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Abstract

Computational science has deeply penetrated into molecular biology for the last few d,ecades

and emerged as a new field called bioinformatics･ Bioinformatics treats biological problems of

extremely different timescales･ One extreme is molecular dynamics (MD) simulation, which

deals with tbe motion of protein molec山es in the order of nanoseconds. Ano血er extreme is t血e

analysis of molecular evolution, which deals with the events that take place during the time

scal･e of millions of years･ 11ere･ I would like to report my approach to two biological problems

of two distinct time scales･ One is the analysis of sampling problems in MD simulation of

protein, and the second is the analysis of gliding mechanism of Mycoplasma mobile･

･MD sim山ation血as become one of general tools to estimate thermal property of proteins･ A

simulation of nanoseconds of protein motion can be carried out･ To derive thermal properties of

molecule from a MD trajectory, an assumption has to be made, that the simulation has been long

enoughto reconstruct the ensemble of the molecular motion. There is no simple criterion to

make a judgment, if the simulation time was sufficiently long to estimate the physical property

of the molecule･ Many physical quantities are known to be expressed as a second moment of

dynamical variables, which can directly deduce vibrational modesI Therefore, I have

investigated the effect of vibrational modes on convergence of the second moment matrix

component of atom positions･ We found that the frequency modes higher than 68[cm-1]

converges to the equilibrium valuewithin lO% error value within 400 pico seconds･ The

difference between the elgenValues of second moment matriⅩ of all modes and those of only

middle (10-68[cm-1]) and low r lO[cm-1]) modes is very small. These results mean that the



higher frequency components of second moment matrix converge very fast and hardly infhence

the convergence of middle and low frequency components･ The middle frequency modes

influence the convergence of lower modes but this influence is less slgnificant, compared from

the effect from low modes obtained by former study.Asa summary, the lower modes are

dominant fbr tbe convergence of second moment matrix.

Computational analysis of evolution is another important tool to clarify the molecular

mechanism of biological machinery. Here l describe one such approach to the analysis of the

movement mechanism of a bacterium, Mycoplasma mobile. M.mobile has an ability to glide,

when attached on a solid surface･ The mechanism of the motion is not understood yet, however,

a few genes including Gli349 are experimentally shown to be related to the motion. The DNA

sequence of the Gli349 gene has already been reported but the threeJimensional structure has

not been solved yet. To obtain a clpe for the mechanism of its movement, I carried out an

evol11tionary analysis of the Gli349 sequence･Asa result, I found 21 sequential repeats within

the Gli349. Each repeat consists of approximately lOO amino acids with a conserved sequence

motif, "YxxxxxGF''･ No homologo甲S SequenCe tO Gli349 was found in NCBI RefSeq

non-redundant sequence database･ In general, repeat sequences are known to associate with

other protein. This leads to a specu･1ation tbat tbe repeat reglOnS in Gli349 are also responsible

for the interaction with other proteins･ Chymotrypsin breaks the amide bond where the sequence

is no't within a structural domain, such as a loop reglOn between structural domains. The

structural domain reg10nS SPeCulated from the chymotrypsln Cleavage experiment agreed well

with the repeats l discovered. I predict one sequence repeat corresponds to one structural

domain, and the entire structure of Gli349 is composed of the tandem domains. Electron

microscopy experiment sbows Gli349 takes rod shape with a couple of kinks. Tbe size and

shape of the observed shape fits very we11 with the predicted domain repeat structure.

Immunoglobulin fold is known tb form a rod structure by formlng tandem repeats. However, the

repeat sequences do not fit into any of know immunoglobulin fold structures･ Therefore, I

conclude that the repeat sequence in M･mobile responsible for the gliding forms a novel type of

structural domain.
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1. Introduction of the thesis

Since the discovery of doubleJlelical structure of DNA in 1953, a

tremendous amount of progress has been made in the field of molecular biology.

Determination of genome se叫enCeS Of many organisms is one of its most

important achievements. In the present post genomic era, however, one of the

goals for the molecular biology lS tO reVeal the meanlng Of such genome

sequences, tbat is, to identify and reveal仙e cbaracteristics of the proteins

translated from the genome sequences･

There are rough1y four steps to identify and reveal the characteristics of

proteins･ The first step IS tO find the reglOnS tO be transcribed from DNA

sequence into messenger RNA (mRNA) sequence. To reveal the transcribed

region is a difficult question because whether transcription happens or not

depends on the type of cells and their environment. The second is to find how the

mRNA is spliced into mature mRNA w血ich is to be translated into proteins by

ribosome in eukaryote･ This is also a difficult question because alternative
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splicing may happen･ T血e tbird step is to reveal tbe 3D structure of proteins,

which is one of the important characteristics of protein. This can be realized by

the X-ray crystallography or NMR experiment for smaller proteins but is hardly

realized for larger proteins･ The fourth is to elucidate the functio･n of proteins

and the relationship between structure, motion 'and function of the proteins.

In this thesis, two studies about the third and fourth steps are reported･

One study corresponding to tbe third step lS the sequence analysis of Gli349･

Gli349 is the protein in a motile bacteria Mycoplasma mobile and is suggested to

be something to do with its motility. Sequence of Gli349 is known but either

structure or function is not solved･ Since Gli349 is too large to apply the

experimenta1 3D structure analyses such as X-ray crystallography and NMR, we

conJeCtured the structure of Gli349 from sequence computationally･ The other

study which corresponds to the fburth step is the molecular dynamics (MD)

simulation study･ Since MD can track the motion of every atom in t血e protein,

MD is useful fbr the investigation of the relationsbip among 3D structure, motion

of the protein and function of the protein･ But MD has one disadvantage･ For the
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precise calculation of various pbysical quantities sucb as entropy'very long

simulation,如example more than lO nanoseconds, is necessary, whicb is still

beyond the reach of the present computational power･ In this study, we

investigated the time length for precise calculation of secondary moment matrix

＼

df atomic positions by whic血many pbysical quantities are expressed･

These two studies are common in that tbese are computational approach

of molecular biology, which is called "bioinformatics" recently. These two

studies can also be regarded as two bioinformatics studies in different time scale.

MD simulation deals wit血tbe motion of proteins in tbe order of nanoseconds.

Sequence analysIS-is one of the analys'es of molecular evolution, which deals

with the events ･that take place during tbe time scale of mi11ions of years. This

thesis can also be interpreted as tbe approach to two biological problems of two

distinct time scales, tbat is, nanorsecond order and millions of years order. In

this thesis, chapters from 2 to 4 correspond to the MD study and chapters from 5

to 8 do to tbe sequence analysis study･

3



2. 1ntroduction to the sampfing probJem

Molecular dynamics (MD) simulation, numerical integration of classical

multiJimensional Newton equation, has become a useful tool to study various

biological and physical properties of proteins. Such physical properties as

various space and/or time correlation functions can be calculated from MD

trajectory･ Although physical quantities are formulated as an ensemble average in

statistical mechanics, a time average is usually used instead of an ensemble

average in the use of MD trajectory･ This substitution is valid only when MD

trajectory lS Sufficiently long. In protein MD, it is not a trivial task to determine

1ength of simulation necessary to calculate tbese physical quantities reliably･

Slow convergence of sampling in protein MD has been pointed out

especially by Hessl, 2･ He has performed a few n sec protein MD simulations and

from the trajectory constructed a matrix of second moments of variations of all

dynamical variables around respective means･ He then diagonalized this

positiveJefinitive symmetric matrix to identify the axes of the largest collective

4
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variation, the second-largest collective variation, etc･ (the principal component

analysis)･ When he examined the MD trajectory by projecting it onto the axes of

the first several largest eigenvalue principal components (pcs), he observed that

the proJeCted trajectories behaved like cosines as functions of time. He sh.wed

that this is a behavior expected for a random walk on a multiJimensiohalflat

energy surface･ This means tbat in tbe confbrmational subspace spanned by the

axes of the largest several eigenvalue prlnCIPal components, the energy surface

explored during a few n sec is essentiallyflat･ The energy surface should of

course go up if explored wider enough. A few n sec simulation is too short to see

this.

Besides the problem pointed out by Hess, the multiJimensionality of the

protein confbrmational space should also be a serious problem in estimating

necessary length for reliable simulation･ The dimensionality M of the

conformational space of a protein consisting of Natom atoms is glVen by 3Natom 16,

where 6 comes from six translational and rotational degrees of freedom. The

volume of conformational space accessible for protein is in proportion to the

5



power of the dimensionality M･ If the state point ought to visit the whole

conformational space densely and uniformly, MD simulation should be useless.

Although this problem orlglnating from multiJimensionality appears common to

any systems with a large degrees of freedom, it is less severe in often studied

systems consisting of many (N) identical atoms or molecules, because the whole

phase space for such systems consists of N! mutually identical subspaces due to

symmetry of permutation of identical atoms or molecules･ Sucb symmetry does

not exist in protein MD｡

However, in protein MD ve still expect tbat fbr a certain class of physical

quantities, dense and uniform visit may not be necessary･ Because many

important physical quantities can be expressed as a second moment of dynamical

variables, we ask in this paper length of simulation necessary fbr su爪cient

convergence of second moment matrix of dynamical variables. Tberefore, we ask

how the multiJimensionality affects the convergence of the second moment

matrix of dynamical variables. In the next section for method and results we

analyze this problem more carefu11y and describe how this question can be
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addressed by studying a reasonable tbeoretical model･

3･ Method and Results of samp[ing problem

ResuJts from a moJecu]ar dynamics simu[ation

We formulate our question as followis: how does a diagonalized second

moment matrix calculated from a MD trajectory approach its equilibrium value

as a function of duration time T of simulation and how does this behavior depend

on the multiJimensionality of the problem?

We have performed a l n sec MD simulation ofhen egg white lysozyme for

whicb M is 5880･ Even tbougb the elementary time step of numerical integration

was set to O5 f sec, the trajectory lS StOred at every 5 f sec. From this stored

trajectory we constructed 20 different MxM second moment matrices for 20

different duration times, each starting from the start of the simulation and ending

at an integral multiple of 50 p sec･ Tbese matrices were then diagonalized

(principal component analysis) and diagonal elements are rankl)rdered in the

descending order of their magnitude･

7



In the followlng discussion we sometimes change the definition of

dynamical variables from the original mass weighted atomic Cartesian

coordinates to their linear combination corresponding to tbe prlnCipal component

elgenVeCtOrS. These new dynamical variables are called collective variables and

each of them is identified by a vector defining the linear combination. Their

mean square f山ctuations during the simulation are glVen by respective diagonal

elements of the diagonalized second moment matrix. High and low rank-order

collective variables have respectively large and small amplitude variations

during the simulation.

The values of the diagonal elements of selected rank･勺rders are plotted in

Figure l against duration time･ The values of the lowest rank一勺rder diagonal

elements do not show indication of approaching the equilibrium values during l

n sec･ There is a serious problem as to equilibration of these elements as has

been polnted out by Hess･ This problem comes from the nature of the shape of

the confbrmational energy surface in the subspace spanned by the lowest

rankrorder elgenValue prlnCipal component axes. We do not ask this question in
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tbis paper.

However, for highrank･勺rder diagonal elements, we see that they appear to

converge to seemlngly equilibrium values rather readily･ By analyzing the results

shown in Figure l, we see that the values of diagonalized elements of about

300th or血igber in the rank→)rder behave well as a slngle exponential function of

simulation time T and appear to approach within lO% of their converged values

(supposedly their equilibrium values) as simulation time T becomes longer than

about 400 p sec, even thoughlow rank-order diagonal elements are still far from

equilibration at such simulation time･ Tbe number of such elements accounts as

many as 95% out ofthe totally M-5880 diagonal elements.

The results of the simulation shown in Figure l and summarized above

imply that identification of the higher rankl,rder (or sma11er amplitude)

collective variables and equilibration of their distributions are not much

influenced by (and are therefore essentially independent of) and realized earlier

than identification of the lowest ran如rder (or largest amplitude) collective

variables and their equilibration･ Equilibration of( distribution of sampled polntS

9



should of course be determined by the shape of the energy surface. However, the

above observation implies that there may be arule in the order of identification

of and equilibration in subspaces of a multiJimensional space･ The order of

identification and equilibration appears to be determined mainly by the width of

distribution in each subspace, but not by details of the shape of energy fpnction

in'each subspace･ If in fact distribution in a subspace with smaller amplitude of

variation equilibrates faster than that in ･a subspace with larger amplitude of

variation, this may provide a mechanism by which protein MD, even with a large

dimensionality of the conformational space, is still a useful method of research.

In order to make this qualitative discussion more quantitative, we will

study behavior of a we11Jefhed theoretical model and the second moment

matrices from it.

Langevin dynamics mode]

To proceed further we refer to the results of previous studies･3･ 4 They

studied the dynamics ofhuman lysozyme (for which M = 6117) both by the MD
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simulation and the normal mode analysis･ In tbe latter analysis a simple parabolic

potential energy function is assumed witb the same Hessian (second derivative

matrix) as the one at one of many local minima of the potential energy for which

也e MD simulation is perfbrmed･ They also bave done tbe prlnCipal component

analysis of the MD trajectory, and rank･勺rdered diagonal elements in the

descending order of tbeir magn血de･ They have fbund that the behavior of

proJeCtions of the MD trajectory onto the prlnCipal component axes of 31st and

higher rank orders can be well simulated by a Langevin dynamics in a parabolic

POtential･ The number of those prlnCipal component axes accounts for as many as

99･5% ofthe totally M=6117 axes.

They have further found that the values of the diagonalized second

moments of 301st or higher rank-order fit well with the values theoretically

expected for the normal modes of corresponding rank･勺rder. The number of

modes in this range accounts for about 95% of the totally M-6117 modes.

Angular frequency wi Of the lowest frequency normal mode in this 95% range,

i･e･, that of 301st normal mode, is 68 cm-1 (here expressed by corresponding

ll



wave number wi/27TC, C being light velocity), or its l/wi is 78 f sec. It has also

been observed that the projection of the MD trajectory onto each of these high

rank･勺rdered PC axes produces a slngle Gaussian frequency histogram with the

width expected for the corresponding normal mode. These facts indicate that the

conformational energy function in the 6117 dimensional space consists not

exactly but essentially of a direct product between a set of 5817 dimensional

simple parabolic function and a certain function in the remalnlng 300

dimensional space. These high frequency modes in this- 95% range were called

simple harmonic modes･4

They have also found that the projection of the MD trajectory onto each of

the 31st through 300th PC axe畠produces a slngle Gaussian frequency histogram

but with a width wider than that expected fbr the corresponding normal mode. As

mentioned earlier, the proJeCted MD trajectories onto these PC axes can also be

well simulated by a Langevin dynamics in a parabolic potential. Modes in this

range were called singly hierarchic modes･4

Thus, except for the O15% of the degrees of freedom, protein MD trajectory

12



can be we11 simulated by a Langevin dynamics in a multiJimensional parabola･

We are concerned in this paper with a possible difficulty due to

multiJimensionality of the conformational space,and we came to con)ecture

that a clue of mechanism of how this difficulty may actually be avoided lies in a

sequential identification and equilibration of subspaces in the ascending order of

widths of variations･ Now we want to examine the validity of this coqecture･

Because the main aspect of the problem here is the multi--dimensionality and a

sequence of widths of variations in a series of subspaces, and is not in the details

of energy function in each subspace, we can ask this question by assumlng a

Langevin dynamics in a multiJimensiona.1 parabola, a model implicated by the

analysis of Kitao, et･ al･4 =n the remaining O･5% degrees of freedom problem still

certainly exists in the shape of the energy surface･ This problem is outside the

scope of this paper･

A trajectory of the Langevin dynamics in a multiJimensional parabola is

given by x(t)-(xl(t),X2(t),･･･,XM(t)) , Where xi(t) satisfies the following

Langevin equation･

13



- -wi2xi -rl告･Ri(t,

where xi, a?i, ri, Ri(t) are a coordinate, an angular frequency, a friction

constant and a random force, respectively. We use the method of numerical

integration of this equation worked out by Ermak, Buckholz and McCammon･5, 6

Temperature T, which is related to the magnitude of the random force Ri(t) by

the equation ･(Ri(t)2) - 2rikBT (kB being the Boltzmann constant), i岳set to be

298 K, and we choose the time step for integration At to be O.5 fsec so that the

total energy lS Sufficiently conserved. Trajectory lS StOred at every 5 f sec. A set

of angular frequencies defines the shape of the multiJimensional parabola.

Because, as mentioned above, the result of MD simulation and subsequent

prlnCIPal component analysis can be fairy well reproduced by the normal mode

analysis, we assume a set of values of angular frequencies from the normal mode

analysis (NMA) of BPTI (PDB code: 5PTI)･ The value of dimensionality M for

this protein is 2712･ The distribution of the values of angular frequencies for

various globular proteins is known to be rather insensitive to details of three

dimensional structures and thus roughly common to many proteins･ Therefore by

14



studying JuSt the case of BPTI we should be able to capture the general

properties of globular proteins･ A uniform value 47 cm-1 of the friction

coefficient r.･ (here expressed by corresponding wave number ri/c or l/ri

being O･71 p sec) is assumed, the value that has been deduced in tbe previous

study･3

The time correlationfunction of the solution of equation (1) for one

particular value of i becomes overdamped for ri > 2a?i and underdamped for

r.･ < 2wi, and is glVenby7

(x.･ (o)xi (t)) =

coswi t. ｣Lsin
/

2wi'

.2

【

W,･

(2)

(jTor overdamp )

( jTor underdamp )

1

where ril = (ri2 -4wi2)喜and u,･l ≡ 〔wi2一去咋There is one relaxation.process

for underdamped motion and two relaxation processes for overdamped motion･

/

Relaxationtimes Tl and Ti areglVenby
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2 ′ 2

- J, Ti=-

rl -ri ri +r.･

2

Ti=-

rl

T (jTor overdamp)

( for underdamp )

This means that the solution of equation (1) shows a correlated behavior within

the relaxation time Tl and becomes roughly uncorrelated beyond it･ In other

words the solution of equation may be regarded very roughly as an ensemble of

pleCeWise trajectories of duration TE･ Of undamped harmonic motion with

angular frequency a?l With mutual phases of pleCeWise trajectories being

random.

For high frequency modes which satisfy the condition Ti>>1/ali, eaCh

pleCe Of the trajectory of duration Ti undergo.es many cycles of the harmonic

motion, and thus is expected to make a contribution to the second moment matrlX,

which is insensitive to the value of phase of the pleCe Of trajectory and is nearly

equal to the value expected for tbe equilibrium value･

With these simple theoretical analyses, we ask the fbllowlng queStion by

actually implementlng the Langevin dynamics sim山ation of BPTI model and by

performlng the subsequent prlnClpal compon¢nt analysis: How do the diagonal

16



elements of diagonalized second moment matrix approach their equilibrium

value? For the purpose of asking this question, we treat in our Langevin

dynamics simulation only 300 lowest frequency modes out of the totally 2712

modes･ Simulation is done for lO n sec･ The normal mode frequencies of the

150th and 300tb modes are respectively about 70 cm-1 and 150 cm-1. Because the

value of rl for BPT= is 47 cm-l, modes above the 151st may be regarded to

satisfy the condition Ti>>1/ui･ These higher frequency modes above 151st

belong to the simple harmonic modes.4

Figure 2 sbows how the diagonal elements of diagonalized second moment

matrix corresponding to these higher frequency modes approach their respective

equilibrium values･ Unlike in the case of the corresponding calculation from the

MD trajectory described in section 2.1, 'the equilibrium values to which the

diagonal elements of diagonalized second moment matrix should approach as

simulation time T becomes sufficiently long are explicitly known from thb

definition of the model･ All the diagonal elements in the range of the 151st mode

to the 300tb mode approach within lO% of their converged values as simulation

17



time T becomes longer than about 650 p sec. This coincides witb the result

observed in the case of calculation from the MD trajectory. Thus, we can

summarize that the variances of higher frequency modes converge within l n sec

in a way Lindependent of possibly complex behavior involving the lower

frequency･ modes.

A comment may be necessary about the convergence of the high frequency

modes. These modes show underdamped motions with relaxation time Ti muCh

longer than period l/ali Of the harmonic motion･ Therefore many cycles of

nearly undamped harmonic motion should take place before damplng, thus

making near-eq山ilibrium contribution to也e second moment matrix. This

analysis suggests that these high frequency modes should converge in a way

dependent to l/a),･･ However, this is not what we observed in Figure l and 2 for

these high frequency modes･ The time of convergence appears to be in the range

of400 p sec in the case ofFigure l and in the range of650 p sec in the case of

Figure 2 and is insensitive to the value of l/a),･ ･ A very technical reason accounts

for these behavior･ In both of MD simulation and Langevin dynamics simulation,

18



traJeCtOry is stored at every 5 f sec. Tbe second moment matrix is constructed

from such trajectories･ Then, even fbr very high frequency modes stored

trajectory does not look like. a harmonic motion, but like a series of randomly

sampled polntS･ This is the reason ofthe apparently slow convergence of the very

big血触quency modes･ Even wi血sucb a tec血nical problem, which exists also in

usual MD simulations, we came to a conclusion that l n sec simulation is enough

for convergence of variances of higher frequency modes.

Figure 3 shows how variances of low frequency modes approach their

respective equilibrium values･ Modes from 31st to 150th and those from 16th to

30th approacb within 2% of their equilibrium values within l n sec and 4 n sec

respectively･ For modes from 3rd to 15th more than lO n sec is necessary for this

approacb･ In the lowest and second lowest modes approach to tbe respective

equilibrium･values appears to take even longer time.

What we have seen ip Figure 3 is agaln Sequential identification and

equilibration of subspaces in the ascending order of widths of variati｡n｡ In the

BPTI model simulation of 4 n sec is fbund enougb to see equilibration in
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subspaces accounting for 99･5% out of the totally 2712 dimensional space･

Equilibration in the remaining O･5% dimensional space takes more than lO n sec･

This is the space fbr w血ich Hess pointed out a problem血･om a di触rent point of

VleW.

A key found in this paper for the problem of multiJimensionality lS

sequential identification and equilibration of subspaces･ We found that the effect

of lower frequency motions to those of the higher frequency lS Small, and

therefore the latter can be identified and equilibrated even before the former is

identified and equilibrated･ We then ask; Can high frequency motions be

neglected to study the lower frequency motions? To examine this question, we

compare eigenvalues obtained by diagonalization of the ful1 300×300 second

moment matrix with those obtained by diagonalization of only 150×1 50 second

moment matrix pertaining only to lower frequency 150 modesI In Figure 4,

differences between correspohding elgenValues are shown. We see that the

differences are less than O.1% within l n sec for lst to lOOth modes, This means

that the higher frequency motions hardly affect the convergence of lower

20



frequency motions･ We also find that the differe血ce of 130th mode is l % within l

n sec and O･12% hTithin lO n sec･ This slightly slow convergence is due to strong

mlXlng With modes higher than 151st in the ful1 300 dimensional treatment. In

summary lt is found that the variances of lower modes hardly affect that of

higher modes and vice versa･ This means that the subspaces composed of higher

frequency motions and lower frequency motions respectively are nearly

independent.

4･ Summary and concJusion of the sampJing prob[6m

ln tbis paper we studied the problem of convergence of sampling ln prOtein

molecular dynamics simulation occurrlng from the multiJimen芦ionality of their

confbrmational space･ Because many important pbysical quantities can be

expressed as a second moment of dynamical variables, we asked in this paper

length or,f simulation necessary for sufficient convergence of second血oment
i

matrix of dynamical variables･ At first we performed a molecular dynamics

simulation of a protein, 1ysozyme, and constructed a series of second moment
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matrices as a function of simulation time T. These matrices were tben

diagonalized (principal component analysis) and diagonal elements are

rank･勺rdered in the descending order of their magnitude. We observed that, as

simulation time T becomes loI唱er, higher rank-ordered prlnClpal component

vectors with smaller diagonal elements are identified and their amplitudes of

variation (diagonalized second moments) are equilibrated before low

rank･勺rdered vectors are identified and equilibrated. This sequential

identification and equilibration mechanism does not depend much on the details

of the confbrmational energy function, but depends mainly on the spectrum of

distribution of magnitudes of diagonalized second moments. Therefbre detailed

mechanism of sequential identification and equilibration was studied in terms of

a simplified theoretical model, Langevin dynamics model.

It has been known from previous works that higher rank-ordered prlnCipal

modes are actually cbaracterized by simple parabolic energy surface governlng

them, and cbrrespond well with normal modes with frequencies 70 cm~1 or

higher･3･4. Il is now shown in this work that these modes can be identified and
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equilibrated by a trajectory of l n sec molecular dynamics simulation, even wben

lower rank-勺rdered modes are not yet identified and equilibrated･

In the case of BPTI consisting of 58 amino acid residhes, identification and

equilibration of modes from 16th (with frequency of 14 cm~1) to 150th (with

frequency 70 cm-1) require simulation time of 4 n sec･ The remaining O.5%

dimensional space takes more than lO n sec to equilibrate. However, in this

relatively sma11 dimensional space there is also a severe problem polnted out by

Hess.

In summary we加nd that the big血dimensional confbrmational space of

protein consists of a series of subspaces whicb are mutually relatively

independent･ Subspaces with smaller amplitudes of variation are identified and

equilibrated during the molecular dynamics simulation before those with larger

amplitudes of variation are identified and equilibrated･ Due to this sequential

identification and equilibration mechanism protein molecular dynamics

simulation is a useful tool even with its intrinsic multiJimensionality･
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5. [ntroduction to the s声quenCe analysIS Of gJiding protein in
■

Mycoplasma mobI'le

Mycoplasmas are gram-positive bacteria and some species such as

Mycoplasma mobile, M･ pulmonis, M･ gallisepticum, M･ pneumoniae and M･

genitalium have an ability to glide on solid surface8･ The mechanism for such

gliding is thought to differ from other known mechanisms of movement, such as

theflagella motor in bacteria or actin-myosin complexes in myocytes and other

cell types, since no prbtein homologous to nagellin, myosln, aCtin or any other

known motor protein has ever been fbund in mycoplasmas9-12

M. mobile, which glides at an average velocity of about 2.O to 4.5 pm/s,

or about ten times faster than the other four species mentioned above13, 14,

expresses two large proteins, Gli349 and Gli521, that are known to be
7

responsible for the gliding: destructive mutation of either gli349 or gli521

eliminates the ability to glide from the organisms15, 16･ Gli349 is required for M･

mobile to adhere to glass, and it is believed that it forms a spike that protrudes

from the cell surface and in some･ way transduces the energy needed for motion17･
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18･ Beyond this, however, 1ittle is known about the gliding mechanism of M.

mobile.

In the present study, therefore, we carried out sequence analysIS Of
●

Gli349 fr6m M･ mobile and its homologue ･MYPU2110 fromM pulmonis to

characterize those sequences and decipher the structures of these proteins, which ,

we found not to be homologous to any other known protein･ Based on our

findings, we propose a structural model in which Gli349 is composed mostly of

tandem repeats of homologous domains.

6･ Materiafs and methods of･sequence anafysIS

Hidden Markov model for repeat sequence searches

Comparison of the sequence of Gli349 with itself in a dot matrix plot

suggested that several weak repeats exist and that eac血contains the motif

YxxxxxGF (where x depotesany amino acid residue, and hereafter referred t. as

the YGF motiり. To further analyze the structures, we then manually extracted

subsequences of 120 amino acid residues containing the YGF motif from Gli349
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and MYPU2110 to construct a hidden Markov model (HMM) 19-21, which was

tben applied to search fbr new repeats within Gli349 and MYPU2110 that were

similar to input training data (i.e., repeat subsequences containing the YGF

motif).

we used the HMMER package (http:〟hmmer.wustl.edu/)22 to carry oul

HMM, which took as input a multiple sequence alignment (MSA), w血icb serves

as trainlng data, together with the entire sequence of Gli349 or MYPU2110. The

output was comprised of subsequences that match the profile obtained from the

MSA. The HMM is composed of one "begin state,''several ``matcb states''･(i.e.,

matches to one of the amino acid resi血es), several "insert states," several

"delete states''and one "end state.''The transition probabilities between states

are trained by tbe input MSA. Once the model is trained, we can use it to detect

new repeats that match the profile within a glVen SequenCe, the best starting and

end points of each repeat, and the reliability of each repeat (E-value).

Statistica] slgnificance of motif occurrences jn one sequence
■

'The statistical significance of the number of YGF motif occurrences in a
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sequence was evaluated as fbllows･ Suppose that the amino acid residues within

a SequenCe Were Shuffled to make any possible sequence under a fixed residue

composition. If the number of chance occurrences of the motif in the shuffled

sequence was sufficiently smaller than NmoE.f times, then the number of the motif

occurrences in one sequence would be considered statistically slgnificant･ For

example, tb.e probability of the occurrence of the･motifAxxBxC is written

P(motlf) = f(A)f(B)f(C)

where A, B and C are particular amino acid residues that characterize the甲Otif,

and f(A)is the frequency of the amino acid residue A in the original sequence.

Wben the motif length is much smaller也an仙e sequence length, the probability

that a･shuffled sequence contains the motif Nmoltftimes is glVen by

(p(-otlf))"moL'f x (卜P(motlf))L-'l11'~"moElf x 〔L - (il - l))

whereｴis tbe sequence length, J is the motif length and is a!/((a-b)!×b!).

When a motif length is considered, the probability becomes smaller than that

given by equation (5)23, so that the probability P that one shumed sequence has

the motif more than Nmo(.f times is glVen by the equation
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L-(Z-1)

pく∑
i=Nmotlf+l

Nmotlf

臼丁盟

(p(-otlf))z'× (1 - P(-.otlf))L-'E-l'1'× 〔L ~ (il ~ 1)〕

(p(-otlf))i x (卜P(motlf))Ll11'-i x (L ~ (il ~ 1))

Here, we sbould consider two kinds of multiplicities･ One is the

multiplicity of amino acids｡ The probability we should calculate is not the

probability of the occurrence of qYxxxxxGFn but the probability of the

occurrence of any motifs ''AxxxxxBC". where A, B, C denote one of the amino

acids･ We must also consider the multiplicity of position of triplets･ We should

rather calculate the probability of any motifs including triplets uABCn, uABxCm,

``AxBC'', "ABxxC'', "AxBxC'', "AxxBC'', … , ``AxxxxxxxxxxxxxxxxxBC"

where we regarded that the lengtb of a motif is limited to 20 amino acids･

By Bonferroni correction, we can consider the multiplicity of amino acids

easily. As there are 8000 (- 20 Ⅹ 20 Ⅹ 20) combination oftriplets, tbe probability

of occurrence of any motifs which is about as few as YGF motif is glVen by

8000xP where P is given by equation (6)･ The multiplicity of position can

also be considered by the Bonferroni correction. Since the number of motifs
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including triplets whose length is L is glVen by L-2, the number of motifs

whose length is over t血an 2 and less than 21 is 176･ Finally'the probability we

should calculate is glVen by the followlng equation･
■

176x 8000x P

7, Resu[ts of sequence anaJysIS
■

Finding repeat sequences in Gfi349 and MYPU2110

Tbrough visual inspection, we found that t血e YGF motif appears ll times

in Gli349 and 16 times in MYPU2110, which are slgnificantly greater numbers
●

of occurrenc声S than 10ne WOuld expect from chance･ Using the amino acid residue

fractions for Y, G and F in Gli349 (1･8%, 510% and 5･6%, respectively), the

approximate probability tbat tbe YGF motif would appear at least ll times

within the 3183 amino acid residues of Gli349 was calculated to be 4.0×10-17

usi喝equation (6):

･-;(o･o18× 0･05xO･056)i x(l-0･018×0･05× 0･056)3176-i x(31i76) '

Considering the multiplicity, tbe probability of the occurrence of any motifs

29

(7)

(8)



including any triplets is 5.8×10-12 given by equation (6) and (7). Similar

analysis showed the probability fbr tbe YGF motif to occur 16 times by chance

within MYPU2110 to be l･5xlO-26 and the probability for any motifs with any

tripl¢ts to be 211×10I2l･ These low probabilities show the frequency of the

occurrence of the YGF motif to be slgnificant. Notably, the positions of the Y

within the YGF motifin Gli349 are 655, 867, 979, 1087, 1588, 1694, 1801, 2009,

2123, 2322 and 2653; those in MYPU2110 are 138, 434, 634, 737, 962, 1066,

1363, 1464, 1679, 1775, 1872, 1977, 2081, 2289, 2415 and 2640. Thus each YGF

motif is separated by a multiple of about lOO (100, 200, 300 …) amino acid

residues, which implies the existence of a repeat whose length is a multiple of

100. When we took the greatest common meas11re (i･e･, 100) as the repeat lengtb,

we fbund there to be ll subsequences of about lOO residues in Gli349 and 16

subsequences in MYPU2110 that were well aligned and had several conserved

sites in addition to the YGF motif. Figure l shows the MSA of the ll

subsequences in Gli349 generated uslng ClustalW24, 25･ Note that the reglOn

around tbe YGF motif is conserved best.
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It is d此cult to determine the start and end of a repeat when the amino

acid residues are so weakly conserved among the repeats261 Furthermore, most of

the repeats in Gli349 and MYPU2110 appear in tandem･ Bearlng those in mind,

suPPOSe repeatS COmPOSed of lOO amino acid residues were situated contiguously

at residue positions l to lOO, 101 to 200 and 201 to 300 and so on; or they could

be shifted 50 residues and start at positions 51 to 150, 151 to 250, 251 to 350,

and 351 to 450 and so on･ In this way, any position can be the starting point ofa

repeat if contiguous tandem repeats exist･ Here, we assumed the boundaries (the

start and end) of the repeats to be one of the residues in tbe least c｡nserved

region･ We named this repeat set as set #1 (Table l)･ To exclude starting-point

dependency ln the alignment, we also employed anotber alignment in whicb tbe

starting points were shifted by 50 residues･ In this case, the YGF motif was agaln

best conserved, and the least conserved reglOn also agreed witb the least

conserved reglOn in t血e prlOr alignment, demonstrating that the least conserved

region is unaffected by the starting point of the alignments.

We then searched for subsequences of Gli349 and MYPU2110 that are
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distantly homologous to tbe repeats in Set #1･ Using tbe knowledge that Gli349

is orthologous to MYPU21101l, 27, 28, we conjectured that there might b占a

distantly homologous subsequence in Gli349 that could be aligned to one of the

repeats in Set #l of MYPU2110 and vice versa･ In this way, we found an

additional seven repeats within Gli349 and two within MYPU2110･ Then uslng

tbe MSA of tbe 36 (27 + 9) subsequences prepared using clustalW, which we call

Set #2, we searched for additional repeat subsequences, and a profile was built

uslng the hidden Markov model with HMMER15･ when a repeat search uslng this

profile found new repeats, they and the repeats in Set #2 were aligned to build a

new profile based on Set #2 (updating the profile), and then the procedure

returned to the starting point- in the cycle of iterations (see Fig･ 2)･ The cycle was

repeated until the alignment at the i-th iteration and the new alignment at the

(i+ 1)-th iteration had the same alignment score. After seven iterations, we finally･

obtained additional repeats, three in Gli349 and four in･ MYPU2110, whose

positions are shown in Table 2･ This last repeat set containing 43 repeat

sequences was called Set #3･ The similarities of all the repeats in Set #3 were
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statistically significant (E-value of each repeat in Set #3 was smaller than

2･2x lO114 against the profile)･ And as shown in Fig1 3, the peaks ofthe alignment

scores correspond well to the positions of the repeats･ Tbe scores were calculated

uslng a 120ｨesidue long window so tbat the window wo山d contain tbe entire

repeat･ Hereafter, urepeat''denotes repeat sequences in Set #3.

Characteristics of the repeat

We calculated sequence identities among the repeats uslng PalrWise

alignments generated with clustalW24･ 25 and found them to fall in a range of

13･0-35･1% for Gli349 and 12･T37･1% for MYPU2110･ The degree of sequence

conservation in eac血column of the MSA of tbe 43 repeats is shown in the fbrm

of a sequence logo29 in Fig･ 4･ T血e YGF motif is the mdst conserved reglOn

witbin repeats, and there are three reglOnS baving high infbrmation values: 1 to 7,

27 to 39 and 55 to 60 (Fig･ 4)･ T血ese regions all have a binary.pattern of

hydrophobi-c and hydrophilic residues, suggesting that the reglOnS form

amphipatbic β strands and are located on the su血ce of the protein. Note that, in

addition to these reglOnS, there are several conserved amino acid residues: Gly at
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45,Asn at72, Tyr at 79, Leu, Ile orVal at l18, Phe at 124 and lle at 126･

The predicted secondary structure of each repe?t, determined uslng the

NPS S erVer

(http :〝nps叩bil ･ibcp ･肘cgi｣,in/nps a_automat･pl?page-/NPSA/nps a｣s eccons ･ht

ml)30, was found to be βββα,with the second β-strand being well conserved

among all repeats (Fig･ 5)･ The locations of the predicted P･TStrands are

particularly consistent witb the binary pattern, wbich suggests the existence of

three β胡rands. The most highly conser寸ed residues in the YGF motif, Gly and

phe, are found in the region extending from the middle of the third β,strand to

the beginnlng Of the follo-wlng α-helixI Both the prlmary and secondary

●

structures of the reglOn are Well conserved, wbich may suggest that those reglOnS

are important fbr determlnlng tbe structure of Gli349･ Tbe secondary structure

near the C-terminus is less well conserved (Fig. 5), suggestihg this region may be

a linker between domains. The characteristics of the pfedicted secondary

structures of tbe repeats in MYPU2110 are similar to those of Gli349･

Gli349 is comprised of 3183 amino acid residues; tbe last repeat starts at
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position 2,607 and ends at 2,729･ The N-termina1 86% of Gli349 is mostly

composed of repeats, suggesting the C⊥terminal reglOn takes a different structure

than the rest of the molecule･ Repeats C to I, J to R and S to V form three

comiguous tandem repeats (Fig･ 3)･ Interestingly, the gap lengths between

repeats l and J and between repeats R and S are about lOO amino acid residues

long (90 between repeats l and J, and 91 between repeats R and S), or about as

long as one repeat･ This suggests to us血at tbe gaps are also repeats, but血ave.

become too divergent for detection of sequence similarity uslng Currently

available metbods.

Search for homologous proteins us[ng repeat profi[es

Using HMMER with a profile based on the MSA of repeat Set #3, we

searched for sequences homologous to both Gli349 and MYPU2110 r9PeatS in

the NCBI reference sequence (RefSeq) database31, 32

(http://www･ncbi･nlm･nih･gov/RefSeq/), which is a non-redundant protein

sequence dataset, but no homologous sequences with E-value less than O.1 were
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found'. we al､so checked whether either Gli349 or MYPU2110 matches any

profile of known repeat sequences compiled in ,the REP database26･ Neither

Gli349 nor MYPU2110 matched any profile in the REP database, suggestlng that

tbe repeat in Gli349 and MYPU2110 is novel･

Chymotrypsin treatment

Chymotrypsin breaks the C-terminalpeptide bonds of aromatic residues

that are exposed to solvent and areflexible and could, therefore, be used to

discover exposedflexible reglOnS in the Gli349･ Knowledge about such reg10nS

would provide a hint about the structure ofthe entire protein, as well as about the

strutture of each repeat･ Based on the experimentally obtained molecular weights

of the Lragments of Gli349 (unpublished data) and our understanding of the

peptide bonds targeted by cbymotrypsin, we estimated the positions (shown in

Fig. 3(a) and Table 3) of 20 cleavage sites･ Of those, 15 fell within either the

non-repeat region or the boundary region of the repeats (Fig･ 3(a)), suggesting

that these areas are exposed to solvent and areflexible. We suggest that these
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regions might be the linkers between domains, whic血is consistent witb our

assumption that each repeat sequence folds into a structural domain. The

remaining five sites fell within the repeats‥ one was on the second Pdrand, one

was on the third β-strand, two were on the α-helix, apd one was in the regionjust

after the a-helix･ We expect that these areas are exposed to the solvent, as their

sequences appear to form an amphipathic βTStrand or α-helix.

8･ Discussion for sequence ana-y引S
■

Proteins wjth tandem repeat sequences

We have found that Gli349 is a protein comprised of tande血repeats,

most of wbich are marked by a YGF motif･ Structures with tandem repeats are

known to occur either in linear arrays or superhelical strhctures with repeats

arranged around a common axis, as is seen in t血e帥ropeller structur｡33. Either

of the structures presents an extensive surface that is well suited for interaction

with other molecules･ Indeed, so far the best-known function of the proteins with

known repeats is the binding of other proteins33･ we suggest that Gli349 also
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provides an extensive surface with which it interacts with other molecules･

This is the first description of the YGF motif, which was situated within

each repeat･ When we searched the SWISS-PROT database34 for proteins

containlng rePeat SequenCeS With the YGF motif, we only found kelch-1ike

protein lO from Homo sapien35･ The kelch repeat has the superhelical structure

of a six-bladed β-propeller in which the repeats each consist of about 40 amino

acid residues and are arranged around a common axis36･ Gli349 is unlikely to

assume a structure similar to kelcb, because l) the YGF motif is not conserved in

any kelch repeats, 2) the length of repeats diffeTS from the kelch repeat, and 3)

electron microscopy (EM) images of the Gli349 (discussed later) show an overall

rod<haped structure.

Proteins with an lg-fold repeat are often found on ce11 surfaces and

mediate interactions with otber cells, as is the case witb Filamln, Which contains

six lg-folds in a chain and functions to cross-1ink palrS Of F-actin chains37. The

size of the lg-fold is about lOO residues, which resembles the size of the

YGFlﾆOntaining repeat in Gli349, and is also an all-β structure. We therefore
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used PSIPRED38 and FORTE39 to thread tbe repeat sequences of Gli349 and

MYPU2110 on the known lg-fold structures to test whether the repeat sequences

are compatible with the lg-fold･ No repeat in Gli349 or MYPU2110 fit into any

known lg-fold structure, however･ Apparently, the YGFlﾆOntaining repeat does

not assume an lg-fold structure, but we will needfurther structural determination

to con艮rm this speculation.

(mplication for n'chness of Asparaglne
■

One of tbe characteristics of the Gli349 sequence is t血at it is ric血in Asn

residues, which accounts for 12･0% of the residues making up Gli349, or about

three times more than the average fraction (4.3%) of Asn residues in all the

protein sequences in SWISS-PROT34･ There are alsoAsn-rich proteins in

Plasmodium falciparum, which is responsible for malaria in humans. It has been

suggested that the Asn-rich proteins in P･ falciparum may be useful for avoiding

host immunogenic responses40･ Gli349 may have similar features. M. mobile

lives as a parasite in the gill organ cells of freshwater fish, which are exposed to
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the water. Almost all of Gli349 is predicted to be outside the cell membrane by
＼

sosuI4l. In addition, Pl adhesin from M･ pneumoniae, which has been known to

be responsible for the binding to animal cells and glass surfaces4245 and to be

related with avoiding lmmunOgenic responses, was recently suggested to directly

participate in the gliding46･ Taken together, these results suggest that Gli349 may

also play a role in enabling M. mobile to escape host immunogenic responses･

StructuraJ mode( based on sequence analys]s and EM imaglng

Under the assumption that each repeat sequence､ folds into a structural

domain, we determined the tertiary structure of Gli349 predicted uslng the

ROBETTA server (http:〟robetta.bakerlab.org) and the ROSETTA algorithm47, 48

to estimate the size of the domain. ROSETTA is one of the most successful

methods for ab im'tio tertiary structure prediction･ We predicted the structures of

repeats K and N because they had the highest scores in the alignment used for the

HMM profile･ Ten predicted tertiary structures per lnPut SequenCe Were Obtained

with ROBETTA･ The sizes of the predicted structures were similar (the average
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size was 4･2 ± 0･5 nm, where the length is defined as the farthest distance

between`two cα atoms), though they exhibited a large variety of fblds.

A preliminaJry EM image of Gli349 shows the shape of Gli349 to have an

inverted Z-1ike structure and to be composed of at least four parts (Fig. 6). It also

showed that the joint between rod l and rod 2 is veryflexible, whereas the joint

between rod 2 and rod 3 is very rigid (Fig･ 6)･ We then tried to place the

predicted structure of也e repeat sequences on the image of Gli349, taking lntO

account the rough estimation of the length of Gli349, and assumlng that the

leng血s of tbe three rods are proportional to t血e number of residues and地at the

entire structure is a string-1ike filament･ We found that there are two ways to

place the repeats on血e image:也e Nlerminus of Gli349 can be asslgned to

either the tip (mode1 1, Fig. 6(a)) or the base to the body ofM･ mobile (mode1 2,

Fig･ 6(b))･ In both assignments, there are nine repeats and two non-repeat regions

within the 46-nm rod l (Fig･ 6)･ We can estimate that the length of 9ne repeat is

shorter than 5･1 nm (= 46/9), wbich agrees well with the average size of the

predicted repeat structures･ Because Gli349 is predicted to have a transmembrane
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reglOn near the N-terminus and the mutation of Ser to Leu at 2770 in Gli349,

where the mutation site is to be located in the oval reglOn in mode1 1, cannot

adhere to glass (unpublished data), we propose that mode1 1 more accurately

depicts the true structure of Gli349, though in both models the non-repeat

reglOnS COrreSPOnd well to theflexible joints･

9. Summary of the thesis

ln the study of sampling problem on MD simulation, we fbund tbat也e

confbrmational space of protein consists of a series of subspaces which are

mutually quite independent and tbat subspaces witb smaller amplitudes of

variation are identified and equilibrated during the molecular dynamics

simulation before those with larger amplitudes of variation are identi鮎d and

equilibrated, We can say that protein molecular dynamics simulation is a useful

tool even with its intrinsic multiJimensionality.

In the study of the sequence analysis of M･mobile, we found the repeat

including YGF motif for 2l and 22 times for Gli349 and MYPU2110,
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′respectively･ No sequence homologous to血e･ repeat could be fbund in也e

RefSeq non-redundant sequence database･ No compatible fold structure was

found among known protein structures･ These facts suggest this repeat is novel

and takes a new fbld structure･ We also fbund that tbe cleavage positions were

o鮎n located between tbe repeats by the proteolysis ex･periment of Gli349 uslng

chymotrypsln. This implies tbat reglOnS COnneCting repeats are unstructured and

the repeat reglOnS are StruCtured and non-flexible･Aswe assumed each repeat

folds into a structural domaln,･ We COnStruCted a model of Gli349 that fits well

into the sbape and size of images obtained by electron microscopy･

These two studies are included in the category of bioinformatics and are

Particular cases of the basic prLbblem in molecular biology that is to identify and

find the characteristics of the･ proteins･ These works may shed light on basic

PrOblems in bioinformatics, which are structure prediction from sequence and

solution of the relationship between structure and function of protein.
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Figure Captions

Fig･ 1: Convergence of diagonalized second moments calculated for MD

simulation of HEW lysozyme plotted against･ length of simulation. (a) 1st

mode･ (b) 31st mode. (c) 301st mode. (d) 5000th mode. The′ ordinate

indicating second moments originally has a physical dimension of atomic

mass times atomic coordinate sqpared･ But the values scaled by mass of

carbon atom are shown, so that the values are in a more familiar range of

Angstrom squared･

Fig･ 2: Convergence of diagonalized second moments calculated for Langevin

simulation of BPTI plotted against lengtb of simulation. T血e ordinate

indicates the difference of the value of diagonalized second moment from

its equilibrium value scaled by the equilib血m value.

Fig･ 3: Fractional convergence of diagonalized second moments calculated for

Langevin simulation of BPTI plotted against length of simulation. (a) 1st

and 2nd･ modes･ (b) Square root of average of squared fractional

convergence fbr modes of3rd to 15th, of 16th to 30th, and 31st to 150th.
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Fig･ 4: Difference between diagonalized second moments calculated for

Langevin simulation in the 300 dimensional space and in the lower 150

dimensional space･ Ordinate indicates tbe di批rence scaled by its

theoretical equilibrium value.

Fig･ 5: Multiple sequence alignment of ll subsequences of Gli349 containing a

yGF motif is shown･ The start and end positions of each repeat are

denoted in the first column. Colors on the sequences denote as follows:

yellow, 100% conserved residues; cyan, >50% conserved residues; orange,

sites that are >70% conserved for D, N, S and T; green, sites that are

>70% conserved fbrA･, Ⅰ, L and V

Fig･ 6: Procedure for detecting repeats uslng the hidden Markov model･

Fig･ 7: Alignment scores of subsequences of 120 residues against the profile of

repeat set #3･ Plotted are tbe scores at the center position of tbe

subsequences of Gli349 (a) and MYPU2110 (b)･ Scores were calc山ated

uslng HMMER22･ The unit on the vertical axis is tbe negative logarithm of

the E-value of the alignment. The bars above the line denote repeats
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detected by. HMMER22･ Most of the repeats were found to be in tandem

fo,rm･ For Gli349, experimentally determined chymotrypsln SuSCePtible

sites are shown by asterisks (a).

Fig･ 8: The degree of residue conservation at each position in the repeat is

shown as information content･ The information content of amino acid

residue uan at'position uin is calculated by the equation,

I(a,i) - -log2 P(a,i), wherep(a,i) is the fractional content comprised by

an amino acid residue･ ∑p(a,i)-1 at each position･ As ∑I(a,i)
a

becomes larger, the position ``i''is regarded as more conserved. Tbe three

black bars indicate well conserved reglOnS･

Fig･ 9: MSA of repeat Set #3･ Residues are colored according to the predicted

secondary structures: r9d, α-helix; blue, βっtrand; yellow, coil; and white,

ambiguous･ The consensus secondary structure is β帥α shown in the

bottom･ The subsequences are listed in order of their E-value. 1he YGF

motif is denoted by a black bar on the top line｡ GLI and MYPU denote

Gli349 and MYPU2110, respectively, and the fbllowlng number denotes
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the repeat start position in each subsequence･ Residue numberi?g is the

same as in Fig. 4.

Fig. 10:Model of Gli349･ Low resolution image of Gli349 obtained with electron

microscopy (EM) is shown in gray sbade･ Repeat regions sbown in ovals

connected by lin'es are asslgned into the EM image of Gli349･ The
●

N-terminus is placed at the far right side in (a), and at the far･ left side in

(b). The length of eadh rod and angles between two rods ar占the average

values over EM images (unpublished data).
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Tables

Table l. Positions of the repeats in repeat Sets #1 and #2

Set #1 Set#2

Gli349 MYPU2110 Gli349 MYPU2110

96･215

391･510

601･720 591･710

691･810

816･935

926-1045 921･1040

1036-1155 1021-1140

1321･1440

1421･1540

1536-1655

1641-1760 1641-1760

1751･1870 1741-1860

1839･1958

1956･2075 1941-2060

2071-2190 2041･2160

2271･2390 2241-2360

2381-2500

2601･2720 2601･2720

101-220 96･215

386-506 391-510

601･720 591-710

706-825 691･810

816･935 796･916

926-1045 921-1040

1036･1155 1021･1140

1331･1450 1321･1440

1431･1550 1421･1540

1536-1655 1541-1660

1641･1760 1641･1760

1751･1870 17"41･1860

1851･1970 1839-1958

1956-2075 1941･2060

2071･2190 2041-2160

2271-2390 2241･2360

2381-2500 2381-2500

260112720 2601丁2720
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Table 2･ Po8itions of the repeats in repeat Set #3

repeat Gli349 MYPU2110 repeat ID Gli349 MYPU2110

ID

109･222 101･218

296･393

395-503 394･503

504-595 504･593

611･717 597-695

721･831 700-801

834-941 803･917

943･1043 925･1028

1046･1157 1030-1146

1247-1342 1230･1322

1343･1451 1326･1427

1452･1548 1428･1543

1552･1658 1544･1641

1662･1764 1642･1740

1765-1873 1742･1845

1876-1965 1847-1946

1966･2079 1947･2047

2083･2193 2049･2161

2284-2387 2246･2355
1

2395･2496 2379･2498

2505･2605 2502･2593

2607-2729 2597･2716
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Table 3. Positions cleaved by chymotrypsin

molecular position molecular position

weigb.t weig血t

32.0

34.7

35.8

37.1

42.3

44.7

48.5

49.8

65.5

67.5

292

316

326

337

392

405

438

450

594

613

69.4

73.4

98.5

115.0

131.6

181.4

197.1

215.6

241.3

245.0

631

667

893

1052

1206

1665

1816

1982

2219

2253

The positions were calculated based on the molecular weight (MW) and the

known target sites of chymotrypsln･
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