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‘Biologists observe things that cannot be explained. Theorists

explain things that cannot be observed’. Aharon Katchalsky
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Abstract

Motor proteins are mechanochemical enzymes that convert energy released by adenosine
triphosphate (ATP) hydrolysis into either linear or rotary movement. Motor proteins:
kinesin, myosin and dynein, that perform active movements along cytoskeletal filaments
drive the long—range transport of vesicles, organelles, and other types of cargo in biological
cells. In this Monte Carlo simulation study, based on the recent experimental results and
existing theoretical models, a lattice model to study the dynamics of non—interacting
motor proteins each transporting a cargo and a new bead—spring model to study the
collective dynamics of interacting motor proteins transporting cooperatively a common

cargo are proposed and studied.
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Chapter 1

Introduction

Organelles in cells are frequently transported distances of many micrometers along well—
defined routes in the cytosol and delivered to particular intracellular locations. Diffusion
alone cannot account for the rate, directionality, and destinations of such transport
processes. For example, the high protein concentration (200—300 mg/ml) of the cytoplasm
prevents organelles and vesicles from diffusing faster than 100 micrometers/3 hours [1I, 2].
To generate the forces necessary for many cellular movements, cells depend on specialized
enzymes commonly called molecular motors, or motor proteins. These mechanochemical
enzymes convert the chemical energy derived from the hydrolysis of adenosine triphosphate
(ATP) or contained within ion gradients into mechanical force, usually generating either

linear or rotary motion [T}, 2].

There are many different types of motor proteins, each specialized for a particular
function [3]. Some move linearly along polymers (such as cytoskeletal and nucleic acid
motor proteins), whereas others undergo rotary motions (such as rotary motor proteins).
However, we consider here only linear cytoskeletal motor proteins. This is not inappropriate
because many of the experimental and theoretical approaches to rotary and linear motor
proteins have shown that the mechanisms these motors use to power cellular motility are

essentially the same [2, 4].



1.1 Cytoskeletal motor proteins

Cytoskeletal motors that perform active movements along cytoskeletal filaments drive the
long—range transport of vesicles, organelles, and other types of cargo in biological cells
[5]. There are three classes of cytoskeletal motor proteins: myosins, kinesins and dyneins.

Myosins move along actin filaments, and kinesins and dyneins move along microtubules.

In every case that hase been tested so far, myosins move toward the plus end of an
actin filament—with one exception, myosin VI [2]. Kinesins (with the exception of kinesin
14 family members) move towards microtubule plus ends, whereas all dyneins discovered

to date move towards microtubule minus ends [6].

Cytoskeletal motors have in common a highly conserved motor domain or “head”,
which consists of an ATP—binding/hydrolysis motif and an adjacent filament—binding
region [7]. The “neck”, a region that has been implicated in several aspects of motor

function, lies between the motor domain and the coiled—coil dimerization domain (Fig.

1),

Figure 1.1: Crystal structure of dimeric kinesin [g].



These motors use a common principle to generate movement in which they bind
to their track, undergo a force—producing conformational change (power stroke), release
from the track, and then return to their original conformation (recovery stroke) [9} [10].
These structural changes are coupled to chemical transitions in the motors ATPase cycle:

ATP binding, hydrolysis, and product release.

1.2 Single—molecule techniques

The study of motor proteins was revolutionized by the development of in vitro motility
assays in which the motility of purified motor proteins along purified cytoskeletal filaments
is reconstituted in cell—free conditions [2]. During the last decade, the properties of single
processive motors, such as myosin V on actin filaments and kinesin on microtubules, have
been characterized in some detail by using in vitro motility assays and novel single—molecule
techniques, such as atomic force microscopy, single—molecule fluorescence microscopy and

optical tweezers [5, [11].

Myosin molecules slide along actin filaments, fuelled by the chemical energy driven
from ATP hydrolysis. The development of techniques for manipulation of a single actin
filament and nanometry with a microneedle and optical tweezers has allowed individual
mechanical events such as displacement and force to be measured from single molecules
of myosin in vitro (see Fig. . A single myosin molecule has been found to generate
mean displacements of 5 to 25 nm at nearly zero load and mean forces of 3 to 5 pN at
high loads during a single ATP hydrolysis cycle [12]. The displacement records showed
that the displacements do not take place in a single step but instead in several distinctive
steps. The steps take place stochastically and some of them (<~ 10 % of total steps) were
backward [12]. The step—size was 5.5 nm, coinciding with the interval between adjacent

monomers in one strand of an actin filament. Taking all these results into account, a new



Figure 1.2: Optical tweezer determines the step size and force of a single myosin molecule
.

model has been proposed that suggests a myosin head can walk on actin monomers in its
filament by Brownian motion, biased Brownian ratchet model. This model challenges a
currently accepted model, the so called “lever—arm swinging model”, in which the neck
region of a myosin head swings relative to the main body of the head to generate force
and displacement, and the swing motion is coupled tightly to the ATP hydrolysis cycle
in a one to one fashion. In the lever—arm swinging model, the myosin molecule moves in
a single step. In the biased Brownian ratchet model, movement of myosin is driven by
the Brownian motion and unidirectional movement is produced by rectification of thermal

fluctuations induced by the conformational change in the motor caused by ATP hydrolysis

12, 13].

On average a single kinesin molecule moves along the surface of a microtubule
through a distance of 5 pym in microtubule gliding assays, 1.4 ym in bead assays, and
0.6—1.3 um in fluorescence assays [14]. A single kinesin molecule exhibits a stepwise
displacement with amplitude of 8 nm by hydrolysis of one ATP molecule [12]. An 8

nm step reflects the periodicity of the tubulin heterodimers in a microtubule. Based on



this finding, a hand—over—hand model has been proposed, in which a kinesin walks on
tubulin heterodimers via its two heads in an alternating fashion. Because the movement
takes place in 8 nm steps, the spacing of the adjacent tubulin dimers that form kinesins
consecutive binding sites, and because each step is associated with one cycle of ATP
hydrolysis, kinesin is expected to hydrolyze some 80—600 ATP molecules before it dissociates
from the microtubule [14]. These observations show that the probability of kinesin
dissociating during any one ATP hydrolysis cycle is only ~ 1%. Because kinesin remains
processive even against high loads of up to several piconewtons, kinesin must spend <1 us
in a detached state per hydrolysis cycle, and it is likely that kinesin maintains continuous
attachment to the microtubule [14]. Single molecules of the kinesin super—family and
mutant kinesin molecules which are one—headed, have also shown continuous movement
along a microtubule although the travel distance was smaller. The motion was not smooth
and the direction fluctuated in forward and backward directions [12]. Thus, as for myosin,

Brownian motion appears to play an essential role in this movement.

Unlike kinesin, relatively little is known about the molecular mechanism of dynein.
Single—molecule studies suggest that dynein walks in a hand—over—hand—like fashion,
although its stepping behavior and directionality are more irregular than kinesin’s. Evidence
has shown that dynein advances via coordination of its two motor domains, but the details
of cytoplasmic dynein’s step size, stall force, and directionality remain controversial.
Observations of variable step sizes (4—32 nm) and directionality suggest a considerable
diffusional component to its step, making dynein stepping more akin to that of myosin VI
(21—51 nm) than kinesin [15]. A ~10 nm long linker that connects the ATPase domain
to the tail binding domain has been suggested to power dynein motion [I5]. The linker
shifts its position relative to the catalytic ring during the ATPase cycle and is believed
to facilitate dynein motility. However, with no atomic structure for dynein in hand, a

structural model for dyneins motility is less advanced than that for kinesin.



1.3 Models

Many cellular processes such as cellular transport, organization, and function require
the cooperative work of many motors in order to preserve persistent motion and force
generation [16]. For example, active cellular transport, such as organelle traffic, is driven
by motor proteins of different families such as kinesin, myosin, and cytoplasmic dynein
(Fig. [I7]. From a theoretical point of view, cooperative dynamics of molecular
motors have been investigated using several distinct models. These models include: (1)
Transition Rate Model, and (2) Two—state Ratchet Model [5], [16, [18] [19]. In this section

we discuss the foundations of these models.

Figure 1.3: Cooperative work of kinesin and dynein [20].

1.3.1 Transition rate model

The model considers cargo particles that are transported by N motors. These motors are
firmly attached to the cargo particle but can bind to and unbind from the filament along
which they move. Thus, the number n of motor molecules that are bound to the filament
can vary between n = 0 and n = N. If the cargo particle is linked to the filament through

n motors, it moves with velocity v,. Unbinding of a motor from the filament and binding



of an additional motor to the filament occur with rates €, and m,, respectively (Fig. [1.4)).
All these quantities can be directly measured by particle tracking both in vivo and in

vitro.

Figure 1.4: Transition rate model. A cargo particle is transported cooperatively by n
motor proteins.

We denote by P, the probability that the cargo particle is in state |n), i.e., bound

to the filament by n motors. These probabilities satisfy the master equation

0

apn = €n+an+l + ’/Tnflpnfl — <€n + Wn)Pn (131)

To determine the transport properties of the bound cargo particles, we need to
have the distribution of the bound motors. Using the stationary solution of the master
equation,

—P,=0. (1.3.2)

Which is,
€n+1pn+1 = WnPn, (133)



for 0 <n < N — 1. And, the normalization condition

ipn =1. (1.3.4)

n=0

we can have the distribution of the number of bound motors,

N-1 n -1 n—1
1+ II-= ] and P, =P [] - (1.3.5)

Using this distribution the model determines the transport properties of the bound

cargo particles.

1.3.2 Two—state ratchet model

The model considers the one—dimensional motion of a group of N point particles (represen-
ting the motors) connected (mechanically coupled) to a rigid rod with equal spacing ¢ (see
Fig. . The cytoskeletal track is represented by a periodic saw—tooth potential, U(z),
with period [ and height H. The model requires that ¢ is larger than and incommensurate
with [. The motors are identical and walk on a track which is globally apolar and, thus,
does not permit net transport to the right or left over large time scales. The temporal
direction of motion is determined by the net force generated by all the motors. The local
polarity of the track is represented by an additional force of size f,4,q Which, within each
unit of the periodic potential, points to the right or to the left. The globally apolar nature

of the track is ensured by requiring that the sum of these random forces vanishes.

The instantaneous force between the track and the motors is given by the sum of

all the forces acting on the individual motors:

Fiot = Z_; fretr =% {— O+~ 1)q) Frana(1 + (i — D)| .Ci(1),  (1.3.6)

; ox
=1

where 21 + (i — 1)q is the coordinate of the ith motor.



Figure 1.5: Two—state ratchet model. N point particles (representing the motors) are
connected to a rigid rod with equal mean spacing q.

The two terms in the square brackets represent the forces due to the symmetric
saw—tooth potential and the additional random local forces acting in each periodic unit.
The function C;(t) takes two possible values, 0 or 1, depending on whether the motor i is
detached from or attached to the track, respectively, at time . The motors change their
binding states (|0): detached; |1): attached) independently of each other. If an attached
motor is located in one of the regions centered around the potential minima, the motor
may become detached (|1) — |0)) with a probability per unit time w;. Conversely, a

detached motor may attach to the track (|0) — |1)) with transition rate ws.

At each instance, the group velocity of the motors is proportional to the total force

exerted by the motors (see Eq. [1.3.6)),
U(t) = Ftot(t)/A, (137)

where the friction coefficient, A, depends mainly on motors attached to the track, N. < N

at time t: A = AoV,



Chapter 2

Models and Methods

In this Monte Carlo simulation study, we first investigate the dynamics of motor proteins
each transporting a cargo, and we then investigate the dynamics of motor proteins
transporting cooperatively a common cargo. In the first section of this chapter, we discuss
the foundations of Monte Carlo method. The discussion is based primarily on references
[21], [22], and [23]. In subsequent sections, we present a model for each investigation in

detail.

2.1 Monte Carlo method

The Monte Carlo method was developed by von Neumann, Ulam, and Metropolis at the
end of the Second World War to study the diffusion of neutrons in fissionable material.
The name “Monte Carlo”, chosen because of the extensive use of random numbers in the
calculation, was coined by Metropolis in 1947 and used in the title of a paper describing

the early work at Los Alamos laboratory [24].

Up to now the approach to computing properties of physical systems has been to
use the fundamental equations of motion to generate paths in phase space. The quantity
of interest has then been evaluated along this path. That the quantity thus obtained is

indeed equal to the ensemble average is ensured by the fundamental relation, i.e., that

10
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the trajectory averages are equal to ensemble averages. The Monte Carlo (MC) method
in simulational physics takes a different approach. It starts out with a description of the
system in terms of a Hamiltonian, and an appropriate ensemble for the problem is selected.
Then all observations are computable using the associated distribution function and the
partition function. The idea is to sample the main contribution to get an estimate for the
observable. The MC technique in statistical physics is centered around the computation
of mathematical expectations. Ultimately the goal is to compute quantities appearing as

results of high dimensional integrations.

The MC method gives information on the configurational properties, in contrast
to the molecular dynamics (MD) which yields the true dynamics. The MD method gives
information about the time dependence and the magnitude of position and momentum
variables. By choosing an appropriate ensemble, like the canonical ensemble, the MC
method can evaluate observables at a fixed particle number, volume and temperature.
The great advantage of the MC method is that many ensembles can be quite easily

realized, and it is also possible to change ensembles during a simulation.

At first glance one would say that the MC method performs an ensemble average.
However, it has been recognized that actually a time average is performed in the course
of a MC simulation, similar to the one in MD; only here the trajectory runs through
configurational space, whereas the trajectory in molecular dynamics runs through the

position—momentum space.

Because of limits on computer speed there are some problems which are inherently
not suited to computer simulation, at this time. A simulation which requires years of
CPU time on whatever machine is available is simply impractical. Similarly a calculation
which requires memory which far exceeds that which is available can be carried out only
by using very sophisticated programming techniques which slow down running speeds

and greatly increase the probability of errors. It is therefore important that the user first
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consider the requirements of both memory and CPU time before embarking on a project
to ascertain whether or not there is a realistic possibility of obtaining the resources to

simulate a problem properly.

2.2 Motor proteins each transporting a cargo

To study the dynamics of non—interacting motor proteins each transporting a cargo, we
propose a lattice model based on the model discussed by R. Lipowsky et al. in [25]. In
this model, each motor performs directed movement along a filament and unbinds from
it after a certain walking distance. The unbound motor diffuses in the surrounding fluid

until it rebinds to the filament and resumes directed motion.

2.2.1 Simulation algorithm

We consider a two dimensional lattice of size Ly along x and Ly along y with lattice
constant L, corresponding to the spacing of the adjacent binding sites. Each lattice site
is labeled with integer coordinates (n,m). We represent the track: the protofilament of

the filament, with the lattice sites (n, Ly /2) (see Fig. [2.1)).

We start our simulation by putting ATP molecules of concentration p and N motor
proteins randomly on the lattice. Each ATP molecule can diffuse freely to one of its four

nearest neighbor lattice points if it is empty.

At filament sites (n, Ly /2), if a motor gets ATP molecule, the motor will hydrolyse
the ATP with ATP—intake probability p to step forward from (n, Ly /2) to (n+ 1, Ly /2).
In order for a given motor to hydrolyse an ATP molecule the latter has to be in the vicinity
of the motor. In the present model we consider an ATP molecule to be in the immediate

neighborhood of a motor if they share the same lattice site. To keep the number of ATP
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Figure 2.1: Schematic representation of the lattice points.

molecules constant, we update the ATP concentration p for each motor forward step. If
the motor is not able to hydrolyse the ATP, then the motor will stay on the filament
(n, Ly /2) waiting for ATP molecule to bind with a probability w or will detach from the
filament: the motor will move either to (n, Ly /2+ 1) or (n, Ly /2 — 1), with a probability
d. In the absence of ATP molecule, the motor will stay on the track (n, Ly /2) with the
probability w or will perform free diffusion: the motor will detach with the probability d

from or slide with a probability s on the filament [26], 27].

Any detached motor protein from the track performs free Brownian motion without
hydrolysing ATP in the surrounding fluid: detached motor can diffuse freely to one of its

four nearest neighbor lattice points with equal probability if it is empty.
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2.3 Motor proteins transporting a common cargo

Based on the recent experimental results and existing theoretical models, we propose
a new bead—spring model for interacting motor proteins transporting cooperatively a
common cargo [18| 28] 29, 30} BT, 32]. We considered the two—state model: the surface
potential felt by the motors alternates between asymmetric sawtooth potential profile (on
state), U(x), with period [ (filament period) and height H (binding energy), and a flat
profile (off state) along which the motors can diffuse freely. The switching from one profile
to the other is controlled by ATP hydrolysis and product release. Each motor protein ¢
works independently as does a locomotive and interact to its nearest neighbor motor j
through the cargo as if they are connected with a spring of length ¢;; and stiffnes k;;, and
switch from on state to off state and vice versa with a rate w; and v; respectively. The

model requires that g;; is larger than and incommensurate with [ (Fig. .

Figure 2.2: Bead—spring model. Interacting motor proteins transporting cooperatively a
common cargo.
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2.3.1 Simulation algorithm

To study the dynamics of interacting motor proteins that are transporting cooperatively
on a filament and irreversibly attached to a common cargo, we consider a one—dimensional
lattice of length L with lattice constant [, corresponding to the period of the saw—tooth

potential.

We start our simulation by setting N motor proteins randomly on the filament
(lattice): a motor protein 7 can be either in on state or off state with a probability v;
or w; respectively. To move a randomly chosen motor protein, we then implement the

Metropolis algorithm that is presented by N. Metropolis et al. in [33]. The algorithm is:

1. Select a motor protein ¢ randomly, and calculate its current total energy F, which
is
1 2 1 2
E = U(xz) + ik‘”&%’ ‘j:ifl + §l€”5$ |j:i+17

where %k’ijéa:z[ ; is the elastic interaction energy of neighbor motor j.

2. Make a random trial move, and calculate its current total energy E', which is

/

! 1 ! 1 !
E =U(x;) + kiyor[j=i1 + 5hijox [ j=isa.
where x; =ux; + 0, 5$/2|j:i—1 = (5$ + 5)2 |j:i—1a and 5$/2|j:i+1 = (5=T + 5)2 |j:i+1-

3. If E' < E, then accept the move and go to step 1. Else, generate a random number
p between 0 and 1, and if p < exp(E — E'), then accept the move and go to step 1.

Otherwise, reject the move and go to step 1.



Chapter 3

Results and Discussions

The outline of this chapter is the following. In the first section of this chapter, we present
and discuss results for a motor protein transporting a cargo. Following this section, we
present results and discuss their implications for interacting motor proteins transporting

cooperatively a common cargo.

3.1 A motor protein transporting a cargo

Motor proteins are often classified according to their processivity [34]. Processive motor
proteins rarely detach from the track on which they are moving; they perform best when
working in small groups and are therefore referred to as “porters”. Nonprocessive motor
proteins detach from the track frequently; they work best in large groups and are referred
to as “rowers”. An example of a porter is kinesin—1 which can move continuously along
the surface of a microtubule for up to several microns, while muscle myosin II which move

along actin filaments is an example of a rower [2].

To understand motor proteins processivity using the model that we discussed
in the previous chapter for non—interacting motor proteins, we have calculated Hurst
exponents, forward—backward step ratios, and dwell—time and run—length distributions

of a motor protein transporting a cargo along its track for different ATP concentrations

16
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p and ATP—intake probabilities p. In our simulation, we used the values 1000, 10, and

1 for Lx, Ly, and L respectively, and each probability i.e. w, d, and s are equal (see

Fig.

3.1.1 Hurst exponent

The Hurst exponent provides an index of whether a system is controlled by a truly random
process or if there are underlying trends that create short—or long—term correlations over
time among values. The following interpretations hold for different values of the Hurst

exponent H:
e H = 0.5 applies to true random Brownian motion, uncorrelated.

e 0.5 < H < 1 applies to fractal Brownian motion, showing a positive correlation (an
increase is likely to be followed by an increase, a decrease in value by a decrease

etc.), called persistent.

e 0 < H < 0.5 applies to fractal Brownian motion, showing a negative correlation,

called anti—persistence.

To investigate the correlations of successive motor steps, we have calculated Hurst
exponent H dependence on ATP—intake probabilities p and ATP concentrations p using

the relation,

(r?) ~ 21, (3.1.1)

Fig. [3.1]shows that the dependence of Hurst exponent H on ATP—intake probability
p for three typical ATP concentration p whereas Fig. depicts the variation of Hurst
exponent H as a function of ATP concentration p for low, intermediate and high ATP—intake

probability p. These plots show that for low ATP concentrations p or/and ATP—intake
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probabilities p, the values of the Hurst exponent H are about 0.5, indicating that the
motor performs random Brownian motion. Hurst exponent H dependence on ATP—intake
probability p for intermediate ATP concentrations p (Fig. , and on ATP concentration
p for intermediate ATP—intake probabilities p (see Fig. show a linear growing trend.
However, for high ATP concentrations p (Fig. , and high ATP—intake probabilities p
(see Fig. show a change in slope.

1
#  ATP concentration = 0.99 !
¥ ATP concentration = 0.54
+  ATP concentration = 0.09
0.9
0.8
g
g -
=
507
Z
E L
0.6
051
0 4 | | | | | | 1 | |
0 0.2 0.4 0.6 0.8 1
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Figure 3.1: Hurst exponent H vs. ATP—intake probability p for low, intermediate, and

high ATP concentrations p. Where the trend lines are plotted to show the change in
slope.
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Figure 3.2: Hurst exponent H vs. ATP concentration p for low, intermediate, and high
ATP—intake probabilities p. Where the trend lines are plotted to show the change in

slope.

3.1.2 Forward—backward step ratio

To understand the transition between the forward and backward motions, we have calcula-

ted forward to backward step ratios n, /n_ for different ATP concentrations p and ATP—i-

ntake probabilities p while the motor is moving on the filament. The forward to backward

step ratio ny /n_ takes three typical ranges of values corresponding to different scenario:



20

e ~* =1 which implies random walk: the number of forward and backward steps are

equal.
e £ >> 1 which indicates biased motion to the right (forward).

° Z—f ~ 0 which points out biased motion to the left (backward).
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Figure 3.3: Forward/backward step ratio vs. ATP-—intake probability p for high,
intermediate, and low ATP concentrations p. Where the lines are plotted to show the
linear dependence of H.

We first studied dependency of the ratio on ATP—intake probability p for low,
intermediate, and high ATP concentrations p (see Fig. [3.3). As seen from Fig. there
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is a linear dependency between forward/backward step ratio n,/n_ and ATP—intake
probability p. Which is evident because the active movement of motor proteins is powered
by ATP hydrolysis. This ratio becomes unity for low ATP concentrations p: the motor
performs free diffusion. We also studied its dependency on ATP concentration p for
different values of ATP—intake probabilities p (see Fig. . In contrast to the linear
dependence seen in Fig. [3.3], Fig. shows neither linear nor power—law dependence of

the forward/backward step ratio ny /n_ on ATP concentration p.
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Figure 3.4: Forward/backward step ratio vs. ATP concentration p for low, intermediate,
and high ATP—intake probabilities p.
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3.1.3 Dwell-time and run—Ilength distribution

We have also investigated two quantities of interest that is, the dwell—time ¢ and the
run—length [. The dwell—time t is defined as the time length spent by the motor on
the filament without being detached from it, whereas the run—length corresponds to the
algebraic distance traveled by the motor without changing direction. Distance traveled in
the right direction is considered as positive while distance traveled in the left direction is
considered as negative. Fig. depict the distributions of dwell-—times as well as

run—lengths for different values of ATP concentration p, and ATP—intake probability p.

e Low ATP concentration (Fig. [3.5] and
Fig. show dwell—time distributions for p = 0.09 and for different values of the
ATP intake probability (from p = 0.09 up to p = 0.99). All the curves are almost
identical and are exponentially decreasing functions of p. The fact that they are all
similar implies that the dwell—time is insensitive to the intake probability in the
limit of low concentration. For that case, the motion of the motor is essentially
a random walk. The fit with an exponentially decaying function yields a mean
characteristic dwell-time 7. = 1.98. The distributions of run—lengths are also
independent of p and present the characteristics of a Gaussian distributions a very

peculiar property of random walks.

e Intermediate ATP concentration (Fig. and
At intermediate ATP concentration (p = 0.54), the dwell—time distributions are
still an exponentially decaying functions of p, but depend now upon p, a fact that
is evidenced by the increasing tail of the distributions as p tends towards 1. As a
consequence, the characteristic times 7. depend upon the intake probability and are
increasing functions of p. This observation is corroborated by the distributions of

run—length which present skewed right tails for large p.
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e High ATP concentration (Fig. and [3.10))

The observed increase of the tails of the dwell—time distributions becomes more
obvious for high ATP concentration, as depicted in Fig. [3.9. For instance, the
probability for the motor to stay on the filament for times greater than 50 Monte
Carlo time step (MCS) is non—zero when p = 0.99. The characteristics times take
large value up to 7. = 13.374. As for the run—length distributions (Fig. [3.10)),
they represent fat tails in a more pronounced fashion. In particular when both p
and p tend towards 1, the dominant motion mechanism is the directed movement.
Since we have assumed that the motor moves at constant velocity, [ ~ t, therefore
the right sides of the distributions should have the same functional form as the

dwell—time distributions which are found to be an exponential decay.

e Low ATP—intake probability (Fig. and (3.12))

e Intermediate ATP—intake probability (Fig. and [3.14])
e High ATP-—intake probability (Fig. and (3.16))

The results obtained for the last three cases are very similar to the former three cases

respectively and so are their analysis.
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3.2 Motor proteins transporting a common cargo

Using the bead—spring model for collective motors, we studied mean square displacement
dependence of interacting motor proteins transporting cooperatively a common cargo on
motor proteins number N, motor proteins mean spacing ¢, and spring stiffness k (see Fig.

2.2). In our simulation, we used 15, 5, and 0 for [, l», and w; respectively.
j Y

3.2.1 Mean square displacement (MSD) dependence on motor

proteins number (IN)

We studied mean square displacement dependence on motor proteins number N with
motor proteins mean spacing ¢ = 50, and spring stiffness £ = 0.1. As seen from Fig. [3.17]
the mean square displacement (MSD) is a linear function of Monte Carlo time step (MCS)
after a transient, and the slope decreases with increasing motor proteins number N. This
is because the exclusion interaction comes into play: no two motor proteins occupy the

same lattice point.

3.2.2 Mean square displacement (MSD) dependence on motor

proteins mean spacing (q)

Figs. [3.18| and |3.19] show, as we increase the mean spacing between adjacent motor

proteins ¢, the slope of the mean square displacement (MSD) also increases. This is also
expected to happen because the exclusion interaction gets weaker as the mean spacing ¢

gets wider.
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Figure 3.17: Mean square displacement (MSD) vs. Monte Carlo time step (MCS) for
different motor proteins number N. We did the plot for mean motor spacing ¢ = 50,
spring stiffness £ = 0.1, and saw—tooth potential height H = 1.0. The plot is for motor

protein i = 1 (see Fig. .
3.2.3 Mean square displacement (MSD) dependence on spring
stiffness (k)

As seen from Figs. and [3.21] the mean square displacement (MSD) and the spring
stiffness k have inverse relation: the slope of the mean square displacement (MSD)
decreases as we increase the spring stiffness k. For high spring stiffness k, the motor

proteins are highly coupled.
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Figure 3.18: Mean square displacement (MSD) vs Monte Carlo time step (MCS) for
different motor mean spacing q. We did the plot for motor proteins number N = 5,

spring stiffness £ = 0.1, and saw—tooth potential height H = 1.0. The plot is for motor
protein i = &1,
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Figure 3.19: Mean square displacement (MSD) vs Monte Carlo time step (MCS) for
different motor mean spacing q. We did the plot for motor proteins number N = 25,
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Figure 3.20: Mean square displacement (MSD) vs. Monte Carlo time step (MCS) for
different spring stiffness (k) with motor proteins number N = 5, mean spacing ¢ = 50,
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Figure 3.21: Mean square displacement (MSD) vs. Monte Carlo time step (MCS) for
different spring stiffness (k) with motor proteins number N = 25, mean spacing ¢ = 50,

and saw—tooth potential height H = 1.0. The plot is for motor protein i = %



Chapter 4

Summary and Conclusion

In this simulation study, we tried to study the dynamics of non—interacting motor proteins
each transporting a cargo and interacting motor proteins transporting cooperatively a
common cargo; though our study needs more investigations, especially for the collective
motor proteins case.

We first studied the processivity of non—interacting motor proteins each transporting
a cargo. To understand their processivity, we calculate Hurst exponents, forward /backward
step ratios, dwell—time and run—length distributions of a motor protein for different ATP
concentrations p and ATP—intake probabilities p. Our simulation shows that processive
motor proteins which are characterized by high ATP—intake probabilities p can move

hundreds of steps, which is seen in single—molecule experiments.

We then studied the collective effect of motor proteins working together using
our bead—spring model. We investigate the dependence of mean square displacement
(MSD) on motor proteins number N, mean spacing between adjacent motor proteins g,
and spring stiffness k. The results show that the slope of the mean square displacement
(MSD) increases with increasing mean spacing between adjacent motor proteins ¢, and

decreases with increasing motor proteins number N and spring stiffness k.
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