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Abstract. Assigning the values of a certain physico- robustness — Evolvability — Adaptive walk — Codon
chemical property for individual amino acids to the cor- — Evolutionary molecular engineering

responding codons, we can make an amino acid property
“landscape” on a four valued three dimensional sequence
space from a genetic code table. Eleven property Iandl-ntroduction
scapes made from the standard genetic code (SGC) were

analyzed. The evaluation of correlation for each land- - o

scape is done by value, which represents the ratio of the Evolvability of a protein is based on the structure of the

mean slope (as an additive term) to the degree of rougH2rotein “fitness landscape” on a base sequence space (
ness (as a nonadditive term). Thealues for hydropa- DNA space) when random mutagenesis takes place at the

thy indices, polarity, specific heat, afisheet propen- _base sequence Ievel.. In evollutio.nary m_oIecuIar engineer-
sity were considerably large with respect to SGC. Thisnd: the concept of *fitness” in biology is expanded to a
implies that the additivity of the contribution from each quantitative measure of a certal_n phy_3|_coche_m.|cal prop-
letter holds for these properties. To clarify the meaningEy Of @ protein (i.e., enzymatic activity, affinity to a

of the so-called mutational robustness of SGC, we nextigand or structural stability). The structure of a fitness
examined correlations between the amino acid propertj2ndscape on the DNA space follows the two elemental
and the actual “site fitnesses” of a protein. The site fit-c0ding mechanisms. The first mechanism is the coding
nesses were derived from a set of binding preferenc@' & Protein’s function into an amino acid sequence and
scores of amino acid residues at every site in MHC clas&S represented by the fitness landscape on the amino acid

I molecule binding peptides (Udaka et al. in press). weS€duence space=( protein space). The structure of a
found that the SGC'8 value for an amino acid property fithess landscape on the protein space is physicochemi-

is correlated with the significance of the property in the €@lly determined by the primary structure and the envi-
protein function. Adaptive walk simulation on fitness ( ~ fonmental condition. Many experiments demonstrated
affinity) landscapes in a base sequence space for theStatistical additivity in mutational effects in proteins

model peptides confirmed better evolvability due to the(€-9-» Wells 1990). These observations suggest that fit-
introduction of SGC. ness landscapes on a local protein space around current

proteins are most likely the Mt. Fuji—type fitness land-
scape, which we have theoretically studied (Aita and
Husimi 1996; Aita et al. 2000). The second coding
mechanism is the coding of an amino acid by a triplet
codon according to a genetic code table. Amino acid
Correspondence toYuzuru Husimi; e-mail: husimi@fms.saitama-  allocations in the genetic code table are critical in linking
u.ac.jp the fitness landscape on the protein space to that on the
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DNA space. Therefore, we studied the organization oftlass | molecule binding peptides, where the fitness is
the standard genetic code (SGC) in terms of the aminalefined as the sum of the site fitnesses. Another study
acid property “landscape” on the four-valued three-was done by Ardell and Sella (1999), in terms of the
dimensional sequence space (codon space). quasispecies theory (Eigen et al. 1989). They suggested
A vast number of studies have been made on thdhat individuals with codes that are more error-correcting
natural genetic code, including the SGC. Particularly, thewith respect to mutation will have higher fitness than
mutational robustness against base substitutions in SGthose with less correcting codes. We also confirmed the
has been studied in various ways, where the “mutationagffectiveness of SGC on evolvability for the realistic
robustness” means that amino acids that have similafodel peptides.
physicochemical properties also have similar codons
(e.g., Haig and Hurst 1991; Di Giulio 1997; Freeland and
Hurst 1998; Trinquier and Sanejouand 1998). Some reAnalysis Method of an Amino Acid Property
search focused on what the most optimized code is (Dlandscape in the Codon Space
Giulio et al. 1994) and evaluated the degree of the opti-
mization for SGC (Wong 1980; Di Giulio 1989). The The codon space is the four-valued three-dimensional
ideal genetic code seems to have a wide dynamic ranggequence space comprising of all codons. A base and an
for each of the important properties and a mutational@mino acid are denoted /(B € {a,u,g,c}) anda (a €
robustness against base substitution. A type of the landA,C,D, . ..,Y}), respectively. An amino acid, which is
scapes satisfying the contradictory requirementgssigned to a certain codon C, is denotedoff¢). A
(changeability and mutational robustness) is the Mt. FuVvalue of a particular physicochemical property, such as
ji~type landscape based on the mutational additivity. Thdydropathy or volume, for an amino acids denoted by
height of the mountain represents the changeability, and”(®). We used the centered and autoscaled data of the
the smoothness on the slope represents the mutation@Mino acid properties. Centering was done by subtract-
robustness. On the condition that a set of 20 property"d the averages from all data, and autoscaling was con-
values and a termination signal is given, the problem iducted by the division of each variable by its standard
what the beneficial allocation of these values to g4deviation. The amino acid property for a codon C is
codons is. Our approach to the mutational robustness fdi€fined byVc = (a(C)). An amino acid property land-
SGC is based on apparent additivity of the contributionSCaP€ in the codon space is defined as a safof

of individual letters in a codon to an amino acid property.  -€t {gl' Ca, - 81} b? a f}et of a(;l cgdons Qxcegt
Thus, in the first half, we analyzed amino acid propertys'top codons, whene = 61 for the standard genetic code

landscapes for 11 typical properties, including 3 hy_(SGC). We carried out the linear regression analysis of

- ; - i id property landscape for a genetic code,
dropathy indices using a model of the Mt. Fuji-type an amino acid | ) ) )
landscape (Aita et al. 2000). using the following model. By introducing a quantity

: . v,(B), that is an apparent contribution to the amino acid
In the latter half, we studied the correlation betweenproperty from a bas at thelth (| = 1, 2, 3) letter, an

the amino acid property and the “site fithess” to clarify " : .
the meaning of the mutational robustness of SGC. Herez,iddltlve partV of a'V¢ for a codon C is defined as
the termsite fitnesss a free energy contribution (divided 3
by RD frqm a certain amino acid resid_ue ata sit_e_ i_n an Ve=Vo+ Z v(Ba) (Eq. D)
amino acid sequence on the assumption of additivity of =1
residue contribution. Using a set of “binding preference
scores” of amino acid residues at every site of MHC clas® is a particular codon that corresponds to the peak on
I molecule binding peptides (Udaka et al. 1999) as a sethis model landscape (where we call this landscape “Mt.
of model site fitnesses, we examined the correlation beFuji—type”). B¢ represents the base at thie letter in a
tween the amino acid property and the site fitness ang¢odon C.
linked the correlation with thé values for SGC. The  The base sequence of the codon O and unknown pa-
usefulness of these scores was verified by Udaka et alameters/ andv,(8) are determined by the least squares
(1999), who have succeeded in predicting the affinity ofmethod to minimize the value & (V¢ - V¢)? (we
an arbitrary peptide to a given MHC class | moleculehave 10 unknowns). The values @{) is assigned to
using these scores. satisfy

Our interest focuses on the degree to which the SGC )
provides the benefit on protein’s evolution, rather than w(B) {= 0, ifp=Bg (Eq. 2
on what the most optimized code possible is (Di Giulio : <0, ifB # By '
et al. 1994) or on the origin of the genetic code (e.g., Di
Giulio 1997). Then we examined the effectivenesswherep, denotes the base at thé letter in the codon
through the climbability and stability for adaptive walk- O. For thelth letter, the mean value of(B)’s over three
ers on fitness landscapes in DNA space for the MHCbases excef, is denoted by,. We define the “mean
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Table 1. Characteristics of amino acid property landscapes for the standard genetic code

Index k Property r O Vo (|0 o 0 Z; Z, Zy

1 hydropath§} 0.90 uuu (Phe) 1.89 0.85 0.41 2.10 6.95 6.00 14.3
2 hydropath$ 0.92 guu (Val) 1.88 0.81 0.41 1.97 5.97 5.74 13.3

3 hydropath§ 0.80 guu (Val) 1.72 0.79 0.67 1.17 3.74 2.88 7.20
4 polarity 0.84 gaa (Glu) 1.38 0.63 0.48 1.31 3.52 2.73 7.22
5 volume 0.78 cug (Leu) 1.15 0.58 0.61 0.94 1.11 1.47 4.69
6 ASA 0.71 cag (GIn) 1.10 0.56 0.71 0.79 0.03 0.80 3.36
7 mass 0.74 cag (GlIn) 1.04 0.54 0.66 0.83 -0.01 0.94 3.58
8 specific heat 0.78 cua (Leu) 1.68 0.74 0.63 1.18 2.49 2.30 6.87
9 isoelectric point 0.69 cga (Arg) 1.80 0.73 0.77 0.94 1.12 1.33 4.52
a a helix 0.61 gug (Val) 1.27 0.61 0.77 0.80 0.83 0.76 3.50
b B sheet 0.77 uuc (Phe) 1.53 0.69 0.63 1.10 2.25 2.18 6.24
D, 8.58 8.23 18.3

The 11 amino acid properties were chosen: three hydropathy indices (a: Sweet and Eisenberg 1983; b: Kyte and Doolittle 1982; c: Eisenberg et al.
1982); polarity (Woese et al. 1966); volume (Zamyatnin 1975); accessible surface area (ASA; Chothia 1976); mass; specific heat (Privalov et al.
1989); isoelectric point (Alff-Steinberger 1969); helix propensity; and3 sheet propensity (Chou and Fasman 1978). The particular codon O
corresponds to the peak on the model landscBpeepresents th& score of the SGC'$ value, based on a frequency distribution of thealues

obtained from 1,000 randomly generated variant codas%J-VC) according to shuffling mannen (see text)r is a correlation coefficient between

the original value{’c) and additive one\(). D, represents the Mahalanobis’s generalized distance (see Appendix A). Other notations are defined
in the text.

slope” of the amino acid property landscape as followsthia 1976), mass, specific heat (Privalov et al. 1989),
Consider the mean change in the property when, in asoelectric point (Alff-Steinberger 1969y, helix propen-
certain codon, a certain base exc@pj is replaced by sity, andp sheet propensity (Chou and Fasman 1978).
Bo- The mean change in the property is averaged over aBBased on the method described above, we analyzed the
possible codons except stop codons in the codon spac&l amino acid property landscapes for the SGC. Sweet's
The mean slope is defined as this doubly averaged valuand Kyte's hydropathy indices were derived, respec-
and is approximately given b, |[0= 1/3 37_, |¢]. tively, from Dayhoff’'s mutation matrix of amino acid
If the residualV'c = V¢ (i = 1, 2, ... ,n) after the  replacement and an average of physicochemical proper-
fitting procedure is small and distributes randomly in theties of amino acids and spatial environmental data of
codon space, according to a near Gaussian distributioproteins residues. Eisenberg’s hydropathy index is
with mean 0 and standard deviatiof) then we regard roughly proportional to the free energy required to trans-
this landscape as being a rough Mt. Fuji-type that has théer an amino acid residue from the interior to the surface
mean slope offg||0) and the roughness of. We intro-  of a water soluble protein. Polarity (polar requirement)
duce an indeX = [k)|lo, that is the ratio of the mean was derived from thd?- values in amino acid chroma-
slope to the roughness. Completing the above procetography. The three hydropathy indices and polarity are
dures, we can identify “landscape properties,” such asnutually correlated byr] > 0.7, where is a correlation
Ok |0 o, and6. coefficient. The scales of volume, accessible surface
It is desirable that the mean slofiig|Cis large to give  area, and molecular weight are mutually correlated by
a wide dynamic range to various protein characters> 0.91. The scale of specific heat is correlated with that
while it is also desirable that the roughness smallto  of accessible surface area £ 0.64) and volumer( =
hold conservativeness or robustness to base substitutio.79). The scale o sheet propensity is correlated with
Therefore, ideal genetic codes should take ld@rgalues.  that of Kyte's hydropathyr(= 0.67), Sweet’'s hydropa-
We use thed value as a measure of evaluation for athy (r = 0.82), and polarityr( = —-0.77). Other combi-
genetic code. nations do not show high correlation.
The result from analysis of the 11 property landscapes
is shown in Table 1. It is obvious that the three hydropa-

Analysis of the Standard Genetic Code thy landscapes and polarity landscape have largal-
ues ¢ = 1.102.1); that is, their surfaces are consider-
0 Value for the Standard Genetic Code ably correlated not only locally (within each codon block

composed of synonymous codons) but also globally
We selected the following 11 amino acid properties that(over all codons). This result is consistent with the well-
seem important for protein properties: three hydropathyknown observations as mutational robustness in SGC
indices (Eisenberg et al. 1982; Kyte and Doolittle 1982;(e.g., Haig and Hurst 1991). Taking the Kyte's hydropa-
Sweet and Eisenberg 1983), polarity (Woese et al. 1966}thy landscape as a representative case, we show the over-
volume (Zamyatnin 1975), accessible surface area (Choview of the landscape in Fig. 1A and the distribution of
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Fig. 1. Results of analysis of the Kyte’s hydropathy landscape for theand right side bars are original valuégq) and additive values\z)
standard genetic code (SG@). Overview of the Kyte's hydropathy  obtained from the analysis, respectively. The correlation coefficient
landscape on the codon space. The codon space is projected on thetween them is 0.92. Note that the ordering of letters for each axis is
plane of the page. Each codon is located at the corresponding node, aimtentional to show the mountainous structure, however, the ordering
each of the amino acids allocated to the codons is represented by thdpes not affect the results in this study at &lDistribution of the
corresponding one-letter abbreviation. “stop” represents the stogontributions ¢,(8)) from each of the three letters for Kyte's hydropa-
codon. Single point mutations are represented by the vectors shown ahy (top) and specific heat (bottom).is the site information for thith
arrows. The amino acid property of a codon is represented by a baletter (Aita and Husimi 1996).

standing at the corresponding node (arbitrary unit). The left side bars

v(B) for each letter in Fig. 1B. The most sensitive letter calculated thed value for each of the variant codes by
is the second ond (= 2), whereas the insensitive letter using the analysis method mentioned previously and de-
is the third onel(= 3). These results are consistent with termined the frequency distribution for tllevalues. A

the well-known observation. We calculated the virtual variant code was generated by repetition of interchang-
V¢, values for the three stop codons from Eq. 1 with theing two amino acid allocations in the SGC, where the
obtained parameters for Kyte's hydropathy: uaa interchanging process is performed in either of the fol-
-0.78; uag- —0.83; and uga- —0.28. These values are lowing three manners.

hydrophilic.

The characteristics for other landscapes are qualital-n
tively similar to those shown in Fig. 1. We found no
significant correlation between the residual&(- Vc)
and codon sequences.

Manner 1 (n,): Block Interchange with Restriction.
the SGC, each amino acid € {A, C, D, ..., Y}is
allocated in a codon block composed of synonymous
codons. The mutual interchange of two amino acid allo-
cations is performed by these blocks under the condition
that the shuffling process conserves the degeneracy of
7 Score for the Standard Genetic Code each amino acid. The codon space is partitioned by the
blocks defined in the SGC, where the six synonymous
To compare th® value for the SGC with those of other codons for serin are dealt with as a single block and the
genetic codes, we generated a set of 1,000 randomlyanslation termination signal is regarded as the 21st phe-
sampled variant codes by partial or complete shuffling ofnotype “Z” participating in the shuffling. Let Goe a set
the amino acid allocations in the SGC and subsequentlgf amino acids having the same degeneracit @&, =



{M,W};G, ={C,D,E,F, H,K,N, Q, Y} G; = {l,
2y, G,={AG P, T, V}and G = {L, R, S}. |G is
the number of elements in GFirst, we pick out G
among {G, G,, G;, G,, Gg} with a probability of P,
whereP, is given by

(23l

k

Next, we pick out two arbitrary amino acids from, énd
interchange their allocations.
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VCs. Three types of scores Z;, Z,, andZz) are shown

in Table 1 for the 11 amino acid properties. The three
hydropathy indices—polarity, specific heat, apdheet
propensity—showZ, > 2.0 andZ, > 2.0. This means that
the smoothness of the landscape for the SGC is beyond
the expectation from the structural regularity due to
codon blocks composed of synonymous codons in SGC
table (Maeshiro and Kimura 1998) and that the apparent
rough additivity holds in mutational effects on these
properties at the base level. THg seems slightly larger
than theZ,, with respect to seven properties. The reason
is that theSD{ 0, .)-vc] for each property is much larger
than itsSO 0y, )-vcl-

Manner 2 (n,): Block Interchange Without Restric-
tion. The interchange of two amino acid allocations is
performed by the block, as in Manner 1, except that the ] ] ]
interchange of two amino acid allocations is unrestricted "M Amino Acid Landscape to Protein
and “Z" does not participate in the shuffling. Thus, the L@ndscape: Case of MHC Class | Binding
degeneracy of each amino acid can drastically alter

through the shuffling process. Correlation Between Amino Acid Property and

Manner 3 (ny): Interchange by a Codon UnifThe Site Fitness

interchange of two amino acid allocations is performed,q larged values for the SGC and their largescores
by a codon unit. Thus, the degeneracy of each amino acidy,ygest that several amino acid properties, such as hy-
is conserved through the shuffling process. dropathy (or polarity), have dramatically affected the

) . _ functions and physicochemical properties of proteins in
~ Avariant code made by repetition of the interchang-iejr evolution. In our previous study on Mt. Fuji—type
ing operation according to manner(m = m;, My, Ms)  fitness landscapes (e.g., Aita and Husimi 1996), we in-
by d times is denoted bynf, d-VC (d represents some-  y,4,ced the “site fitness (e, that is, a free energy
thing like “distance” between the SGC and each of theq,hribytion (divided byRT) from a certain amino acid
variant codes). We generated a set of 1,000 )-VCs  egjquen at thejth site in an amino acid sequence, on the

for each ofd = 1, 2, 3, 4, 5, and 200 and obtained 555, mption of additivity of residue contribution. For a
distributions of6® values calculated from these variant protein or peptide in which the mutational additivity
codes. Figure 2 shows these distributions for Kyte’s hy5|qs | the site fitnesses can be experimentally measured
dropathy, specific heaty helix propensity, ang sheet  p, qing the positional scanning method (e.g., Houghten
propensity. Thé values for (n,, d)-VCs tend to decrease gt 5| 1991: Udaka et al. 1995). We examined correla-
asd increases. This suggests that the SGC is considetjong peween site fitnesses;(a)) and amino acid prop-
abI_y optimized with respect to.the four amino acid Prop- arties (), by using a set of “binding preference
erties. Furthermore, we _obtameﬁj values for several  gcores” of amino acid residues at every site of MHC class
natural deviant codes (Fig. 2). In generalyalues for | pinging peptides (Udaka et al. 1995, 1999) as a set of
these deviant codes are close to that for the SGC, whilg, e site fitnesses. The score is the experimental value
the code for yeast mitochondria has very low values.  gpained by the positional scanning method and defined
The 6 value distributions for variant genetic codes oq the |ogarithm of the molar concentration of the mix-
((m, 9-VC) tend to a steady distribution @sincreases. 1o of peptides that have bound half of the MHC class |
This steady distribution is almost attainable wien20. .\ Jiacules (defined as 108D..). A set of the binding
A completely shuffled code whed — = is denoted by ,oference scores of 19 amino acids (except cysteine) at
(m, )-VC. Based on a frequency distribution of the  jyqjiviqual sites in the peptides is available for MHC

values obtained from 1,000 randomly generated=t)-  ¢ja5s | molecule By K, and LY. The chain length of B,
VCs, we defineZ score for thed value of SGC, with  b. 54 \%binding peptides are 9-mer, 8-mer, and

regard to each shuffling mannem 9-mer, respectively. We gathered all the sites and num-
bered themap= 1, 2, ..., 26. Theite fitnessesy,(«)
G=1,2,...,26a = A,D,...,Y),were derived from
the binding preference scores with a slight modification.
Details of the derivation are described in the Appen-
dix B.

Subsequently, we calculated the “site information”
as a measure of tolerance to residue substitutions for

7 = Oscc™ El0(me)-vc]
" SO 6me0)-vcl

(Ea.3

wherefsgcandby,.).vc are thed value of the SGC and
that of a (n, ©)-VC, respectively E[] and SO[] are the
mean and standard deviation for a set of 1,000 %)-
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40-3 0.8 MVe represents deviations of the first and second
Q principal components. Because the number of all
’S MYe interchanges among amino acid allocations
& according to shuffling mannen, is only 51, the
~ e distribution ford = 200 is close to that fod —
o 200 . The location for the standard genetic code is
indicated by “SGC,” and those for several
mitochondrial codes are indicated by “MYe”
(yeasts), “MPI” (platyhelminths), “MNe”
0.4 (nematoda), “MEc” (echinodermata), “MTu”
(tunicata) and “MVe” (vertebrata)lC Details of
the 6 distribution forA. The number of samples

0.4 0.6 0.8 1. of variant codes is 51 fod = 1 and 1,000 fod
6 (a-helix propensity) = 3 andd = 200.

each site (Aita and Husimi 1996).is derived from a set thermore, the mean and weighted meanrgfdver 26

of site fitnesses at thigh site and takes a value between sites, [Jr;|l] were calculated for each property. At a
0 and log\, where\ is the number of residue types weighting operation, we uselg!zjzil l; as a weight for
available at each sitey = 19 in this case. Several “an- thejth site. The reason is that the correlation between site
chor” sites showing low tolerance to residue substitu-fithesses and amino acid properties is more meaningful
tions take the large values of site informatiop€ 1.40  for critical sites taking large site information. Interest-
3.6), while other tolerant sites take low valugs=€ 0.1  ingly, irrespective of the mean or weighted mean, there is
[00.8). Udaka et al. (1995) used another measure of the positive correlation betweei;|landss for the nine

tolerance and made the similar evaluation. properties, except Kyte's and Sweet’s hydropathy indi-
We calculated a correlation coefficient, for the data  ces (Fig. 3). The correlation coefficient obtained from
set {(V'(a), Wi(a))le = A, D, ..., Y} at each site, with  the nine properties is 0.9p & 0.001). We also observed

respect to each of the 11 amino acid properties. It wag similar correlation (correlation coefficient is 0.73—

obvious that the three hydropathy indices and polarity0.82) when using another set of site fithesses, which
are outstandingly well correlated with the site fithesses atvere derived from Houghten et al. (1992; Dooley et al.
half of the sites, including the anchor sites (Fig. 3). Fur-1993). It is likely that the conservativeness of an amino
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c = where G, is the codon at thgth position in the concat-
SGC enation P, ana(Cp) is the amino acid encoded by,C
1.5 . The fitnessW, defined in Eqg. 4 is considered on the
' binding free energy scale of a ligand peptide having a
chain length of 26 to a virtual MHC-like receptor mol-
ecule: the dissociation constant between them is propor-
) tional to exp(Wp). The rough additivity of the contri-
0.5 bution of each of the amino acid residues in several MHC

: class 1 binding peptides was verified by Udaka et al.
(1999). Therefore, we considered that the validity of us-
0.5 1. 1.5 2. 2.5 3. ing Eq. 4 as a model of the fitness function has been
demonstrated. We note that the fitness landscape in the
19-valued, 26-dimensional amino acid sequence space is
of the Mt. Fuji-type uniquely defined, while the fithess
landscape in the 4 valued, 78-dimensional base sequence
space is affected by the genetic code used. We adopted
the following five cases with regard to genetic codes:

(specific heat)
.

e

Code 0 SGC

Code 1 1,000 examples ofng,, 1)-VC
0.5 1. 1.5 2. 2.5 3. Code 2 1,000 examples ofng,, 2)-VC
Code 3 1,000 examples ofng,, 3)-VC
: PGC Code 4 1,000 examples ofnf;, 5)-VC
1.5 —_— Code 5 1,000 examples ofnf,, )-VC

In this article, we call the fithess landscape defined by
SGC the “original landscape,” and call a fitness land-
scape defined by ar(, d)-VC the “variant landscape.”
The question is whether the climbability and stability of
adaptive walkers on the original landscape are larger
0.5 1. 1.5 2. 2.5 3. than those on each of the variant landscapes.

Modeling of adaptive walks is critical in evaluating
the climbability for adaptive walkers. In evolutionary
molecular engineering, the environmental condition of
acid property in SGC is correlated with the significancean evolving biopolymer can be controlled (Husimi 1989)
of the property in a protein function. and any adaptive walk strategy can be taken. To simplify

We note that our aim is not to study MHC class | the phenomena, we used the {);ES as the adaptive
binding peptides. Therefore, we omitted the details onwalk strategies (Aita and Husimi 1998, 2000). This strat-
the substantial characteristics for them. The details weregy follows a simple rule: a parent on a fitness landscape
discussed by Udaka et al. (1995, 1999). producesN descendants with single point mutations, and

subsequently the fittest among tihedescendants will
Adaptive Walks on a Model Fitness Landscape in a become a new parent in the next generation (Rechend-
Base Sequence Space berg 1984). We séfl = 50,N = 10, orN = 3 through
) ) ) ) ) a single adaptive walk process. Each walk was carried
To examine the effect .Of amino ac!d allocations in the gy starting from a randomly chosen sequence through
SGC or in other conceivable genetic codes on the evoy oo generations. When nonsense mutations and muta-
lution of proteins, we introduced a model fitness func-j;ns to cysteine’s codons occurred, we resolved these
tion, defined as the sum of the site fitnesses of the 26,4, by regenerating other mutants.
sites, and carried out numerical simulations of adaptive | ot y, be the scaled fitness of a single adaptive walker
walks on the model fitn_ess landscape in the four-valueq, ihe tth generation, where scaling is conducted by di-
78 (= 26 x 3)-dimensional base sequence space. Weision of walker's fitness\(/p value) by [mean fitness of
define the fitness of a base sequence P as a concatenatl%domw chosen sequences| 19.4. Figure 4 shows
of 26 codons by examples of time £ generation) course of, on the
26 original landscape, for each casébof= 50,N = 10, and
Wp = EWJ'(O‘(CP;)) =0 (Eq.4 N = 3. These time courses show a!ternation of plateau
=1 and epochal changes due to the existence of terraces of

,‘“ B £200

6 (Kyte's hydropathy)
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0.8t . Fig. 3. Correlation betweefi;|Jand 6sgc
: * r; is a correlation coefficient between an
amino acid property/'(a) and site fitness
. s w;(a) for thejth site in MHC class | binding
. i : P pept!des.[]}j|lilrepresents the mean of| over
. s 4 : 26 sites. The 26 values af||( = 1, 2,- - -,
- 26) and(]r;|Care plotted with small dots and

. the index characters defined in Table 1,
' s, respectively, against th;g value for each
[ of the 11 amino acid properties. A single dot
. and the ellipse surrounding the dot represent
: ¢t the mean and standard deviation of
i distributions for randomly assigned property
values, respectively. The correlation

. . . . coefficients obtained from the nine properties
0.5 1. 1.5 2. 2.5 except Kyte's and Sweet's hydropathy
Osac indices are 0.92p(< 0.001).
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! Fig. 4. Time courses of three adaptive walks on the
original landscape= fitness landscape defined by the
L ) standard genetic code) in the base sequence space.
50 100 150 200 250 300 The abscissa is the generatibiThe ordinate is the
Generationt scaled fitnesy,.

synonymous codon blocks on the original landscapeeachCodeis plotted against the average ®ivalue for
Similar characteristics can be observed with respect tiyte’'s hydropathy for the corresponditi@pde.Interest-
variant landscapes. Walkers taking theNJ-ES reached ingly, there is a positive correlation between them, where
a steady state after 100—300 generations at the most btke correlation coefficient is larger than 0.91< 0.01)
cause a mutation-selection balance sets in. for eachN value. The climbability on the original land-
One thousand walks were carried out in eaclCotle  scape seems better than that on most of the variant land-
0—Code 5(where 1,000 walks were carried out for the scapes. The difference jpvalue by 0.01 corresponds to
original landscapeCode Q and a single walk was car- the change in association constant by 1.2-fold. The dif-
ried out for each of the 1,000 variant landscapéede ference between the trial averageygfvalue forCode 0
1-Code 9. We evaluated the climbability and stability and that forCode 5is about 0.04-0.05, which corre-
for the stationary state of a single adaptive walk by  sponds to the change in association constant by 2.2—-2.6-
fold. If we assume the deterministic selection, this affin-

1 1000 ity gap seems large enough for the SGC to be selected
EE% E Yi among other competitors in the origin of genetic codes.
=501 Meanwhile, Fig. 5A shows that the climbability in the

case wherN = 50 is less than that in the case whén

= 10. The reason for the intuitively unexpected event

may be that the walker is likely to get trapped in a terrace

corresponding to a local optimum, as the search strategy

respectively. We averaged these values over 1,000 walkis close to the exhaustive search (see Fig. 4).

for each ofCode 0—Code 5. In Fig. 5B, the trial average of the stability for each
In Fig. 5A, the trial average of the climbability for Codeis plotted against the averagettalue for Kyte's

8ySS =
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B .o T T Fig. 5. A Correlation between the average of the
T climbability (ys9 for each type of genetic cod€¢de
[ 0-Code % and the average df value for Kyte's
) hydropathy for the correspondir@ode.Each error
I “‘ bar represents the standard deviation. The manner of

calculating climbability is described in the text. The
statistics off value for Kyte's hydropathy for each
Codeare taken from Fig. 2AO, B, and A show the
case ofN = 50,N = 10, andN = 3, respectively.
The correlation coefficient is as follows: 0.9 €
| 0.01) forO; 0.91 p < 0.01) forM; 0.99 < 0.0001)
{ i for A. B Correlation between the average of the

l « stability @y.o for eachCodeand the average df
| 1 value for Kyte's hydropathy for the corresponding
® ® | Code The manner of calculating the stability is
. ‘ . . J described in the text. The correlation coefficient is as
1 1.25 1.5 1.75 2 follows: —0.90 ¢ < 0.01) forO; —0.96 p < 0.001) for
6 (Kyte’s hydropathy) W; -0.89 p < 0.01) forA.

|
18
R

hydropathy for the correspondiri@pde There is a nega- contribution from each letter in a codon is apparently
tive correlation between them where the correlation cotoughly additive to these properties. The results shown in
efficient is less than —0.88(< 0.01) for eacN value.  this paper are consistent with the conclusion of several
The tendency that the steady state for walkers is mor@revious studies on mutational robustness in SGC (Haig
stable with thed value increasing is conspicuous in the and Hurst 1991; Freeland and Hurst 1998; Trinquier and
case wherN = 3, which corresponds to the random Sanejouand 1998). Trinquier and Sanejouand observed
sampling search. that hydrophobicity scales based on spatial environment
Our results demonstrates thealue of a genetic code data of protein residues or on mutation matrices of amino
affects the C||mbab||lty and Stability inan adaptive walk, acid rep|acement genera"y show stronger conservative-
and supports the predominance of SGC over almost othg{ess by the genetic code than those based on pure phys-
conceivable genetic codes. icochemical properties of isolated residues. This obser-
vation is compatible with ours that Sweet's and Kyte’s
hydropathy indices showed outstandingly laége-and
Discussion Z., values (they ranked first and second, respectively,
according to these criteria). It seems that this observation
Our approach to the evaluation of genetic codes is baseid partly trivial because their frequency data of natural
on the structure of amino acid property landscapes in th@rotein residues reflects on amino acid allocations in the
codon space. Selecting 11 different physicochemicaSGC.
properties for 20 amino acids, we analyzed their amino Our results indicate the simultaneous satisfaction of
acid landscapes for the SGC. As a result, we showethe mutational robustness in various properties. This fact
these landscapes for several properties, such as hydropa-not fully understood with another hypothesis that the
thy or polarity, have a globally correlated structure. Thismechanism of emergence of SGC inevitably brought the
is beyond the expectation from the structural regularitymutational robustness. The hypothesis states that the bio-
due to synonymous codon blocks in the SGC table. Thesynthetically related amino acids that share similar phys-
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icochemical properties might be assigned to similarlandscape of the SGC plays the role of a guardrail set
codons by historical constraints. A principle for mini- near the sharp ridge of the protein landscape. Moreover,
mizing the frustration among various properties had to bét is speculated on the analogy of the correlation between
worked in the evolution of genetic code to improve theamino acid property and site fitness that the correlated
mutational robustness. This principle might be keptmapping of the SGC reduces the ruggedness of a protein
easier by evolution through introducing a new memberandscape, that is, the mutational change in nonadditive
(or through improving the specificity of primitive fuzzy terms of a protein fitness. Thus, proteins make steadier
allocation) than by evolution through shuffling the exist- adaptive walk than in the case without second correlated
ing code table (Maynard-Smith and Szathmary 1995)coding (the first coding was realized by the monomeric
Evolution of genetic code from a primitive code table of sequence versus the polymer function relationship). This
small number of amino acids has been discussed extefs an example of evolution of evolvability of biopoly-
sively. Eigen created a plausible scenario for the evolumers.

tion of the genetic code, that is, GNG RNY - NNN

(Eigen and Schuster 1978). We confirmed that this SCe,_ﬂ\cknowledgments. This work was supported by Research Fellow-

nari tisfi th ndition of mutational robustn ships of the Japan Society for the Promotion of Science for Young
aro satisies the co on o utational robus eSSScientists and a Grant-in-Aid from the Ministry of Education, Science,

judged fromZ score for (data not shown). Sports and Culture of Japan. A part of this work was performed as a
To link the 11 amino acid property landscapes with apart of the R&D Project of the Industrial Science and Technology
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that the SGC’s mutational robustness for several amino

acid properties is actually meaningful for the binding of

peptides to MHC class | molecules and that the SGCAppendix A: Mahalanobis’s Generalized Distance

works well on the high climbability and stability for

adaptive walkers on the fitness=( affinity) landscape We calculated Mahalanobis’s generalized distabBge

formed with the set of site fithnesses. The number of siteso make a simultaneous evaluation of thg, values for

where site-fitness data were available is too small toll properties, for each shuffling mannen)(D,, is de-

generalize our findings. Using data of site fitnesses defined as

rived from Houghten et al. (1992; Dooley et al. 1993),

we calculated the correlations between amino acid prop- Dy, = VZ, R'Z,,

erty and site fithess and confirmed the similar positive L. ) ) )

correlations. We therefore believe our findings may haveWhetreR is the inverse matrix of a correlation matf

some generality. and Zm. andZ,, are the row vector and column vector,
Thus, we gave a clearer meaning to the concept of€SPectively:

mutational robustness of the SGC than before. Muta-

tional robustness of the SGC alters the interpretation of 1 p1 o P z®o
the site fitness distributions in individual sites for the pro 1 pox 7@
protein landscape. If the random mutation takes place in R= : T andZ, = m
the amino acid sequence space, the wide dynamic range R e :

of the site fitness leads to a drastic change of the property Pk Pk 1 AN

of the protein, usually very deleterious for an evolved
protein. If the random mutation takes place in the baseg,, is the correlation coefficient betweek, .., \c val-
sequence space, this wide dynamic range of site fithesses for thekth property and those for tHéth one k, K
becomes apparently narrow in point mutagenesis with a= 1, 2,- - -, K(= 11)).Z¥ is thez,, for thekth property.
small mutation rate due to the correlated mapping of the
genetic code (SGC). Note that the situation is quite dif-
ferent in evolutionary molecular engineering using theAppendix B: Derivation of Site Fitnesses from
saturation mutagenesis. Binding Preference Scores
Therefore, even if a protein would have the replica-
tion ability, the RNP & RNA + Protein) world would  First, we multiplied each of the binding preference scores
not have been taken over by the protein world. The RNPy In 10 to deal with them on the free energy scale. Let
world must have more stable evolvability than this scorg («) be the score of an amino acid residutocated
imaginary protein world. at thejth site in a peptide sequence. We here take an
Random mutation in the base sequence space igssumption that the binding free enemy, between a
mapped into the correlated mutation in amino acid separticular MHC class | molecule and a peptide with a
guence space through the SGC. Therefore, Mt. Fuji-typsequence P is approximately described by
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v opioid receptor antagonists determined through the use of synthetic
AGp=ax z Scorq(apj) +b (Eq. A.D peptide combinatorial libraries. Proc Natl Acad Sci USA 90:10811—
i=1 10815

Eigen M, Schuster P (1978) A hypercycle: Part C: a realistic hyper-
wherea andb are constants; represents the chain length _ cycle: Nat“”"l’('ﬁls 65134;—369 N o
of the peptide, andxpj- represents the particular amino Eigen M, McCaskill JS, Schuster P (1989) The molecular quasispecies.

id id high site in th id P With Adv Chem Phys 75:149-263
acid residue at thgh site In the peptide sequence P. Wit Eisenberg D, Weiss R, Terwilliger T, Wilcox W (1982) Hydrophobic

max(score), that represents the maximum sfore(«) moments in protein structure. Faraday Symp Chem Soc 17:109—
over all as for thejth site, Eg. A.1 is rewritten as 120
Freeland S, Hurst L (1998) The genetic code is one in a million. J Mol
v v Evol 47:238-248
AGp= EWJ(O‘H') +a 2 ma)(scorq) +b (Eq. A.2 Haig D, Hurst L (1991) A quantitative measure of error minimization
=1 i=1 of the genetic code. J Mol Evol 33:412-417
Houghten RA, Pinilla C, Blondelle SE, Appel JR, Dooley CT, Cuervo
where JH (1991) Generation and use of synthetic peptide combinatorial
libraries for basic research and drug discovery. Nature 354:84—-86
(Eq. A.3) Houghten RA, Appel JR, Blondelle SE, Cuervo JH, Dooley CT, Pinilla
C (1992) The use of synthetic peptide combinatorial libraries for
. . the identification of bioactive peptides. Bio Techniques 13:412—
Only the first term in Eq. A.2 depends on the sequence. 451
Therefore, we pick out this term and call, = Z}Izl Husimi Y (1989) Selection and evolution of bacteriophage in cellstat.
w;(ap) the “fitness” of the peptide sequence P and call ~ Adv Biophys 25:1-43
Wj((x) the “site fitness” of an amino acid residueat the Kyte J, Dopllttle RF (1982) A smple methoq for displaying the hy-
jth site, respectively, in this study. The valuesacind dropathic character of a protein. J Mol Biol 157:105-132

. . . Maeshiro T, Kimura M (1998) The role of robustness and changeability
orlglnal scores are available in Udaka et al. (1999)' on the origin and evolution of genetic codes. Proc Natl Acad Sci

USA 95:5088-5093
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