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Abstract

The computational sampling of rare, large-scale, conformational transitions in proteins is a w ell-

appreciated c hallenge � for whic h a n um b er of p oten tially e�cien t path-sampling metho dologies

ha v e b een prop osed. Here w e study a large-scale transition in a simple united-residue mo del of

calmo dulin using the w eigh ted ensem ble (WE) approac h of Hub er and Kim. Due to the mo del's

relativ e simplicit y , w e are able to compare our results to brute-force sim ulations. The comparison

indicates that the WE approac h quan titativ ely repro duces the brute-force results, as assessed b y

considering: (i) the reaction rate; (ii) the distribution of ev en t durations; and (iii) structural distri-

butions describing the heterogeneit y of the paths. Imp ortan tly , the WE metho d is readily applied

to more c hemically accurate mo dels and b y studying a series of lo w er temp eratures, our results

suggest that the WE metho d can increase e�ciency b y orders of magnitude in �harder� systems.

�
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I. INTR ODUCTION

It has long b een appreciated that conformational c hanges in proteins are critical to biolog-

ical function. Examples including allosteric proteins lik e hemoglobin, enzymes lik e aden ylate

kinase, signaling proteins lik e calmo dulin, and motor proteins lik e m y osin are only the most

famous textb o ok cases [1]. The dynamic nature of biological pro cesses observ ed from the

organ lev el to the in tra-cellular lev el is equally eviden t at the molecular lev el.

T raditional molecular sim ulations are limited to < 100 nsec [2], making them inadequate

to the task of studying large conformational transitions in macromolecules, whic h ma y o c-

cur on microsec - msec timescales or b ey ond [3]. Y et the situation is actually w orse than

it �rst app ears: ev en if suc h long sim ulations could b e ac hiev ed, the observ ation of a sin-

gle transition ev en t w ould hardly b e a full scien ti�c description of the pro cess. Because

structural transitions are driv en in part b y thermal �uctuations, some degree of v ariabilit y

among ev en ts m ust b e exp ected � in turn requiring the observ ation of tens of ev en ts to dra w

statistically satisfactory conclusions. Indeed a k ey unansw ered question is, What de gr e e of

variation exists in biolo gic al tr ansition dynamics? Therefore, the presen t w ork main tains a

statistical viewp oin t [4 �7] as w e explore path w a ys and v ariabilit y in long-time protein dy-

namics. Suc h a statistical outlo ok has most famously b een exploited in studies of protein

folding paths (e.g., [8�11 ] ).

Three basic approac hes to the problem of long-time macromolecular dynamics ha v e b een

explored b y a n um b er of in v estigators. Coarse-graining is probably the oldest strategy , dat-

ing from the v ery earliest molecular sim ulations [12 ]. By reducing the n um b er of degrees

of freedom, coarse-grained mo dels of proteins can drastically reduce the in trinsic cost of

sim ulating a time step, as w ell as increasing the duration of eac h step. The strategy has

b een pursued for man y di�eren t problems o v er the y ears from protein folding to aggregation

to conformational c hange [7, 13�25 ]. Although coarse-grained mo dels fail to capture atom-

istic detail and ma y ha v e limited bio c hemical accuracy , recen t w ork ma y p ermit the use of

simpli�ed ensem bles in accelerating atomistic sampling [26, 27].

A second approac h pursues a sev ere discretization of conformation-state space whic h

enables the use of master-equation sto c hastic kinetics [28�30 ]. Although an exact kinetic

description can b e obtained, a comprehensiv e and accurate discretization of con�guration

space is required. In other w ords, all states m ust b e kno wn with equilibrium probabilities
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and transition rates. Th us, at presen t, suc h a description is limited to cases where rather

complete sampling can b e obtained b y some other means.

The third strategy , path sampling, is of greatest relev ance to the presen t w ork. P ath

sampling approac hes [4�6, 31�35 ] can, in principle, emplo y mo dels of an y lev el of detail,

without appro ximation to the correct statistical mec hanics. The p oten tial for e�ciency

in these approac hes stems from an extreme separation of timescales: r ar e events ar e r ar e

b e c ause they ar e infr e quent, not b e c ause the events ar e slow. As sho wn in Fig. 1, the duration

of an ev en t itself (denoted here tb) t ypically is orders of magnitude less than the asso ciated

w aiting time b et w een ev en ts (i.e., the �rst passage time in v erse rate), so that tb � k� 1

[4, 36 ]. P ath-sampling approac hes mak e practical use of this separation b y fo cusing computer

resources exclusiv ely on rare transition ev en ts � as opp osed to those random equilibrium

motions whic h pro v e unpro ductiv e of transitions. W e note that a n um b er of ad ho c path

generating approac hes ha v e b een dev elop ed for biological systems [37�39 ] but these do not

lead to prop erly distributed path ensem bles or timescales. Man y earlier e�orts ha v e also

b een directed to determining single, optimal paths [40 �46 ]. P ath sampling approac hes, it

should b e noted, ha v e recen tly b een applied to atomistic mo dels of proteins and n ucleic acids

[35, 47, 48].

Despite these imp ortan t studies, a critical question remains: Do the path sampling meth-

o ds w ork? That is, do they yield un biased results whic h w ould b e obtained with su�cien t

resources via brute-force sim ulation? While the question has b een answ ered in the a�rma-

tiv e for some to y mo dels [31 , 36 , 49 , 50 ] molecular systems include ma jor di�culties not

presen t in simpler cases. The presen t study app ears to b e unique among path-sampling

in v estigations of proteins b ecause w e verify the results b y comparison to brute-force sim u-

lations.

W e study a united-residue mo del of calmo dulin's N-terminal domain constructed to b e

stable in t w o highly distinct exp erimen tally determined conformations [7], one corresp onding

to the calcium-b ound state ( Holo ) and the other b eing calcium-free ( Ap o ). These structures

are depicted in Fig. 2. The double-nativ e G	 o mo del in tro duced in Ref.[ 7] has since b een

adopted in other con texts [51 �53]. Y et despite its simplicit y , the 72-residue mo del p ossesses

72� 36 = 210 degrees of freedom and incorp orates the basic conformational complexit y of

a protein.

W e emplo y the w eigh ted ensem ble (WE) approac h [31 ] to generate an un biased ensem ble
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of paths for the calmo dulin transition and, sim ultaneously , the reaction rate. Previously ,

WE sampling has b een applied to study di�usion e�ects in binding [31, 54 ] and the folding

of a simple protein mo del [55]. The WE metho d w as c hosen to in v estigate conformational

transitions b ecause it has the abilit y to sample m ultiple, structurally distinct path w a ys in a

statistically correct w a y . It em b o dies a strategy of replicating success (�enric hmen t�), whic h

had earlier b een in tro duced in the construction of p olymer con�gurations [56 ] and later de-

scrib ed b y Grassb erger [57]. The strategy has three essen tial steps and main tains a rigorous

statistical w eigh ting throughout: (i) the initiation of m ultiple tra jectories; (ii) replication of

tra jectories whic h adv ance along a fairly arbitrary progress co ordinate; and (iii) o ccasional

pruning of lo w-w eigh t tra jectories. The pruning ensures manageable computational cost.

Issues surrounding the selection of a progress co ordinate � whic h need not b e a reaction

co ordinate in the traditional sense � are discussed in detail b elo w. W e note that the WE

metho d yields b oth a p ath ensemble and the r e action r ate fr om a single simulation.

Our data sho w that WE path-sampling of calmo dulin transitions pro vides excellen t quan-

titative agr e ement with brute-force results. Because the WE sim ulations consume a fraction

of the brute-force sim ulation time, they app ear to b e a promising c hoice for the study of

more realistic protein mo dels.

I I. MA TERIALS AND METHODS

Path sampling using the weighte d ensemble (WE) appr o ach. F ull theoretical details of the

WE metho d ha v e b een giv en in Hub er and Kims original pap er [31] but w e brie�y summarize

the approac h. The basic idea is to propagate tra jectories along a �progress co ordinate�

divided in to bins b y replicating (splitting) those tra jectories whic h mo v e to empt y bins.

The progress co ordinate is so-named b ecause it ne e d not c orr esp ond to a r e action c o or dinate ,

whic h is a strength of the WE metho d and elab orated up on in the Discussion, b elo w.

The follo wing steps are used in the WE metho d:

1. Divide an arbitrarily c hosen progress co ordinate in to N bins or regions. Eac h bin will

con tain no more than M sim ulations.

2. Initially , M indep enden t tra jectories are started from the same con�guration. Eac h

carries a w eigh t 1/ M .
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3. Run all the sim ulations for a �xed time � .

4. Chec k eac h bin to see if it has b ecome p opulated. If there are few er than M tra jectories,

split the tra jectory (or tra jectories) in the bin so that there are M total. The w eigh t

m ust also b e split. If a bin con tains more than M tra jectories, com bine the lo w est-

w eigh t sim ulations. These steps are p erformed without in tro ducing statistical bias.

5. Go bac k to step 3.

In �g. 3 w e sho w the ev olution of the probabilit y in one w eigh ted ensem ble sim ulation

of CaM. The progress co ordinate is the negativ e of the �distance RMSD� (DRMSD) [58 ] to

the Holo state. The sim ulation starts from Ap o state (left bins) and progress to w ard Holo

(righ t bins). After 16� , some tra jectories ha v e already clim b ed o v er the barrier and arriv ed

at the righ t b oarder, where DRMSD Holo < 1:5Å. Notice the v arying semi-log scale of the

v ertical axis.

A bistable G	 o mo del of unite d-r esidue c almo dulin (N-terminal domain. One of the authors

previously designed a united-residue p oten tial and asso ciated soft w are to enable brute-force

generation of an ensem ble of un biased large-scale conformational transitions, and full details

are giv en in Ref.[ 7]. As in the previous study , only the N-terminal domain (residues 4 - 75)

of calmo dulin w as studied.

In brief, b elo w certain cut-o� distance, double-G	 o in teractions are attractiv e when the

distance of t w o residues is in certain range near to the distances found in either nativ e

structures, and the in teractions are repulsiv e for non-nativ e con tacts. With the b onded

in teractions for bac kb one connectivit y , this p oten tial guaran tees that t w o nativ e structures

ha v e lo w total energies and the transition is p ossible in the sim ulations. T emp erature is

giv en in units of kB T=� , where � describ es the w ell depths [7]. Finally , to mak e the brute-

force sim ulations run as quic kly as p ossible, the mo del w as implemen ted on a �ne grid �

imp ortan tly , with grid spacing m uc h smaller than an y other length scale, as detailed in

Ref.[ 7 ].

W e emplo y ed dynamical Mon te Carlo (DMC) for the calmo dulin mo del. DMC is a natural

c hoice for an y square-w ell p oten tial; but further, when small ph ysically reasonable trial

steps are used, one can exp ect DMC to pro vide dynamics similar to o v erdamp ed Langevin

dynamics [59, 60]. The reason is that, considering an energy landscap e consisting of man y

barrier-separated basins, small-step DMC should cross barriers according to the standard
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Arrhenius factor without an y unph ysical, large jumps. In our sim ulations, the only trial

mo v e attempted w as a single-particle translation of one grid-spacing (0.13Å) to a randomly

c hosen p oin t among the 26 closest 'in the surrounding 3 � 3 � 3 cub e.

Although neither the mo del nor the dynamics are fully accurate, the k ey p oin t is that

b oth our WE and brute-force sim ulations w ere p erformed with the iden tical computer co de,

ensuring a fair comparison in a tractable system.

Err or analysis by blo ck aver aging. The transition paths generated b y the WE metho d

are correlated, ruling out the use of simple statistical analyses. W e therefore emplo y ed a

standard statistical blo c k-a v eraging approac h based on [61 ], whic h is a robust algorithm

for calculating the statistical errors em b o died in time correlated data. In brief, one divides

the sequence of data in to n blo c ks and calculates the standard deviation among the blo c k

a v erages, � n , for the quan tit y of in terest. The length of blo c ks is con tin ually increased

un til the quan tit y � n=
p

n reac hes a plateau, whic h indicates the blo c ks ha v e b ecome signif-

ican tly longer than an y correlation times and yields the e�ectiv e standard error (i.e., scale

of statistical uncertain t y) of the estimate.

I I I. RESUL TS

T o ev aluate the W eigh ted Ensem ble (WE) metho d, w e �rst examined the temp erature

kB T=� = 0:5 as in the previous study [7]. As a reference for comparison, brute-force (BF)

sim ulations w ere run on sev eral CPUs, yielding 373 indep enden t transition ev en ts from the

Ap o to Holo structure of calmo dulin (CaM). The total cost of these sim ulations is equiv alen t

to � 18 mon ths of single-pro cessor CPU time (Xeon, 3.2 GHz).

WE sim ulation, b y con trast, required considerably less computer time, although iden tical

co de w as used for running the em b edded dynamical Mon te Carlo. The WE sim ulation w as

run on a single CPU (Xeon, 3.2 GHz) for 4 w eeks, yielding 33,576 correlated transitions. W e

made the simple c hoice of using the DRMSD to the Holo state as the progress co ordinate

and cut this one dimensional space in to 40 bins, with M = 40 sim ulations allo w ed in eac h

bin. After ev ery � = 72000 Mon te Carlo steps, the em b edded BF sim ulations are paused,

then com bined and split without in tro ducing bias, as describ ed in Materials and Metho ds.

Distribution of event dur ations. First w e study the distribution of transition ev en t dura-

tions � b(t) [62]. The duration of a transition ev en t is a short timescale c haracteristic of the
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reaction path w a y itself (b y con trast to the more common �rst-passage time). It is de�ned

as the time elapsed from the last exit from the inital/reactan t state un til the �rst en try to

�nal/pro duct state. The distribution of these durations is the simplest quan titativ e mea-

sure of the heterogeneit y exp ected in the ensem ble of transition ev en ts. F or conformational

c hange in CaM, transition ev en t durations w ere calculated based on a reactan t state de�ned

suc h that DRMSD Apo < 1:5Å and the the pro duct state b y DRMSD Holo < 1:5Å.

In �g. 4 w e sho w the WE sim ulation result of � b(t) . It is compared with the result of BF

sim ulation with error-bars. They matc h w ell. The inset sho ws the results from these t w o

metho ds b y the equal CPU time. It is clear that WE metho d is more e�cien t than the BF

ev en at the relativ ely high temp erature kB T=� = 0:5.

The tr ansition r ate. F or c hemical and biological reactions and transitions, the reaction

rate is one of the most imp ortan t quan tities, and is imp ossible to obtain b y BF sim ulation

if the �rst-passage time is long [63 ]. Distinguished from the other path-sampling metho ds,

WE sim ulation can giv e not only path ensem ble, but also the reaction rate sim ultaneously .

In WE sim ulation, after a transien t p erio d re�ecting the �nite ev en t durations, the a v erage

curren t arriving to the pro duct state (Holo) giv es the transition rate. F or kB T=� = 0:5, w e

obtained kW E = (1 :9 � 0:2) � 10� 10= MC step, whic h is in excellen t agreemen t with the

brute-force result, kBF = (2 :2 � 0:1) � 10� 10
/MC step.

Structur al cr oss-se ctions of the p ath ensemble. W e also compared structural prop erties

of the path ensem bles generated b y the t w o metho ds, follo wing the approac h tak en in our

previous w ork [7]. Sp eci�cally , w e examined the distributions of in termediate structures

isolated along sev eral �cross sections� of a t w o-dimensional reaction surface. The t w o co or-

dinates of this surface � eac h a distance b et w een residues lo cated at the ends of helices �

w ere c hosen to assa y heterogeneit y in the path ensem ble [7 ]. As sho wn in �g 5, �v e cross-

sectional �planes� w ere placed orthogonally to straigh t line dra wn b et w een the t w o states.

Histograms w ere made of the p osition, relativ e to the cen ter line, at whic h eac h tra jectory

�rst crossed a giv en plane.

These cross-sectional histograms w ere pro duced b y b oth metho ds, and again compare

fa v orably � in addition to demonstrating the structur al heterogeneit y in the path ensem ble

of this simple mo del system. Figure 5 sho ws the distributions, with the error bars repre-

sen ting appro ximately a 90% con�dence in terv al. This sensitiv e structural analysis further

underscores the accuracy of the WE metho d.
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E�ciency. The previous results indicate the accuracy of the WE approac h � i.e., that

it prop erly corrects for bias as claimed. Nev ertheless, the �b ottom line� measure of a path-

sampling approac h is its e�ciency , and esp ecially its p oten tial for e�ciency in more c hem-

ically realistic and larger systems. W e measure e�ciency b y calculating the ratio of single-

pro cessor CPU times required b y WE and BF sim ulations to estimate the reaction rate with

a giv en statistical precision. Similar results are found if the a v erage ev en t duration is used.

By studying a range of increasingly lo w er temp eratures to assa y the promise of WE

sim ulation in harder systems, w e �nd extremely encouraging results. F or kB T=� = 0:5, w e

�nd a mo dest e�ciency gain of somewhat more than a factor of �v e � that is, WE sim ulation

requires less than one �fth the CPU exp enditure for a giv en lev el of statistical precision.

Ho w ev er, as the system b ecomes more di�cult to sim ulate b y brute-force sim ulation at lo w er

v alues of kB T=� , the WE approac h b ecomes relativ ely more e�cien t. Equally imp ortan tly ,

the WE sim ulations require essen tially the same o v erall amoun t of CPU time regarless of

the temp erature. F or kB T=� = 0:45, e�ciency gain is a factor of � 15 and for kB T=� = 0:4,

it increases to � 100.

In greater detail, for kB T=� = 0:45 three w eeks of WE sim ulation yielded 32,464 correlated

transition tra jectories, along with the estimate kW E = (6 :4 � 0:6) � 10� 11
/MC step. By

con trast 30 months of BF sim ulation generated 172 tra jectories and kBF = (7 :4� 0:6)� 10� 11

/MC step. The distributions of ev en t durations also agree v ery w ell. F or kB T=� = 0:4, WE

metho d giv es the reaction rate kW E = (8 :4 � 0:9) � 10� 12=(MCstep) from three w eeks of

sim ulation, whereas BF sim ulation w as to o slo w to yield ev en a single transition ev en t in

the time w e allotted to it. Ho w ev er, based on the reaction rate from WE sim ulation and

the simple statistics of P oisson pro cesses exp ected for BF sim ulation, the e�ency gain can

b e estimated as � 100. (W e also con�rmed that suc h estimation based on P oisson statistics

repro duced the e�ciency estimates of the higher temp eratures.)

Use of a two-dimensional pr o gr ess c o or dinate. T o in v estigate whether the WE sim ula-

tions for calmo dulin w ere sensitiv e to the c hoice of progress co ordinate � and also to explore

p oten tially useful strategies for more complex systems � w e in v estigated a t w o-dimensional

progress co ordinate. Sp eci�cally , w e emplo y ed t w o-dimensional bins where the �rst co ordi-

nate w as the DRMSD holo distance as describ ed in Materials and Metho ds, and the second

co ordinate w as DRMSD apo . Our results w ere essen tially indistinguishable from those based

on a one-dimensional co ordinate for the kB T=� = 0:5 condition w e in v estigated.
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Although using DRMSD

pro duct

as a single co ordinate migh t b e exp ected to b e a fairly

robust c hoice for man y systems, generally one cannot exp ect a single dimension to b e su�-

cien t since there could b e barriers transv erse to the c hosen co ordinate [49 ]. The Discussion,

b elo w, further prob es this issue.

IV. DISCUSSION: APPL YING WE TO MORE COMPLEX SYSTEMS

While WE sim ulation has pro v en highly successful in the presen t application of a simpli-

�ed protein mo del, strategies more applying the approac h robustly in more complex systems

are imp ortan t to consider. But b efore describing suc h strategies, it should b e recognized

that the WE algorithm is statistic al ly c orr e ct for su�ciently long simulations r e gar d less of

the c o or dinate choic e. This can b e seen heuristically b y noting that, b ecause the WE ap-

proac h records statistical w eigh ts and do es not use a biasing force or p oten tial, unnatural

transitions will only o ccur rarely and with v ery lo w w eigh t. Recall that eac h full transition

tra jectory is simply a concatenation of un biased segmen ts with prop er statistical w eigh ts.

Ev en tually , the imp ortan t transition tra jectories will o ccur and their w eigh ts will (correctly)

dominate the results. In other w ords, the c hoice of co ordinate(s) and binning a�ects the

e�ciency of the w eigh ted ensem ble approac h, but not its asymptotic correctness.

There are man y p ossible strategies for using for using higher-dimensional binning while

main taining the o v erall n um b er of bins at a practicable lev el. W e will assume that the �rst

co ordinate has b een de�ned based on the RMSD (or similar distance metric) from the target

structure. (i) The simplest approac h for c ho osing a second co ordinate w as adopted ab o v e,

namely , the RMSD from initial structure. This co ordinate is guaran teed to b e signi�can t

near the initial structure, but it ma y fail to p erform useful discrimination further a w a y . (ii)

A second approac h addresses this w eakness b y recognizing that the reference structure for

determining the second co ordinates RMSD need not b e the same for all of the �rst-co ordinate

bins; rather it is only necessary to unam biguously sub-divide con�guration space. Therefore,

one can de�ne a second co ordinate sp eci�c to eac h of the initial bins based on the RMSD

from a bin-sp e ci�c reference, suc h as the �rst structure observ ed in the bin. This on-the-

�y bin construction, is guaran teed to lead to meaningful sorting of eac h bin due to the

lo cal reference structure. (iii) A third approac h w ould emplo y additional dimensions only

selectiv ely , but on the �y as in (ii). Th us, for instance, if a giv en set of bins led to a stalled
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sim ulation, one could sub divide bins one-at-a-time to an y degree � and ev en con tract some

later whic h fail to b e pro ductiv e of transitions. (iv) Finally , one can p opulate bins with

di�eren t n um b ers of particles and still main tain conformit y with the statistical assumptions

of the WE metho d. F or instance, in t w o or more dimensions, one could increase p opulations

(on-the-�y) in bins that are found to lead, ultimately , to progress to w ard the �nal structure.

The main p oin t is that there is enormous �exibilit y to construct structurally suitable

bins. W e b eliev e this �exibilit y will lead ultimately lead to robust strategies suitable for a

wide range of bimolecular systems.

V. CONCLUSIONS

W e ha v e applied the w eigh ted ensem ble (WE) approac h of Hub er and Kim [31 ] to

the study of a protein conformational transition for the �rst time, and sho wn that it is

a remark ably straigh tforw ard and successful approac h. Because w e emplo y ed a tractable

united-residue mo del for a 72-residue domain of calmo dulin [7], w e v eri�ed the quan titativ e

correctness of the results, as compared to brute-force (BF) sim ulations. The WE results

w ere also obtained in a fraction of the BF sim ulation time. T o our kno wledge, no previous

path-sampling study of a non trivial protein mo del p erformed suc h comparisons. F urther,

e�ciency relativ e to BF sim ulation w as found to increase dramatically as the system w as

made �harder� b y lo w ering the temp erature, with minimal increase in absolute cost.

Although our mo del exhibits substan tial heterogeneit y in its path ensem ble, it remains an

op en and fundamen tal bio c hemical question as to whether real proteins are more precisely

tuned. While proteins need to b e robust � insensitiv e to man y m utations � they are also

precisely calibrated to their sp eci�c function. Another feature of our mo del (but not of the

WE metho d p er se), its prediction of an exp erimen tal v eri�ed in termediate, ma y w ell b e

fortuitous and do es not v alidate the mo del in a general w a y .

WE sim ulation app ears to b e a particularly promising metho d for studying more complex

systems: (i) it estimates the reaction rate sim ultaneously with generating the transtion path

ensem ble; (ii) it has the abilit y to sample heterogeneous path w a ys indep enden tly , without

getting trapp ed; and (iii) it is extremely easy to implemen t. A dditionally , w e ha v e describ ed

a metho d whic h o v ercomes a p oten tial w eakness of the approac h: e�ectiv e, lo w-dimensional

progress co ordinates can b e de�ned for an y system in a simple, automated w a y that do es
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not require an y previous kno wledge of the system b ey ond t w o structures of in terest. Of

course, the ultimate pro of will b e in the future application to more di�cult problems, but

these initial, v er�ed results in a non-trivial mo del mark the passing of a critical test.
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Figure 1: T ra jectory for the sim ulation of CaM. The left graph is a long tra jectory with sev eral

transition-ev en ts. The righ t graph is a single transition-ev en t in the same long tra jectory .

Figure 2: The N-terminal domain of Calmo dulin (CaM). The left is the Ap o structure (1CFD),

whic h is calcium-free. The righ t is the Holo structure (1CLL), whic h is calcium-b ound. CaM will

undergo a large-scale structure c hange when it binds calcium
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Figure 3: Probabilit y distribution at time � ( 72000MC steps ), 4� , 8� and 16� in a WE sim ulation

of CaM. The sim ulations all start from Ap o structure. After 16� , some tra jectories clim b o v er the

barrier and arriv e at the righ t b oarder, where DRMSD Holo < 1:5Å. Notice the v arying semi-log

scale.
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Figure 4: The distribution of transition ev en t duration � b(t) from WE and BF sim ulations. the

de�nition of transition ev en t duration is the time in terv al b et w een the last time the structure's

DRMSD Apo smaller than 1:5Åand the �rst time its DRMSD Holo smaller than 1:5Å. The t w o

results matc h v ery w ell. The inserted graph sho ws the results from these t w o metho ds b y the equal

CPU time, whic h is not long enough for BF sim ulation to get a go o d statistical distribution.
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Figure 5: Structural distributions describing the heterogeneit y of the paths from WE and BF

sim ulations. The distributions are plot for the �rst crossing p oin ts of the paths on the 5 planes.

The results form WE and BF metho ds are all similar, whic h suggest that WE metho d also giv e an

un bias path ensem ble.
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