulategeneexpressionpy beginningwith
common/scare codons.

e Coding evolves to protectfrom potential mutationsby
maximizingthe mutationdistanceo brokenproteins.

But othernotionsof bestarepossible..



DesignCriteria for Artificial Genes

Optimizing certan technica criteria can have surprising
biologicalmotivations:

e Matchinga givencodon/pairdistribution — maximizing
proteinexpression

e Folding into a desired2- or 3-dimensionhstructure—
RNA secomary structureoptimization, code designfor
DNA computing

e Minimizing theoccurenceof certainpatterns— increas-
Ing therobustnes®f bacteiophages



RNA Folding

The folding problemseeksthe structureor shapeof a given
seqguene.

Theshapeof certainRNAs playsamajorrole in determining
Its interactionwith othermolecules, for exampletRNAs.
Folding occursin bothproteinsandRNA, althoughtheissues
aredifferent.

SinceRNA is single-straded, its componentbasestend to
bond with other basesanalogouslyto the bondsformed in
double-stradedDNA (A-U, C-G).

The setof all thesepairsconstituteghe secondarystructuie
of anRNA molecule.



The Zuker-Turner RNA Folding Model

In this widely usedmodel, binding pairs partition the RNA
strandinto nestedoops.

Hairpin loop

Multibranched loop

Stacked pairs

Internal loop
External base



A complicatedenegy function (derved from laboraory
experiments)is usedto measue the binding strengthof short
patterns.

Dynamic progranming optimizes the secondsy structure
underthe obsenedenegy functions.

Zuker, et.al[LZP-99,25-84 hasdevelopedsuccesful RNA
secondey structure prediction algorithms — on average,
73% of known basepairs on domainsof fewer than 700
nucleotidegMSZT-99].



RNA Folding Recurrences

Let V'[¢, j] denotetheminimumenegy of thestructureclosedby ¢ - j.

W M {4, j] denotethe contritution of subsequencéto 5, to amultiloopwhich containsi to 5.
Theenepy of ahairpinloop closedby 4 - j isgivenby e H (¢, j) = {stack(i,j) + hPenalty(j —i — 1)}
Theenenpy of thestructureclosedby pairé - j in ahelixis givenby e S (¢, j) = stack(i,j) + V (4, §)
Theenepy of aninternalloop with externalclosingpairs - j§ andinternalclosingpairk - 1 is

el(i,j) = min {stack(i,j) + stack(k,l) + V(k, 1)}
i<k<I<j

Theenepy contritution of sequencérom ¢ to j to amultiloopis givenby W M (¢, j) =

min | V(i,5) +b, WM(,j —1) +¢, WM(@i + 1,5) + ¢, min {WM(i, k — 1) + WM(k, )}
i<k<j

Theenepy of amultiloop closedby 7 - j is givenby

VM(i,j) = min  {WM(@i+1,k—1)+WM(k,j — 1) +a}
itl<k<j—1

Combiningtheserecurrencesye arrive atthe compositerecurrencéor the minimumenepy:

V(4,j) = min{eH (i, j),eS(i,5), el (i, ), VM(4,5)}



The Optimal Energy RNA Sequencd’roblem

Among all RNA sequenes coding for a given protein P,
which hasthe minimumenegy (maximumstructurep
Which hasthe maximumenegy (minimumstructurg?

Can we designa sequace to have a specifiedseconday
structure,e.g. ViennaRNA package’s inverse fold sener
(Hofacker,et.al-94)?

We ervision that the optimal sequenes have applicdionsin
biotechnologye.g. high/low temperatuge environments).



Maximizi ng Structure

We have developeda dynamic programmingalgorithm for

the minimumenegy RNA sequene problem which takes a
target protein P, and seeksthe most stable(lowestenegy)

RNA sequencevhich codes for P.

Asymptotically our algorithmrunsin O(n?) time, the same
time asstate-ofthe-artprogramns[LZP-99] which only fold a
givenRNA sequene. But it hasa big constanfactor...

We computethe optimalRNA sequene amongthe 107 legal

sequenesfor a 147-residuéhemoglobinproteinin aboutan
houron adesktopcomputer

We exploit the fad thatead residuecanbe codedin only a
constanhumberof ways.



Before and After
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dG =-260.8 [initially -263.5] Ab080131min

Thenew encodng requirestwice asmuchenegy to unfold.



Finding String Edit Distance

Our algorithmis bestillustratedby looking at a simplerand

morefamiliar dynamicprogranming problem.

The edit distancebetwea strings.S and 7’ is the minimum

numberof charater insertions,deletionsand substitutions
sufficientto transformS to 7T'.

Let D[:, 5] = the minimum numberof differencesbetwee

S1, 99, ...,.5; andtheseggmentof 7' endingat ;.

Dli, 7] is theminimumof thethreewaysto extend:

If S; =T;thenD[i — 1,5 —1]elseD[i — 1,j — 1] + 1 (match
or do notmatch)

Dli,j — 1] + 1 (extracharaterin S)

D[i —1,j] + 1 (extracharaterin T)



What T is ClosestTo S?

Dynamic progranming can find the minimum distancem-
stringfrom S in O(nm) time for constant-sizeé alphabets
Let D}, j, c| = theminimumedit costbetweenSy, S, . . ., S;
andthe (unknovn) segment of 7" endingin character c.
Dli, 7, c] is the minimumover all ¢ € 3 of the minimumof
thethreepossiblewaysto extend smallerstrings:

Dii— 1,5 —1,0] +d|c, S;] (match?)

Dli —1,7,c] + 1 (extracharaterin .S)

Dli, 7 —1,0] + 1 (extracharaterin T')

Although we use similar techniqus, our RNA design
algorithm is substantiallymore involved, requiring several
free charatersandincorpoiatingcodonconstraints.



Minimizing Structure

One can theorize that nature prefas to minimize RNA
secondsey structuresinceeneqy is requiredto breakthese
bondsduringtransciption.

However, the algorithmicsof finding the minimum enegy
coding is consideraly different than that of finding a
maximumenegy coding.

To minimize the complicationsof specificenegy functions,
we consider a problem which captues the essene of
minimumenepgy coding,specificallythecasevheretheRNA
hasno seconday structureatall.



String with No k£-RepeatProblem

Input: An alphabet:, aninteger k, andanorderedcollection
of subsetsS = {sy,...,s,},wheres; C ¥, forall1 <: <n.

Question: Doesthere exist a string 7' suchthat |T'| = n,

Tii] € s; forall1 < ¢ < n, andtheredoesnot exist a
1 < u < v < nsuchthatT[u + j] = Tlv + 4] for all

0<j5<k?

This is a reasonale model for minimum enegy coding
becawse (1) both problemsseekto build a stringwhereeach
charater positionis restrictedto certan subsetof possible
charaters,and(2) both problemsseeka stringwhich avoids
a pair of complementey patternsof sufficient lengthto bind.



HardnessProof

We use a reduction from the directed Hamiltonian path

problem.
Our reductionconstructsa string on an alphabetof vertices

andspacerswith two parts:

e The heade of T is completelyspecified,and includes
patternscorrespnding to all non-edgesand all non-
verticesin G

e The charatersin the secondportion of 7" will be left
fairly unrestrcted — this provides the “tape” to write the
Hamiltonianpathof the graphspecifiedn theheade.



Finding a charater assignmentwhich avoids all length-3
patterndn the heademeanghat:

e Eachvertex pairbetwee& commasnustrepresentanedge
In G (i.e. avoid anon-edgin G).

e Eachadjacehedgesn thetour mustendandstarton the
samevertex (i.e. avoid any non-\ertex pattern).

e Visits eadh vertex exactly once(sincenoneof theV — 1
pairsflanking‘:’ spaces areallowedto repea).

Thusthereis a string satisfyingthe constraintsff G hasa
Hamiltonianpath.



BaseOrder To Minimize Structure

CG bondsare strongerthan AU or GU bonds,so sequenes
with the lowest CG contenthave the highestenegy (least
stability). Thususing As wherever possibleshouldconstruct
high enegy sequence.

XXXXXXXXXX
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Every nucleotidepreferencaankingimpliesarankingamong
synorymouscodons. No single orderingis always bestbut
we use AUC'G to minimize structure.

.45



Local Structure Avoidance(LSA) Method

An alternateappro@h usesexhaustve searchto identify
an incrementé extension that minimizes local secondey
structurewithin afixed-lengthsuffix of S.

With an exponential-time dependace on variablewindow
length,|V| > 20 becomesmpractial impractica.

Both heuristicsprove effective in producing low-structue
sequenes. LSA producesbetter resultsin 73% of the
seguenes.



What FreedomDoesNature Have?
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The bell-shged enegy distribution for 1,000 randomly
encodingsfor 438-bp from M. genitalium and 435-bp
Halobacteriumsp.NRC-1

Thevertical dashedine givesthewildtype enegy while solid
circlesshonv our minimum/maximunenenpies.



What DoesNature Do?

To test for evolutionary pressureon encodingenepgy, we
comparehewild-type enegy againstfive randomlyselec¢ed
sequenescodingfor the sameprotein.

20+ all organisms

et LT
Thus the wildtype sequeﬁééoBCAChpies one of six possible
“enelgy ranks” — the numberof syntheticsequeneswhich
aremorestablethanit.

Seqguence with a prefeenceto stability arein the left bin.
A uniform distribution would show the absene of seledive

pressure




Bacterial Stability Signatures
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ObsenedBiases

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

e SecondaryBias for Instability — Highly unstablestruc-
turesare over-represatedin 19 of 36 cases. In 9 they
aretheprimarymode;in 10they arethesecondar mode.
The structues most strongly skewed toward unstable
sequencgbelongsto X. fastidiosa



Thermophiles

We initially conjedured that selectionfor stable structure
might occurmoreintenselyunderextremetemperatugsand
pressurs.

20+ thermophiles { 20 {nonthermophiles;

000000
000000000000

Theseventhermophilesn ourdataset(A. pernix, A. fulgidus
A. aeolicus M. jannastii, P. abyssj P. horikoshii, T.
maritima) do not display different patternsof stability than
otherbactera.



Ar chaevs. Bacteria

We initially conjedured that selectionfor stable structure
might differ betwea archae and bacteia due to their long
divelgene.

archae 1 20f bacteria A

\\\\\
000000000000

No discernible bias betwe@& archa or bactera could be
identified.



Bacteriophages

Bacterioplagesare viruseswhich kill bactera by injecting
DNA.




Medical Applications

Therels increasingnterestin medicalapplicationsof phages,
motivatedby the growing problemof antibioticresistace.
Phagedave beenwidely usedin the former Soviet Unionto
fighting infectionssincethe 19305.

Severd hurdlesmust still be overcome before phagescan
successflly competewith antibiotics...



Problemswith Bacteriophages

e Phagedendto benarrawvly tamgetal to specificbacteria

e Mammaliancirculaory systemsare adeptat removing
phagedrom thebloodstream.

e Crudephageysatesoftencontaintoxins.

Recent work towards isolating long-ciraulating bactero-
phagegMerril et.al. 1996] shavs consideable promisein
overcomingthesehurdles.

We proposea complematary approab to building better
phagesby engineeing themto avoid a primarybacterologi-
cal defensamechanism.



Restriction Enzymes

Restriction enzynes cut unmetlylated DNA at specific
patternspr cuttersequeces

E.g.. EcoRI cuts at GAATTC, and EcoAl cuts at
GAGNNNNNNNGTCA

Cuttersequenesrangein lengthfrom 2 to 16 basesandmay
Includewildcardsymbols.

Such enzymes, isolated from bacteria have become a
fundametmal tool in biotechnology

However, their primary biological role is as a deferse
mechanisnagainstphage.

Bacteriadeploy restrictionenzyme to cut theinjectedphage
DNA into fragmentsbeforeit becomea biologically actwve.



Exploiting the Triplet Code

We proposeincreasing the effectivenessof a therapeitic
phageby engineeing its genome&o minimize the numberof
restrictionsitesfor a givensetof cuttersequaces.

One must be carelul not to changethe phenotypeof the
resultingphage however.

We seekthe codingsequencevhich minimizesthe numberof
restrictionsiteswhile still codingfor all the desiredproteins.
The intergenic regions of bacterophagesmay or may not
be recodal, but are typically very short, a tribute to the
evolutionary adwantage of minimizing genome length in
phages.



The Minimum Restriction Site Genome
Problem

Input: The sequenceS of a given phage P, with genes
G = {g1,.--.,9r}, a setof restridion enzymescutters
E ={es,...,en}, andanintegerz.

Output: A DNA sequene S’ where|S| = |5’|, suchthatfor

eachgeneg; € G in S andS’ codefor identicalproteins,all

non-codingregionsof S areconseredin S’, andthereareat

mostz of restridionssitesin S’ over E.




Bad news— NP-Complete!

Thereductionis from 3-satisfiability

Note that every CNF clausehasone patternof literals (all
false)which causest to fall.

Thegeneto synthesizé logical variableswill berepresented
by a string of lengthn, whereead positioncaneitherbe T
orG.

Theenzymdo cut/ logical clausewill have don't carebases
except at the threesymbolsin the clause,cutting only when
all relevantliteralsarenegated.

For example,clause(vy, vs, v3) yieldsenzymeGTG.



Good News— Dynamic Programming!

Let M|z, W] betheminimumnumberof enzymecutspossible
to encodethe first 7 basesf S, wherethelast! basef S’
aredefinedby thestringWW = wyw, . .. w;.

M, W= min_ M[i—1,aqw;...w_1]+ cuts(W)

ac€ACGT

wherecuts(W) is the numberof restridion sitescreatedby
theimplicit enzymesetwhosecuttermatche a suffix of 11/.



Thenumberof restrictionsitesin theoptimalsequencel! [n],
Is found by testingall possiblesuffix windows, i.e.:

41
Mn| = Iznzlgl M|n, W]

Sincethe longestknown cutter is only 16 bases,this is a
tractaldle computation.



Complications

e Overlappinggenes — It is fairly commonfor two or more
genedo shareagivenregiononagenome.

e Genenalternatestrands—Mostphage®xhibitedgenes
on boththe upperandlower strandsf thegenome.

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

Efficient implementationof the sparsedynamic program
requires somecare



Our implementationwhich is 2000lines of C, canrun each
of our phagel enzymesetpairsin afew minuteson a modest
desktopworkstation.



PhagesStudied

Phage Length Coding Non-codhg Genes Layers
186 30624 28380 2244 46 4
Al18 40834 38461 2373 72 2
Alteromores 10079 9318 761 23 2
C2 22172 20532 1640 39 2
Chpl 4877 2927 1950 12 6
Cp-1 19343 16715 2628 28 2
D29 49136 44191 4945 77 2
G4 5577 5295 282 11 4
HKO022 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
Strept@occls 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




Enzyme Sets

REBASE containsabout 3409 enzyme with 255 distinct
cuttersequenes.

e All cutter sequenes — Thesesetsconsistof all known
sequencegof particula length, all simple cutters(ALL-
SIMPLE), all cuttersincluding ambiguousbaseqdNON-
SIMPLE), and all simple cuttersof length 4, 6, and 8
(ALL-SIMPLE-4, -6, and-8).

e Denseorganism-spefic sequence— Thesesetsconsti-
tute the host-specificsetsof enzymesfor the six genus
with thelargestknown enzymesets from 49to 26 distinct
cutterseach. PseudomonasEsdierichia, Streptomyes
Helicobader, NeisseriaandThermus



Why Lar ge Enzyme Sets?

Large enzymesetsoccur becauseaestrictionenzymesmove
laterallyacrossspecies.

The T7 phagecan infect E. coli unlessthe bacteriumhas
previously beeninfectedby the P1 phage,which suppliesit
with therestrictionenzymekEcoP1.

Bacterioplage genomesare substantiallydepletel of palin-
dromic sequencs, typically associatedvith restrictionsites
[Karlin 1992].

Bacterial genomesavoid cut sitesassociaté with their own
enzymesbecaise of the occasionh failure of their own
metlylation systemgGelfandandKoonin1997]



ResultsBy Cutter Length

4-cutters 6-cuters 8-cutiers 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
Cc2 963 27 323 2 4 0 3354 890
Chp1l 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
HKO022 | 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 Organism SpecificEnzymes

Pseudomonas Escherihia  Streptonyces Helicobacer
Phage | wild opt | wild opt | wild opt | wild opt
186 946 42 652 84 | 335 48 | 2915 274
Al118 370 20 308 46 167 25 1786 330
Alter. 133 3 60 3 18 1 550 63

Cc2 123 6 102 14 40 6 886 167
Chpl 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

HKO022 | 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

Relative densities of wild-type and optimized genomes
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Results

We have the freedomto remove every instanceof every 8-
cutterfrom the codingregionsof every phagewe considerd.
We remove 90% of all 4-cutterand6-cuttersitesfrom every
phage.

We typically remove 80% or more of all sitesfor all simple
cutters.

Thereseemso be no significantdifferene in our ability to
remove simpleor ambiguouguttersequenes.

We typically remove about90% of all wild-type sitesevenin
thedensest organsm-specificenzymesets.

We believe thattheseiddeasmay provide a methodto increae
the hostrangeof specificphages.



Why Hasn'’t Evolution Solvedthe Problem?

If phagedenefitfrom genomeswith the minimum possible
numberof restrictionsites,why hasnt evolution removed all

of them?

Extensve evidenceshaws thatpalindromicsubsequeresare
Indeedselecté againstin bacteriaandphagegenomes.

We proposea simpleevolutionarymodelwhich may explain
why somary still reman. ..



An Evolutionary Model

Supposeave modelagenomeasann-bit binarystring,where
0 denotesarestrictionsiteandl no site.
Randommutations/flipswill leave half the sitesactive, while
avelry strongbiasis neededo remove all of them.
Equilibrium is achiezed when the probability of forward
mutationsequalsthatof backwardsnutations at

n

1
(1 T pcut)2 + 1 ( )
wherep,.,; is the probabilitythatarny givensiteis fatdly cut.
If peur — 0, thereis no biasandi.,; = n/2 sitesareinactive.

If p... — 1, thereis suchstrongbiasthatall :.,; = n sitesare
Inactve.




How Often are SitesCut?

Sincetypical phagegenomescan have dozensof restriction
sites, p.: Mmust be farly low for ary significant phage
populationto survie.

Indeed studiesshawv thatthatbetwee 1/10th to 1/100, 000th

of bacte&ia survive a phagenfection.

Assuminga survial value of 1/1000 for a phagewith ten
restrictionsitesyieldsp.,; ~ 0.5, which placesequilibriumat
removing only 80% of all restrictionsites.

Similar calculationsfor a phagewith 100 restriction sites
yields p.. =~ 0.06 and equilibrium at only 53% of all

restrictionsites.



OpenProblems

e Conformingto a givencodondistribution.
e Otheroptimizationcriteria

e Labordory implementation experimentation.
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