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“Where the mind is without fear and the head is held high;
Where knowledge is free;

Where the world has not been broken up into fragments by narrow domestic walls;

Into that heaven of freedom, my Father, let our world awake.”

— Rabindranath Tagore, Gitanjali
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200. Then we fit MSAD to 4Dt and extracted the rotational
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Rigid cargo (membrane-free cargo). Molecular motors are per-

manently attached to random locations on the cargo surface.

(b) Fluid/Lipid cargo (membrane-enclosed cargo). Molecular

motors diffuse on the cargo surface. Inset of Fig. 1(b) The
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| Figure 3.2.0: Surface fluidity reduces the negative interference be- |
| ] [Kines: hich Jead et l
in motor off-rate. (a) Typical trajectories for a rigid (top
row) and a lipid cargo (second row). Motor head position sub-
plots (middle column) include the x-positions of the center of
mass of cargo (black lines) and head positions of motors on the
microtubule (colored lines). The corresponding x-component
of motor anchor positions (right column) on the cargo are also
shown. (b) Distributions of the absolute magnitude of the force
experienced by motors in rigid and lipid cargoes (including with-
out cargo rotation) at a fixed number of bound motors (n = 3).
| Distribution for singly bound motor carrying a rigid cargo is |
| also shown for comparison. We first collect 5 = 10000 force |
| values randomly drawn from 200 cargo runs. We then boot- |
strap this (bootstrap sample size = 1,000 and the number of
bootstrap samples = 10) to get the mean distribution and stan-
dard error of the mean. (c) Distribution of magnitude of motor
forces when they specifically experience hindering loads (f < 0)
and assistive loads (f > 0). Cartoon inside shows a possible
scenario where the colored motor experiences hindering and as-
sistive load. (d) The mean variance of forces among bound
motors in rigid (D = 0) and lipid cargoes (D = 1 ym*s™') with
(triangles) and without cargo rotation (circles). Mean variance
was calculated as £ Y7 o7y (i) where the summation is over
all the sample time points when the number of bound motors is
n. affl(z') is the variance in the magnitude of force experienced

by the n bound motors at i"® sample. Sample size S = 10000
drawn from 200 cargo runs. (e) Mean value of the correlation
between the z-components of motor forces, (FJFFY), averaged
over motor pairs and time points with (triangles) and without
cargo rotation (circles). Sample size S = 10000 drawn from 200
cargo runs. (f) Average value of motor off-rate as a function of
fluidity of cargo surface with (triangles) and without cargo ro-
tation (circles). (S = 580 from 200 cargo runs). Data for all the
plots were obtained from the simulation of transport of cargoes
with V=16 motors at high ATP concentration of 2 mM. Data
sampling rate was 100 s~'. Reprinted with permissions from
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[ Figure 3.2.1: On-rate of a motor increases with the number of bound

motors for fluid cargo. (a) Average measured distance (H)

number of bound motors and fluidity. Horizontal line indicates

|
|
of the center of mass of cargo from MT as a function of the |
|
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the height below which the cargo experiences steric interaction

[ from the MT. Data were obtained from the simulation of trans- |

port of cargoes with N = 16 motors at high ATP concentra-

tion of 2 mM. Data sampling rate was 100 s—*. (b) Computa-

tional measurements of single motor on-rate (green diamonds)

and analytical approximation (black dashed line with diamond).

(D =1pm*s~!, S =10000) using the cargo height for a given n

from the data in (a). Error bars for all plots represent the stan-

dard error of the mean. Rotation of cargo was not considered |

in the on-rate measurement simulations for (b). Reprinted with |

permissions from Sarpangala and Gopinathan, PLos Comput. |

Biol,, 2022 [125]. COBY-4.0. | .« « o v oot 34

Figure 3.2.2: Surface fluidity increases the availability of motors for |

binding. (a) Ensemble average of the number of bound

motors, n as a function of time Lsi‘ Error bars represent the

standard error of the mean. (b) Spatial distribution of the ki-

nesin motors on cargo, computed as the probability of locating

motors as a function of the polar angle ¢ and time, t. 6 is the

polar angle of the motor, measured with respect to z axis per-

pendicular to the microtubule and passing through the center

of the cargo. Data was obtained from the transport of cargoes

with a total of N = 16 motors at [ATP|=2 mM. Reprinted with

permissions from Sarpangala and Gopinathan, PLos Comput.
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| Figure 3.2.3: Fluid cargo have longer run lengths than rigid cargo.

(a) Average number bound motors, (b) Runlength as a func-

tion of diffusivity (D) for two different numbers of motors on the

cargo (/V) and three different ATP concentrations. 200 cargo

runs were considered for each parameter set. Error bars repre-

sent the standard error of the mean (SEM). The average number

of bound motors in (a) was calculated as the mean of the num-

ber of bound motors (n) in all time samples (with data sampling

rate = 100 s') of these 200 cargo runs. Rotational diffusion of

cargo was not considered in these simulations. Thus the sample

size was large and hence the error bars obtained as the stan-

dard error of the mean is very small. (c) Comparison between

run lengths from our simulations (N = 4, [ATP] = 4.9 uM,

yellow circles) and analytical estimates (maroon triangle, solid,

dashed and dash-dotted lines) as described in the text. Left

cartoon: A lipid cargo, with access area (.S,, green) and influx

area (S, yellow) shown. Influx area is defined as the region

within |/2D7]7%, from the access area. Reprinted with permis-

sions from Sarpangala and Gopinathan, PLos Comput. biol.,

2022 [125]. COBY4.0] © - o oo

Figure 3.2.4: Motors dynamically cluster at specific locations on the

lipid cargoes. Average distribution of bound motors on the

cargo surface at different hindering loads on the cargo (f).

Only multiple bound motor cases were considered. Data is from

200 cargo runs with N = 16, high [ATP|= 2 mM with anchor po-

sitions of bound motors recorded at a sampling rate of 100 s ).

Anchor positions are measured relative to the body coordinate

axis of the cargo (schematic at top-right). Diffusion constant of

motors on lipid cargoes was 1 um*s~'. Reprinted with permis-

sions from Sarpangala and Gopinathan, PLos Comput. Biol.,

2022 [125]. CC-BY-4.0] . © o oo
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[ Figure 3.2.5: Motor teams in fluid cargoes generate higher collec-

tive forces. (a) Schematic of the optical trap set up that

we used in simulation. (b) Rescaled average collective force

~ 9513.6 N Fi . .
F, = % as a function of unloaded motor velocity

(vo) and stall force of motor (£) in rigid (left) and lipid (right)

cargo. (c) Ratio of F, between lipid and rigid cargo. 200 cargo

| runs were used for each parameter set. For each cargo run,

[ data of motor forces for each microtubule bound motors were |

recorded at a sampling rate of 100/s for a maximum time of 10 s

average of the total x-component of motor forces over all time

I
| for each cargo run. Average collective torce is calculated as the
I
I

samples and cargo runs and then rescaled by NF,. N=4 and

ATP| = 2 mM. Reprinted with permissions from Sarpangala
and Gopinathan, PLos Comput. Biol., 2022 [125]. CC-BY-4.0 .
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Figure 3.D.1:Schematic with the motor forces. X is the center of mass

of the cargo. A; are the anchor position vectors of motors. H,

are the position vectors of the microtubule-bound motor heads.

Corresponding motor forces are represented by EI .......

Figure 3.D.2:Schematic diagram of a cargo with 1 motor under a

fixed hindering load. It is assumed that motor dittuses until

the tangential component of force on the cargo surtace reduces

to O . o o o

Figure 3.E.1:Motor and cargo position and corresponding forces.

Reprinted with permissions from Sarpangala and Gopinathan,

PLos Comput. Biol., 2022 [125]. CC-BY-4.0.| . ... ... ...

Figure 3.E.2:The fraction of the force distribution with a magnitude

I
I
I
[
I
| Variables and the simulation parameters same as Fig. [3.2.0a)
I
I
I
I

of force [ greater than or equal to 0.01F,, as a function

[ of the diffusion constant for the different number of |

bound motors n. Error bars represent the standard error of

the mean obtained by the bootstrap method. Fj is the stall force

cargo but decreases for lipid cargo. Required force distributions

| of kinesin. The fraction increases as a tunction of n for rigid

as a tunction of n and D were obtained using the same procedure

as explained in Fig. [3.2.0(b) (simulations without rotational

diffusion, N=16, [ATP| = 2 mM).Reprinted with permissions

from Sarpangala and Gopinathan, PLos Comput. Biol., 2022

M25]. COBYA.0] . -« o o oo oo
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[ Figure 3.E.3:Fraction of force distribution with force magnitude

| greater than 0.01F, in the assistive direction. Required

| tforce distributions as a tunction of n and D were obtained using

the same procedure as explained in Fig. [3.2.0[(b) (simulations

without rotational diffusion, N=16, [ATP| = 2 mM). Reprinted

with permissions from Sarpangala and Gopinathan, PLos Com-

put. Biol., 2022 [125]. CC-BY-4.0.| . . .. ... ... ... ...
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Figure 3.E.4:Mean value motor force (in Newtons) experienced by

[ a bound motor as a function of the number of bound |

motors n and diffusion constant D. Mean force magnitude

1s negative which means on an average the motor is in the hin-

dering direction, as one would expect because of active motion

of motor on M'T. The magnitude of mean force decreases with

an increase in the number of bound motors due to load sharing.

(simulations without rotational diffusion, N=16, |[ATP| = 2mM)

Reprinted with permissions from Sarpangala and Gopinathan,

PLos Comput. Biol., 2022 [125]. CC-BY-4.0 . ... ... ...

Figure 3.E.5:The mean variance of forces (in units of N°) among

bound motors. Calculated as =Y. | a7y (i) where the sum-

mation 1s over all the sample time points where the number

of bound motors is n. alzﬂ(i) is the variance in the magnitude

of force experienced by the n bound motors at " data sam-

ple. .S = 10000 except for (i) D = 0 n = 3, S = 7360 (ii)

D=0n=45=1083 (i) D = 0.00L n = 4, 5 = 3754 (iv)

D =00ln=4,5 =639 (v) D =001l n =45 = 3508

(vi) D = 0.1 n =4, S = 4883. (simulations without rotational

diffusion, N = 16 [ATP| = 2 mM). Reprinted with permissions

| from Sarpangala and Gopinathan, PLos Comput. Biol., 2022

D05, COBYA.0] -« o o oo e

Figure 3.E.6:Simulation results for different cargo radii. (a) Distri-

bution of the absolute magnitude of motor forces in rigid and

lipid cargoes for two different cargo radii, without considering

rotational diffusion of cargo. (b) Distribution of the absolute

magnitude of motor forces in rigid and lipid cargoes for two dif-

ferent cargo radii, including rotational diffusion of cargo. (c)

Mean force correlation between x-components of motor forces

(d) Mean single motor off-rate. N=16, [ATP|= 2 mM. Reprinted

with permissions from Sarpangala and Gopinathan, PLos Com-

put. Biol, 2022 [125]. CC-BY-4.0] . . . . o o oo
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Figure 3.E.7:Distribution of cargo displacements (position fluctua-

tions) measured in 0.01 s time intervals along (a) x-axis

(b) y-axis and the (c) z-axis. In general, fluctuations in-
| crease with the increase in the fluidity of the cargo surtace. Ver- |
| tical lines indicate the mean values of fluctuations, interpreted |
as V0t where v.rr is the effective velocity of cargo and ot is
the time interval used for measuring fluctuations (0.01 s). Fluc-
tuations along the x-axis have a positive mean (v.r;0t = 8 nm)
because of the active motion due to molecular motors uc-
tuations along the y-axis and z-axis have a 0 mean. Fluctua-
tions along the z-axis are much narrower than fluctuations along
the y-axis and x-axis because of the steric force due to the mi-
crotubule. Data were obtained from the transport of cargoes
(without rotational diffusion) with a total of N = 16 motors at
IATP| = 2 mM. 200 cargo runs were considered for each diffu-
| sion constant. Reprinted with permissions from Sarpangala and |

Gopinathan, PLos Comput. Biol., 2022 [125]. CC-BY-4.0.| . . . 68
Figure 3.E.8:Standard deviation (nm) of the position fluctuations |
| as a function of diffusivity and the number of bound |
port of cargoes (without rotational diffusion) with a total of
N = 16 motors at [ATP| = 2 mM. 200 cargo runs were con-
| sidered for each diftusion constant. Reprinted with permissions |
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Figure 3.E.9:(a) Conditional on-rate measured from the simulation

trajectories. We simulated 200 cargo runs (without rotational

diffusion) for N = 16 [ATP] = 2 mM case and recorded the

value of the number of bound motors at a sampling rate ot 100

s—'. With this data, we identified all the n bound motors to

n + 1 bound motor transitions, calculated the mean time for

such transitions, and then the mean rate (1/meantime). We

then divided this rate by the number of unbound motors N —n

to obtain the conditional on-rate per motor. We then repeated

the analysis process for a different number of bound motors n

and diffusion constants D. (b) Comparing the measured

conditional on-rate with analytical expressions. Black

triangles with dashed lines provide conditional on-rate where

we consider the increase in on-rate of a single motor with an

dashed line provide conditional on rate assuming a constant

single motor on-rate. It can be inferred that if we measure

this quantity in experiments one can expect to see only a slight

increase as the cargo comes closer to the microtubule. This is

because as the number of bound motors increases, the eftective

detachment rate of the n-bound state increases, hence the gating

time decreases. Our analysis shows that the decrease in gating

time contributes more to the mcrease in the conditional on-rate

|
|
|
|
|
|
|
|
|
increase 1 the number of bound motors. Grey circles with a |
|
|
|
|
|
|
|
|
|

than the increase in the single motor on-rate. See Appendix|3.A]

for more details. Reprinted with permissions from Sarpangala |

and Gopinathan, PLos Comput. Biol., 2022 [125]. CC-BY-4.0]. 70
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Figure 3.E.12a) Average number of motors (= SEM ) (b) Runlength

(£ SEM) for more values of diffusion constants. Averag-

| ing was performed over 200 cargo runs in each case. Reprinted

with permissions from Sarpangala and Gopinathan, PLos Com-

put. Biol., 2022 [125]. CC-BY-4.0] . . .. . ... ... .. ...

Figure 3.E.13Probability distribution of the number of bound motors

in three different cargo-motor systems. High [ATP| =

2 mM, Low [ATP| = 4.9 M. Data were obtained from

200 cargo runs for each case. Reprinted with permissions from
Sarpangala and Gopinathan, PLos Comput. Biol., 2022 [125].
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| Figure 3.E.14Velocity of cargo along x-axis, v%// as a function of

I ] ] & I [ Tiffus I

Velocity is measured as the ratio of mean displacement along

x-axis in a given time window (we took ot = 0.1s) to dt. Cargo

position data was obtained from the simulations ot the transport

I
|
|
| of cargoes with a total of N = 16 motors at [ATP| = 2 mM.

200 cargo runs were considered each for each diffusion constant.

We recoreded data at a sampling rate of 100 s—'. Data in (b) is

for N= 16, |[ATP| = 2 mM without rotational diffusion. Error

bars represent the standard error of the mean. For figure (a)

we considered 10000 random time windows over 200 cargo runs

| to get the mean displacement for each diffusion constant. For

| figure (b) we considered all the time window samples with given

n over all the cargo runs. Reprinted with permissions from

Sarpangala and Gopinathan, PLos Comput. Biol., 2022 [125].
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[ Figure 3.E.15A verage value of motor off-rate as a function of fluidity

of cargo surface for N = 4 |[ATP| = 4.9 ;M. (Sample size

= 530 from 200 cargo runs) Reprinted with permissions from

Sarpangala and Gopinathan, PLos Comput. Biol., 2022 [125].
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[ Figure 3.E.16€omparison between run lengths from our simulations

(circles) and analytical estimates (maroon triangle, solid,

dashed and dash-dotted lines) as described in the main

| text. Reprinted with permissions from Sarpangala and Gopinathan, |
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Figure 3.E.17Analytically estimated runlengths for different cargo

radii for a fixed number of motors on cargo. The gen-

in the main text. We have numerically computed the access

I
I
| eral method for calculating runlength analytically is described
I
I

area, S,, considering the typical distance between cargo surface

and MT for 1 motor bound case. 7%, for computing influx area,

Si(D) = /2D7];, was taken to be 1 s which is the typical mo-

tor unbinding time at saturating ATP concentration. Yellow

vertical bands in (a) and (b) correspond to the range of physio-

Togically relevant diffusion constants of motors. Reprinted with

| permissions from Sarpangala and Gopinathan, PLos Comput.

| Biol, 2022 [125]. CC-BY-4.0] - -« o o o oo
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radius (R) for a fixed surface motor density (¢). The gen-

Figure 3.1..18Analytically estimated runlengths as a function of cargo

eral method for calculating runlength analytically is described

| in the main text. We have numerically computed access area,

| S,, considering the typical distance between cargo surface and

MT for 1 motor bound case. 7%, for computing influx area,

Si(D) = /2D7}};, was taken to be 1 s which is the typical

motor unbinding time at saturating ATP concentration. Yellow

vertical bands in (a) and (b) correspond to the range of physio-

logically relevant diffusion constants of motors. Reprinted with

permissions from Sarpangala and Gopinathan, PLos Comput.

Biol, 2022 [125]. CC-BY-40] . . . .« o oo

Figure 3.1.19% omparison of the number of bound motors and cargo

runlength without and with rotational diffusion in the

model. (a) Average number of bound motors (b) Runlength.

Error bars represent the standard error of the mean. [ATP| = 2

mM. Reprinted with permissions from Sarpangala and Gopinathan

| PLos Comput. Biol., 2022 [125]. CC-BY-4.0[ . ... ... ...

[ Figure 3.E.2081imulation results for different cargo radii. Runlength,

and average number of bound motors in rigid and lipid car-

goes as a function of the cargo radius. N=16, [ATP|= 2 mM.

Reprinted with permissions from Sarpangala and Gopinathan,

PLos Comput. Biol., 2022 [125]. CC-BY-4.0] . .. ... .. ..

Figure 3.E.21Simulation results for different motor stiffness (k).

Runlength, average number of motors and motor off-rate for

different motor stiffness. N=16 [ATP|= 2 mM. Darkgreen is

lipid cargo (D = 1lum?s ') and grey is rigid cargo (D = 0).

| Reprinted with permissions from Sarpangala and Gopinathan,

| PLos Comput. Biol., 2022 [125]. CC-BY-4.0 . ... ... ...
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| Figure 4.2.1: Schematic of the heterogeneous motor teams model.

The velocity of a motor v,,,; depends on the force that it is ex-

periencing and 1ts intrinsic unloaded motor velocity v, met. 1he

unloaded motor velocity v, o 1s different for each motor, and

they are drawn randomly from a given probability distribution

like the one shown on the left. Created with BioRender.com! . .

83

[ Figure 4.3.1: Heterogeneity is essential to explain experimentally ob-

served differences in rigid and lipid cargo velocities. (a)

The three different single motor velocity distributions consid-

ered in our study, normal distributions with o= 20 nm/s, o

= 250 nm/s and bi-delta distribution - two different velocity

populations with velocities 350 nm /s and 800 nm/s at the pop-

ulation ratio of 0.3:0.7. When we initialize cargoes, we assign

to each motor its unloaded velocity drawn from these distribu-

tions. (b) The resultant cargo velocity for three different input

single motor velocity distribution. To measure velocity, we ob-

tained cargo position data from the simulations of transport of

cargo by teams of motors with the given single motor velocity

distribution. For each cargo run, we recorded the cargo posi-

tion data at a sampling rate of 100 s~'. 200 such cargo runs

were considered for each parameter set. Cargo velocity was then

measured as the ratio of mean displacement along the x-axis in

a given time window to dt (we took 6¢ = 0.1 s). Error bars de-

note the standard error of the mean (error bars are very small

and hence not visible in the figure). For all cases, the number

of motors on the cargo was N = 16 and ATP concentration in

the medium, [ATP| =2 mM. For lipid cargoes, we considered a

motor diffusion constant of D =1 um?s—"|. . . . . . ... ...

1gure 4.0.4: Largo recentering mecnanisinn doesn accoun or e
[Tigure 4.3.2: Carg tering mechanism doesn’t t for th

observed velocity difference between slow and fast mo-

tors (a) Schematic of the cargo-motor system considered in this

section. Single motor velocities of motors were 350 nm/s (slow)

and 800 nm /s (fast) at a population ratio of 0.3 to 0.7 (a bi-delta

distribution) (b) Hlustration (left) and quantification (right) of

the contribution to cargo velocities from cargo recentering mech-

anism. FError bars are calculated from the error propagation

method described in the text. Created with BioRender.com
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[ Figure 4.3.3: Evidence for the delay in strain generation between

slow and fast motors in lipid cargoes. (a) Fraction of time

and (b) Mean cargo velocity when cargo is being carried by

only fast, only slow, and a mixture of slow and fast motors.

To get data in (a) and (b), we first ran simulations of cargo

transport with N=16, [ATP|= 2 mM and recorded data at a

sampling rate of 100 s~* for 200 independent cargo runs each

for rigid and lipid cargo. From this data set, we filtered out

time windows where microtubule-bound motors were (i) all fast

motors, (ii) all slow motors, and (iii) a mixture of fast and slow

motors. To get fraction of time data in (a), we computed the

ratio of the cumulative size for each filtered group to the total

size of the trajectory data. To get the velocity data in (b), we

measured the cargo velocity by computing mean displacements

in short time windows (At =0.01 s) among each filtered group.

Error bars indicate the standard error ot the mean. p values

were computed from the students-t test. ™ represents p < 0.05

and ns represents p > 0.05. |. . . . .. ...

Figure 4.3.4: Lipid cargo achieves given runlength with a lower frac-

tion of slower motors or with higher overall cargo ve-

locity. (a) Runlength of the cargo. Circular markers show the

mean runlength measured over 200 cargo runs. The solid lines

are analytical estimations of cargo runlength by considering the

welghted average of the velocity and unloaded motor unbinding

rate. (b) Mean velocity of cargoes. We measured velocity using

the same method as we tollowed for the previous figures. Error

| YTCETE ] o T W Torod 1] |

parameters, N = 16 and [AT'P| = 2 mM for these simulations

(same as in previous figures).| . . . . . ... ...

Figure 4.A.1:Velocity of cargo as a function of the number of motors

on the cargo for rigid (D=0 ) and lipid (D=1 pm?*s™"')

cargoes. Single motor velocities were 800 nm s~' and 350

nm s at a population ratio of 0.7:0.3. All cargo simulations

were performed at saturating ATP concentration of 2 mM. 200

cargo runs were simulated in each case. For each run, the data

of cargo positions were collected at a sampling rate of 100 s—'.

The cargo velocity was then calculated by measuring the mean

displacement of cargo Az in a time interval of At = 0.01 s.

ve=Ax/AHl. ..




Figure 4.A.2:Velocity of cargo as a function of cargo radius for rigid
(D=0) and lipid (D=1 um?s™") cargoes. Single motor ve-
locities were 800 nm s~ and 350 nm s ' at a population ratio

| of 0.7:0.3. All cargo simulations were performed at saturating |

| ATP concentration of 2 mM. 200 cargo runs were simulated in |
each case. For each run, the data of cargo positions were col-
lected at a sampling rate of 100 s~'. The cargo velocity was
| then calculated by measuring the mean displacement of cargo |
| Az in a time interval of At = 0.001 s. v. = Az/At. Grey color |

represents a rigid cargo, ) = 0 and Dark green represents a |

lipid cargo, D = 1um?s~'| . . . . . ... ... ... ... ... 99

Figure 4.A.3:Bound motor statistics. (Left) Probability distribution of
the number of bound motors in rigid and lipid cargoes. (Right)

| Fraction of fast motors for a given number of bound motors. To |

| get data in we ran simulations of cargo transport with N = 16 |
motors at [ATP|= 2 mM and recorded data at a sampling rate |
of 100 s~! for 200 cargo runs each for rigid and lipid cargoes| . 100

| Figure 4.A.4:Position and forces of motors in rigid and lipid car- |
| goes. Fast motors are colored in magenta; slow motors are |
| colored in cyan. The black line represents the center of mass of |

I |

I |

the cargo. Negative force values indicate hindering forces, and
positive force values indicate that the motor is experiencing as-
sistive forces. The data were collected from cargo transport
simulations with a data sampling rate of 100 s~'. From these
data, we selected a window where a fast and slow motor are |
simultaneously bound. 'The single motor velocities were 800

nm s+ (fast) and 350 nm s~ (slow) at a population ratio of

[ O GO0 . o o e e 101

[ Figure 4.A.5: Average cargo velocity as a function of the time elapsed |

| motors at [ATP|=2 mM and recorded cargo and motor position |
data tor 200 cargo runs each for lipid and rigid cargoes at a
sampling rate of 100 s~*. In this time series data, we identified
| time points where a motor detached and measured the mean |
| displacement of cargo Az,, in a time window At after such |
| time points. Then we measured velocity as v. = Az, /At. | . . . 102
| Figure 4.A.6:Distributions of motor head positions relative to the |
center of mass of the cargo. (a) Rigid cargo and (b) Lipid
cargo. Distribution of x-component of motor force in (c) Rigid
and (d) Lipid cargoes. Data obtained from cargo simulations
performed at high ATP with 16 motors. Population ratio of fast |
(800 nm s~ '):slow (350 nm ') is 0.7:0.3] . . . . .. ... ... 103
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[ Figure 5.2.1: Cargo transport across roadblocks of the size of a sin-

gle binding site. (a) Runlength, and (b) Cargo velocity as a

function of the probability of encountering a roadblock on the

next site (P) and diffusion constant of motors on the cargo sur-

face (D). Values were averages over 200 cargo runs. [ATP| = 2

mM (staurating ATP) and N = 4. FError bars represent the

standard errors of means. . . . . . . . . . .. ... ...

Figure 5.2.2: Analysis of cargo interaction with roadblocks.(a) Prob-

ability distribution of displacements Az (displacements along

x-axis) of a cargo in At= 1 s for P=0.01. The number of dis-

placement samples collected were 8000. The curves are the ker-

nel density estimates (kde) obtained using distplot method of

seaborn module in python. (b) Pause probability as a func-

tion of the diffusion constant and roadblock probability (P).

Pause probability was estimated as the area under the proba-

bility distribution curve for Ax < 0.4 ym. Data was from cargo

transport at saturating ATP conditions, [ATP| = 2 mM with

N=4] . .

Figure 5.2.3: Pause time statistics. (a) Distribution of pause times for

| i s oo P=00]_ P — oo |

: ] Tl ] . ] Thod l

(b) Mean pause time as a function of P and D. The same

parameters were used for cargo transport simulation as in the

previous figure.| . . . . .. ...

110

Figure 5.2.4: Schematic diagram of a hurdle. Hurdles are ringlike road-

blocks around microtubules. They are modeled as a region of

width w that 1s unavailable for motor binding and transport.

A motor that walks up to this region gets stuck there until it’s

stochastic detachment. | . . . . . . . . . . .. ... ... ...
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Figure 5.2.5: Probability of crossing hurdle increases with increase

in cargo surface fluidity. (a) Typical cargo trajectory. Black

line: x-position of the center of mass of the cargo. Yellow lines:

positions of motor heads along the microtubule. The hurdle

1s at position x = 250 nm. Cargo is said to have crossed the

hurdle when no motor can access region below the hurdle, i.e

beyond hurdle, z = R+ 250 nm. (b) Probability of crossing the

hurdle for cargo with a singly bound motor. Average was over

200 cargo runs. Error bars represent standard error of means.

(c) Schematic to illustrate parameter dependence of sensitivity

of pass prbability to cargo surface fluidity. Pass probability is

I
I
I
I
I
| when the center of mass of the cargo covers one radius distance
I
I
I
I

sensitive to cargo surface Huidity when mean binding time for

a new motor Tying 18 less than mean unbinding time 7,¢¢, i.e€.

when the number of motors on the cargo /N is high or when

| ATP concentration in the medium is low or both. | . . . . . .. 113

| Figure 5.2.6: Pause time analysis reveals distinct mechanisms used

by lipid and rigid cargoes in navigating hurdles. (a)

I
| Mean pause time at the hurdle for cargoes that crossed. Mean
| was over 200 cargo runs, at N = 4 and [ATP| = 4 uM. (b)

Distribution of pause time for extreme diffusion constant cases,

Rigid (D = 0) and Lipid (D = 1 pm?s'). Insets show the

cargo trajectories. (i) Typical cargo trajectory of rigid and lipid

cargoes that have pause time near the peak of the distribution

(i1) Trajectory of rigid cargo with Pause time about 20 s (iii)

Figure 5.2.7: Pass probability and Mean Time to pass. For three dif-

I
I
| 'Trajectory of lipid cargo with pause time about 35s.| . . . . . 115
I
I

terent parameter sets as a tunction of the initial number of

bound motors (initial_bound) on the cargo and cargo surface

fluidity (D). Pass probability increases with increase in D for

imitial_bound=1. Pass probability decreases with increase in D

for initial_bound>1. Pass probability increases with increase in

the number of bound motors. The hurdle of width, w=16 nm

1s located at x=250 nm. The center of mass of each cargo was

initialized at x=0. So the hurdle is right at the edge of the cargo

(cargo radius is 250 nm). cargoes are said to have passed only

if their CM crosses x=b00 nm which is one radius away from

roadblock. 200 cargoes were considered for each case. Error

bars represent the standard error of the mean.|. . . . . . . . .. 119

xxiil



| Figure 5.2.8: Effective pass probability of cargoes increases signifi- |
| cantly as a function of the cargo surface fluidity for mul- |
| timotor transport at low [ATP]. Effective probability was |
calculated as an average of the pass probabilities for different

number of bound motors (Fig. [5.B) weighted by the probability

distributions of the number of bound motors for three-different

| parameter sets. | . . . .. ... 120
[ Figure 5.8.1: Analytical estimation agrees with the measured value |
| of pass probability. Sold markers: Simulation values. Hol- |
| low Markers: Analytical estimation specifically for rigid cargoes |
| taking into account the probability of different numbers of mo- |
| tors in the access region.Solid lines: Analytical approximation. . 124
I
I
I
I

Figure 5.C.1:Mean lifetime 1s independent ot D and P. Data was obtained |
trom transport of cargo with 4 motors at high ATP concentra- |
tion of 2 mM. 200 cargo runs were considered for calculating |
the mean. Error bars represent the standard error of the mean.| 125

Figure 6.1.1: Schematic of a three-dimensional microtubule lattice

structure. (a) lengthwise view and (b) cross-sectional view.

This microtubule has 13 protofilaments. Created with BioRen- |

der.com! . . . ... 127
[ Figure 6.2.1: On-rate of cargo held at specific distances from micro- |
| tubules. Cargo is rigid with N = 16 motors. The microscopic |
| on-rate of motors was scaled up to get a shorter mean-binding |
I |
I |

time for computational convenience. Motor models used: No
compressive resistance: One-sided spring that exerts resistance
to extension with force constant, k;,,;=0.32 pN/nm but no re-
sistance to compression (grey line). Compressive force up to 1
pN: For extension, exerts a linear force with a force constant |
Kmot=0.32 pN /nm and for compression exerts a linear force with

force constant of k,,,;=0.05 pN/nm and saturates at compres-

sive force of 1 pN (blue line).| . . . . . ... ... ... ... .. 131
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[ Figure 6.2.2: The number of accessible sites defined as the number of

microtubule sites weighted by Boltzmann weights based

on motor’s energy cost to access sites. Data was from nu-

merical computations, a motor was held at specific distances

away from the microtubule axis, and the sum of Boltzmann

weights over all lattice points was computed. Different models

of motors: (a) One-sided spring: exerts resistance to extension

with force constant, k,,,;=0.32 pN/nm but no resistance to com-

pression (brown dashed line). (b) Double-sided spring: resists

both compression and extension linearly with force constant of

krmot=0.32 pN/nm (red dashed line), (c¢) Bind only within L,,,,:

No resistance to compression but also no binding to any points

beyond the rest length of motor L,,, (green dotted line), (d)

Compressive force up to 1 pN: For extension, exerts a linear

force with a force constant, k,,;=0.32 pN/nm and for com-

pression exerts a linear force with force constant of k,,,;=0.05

pN/nm and saturates at compressive force of 1 pN (blue dash-

dotted line).|. . . . . ... ..

132

[ Figure 6.3.1: Schematic of the planned motor force computations in

complex binding geometries. A is the motor anchor position

on cargo. H is the head position on the microtubule. The motor

linker is treated like a Gaussian chain. F;,; 1s the entropic force

due to the grafting of the chain to the microtubule surtace. This

entropic force tends to align the motor perpendicular to the

surface, equilibrium position A.,. Fgpring 1s the spring-like force

of free chain with end positions at H and A, also due to entropy.

F,.; 1s the resultant motor force. Created with BioRender.com
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ABSTRACT OF THE DISSERTATION

Effect of lipid membranes on intracellular cargo transport by teams of

molecular motors
by

Niranjan Sarpangala

Doctor of Philosophy in Physics

University of California Merced, 2023

In cells, multiple molecular motors work together as teams to carry cargoes, such as
vesicles and organelles, over long distances to their destinations by stepping along a
network of cytoskeletal filaments. A type of molecular motors, kinesins, are known
to mechanically interfere with each other and be non-cooprative when assembled
in in vitro experiments. However, these motors transport cargo over long distances
in cells. It is unclear what is causing the enhanced teamwork between motors in
cells. In this dissertation, we explore the possibility of lipid membranes enclos-
ing most intracellular cargoes, enhancing teamwork. We understand the effects of
lipid membranes on team dynamics by developing a three-dimensional simulation
of cargo transport along microtubules by teams of kinesin-1 motors and apply-
ing it to various physiologically relevant conditions. In this model, we accounted
for cargo membrane fluidity by explicitly simulating the Brownian dynamics of
motors on the cargo surface and considered both the load and ATP dependence
of single motor functioning. We first apply the model to a more straightforward
case of cargo transport by identical kinesin motors. These simulations show that
surface fluidity could lead to the reduction of negative mechanical interference
between kinesins and enhanced load sharing, thereby increasing the average du-
ration of single motors on the filament. This, along with a cooperative increase
in on-rates as more motors bind leads to enhanced collective processivity. At the
cargo level, surface fluidity makes more motors available for binding, which can

act synergistically with the above effects to further increase transport distances
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though this effect is significant only at low ATP or high motor density. These
results reconcile experimental obervations of cargo runlength. Additionally, the
fluid surface allows for the clustering of motors at a well defined location on the
surface relative to the microtubule and the fluid-coupled motors can exert more
collective force per motor against loads. Then we proceed to understand cargo
transport at different physiologically relevant complexities, starting with heteroge-
nous teams of motors. In-vitro experiments of membrane-bound cargo transport
by teams of motors have reported that coupling motors through a lipid membrane
lead to higher cargo velocity. However, the mechanisms behind this increased lipid
cargo velocity are unclear. Using suitable modifications to the Brownian dynamics
model, we show that underlying heterogeneity in single motor velocity is essential
for increased velocity of lipid cargoes. We further explored other advantages of
having heterogeneous motor velocities on lipid cargoes. Our simulations show that
while runlength of both rigid and lipid cargoes increases with an increase in the
motor velocity heterogeneity, lipid cargoes can travel a given distance with a lower
degree of heterogeneity meaning a higher cargo velocity. Together our work ex-
plains mechanisms behind previous experimental observations and generates new

experimentally testable predictions on runlength relevant for in vivo transport.

Next, we discuss breakdowns in cargo transport due to intracellular complex-
ities and possible lipid membrane-mediated rescue. Presence of different kinds
of roadblocks on the microtubule lattice, such as Microtubule Associated Proteins
(MAPs) like the tau protein, neurofibrillary tangles, stalled cargoes, etc, are known
to disrupt cargo transport [144] [92]. Enrichment of such roadblocks, specifically
amyloid plaques and neurofibrillary tangles are observed in brain cells of patients
with neurodegenerative diseases, including Alzheimer’s disease [107]. Using Brow-
nian dynamics simulations, we show that membrane-bound cargoes also have a
higher probability of crossing roadblocks than membrane-free cargoes under spe-
cific conditions. Furthermore, we find that lipid and rigid cargoes might employ
qualitatively different strategies to pass certain kinds of roadblocks. Finally, we

discuss the effects of having different mechanical models of motors and a three-
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dimensional lattice structure in our model and generate experimentally testable
predictions to identify a suitable motor model for future studies. We find that
this improved model might address the problem of cargo transport across large
roadblocks better. More work needs to be done in this direction. Overall our
work on understanding how lipid membrane impacts cargo transport by teams of
motors sheds new light on cellular processes, reconciles existing observations, and
encourages new experimental validation efforts; This also suggests new ways of
improving the transport of artificial cargo powered by motor teams. We believe
our work may inform future research on better treatments for neurodegenerative

diseases like Alzheimer’s, which are caused due to breakdowns in transport.
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Chapter 1

Introduction

1.1 Transport of materials in cells

Proper functioning of cells requires the transport of different components like
membrane-bounded vesicles and organelles, protein rafts, mRNA, chromosomes,
etc., from one part of the cell to another [36]. Diffusion is one mechanism of cargo
transport in cells. However, it is a slow process, especially in a medium like a
cell that is crowded to such an extent that 20 - 30% of the intracellular volume
is occupied by macromolecules [42]. This is evident in the reported values of self-
diffusion rates of macromolecules of sizes varying from 2 - 45 nm which are 40% -
5% of their aqueous value [511, 100, 99, T0I]. A typical diffusion constant for large
vesicles (of size about 300 nm) in cells are of the order of 107! cm?s™! [I10]. The
estimated time to cross a cell of radius 10 um with this diffusion rate is about 14
hours. In addition, this is anomalous subdiffusion where the mean square distance
goes (r?) ~ t* where a < 1 [51], 149, 150, 12, 50]. Thus cells rely on diffusion as a
means of transport only for small molecules or for shorter distances. In particular,
cells like human neurons which can be meters long and need the transport of cargo

bigger than 50 nm cannot survive in the absence of a faster way of cargo transport.

Another disadvantage of diffusional transport is the lack of directionality. Eu-
karyotic cells are compartmentalized. The proper functioning of cells requires the

directed transport of materials between these compartments or organelles. For



example, insulin secretion by pancreatic - 5 involves a series of steps at organelles
endoplasmic reticulum (ER) and Golgi apparatus and hence requires transport
of materials between ER, Golgi apparatus, and cell membrane [96]. Cells have
evolved to achieve a faster and more directed transport of materials by rectifying

the random fluctuations using special protein molecules called molecular motors.

Figure 1.1: Cartoon of molecular motor carrying a lipid cargo and walking on a

filament. Created with [BioRender.com

1.2 Active transport using molecular motors

Thermal energy in cells leads to constant random motion of materials in cells.
Cells have evolved special protein molecules called molecular motors that are capa-
ble of rectifying these random fluctuations to generate directed motion to deliver
materials to desired locations [1] (See Fig. [1.1). However, an implication of the
second law of thermodynamics is that it is impossible to extract directed motion
from a random process without the expenditure of energy. In case of molecu-
lar motors, the energy for the rectification is obtained from repeated cycles of
ATP hydrolysis [127]. The cytoskeleton, which is a network of microtubules, in-
termediate filaments, and actin filaments, serves as a network of roadways for
this motor movement. Molecular motors walk on microtubules or actin filaments
carrying cargoes [127]. The orientations of the cytoskeletal filaments play a ma-
jor role in determining the directionality for cargo transport. In eukaryotic cells,

there are three different classes of motors which undergo linear motion. These
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Figure 1.2: Electron micrograph images showing evidence for multi-motor
transport in cells. Mitochondria with 1, 2 and 4 microtubule bound motors.
Scale bar = 0.1 pum. Reprinted with permissions from Ashkin et. al., Nature,

1990. [11] .

are kinesins and dyneins which move along microtubules and myosins that move
along actin filaments [I128]. The polarity of the filaments needed for directional
movement of motors is provided by the uniform arrangement of subunits - tubu-
lin dimers in the case of microtubules and actins in case of actin filaments [127].
These motors move in different directions along the filaments typically carrying
lipid bilayer vesicles packed with proteins and signaling molecules or even mem-
brane bound organelles such as Golgi and mitochondria [63],[114]. Defects in motor
function can impair normal cell functioning and is linked to a variety of patholo-
gies, including neurodegenerative diseases like Alzheimer’s disease and amyotrophic
lateral sclerosis (ALS) [124, 86, 56, 68, B1, 10§]. Owing to the importance of
these molecular motors in the functioning of a cell, they have been extensively
studied, and hence the single motor biophysical properties are well characterized

[64, 142, 87, (136, 147, 155, [7,, (129, (131, 22].

1.3 Multi-motor transport

It is often found that intracellular cargoes are carried by teams of molecular
motors belonging to the same class as well as different classes [109, 111, 53, 60, 85].
See Fig. for an early electron micrograph image indicating that cargoes are
associated with microtubule with multiple motors. This simultaneous action of

multiple motors enables the generation of sufficient force to move in highly viscous



in vivo environments, to travel longer distances, and also achieve complex features
of intracellular transport like the bidirectional transport, switching at cytoskeletal
intersections [78]. In spite of several experimental and theoretical studies [3, 62]
133], 104, [77, [76, [14], 111, 5] [66], several aspects of cooperativity and competition
between multiple motors in carrying intracellular cargoes remain to be explored.
Several theoretical and in vitro experimental studies [40), 122} 69, 117, [105] indicate
that the collective behavior of motors is critically influenced by their coupling to
each other, resulting in observable effects in transport speeds and run lengths. For
example, it is known that non-cooperative kinesin motors coupled together by a
rigid cargo interfere with each other’s functioning leading to enhanced detachments

and lowered run lengths [40, 122 [69)].

1.4 Effect of lipid membranes on multi-motor trans-
port

If motors interfere with each other’s functioning, how do we explain the long-
distance transport of membrane-bound vesicles and organelles by teams of kinesin
motors in cells [103], [13]? One difference in cells is the presence of lipid mem-
branes enclosing cargoes. Intracellular cargoes are typically covered with a lipid
membrane. For example, it is observed that kinesins transport membrane-bound
organelles like mitochondria, synaptic vesicle precursors in axons, endosomes, lyso-
somes, etc [61]. Membranes provide an efficient way for packing and delivering
cargo materials [I40]. In addition to this role, the cargo membranes are also
shown to regulate molecular motor-based transport. For example, it was observed
that dynein motors cluster into microdomains on the cargo surface as the phago-
somes mature leading to their rapid transport towards lysosomes [119]. Another
piece of evidence for lipid membranes regulating cargo transport can be seen in the
cargo surface-mediated dimerization of kinesin-3 motors leading to the creation of
processive kinesin-3 dimers [135] Although these ways of regulating transport are
important, we hypothesize that there might be other, more physical ways in which

lipid membranes influence transport. It is observed that molecular motors diffuse



in such membranes [54]. We think that this ability of motors to move on the cargo
surface might increase the availability of motors for microtubule binding, and aid
the motors in relaxing some tension arising due to the unfavorable positioning of
the cargo or other bound motors. Lipid membrane may also help achieve high
cargo velocity by allowing faster motors to slide on the surface and come to the
posterior of the cargo, resulting in a higher likelihood of assistive forces and in-

creased off rate for slower motors.

We explore these possible effects of lipid membranes on cargo transport by
teams of molecular motors. Specifically, we study how lipid membranes influence
the transport properties of intracellular cargoes like runlengths, lifetime, veloci-
ties, and their ability to navigate around different kinds of roadblocks in an ATP-
dependent and motor number dependent manner. The results from our study
could potentially inform future efforts in designing drug delivery systems, better

cures for neurodegenerative diseases, and artificial cargo transport processes.

1.5 Outline

e Chapter 2: [Computational Modell

In Chapter 2, we describe the development of the Brownian dynamics model
of cargo transport by teams of motors that we use throughout this disser-
tation. In this model, we considered the cargo as a sphere and explicitly
simulated the diffusion of motors on this surface to consider the presence
of a lipid membrane. The diffusion constant of motors on the surface, D,
is a parameter in our model that we vary to study the effect of surface
fluidity on team dynamics. Bound molecular motors were modeled like ca-
bles (or one-dimensional springs) with their anchor positions on the cargo
surface and head positions on the microtubule. The bound motor moves
forward on the microtubule at a rate that is dependent on the force it ex-

periences and also unbinds with a force-dependent rate. Overall this is a



3-dimensional stochastic model that takes into account the experimentally
reported transport properties, and load-dependent kinetics of kinesin-I mo-
tors and the diffusion of motors on the cargo surface because of the presence

of lipid membrane.

Chapter 3: |[Effect of surface fluidity on cargo transport by identicall
motor teams|

In Chapter 3, we explain the application of the Brownian dynamics model
to the case of lipid cargo transport by a team of identical kinesins on micro-
tubules. We discuss how multi-kinesin transport is influenced by fluidities of
cargo surfaces in an ATP-dependent, motor number-dependent manner. We
show that cargo surface fluidity reduces mechanical interference between ki-
nesin motors, increases availability, and hence increases runlength especially
when the number of motors on cargo is high or ATP concentration in the
medium is low. These results reconcile conflicting experimental observations
on runlength dependence on surface fluidity. This work also generated impor-
tant experimentally testable predictions. First, we predict that lipid cargo
run length increases with a decrease in ATP concentrations. Second, motor
teams cluster to defined regions on the lipid cargo surfaces when placed under
external load. Third, motor teams on lipid cargo generate higher collective
force than motor teams on rigid cargo when placed in an optical trap. These
results are also relevant in designing novel artificial transport devices. This

chapter is a reproduction of work in [125].

Chapter 4: [Heterogenous teams of motors on the cargo

Although exploring the cargo transport by teams of identical kinesin motors
provided us with useful insights into the effect of lipid membranes on cargo
transport, the intracellular environment, and in vivo motor teams are more
complex. It is often found that cargos are carried by non-identical teams of
motors, like teams of different types of kinesins, dynein, and myosins in cells.

Even motor teams of a given type often have marked differences in veloci-



ties and detachment rates. One cannot ignore some of these complexities in
simulations when comparing with certain experimental observations. In this
chapter, we explain one such case. In-vitro experiments have observed that
coupling motors through a lipid membrane ubiquitous in cells leads to higher
cargo velocity. However, the mechanisms behind this increased lipid cargo
velocity are unclear. We show using our Brownian dynamics model that
underlying heterogeneity in single motor velocity is essential for increased
cargo velocity of lipid cargoes. We further explored other advantages of hav-
ing heterogeneous motor velocities on lipid cargoes. Our simulations show
that while runlength of both rigid and lipid cargoes increase with an increase
in the motor velocity heterogeneity, lipid cargoes can travel a given distance
with a lower degree of heterogeneity meaning a higher cargo velocity. To-
gether this work explains mechanisms behind previous experimental obser-
vations and generates new experimentally testable predictions on runlength

relevant for in vivo transport.

Chapter 5: [Cargo transport across roadblocks|

Neurodegenerative diseases like Alzheimer’s and Parkinson’s disease are found
to involve disruptions in molecular motor transport due to different kinds of
roadblocks on microtubule lattices such as aggregates of tau proteins (neu-
rofibrillary tangles). More generally, a variety of decorating proteins, stalled
motors, cargo or other structures in the crowded cytoplasm can act as road-
blocks. We explore whether lipid membranes help cargo in crossing these
different kinds of roadblocks. Specifically we discuss cargo transport in the
presence of (a) roadblocks of the size of a tubulin dimer like membrane as-
sociated proteins (ex: tau protein), other microtubule bound motors (b)
roadblocks that cover microtubule like a ring (ex: defect sites in annealed
microtubules [52]). We show that membrane-bound cargoes have a higher
probability of crossing roadblocks than membrane-free cargoes under specific
conditions. Our results could inform the development of improved treatments

for neurodegenerative diseases.



e Chapter 6: [I'hree-dimensional microtubule structure and motor|

properties

In Chapter 6, we implement further improvements to our model to enable
us to answer more advanced questions of cargo transport by teams of mo-
tors, specifically the mechanisms used by motor teams in navigating large
roadblocks like stalled cargoes. We implement a modified model of kinesin
that takes more experimental details into account [70] as opposed to the
simple one-sided spring model [82] that we used so far. We also implement
a three-dimensional lattice structure to the model. This generated predic-
tions on the dependence of the on-rate of motors as a function of distance
from microtubules that will help us identify the best motor model for future

simulations. More work needs to be done in this direction.

e Chapter 7: |Conclusion and Future Directions|

In the final chapter, I will summarise our findings and present future direc-

tions.



Chapter 2
Computational Model

This chapter explains the Brownian dynamics model of cargo transport that is
central to my thesis. We outline the main details of the model, including typical
values of the parameters used. The content of this chapter is a reprint of the
Materials and Methods section of the paper Sarpangala and Gopinathan, PLos.
Comput. Biol., 2022 [125]. The co-author listed in this publication directed and

supervised research.

2.1 Introduction

Understanding how lipid membranes influence cargo transport requires mon-
itoring the dynamics of single motors and quantifying how lipid membranes in-
fluence these dynamics. It is experimentally challenging to measure single-motor
forces and hence characterize single-motor dynamics. However, computational
models allow us to monitor single motor dynamics and connect these to experimen-
tally measurable quantities like runlength, the collective force generated by motor
teams, etc. Thus, we considered modeling approaches to answer this question of
how lipid membranes influence cargo transport. Early models of multi-motor cargo
transport used a mean-field approach where all motors were considered to share
the load equally [I12]. Later stochastic models that assume unequal load sharing
182, 188, [84], 24, 69, 156, T51] were found to describe experimental observations bet-
ter [82, 83],23]. The next improvement to the model was to explicitly consider that
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Figure 2.1: Schematic of the model. X is the center of mass of the cargo, A;
and H; represent motor anchor and motor head positions. Motors exert spring
like forces only when their lengths L; exceed their rest length L,,,;. Here, motor 1
experiences a hindering load ( f; is negative), while motor 2 experiences an assistive
force (fy is positive). Microtubule is modeled as a one-dimensional line. Cargo is

an undeformable sphere. Motor anchor positions, A; diffuse on the cargo surface.

motors are bound to a three dimensional spherical cargo surface, that was typically
considered rigid [I7, 43]. Only a few recent models have attempted to consider the
lipid membrane on the cargo surface [113], 07, 25, [32]. For example, Lombardo
et. al. [97], in the context of transport of vesicles by teams of myosins, modeled
an ideally fluid cargo surface where motors instantaneously relax the tangential
component of force. Our model is closer to that of Bovyn et. al. [25] where we
consider unequal load sharing with explicit implementation of motor diffusion on
the cargo surface. Here we describe the basic elements of our Brownian dynamics
model, the assumptions involved, the typical range of parameters and the limita-

tions of the model.
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2.2 Brownian dynamics model of cargo transport

by teams of motors

In our model, we consider a spherical cargo of radius, R (R = 250 nm in most
cases) which is decorated with a given number of molecular motors (V) on the
surface. N doesn’t change during the cargo run, meaning there is no binding and
unbinding of motors between the cargo surface and the solution. Each of these N
motors is initially assigned a random, uniformly distributed anchor position on the
cargo surface. Molecular motors on rigid cargo are fixed on the cargo surface. So a
given initial configuration of motors on the rigid cargo surface persists throughout

the cargo run whereas motors on lipid cargo diffuse on the surface.

In this study we considered all N motors to be kinesin motors with a rest length
of Ly = 57 nm [93]. We assume that an unbound kinesin motor binds to the
microtubule with constant rate, 7y = 5 s™! [8§], if some part of the microtubule
is within L,,,; distance from the anchor position of that unbound motor. In other
words, unbound motors bind with a specific rate to the microtubule if they can
access the microtubule. The number of motors on the cargo, (N) is assumed to
be constant, similar to several other modeling studies [25], 28]. In other words, we
assume the timescale for motor detachment from the cargo is much larger than the

lifetime of the cargo on the microtubule.

Each cargo run is initiated with at least one motor bound to microtubule and
stopped when all the motors detach from the microtubule. This procedure is simi-
lar to Bovyn. et. al. [25]. However, in other models [2§] the cargo is tracked even
during bulk diffusion when all motors are unbound till some motor binds back to

the microtubule.

A microtubule bound motor is characterized by two position vectors, anchor

—, —

point (A) on the cargo surface and head (H) on the microtubule. The head position

is defined just by its continuous position along the x-axis, i.e., we do not model
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the lattice structure of the microtubule unlike in a recent Brownian dynamics
model [29]. We justify this based on the fact that the microtubule has multiple
protofilaments and when two kinesins are on different protofilaments they can have
same x-position on the microtubule. There are also models that have explicitly
incorporated the fact the motor heads cannot step on each other [97, 29], which is
likely of more importance when the filament has only a few tracks like actin, which
has only two protofilaments in a helix, compared to 10 to 15 for microtubules.

A microtubule bound motor is assumed to exert a spring-like force when the
length of motor exceeds the motor’s rest length (L,,.;) with a force constant, k,,,; =
0.32 pN/nm [34, 33]. Let L = A — H and L = |A — H|. The force exerted by the

motor on the cargo is then given by,

F = —kpot(L — Linot)L L > Lot (2.1)
=0 L < Lot (2.2)

The translation velocity of the center of mass of cargo is given by the over-
damped Langevin equation

—

—

F}' + Fsteric
1

—

N
dX 1

- 2.3
a5 | +¢ (2.3)

J

Here, ]*?’] is the force exerted on cargo by the j** motor. ﬁstm-c is the spring-like steric
force on the cargo from the microtubule, represented with a high force constant
10k,,0¢. We note that if the vesicle is deformable the steric spring constant could be
significantly smaller. This force is present only if the cargo-microtubule distance
is less than the sum of the cargo and microtubule radii. 5 is the random force on
the cargo due to collisions with the intracellular medium. We assume a normally
distributed noise with zero mean, <5 ) = 0 and the fluctuation-dissipation relation,
(Cu)C(t) = 27:kpT0,,0(t —t'). 7. is the friction co-efficient for the cargo near
microtubule surfaces, assumed to be 7. = 37y [126], where 7 is the coefficient of
viscosity of cargo in bulk, obtained from Stoke’s Law [19] as vy = 6mn,R. 1, is

the coefficient of viscosity of cytoplasm experienced by cargo. We approximated
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N, to be equal to the coefficient of viscosity of water at room temperature (About

20°C), n, = 1073 Pa.s. We integrate Eq. using the Euler-Maruyama scheme

—

X(t+ At) = X(t) +%

+ /27 kg TALE (2.4)

N
E F} + Fsteric
Jj=1

where 5 = (&1,&,&) and &,&, &5 are drawn from a normal distribution with
zero mean and unit variance. The Euler-Maruyama scheme is similar to Euler’s
method of solving differential equations. Euler-Maruyama method is used to solve
stochastic differential equations. (For more details, see Chapter: “Introduction to

Stochastic Time Discrete Approximation” from Kloeden and Platen, 2011 [74]).

In addition to translational motion, the cargo also has rotational dynamics
due to thermal fluctuations and torques from motor forces. Consider a motor at
position A exerting a force F, on the cargo. The torque on the cargo due to this

motor is 7 x F;. The total torque on the cargo due to all the motor forces is

!

N
7 X Fj (2.5)

7=

~

i=1
The angular displacement in time At taking into account this torque and thermal

fluctuations is

A = LAt + a\/1DpAt 7 (2.6)
YR

Where, g is the friction co-efficient, given by 87n,R3. Dp is the rotational diffu-
sion constant of the cargo. « is a calibration constant to match the experimentally
measured rotational mean square displacement. We set the rotational diffusion
constant (Dpg) for lipid cargo to be equal to that of a free spherical bead in so-
lution, which is kT /yr = kgT/87n,R3. The rotational diffusion constant for
rigid cargo bound by one motor was measured [57] to be 7 x 10~2rad?*s~'. In our
simulations we used this value to calibrate the rotational diffusion of rigid cargo
(see Appendix 2.4). 7 in Eq. is given by 1 = (n1,ng,n3) which is a random
unit vector in 3-dimensions. To get this, we draw numbers a and b from uniform

distribution in the interval [0,1]. Calculate angles §; = cos™(2a—1) and ¢, = 27b.
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Then n = (nq, ng, n3) = (sin 0ycos ¢y, sin Oysin ¢y, cos 0;).

Let A be the magnitude and & = (w,, wy, w, ) be the direction of this angular
displacement vector AG. The Rodrigues’ rotation matrix corresponding to this

rotation is [132]

Ry(A) =T+ @sin AG + &% (1 — cos Af) (2.7)

where I is the 3 x 3 identity matrix and @ is given by

0 —w, wy
(’D = Wy 0 —Wg (2 8)
—Wy Wy 0

We update each anchor point position using this matrix
A, = X + Ry (A0) (Ai - X') (2.9)

At each time step we also update the anchor positions of each motor on the

lipid cargo surface using a similar Brownian dynamics formalism given by
A(t 4 At) = A(t) + Algh + Alyo (2.10)

where Alg and Al, are the small displacements along 0 and ¢ directions in the

plane tangential to cargo surface at A'(t) Alg and Aly are given by

<Al9> — V2DAt <§> LAt <F9> (2.11)
Al &) v \F,

where &, and &, are random variables obtained from normal distribution with zero
mean and unit variance. D is the diffusion constant for motor diffusion on cargo
surface and 75 is the friction coefficient given by s = kgT'/D. (Fy, F,) are the
components of motor forces along 6 and gg respectively which can be obtained from

the motor force in Cartesian co-ordinates, F= (Fy, F,, F,) as follows
X

F, cos 0 cos cos 0 sin —sinf
| = ¢ ¢ F, (2.12)
Fy —sing cos ¢ 0 P
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At every time step, each bound kinesin motor hydrolyses an ATP molecule with
certain probability and attempts to move forward on the microtubule. This step-
ping probability is a function of the motor force and also the ATP concentration.

We have adopted the following relation for the stepping probability [9]
pstep([ATP]J‘:) =1- evat/é (213)

where 0 is the step size, the distance moved by motor after hydrolyzing one ATP
molecule (§ = 8 nm [21] 35 [155]). v is the velocity of kinesin motor which is a

function of the ATP concentration and motor force and is taken to be
U([ATP],F) = U()([ATP])T)(F) (214)

where vy (iare)) is the velocity of motor under no-load condition at a given ATP
concentration. The ATP dependence of vy is described by the Michaelis-Menten

equation
Umaz |AT P|

K,, + [ATP)]
We considered the no-load velocity at saturated ATP concentration to be v,,q, =
800 nm/s [8, 9] and K,, = 44 uM [152].

0(7) gives the force dependence of the velocity. In the hindering direction, we

(2.15)

Vo ( [ATP]) =

assume [82], 9]

Thina(7) :[1—(%>ﬂ F<F, (2.16)
—0 F>F,

F' is the magnitude of motor force, F' = |ﬁ |. Fy is the stall force, the value of force
beyond which kinesin motor stops walking. We considered Fy = 7 pN [27, 20 [§]
and w = 2 [83]. In the assistive direction, velocity is assumed to be independent

of force magnitude, U5 (7) = 1 [8, 9].

Experimentally it is found that a kinesin motor is more likely to detach from
the microtubule when one head is detached from the microtubule while trying to
take a step than when both the heads are bound to the microtubule [152, 154, 130].

In our model we assume that a motor can detach only when it tries to take a step.
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At every time step we first check whether a bound motor tries to make a step with
probability psiep(iatr).7) using Eq. . If it tries to take a step, we check whether
it detaches from the microtubule before completing the step using a microscopic
off-rate whose value is calibrated based on the experimentally observed off-rate as
a function of force, I, at saturating ATP concentrations.

€obs (ﬁ)

Pstep ( [ATP]=2mM, ﬁ)

(2.17)

€micro (ﬁ) -

Dstep(iatpi=2mm ) is the probability to step forward in time step At at high ATP
concentration of 2 mM.

For hindering forces, we used the following relationship between observed off-
rate and magnitude of motor force F' developed [15, 44 129] based on Kramer’s

theory [81] and used in several studies [82] [76], 9]

hind
obs

ehind () = egel/Fa (2.18)

€o is the off-rate under no load condition. We used e = 0.79s™* [9, §]. F} is
the detachment force. We approximated Fj to be equal to the stall force F,. For
assistive forces, the relationship between observed off-rate and magnitude of force
is taken to be [8] 9]

€558 (5) = €g + 1.56 x 10"*F (2.19)

obs
Our model could easily be extended to incorporate more detailed chemo-mechanical
models of motors [28, 29]. In chapter 6| we explain the incorporation of more de-
tails to the model, specifically a three dimensional lattice structure and different

mechanical models of kinesin motors.

Computational code for this model is available at
https://github.com/nsarpangala/lipid-cargo-transport. See Fig. for a flow
chart of this algorithm.

2.3 Conclusions

In this chapter, we presented details of our Brownian dynamics model. Here

we consider cargo as a sphere and explicitly simulate the motion of motor anchor


https://github.com/nsarpangala/lipid-cargo-transport
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Figure 2.2: The flow chart of the simulation. The cargo is held near the
microtubule until at least one motor is bound. Once a motor is bound, we loop
over the series of steps shown in the middle until either all motors are unbound
or maximum time is reached. At regular time intervals, we record relevant data
like the cargo center of mass, anchor positions of motors on cargo surface, head

positions of bound motors on the microtubule.

positions by allowing free diffusion for unbound motors and diffusion biased by
exerted forces for bound motors. The diffusion constant for this motion is deter-
mined by the cargo surface fluidity. We also accounted for the force and ATP
dependence of the bound motor’s off-rate and stepping rate. The spherical cargo’s
position was then updated by an overdamped Langevin equation depending on the
net force exerted by all bound motors. Rotational diffusion of the cargo due to

the torque from motor forces and thermal fluctuations was also included. With
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this model one can analyze the dynamics of the motors as they diffuse on the
surface, their binding and unbinding from the filament, the forces experienced by
individual motors, the total distance and velocity of cargo as a function of motor
diffusion constant, motor density, and ATP concentration. We then applied it to

understand team dynamics under different physiological scenarios.



Notes

2.A Notes on the assumptions in the computa-

tional model

2.A.1 We neglect the deformation of vesicle due to motor

forces.

Application of a point force on the vesicle (the cargo) surface leads to shape de-
formation which could develop as narrow membrane tubes (tethers) at sufficiently
high force magnitudes [37, 118, 123] [148]. There have been observations that teams
of kinesin motors can pull membrane tubes out of a vesicle [89]. This raises the
question as to whether we should consider the alteration in vesicle shape due to
tether formation in our computational model. Previous analytical works [37, [118§]
have shown that the force magnitude needs to be greater than a critical value,
fe = 2m\/k.0 to pull a nanotube out of a membrane with bending rigidity x. and
surface tension o. For typical values, k., = 20kgT = 1071 J [148], 0 = 107> Nm ™!
[38, B7] the critical force is f. = 8.8 pN which is higher than the stall force of
kinesin (7 pN). This critical value that we computed is lower than the estimated
value in at least one other study [89, 37]. We can see from the force distributions
in Fig. 3.2.0 (b & ¢) that the typical single motor force values are much lower than

this critical value. Hence we have neglected the tether formation in our model.
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2.A.2 Estimation of rotational diffusion of cargo.

We expect the rotational diffusion to be minimum for a rigid cargo, increase
with an increase in cargo surface fluidity and approach the value for free bead
in solution at very high cargo surface fluidity. For lipid cargo with high motor
diffusivity, one might expect that such rotational diffusion of cargo only renor-
malizes the diffusion constant of motors on the surface (at most by a factor of 2)
but doesn’t induce any qualitative change in the motor availability at the access
region.

The rotational diffusion constant of a rigid cargo associated with microtubule
with a single motor has been measured experimentally to be D = 7 x 10~2 rad?s~"
for a cargo of about 1.26 pm in diameter [58]. Since this diffusion constant was
measured for a cargo of about half-micron radius, if we take into account the
possibility that diffusion constant scales as 1/R3, for R = 0.25 um, we may take
Do 25 pym = 1.12 rad®s™!. The time required for a cargo to rotate by 90° with this

diffusion constant is

16”—[2) = 0.55s which is in the order of the lifetime of single
R

kinesin motor in our simulations (lifetime of kinesin is about 1 s at [ATP] = 2 mM
and about 10 s at [ATP] = 4.9 uM). Since how rotational diffusion constant of
bead changes as a function of cargo radius is not experimentally measured yet, for
our simulations we took rigid cargo diffusion constant Dp to be 7 x 10~ 2rad?s~"!
even for R = 250 nm (We also used Dp = 1.12 rad®s~' and compared different

metrics like force distribution and off-rate and didn’t find considerable difference).

Similarly we can estimate how much is the rotational angular velocity of cargo
due to the torque from motor forces. Assume that a microtubule bound motor
exerts a torque 7 on the cargo. Angular velocity of cargo due to this torque is

o T

% - —87(an3 (220)

Typical value of tangential component of motor force is f;,,, = 1 pN. So the
typical magnitude of the torque on the cargo due to this force is T = Rf., =

2.5 x 107! Nm. Substituting this in Eq. we get the typical magnitude of

angular velocity due to torque from motor forces to be equal to 636 rad s~*. This
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is a non-negligible angular velocity, for example, the rotation of the cargo due to
motor forces in 1 s is 636 rad.

Typical magnitude of the torque, \’f! = R X f; where f, is the typical magnitude
of tangential force (about 1 pN). So fl—f o R2. Distance traveled by motor on the
cargo surface, arc length o Rfl—f . Hence arc length oc R~!. Thus we might expect

the rotational distance covered to decrease with increase in cargo radius.

Bench mark test and calibration: Mean-Squared-Angular-Displacement

—

Let A(t") be the anchor position of a motor on the cargo surface and a(t’) repre-
sent the unit vector representing the direction of this anchor position with respect

to the cargo center of mass.

Define the angular displacement vector of a motor anchor point as [67]
O(t) = > AB(iAt) (2.21)
=0
Where n, = t/At. The displacement vector AG(#) has a magnitude, |AS(¢)] =

cos~ta(t' — At) -a(t')] and a direction given by a(t’ — At) x a(t'). We take
AB(0) = 0.

We then compute the mean squared angular displacement [67]

. S S 2
<A@2(t)> - <[A@(t) - A@(o)] > (2.22)
As per the Stokes-Einstein-Debye relation we expect the mean squared angular

displacement to grow as [67]

<&@2(t)> = 4Dpt (2.23)
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Figure 2.A.1: Benchmark test to verify correct implementation of ro-
tational diffusion. We ran simulations of cargo dynamics with just rotational
diffusion (no motor bound to MT, no translational diffusion of cargo, no diffusion
of motor on cargo surface) and measured the mean-squared-angular-displacement
(MSAD, < AD" > ) of motor anchor point. Ensemble size = 200. Then we fit
MSAD to 4Dgt and extracted the rotational diffusion constant, D, to verify that

we implement the desired rotational diffusion.



Chapter 3

Effect of surface fluidity on cargo
transport by identical motor

teams

In this chapter, we will discuss how lipid membranes influence cargo transport
by teams of kinesin motors where each motor is assumed to have the same single
motor properties. This chapter is a reproduction of the work presented in Sarpan-
gala and Gopinathan, PLos Comput. Biol, 2022 [125]. The co-author listed in this

publication directed and supervised research.

3.1 Introduction

Several theoretical and in vitro experimental studies [40], 122 69], 117, [105] indi-
cate that the collective behavior of motors is critically influenced by their coupling
to each other resulting in observable effects in transport speeds and run lengths.
For example, it is known that non-cooperative kinesin motors coupled together by
a rigid cargo interfere with each other’s functioning leading to enhanced detach-
ments and lowered run lengths [40) [122] [69]. How then are in wvivo cargoes such
as membrane-bound vesicles and organelles typically carried over long distances
by teams of kinesin motors [103] 13]? A fluid membrane present in most in vivo

cargoes may make more motors available for binding at the filament either by
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dynamic clustering of motors [71], 25] or membrane induced clustering of motors
into micro-domains [75, [IT9] thereby enhancing processivity. Alternatively or in
addition, there could be other lipid membrane coupling dependent physical mecha-
nisms that directly affect single motor functioning and thereby promote teamwork.
Studies on transport in vivo could address these questions directly, but the envi-
ronmental complexity makes it difficult to disentangle fundamental phenomena
of physical origin from the effects of other regulatory mechanisms [41]. In wvitro
systems, which offer cleaner insights, include microtubule gliding assays on flat
bilayers with embedded motors [55], 98], [71] [106], motor driven nanotube extrac-
tion from vesicles [88] and more recently even membrane covered beads carried by
kinesin motors [94]. Studies of these systems and related models have generated
a variety of interesting and sometimes conflicting results on cargo run lengths and
velocities in the presence of membrane fluidity [55, 94, 113] 25]. These results are
also obtained under different conditions of cargo geometry, motor density, cargo
surface fluidity and environmental factors like ATP concentration. In order to rec-
oncile them, we need an understanding of the relative importance and interplay of
these factors and their effects on the number of engaged motors and the loads they
experience, which in turn influences their collective speed and processivity. More
importantly, to uncover any physical mechanisms present in teams of motors that
directly affect single motor functioning and thereby enhance teamwork, we need
to be able to monitor both single motor dynamics and collective cargo transport

simultaneously.

Here, we used Brownian dynamics model developed in Chapter [2|to accomplish
this goal. Our model and problem are overall quite similar to Bovyn et. al. [25]
which also implemented overdamped Langevin dynamics of motors on an unde-
formable, spherical lipid cargo surface. While there are minor differences between
our models such as in the details of the load dependence of the motor unbinding
rates and the incorporation of ATP, we do not expect significant quantitative differ-
ences. Indeed, measurements of the same quantities such as run lengths and single

motor binding times are consistent between our studies. The major difference with
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our work lies in the focus of their study which was the effect of surface fluidity
on the availability of motors for both clustered and dispersed motors and how
this influenced the trade-off between binding rates from solution and run length.
While we also consider the availability of motors, a major focus in this work is
on the effect of fluidity at the single motor level. This includes effects on the me-
chanical interference between motors which affects their load-sharing and thereby
single motor processivity as well as collective force generation. Another difference
is that we specifically consider the effects of varying ATP concentration. Finally,
we study the relative importance of these effects and how they act synergistically
at the level of the collective to influence cargo transport.

Specifically, our model enabled us to focus on the dynamics of the motors as
they diffused on the surface, their binding and unbinding from the filament and the
forces experienced by individual motors, as a function of motor diffusion constant,
motor density and ATP concentration. We connected these characteristics at the
individual motor level to the effect of surface fluidity (inverse viscosity proportional
to the diffusion constant) on the collective behavior of motors at the cargo level
by analyzing transport properties such as the average number of bound motors,
collective force generated against load, speed and distance traveled (run length).
We uncovered two salient features, the reduction of interference and the cooperative
increase of on-rates. Our simulations showed explicitly that surface fluidity leads to
the reduction of negative mechanical interference between kinesins, characterized
by lower forces on individual motors and a significant drop in antagonistic forces
between motors. This allows teams of fluid-coupled motors to more fully exploit
load sharing without inter-motor interference. This decreases single motor off-
rates and increases processivity. Our simulations also showed that the fluid surface
allows for the clustering of motors at a well defined location on the surface relative
to the microtubule and that the fluid-coupled motors can exert more collective
force per motor against loads. Interestingly, increasing numbers of bound motors
pull the cargo closer to the microtubule, increasing the on-rates of unbound motors,
resulting in a cooperative increase in bound motor numbers that depends on 3D

cargo geometry. Surface fluidity also makes more motors available for binding,
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as expected, and as indicated by previous studies [71, 113, 25]. However, this
effect, by itself, is significant only at lower ATP concentrations (and/or very high
motor numbers) when the effective timescale for diffusion and binding is less than
the unbinding time. In fact, we estimate that the reduction in interference is
relatively the most important effect under physiological conditions of high ATP
and low motor numbers. Taken altogether these effects can cooperatively result
in increased processivity and collective mechanical force production against load

with an increase in fluidity for teams of molecular motors, with both in vivo and

technological implications.

(a) Rigid cargo (b) Lipid cargo ,%

Figure 3.1.1: Schematics of cargoes considered in the study. (a) Rigid cargo
(membrane-free cargo). Molecular motors are permanently attached to random
locations on the cargo surface. (b) Fluid/Lipid cargo (membrane-enclosed cargo).
Molecular motors diffuse on the cargo surface. Inset of Fig. 1(b) The lipid bilayer
that forms the fluid cargo surface. Reprinted with permissions from Sarpangala
and Gopinathan, PLos Comput. Biol., 2022 [125]. CC-BY-4.0.



27

(a) T 0.8 § 0.9
2 07 0.8
x5 <
= Sor
B 0.6 2
2 E 0.6 1
it FHHTEH i « 0.5 o i
. 8 g 03
Rigid Cargo, D=0 o B
= 04 T . . S 04 . T T
—~08 T o9
E g
=07 " 0.8
T <
- 0.7
B 06 -ch
2 2 0.6
L 0.5 c
g 5 0.5
Lipid Cargo, o °
_ = 04 . . v 0.4 r v .
D=1.0 um?s~} 0 50 100 150 200 =70 50 100 150 200
Time (ms) Time (ms)
(b) (c)
10° 4 100 4
—— Rigid
—— Lipid
- n= f <0
104 VT n= -1 +
£ A With Rotation 2% o .
S . X = [ Hindering ] [ Assistive ]
2 O Without Rotation Q
o S 8
o AR o \
T 102 gﬁ (Y £ o 3
N 1 g;r \ R, A
A ’\ 6'9:6?\ s F ‘é:‘mb
& '®. A /
A. k \Q‘A 7 3 A
1073 = T §§p‘ T * TA\”/A\K‘A.-’S\A 1073 A':A—B‘A ’¢ I'é’@ \k . \‘. \\ 1A
0 2 4 6 8 10 ~10 -5 0 5 10
[f] (PN) Magnitude of motor force, f (pN)
(d) (e Q)
7 ~ 0.2
Bound motors "‘2
~ 6 & n=2 S 1.3 1
o~ " ~
= é n=3 o b T
3 5 U
- > n=4 Iy %
8 =, —0.21 1.2
;L:> 4 = 0.2 E \‘
& 2 o \
@ 31 & _0.4- B \
> g 114\
g 2+ 5 2 3
[} O =} \ RN
K > 0.6 b= Il ANy
1 T g [ ] 1.0 1
0 T *Iﬁ ‘| 08 ' T T T T T T
0 1
1 0.0 0.0010.01 0.1 1

Diffusion constant, D ( um?s™1)

0

Diffusion constant, D (um?2s™1)

.0
D (um?s~1)



28

Figure 3.2.0: Surface fluidity reduces the negative interference between
bound kinesin motors which leads to reduction in motor off-rate. (a)
Typical trajectories for a rigid (top row) and a lipid cargo (second row). Motor head
position subplots (middle column) include the x-positions of the center of mass
of cargo (black lines) and head positions of motors on the microtubule (colored
lines). The corresponding x-component of motor anchor positions (right column)
on the cargo are also shown. (b) Distributions of the absolute magnitude of the
force experienced by motors in rigid and lipid cargoes (including without cargo
rotation) at a fixed number of bound motors (n = 3). Distribution for singly
bound motor carrying a rigid cargo is also shown for comparison. We first collect
S = 10000 force values randomly drawn from 200 cargo runs. We then bootstrap
this (bootstrap sample size = 1,000 and the number of bootstrap samples = 10)
to get the mean distribution and standard error of the mean. (c) Distribution
of magnitude of motor forces when they specifically experience hindering loads
(f < 0) and assistive loads (f > 0). Cartoon inside shows a possible scenario where
the colored motor experiences hindering and assistive load. (d) The mean variance
of forces among bound motors in rigid (D = 0) and lipid cargoes (D = 1 um?s™)
with (triangles) and without cargo rotation (circles). Mean variance was calculated
as % S O"Zﬂ (1) where the summation is over all the sample time points when the
number of bound motors is n. Uffl(i) is the variance in the magnitude of force
experienced by the n bound motors at i** sample. Sample size S = 10000 drawn
from 200 cargo runs. (e) Mean value of the correlation between the z-components
of motor forces, (FJ F¥) averaged over motor pairs and time points with (triangles)
and without cargo rotation (circles). Sample size S = 10000 drawn from 200 cargo
runs. (f) Average value of motor off-rate as a function of fluidity of cargo surface
with (triangles) and without cargo rotation (circles). (S = 580 from 200 cargo
runs). Data for all the plots were obtained from the simulation of transport of
cargoes with N = 16 motors at high ATP concentration of 2 mM. Data sampling
rate was 100 s~!. Reprinted with permissions from Sarpangala and Gopinathan,

PLos Comput. Biol., 2022 [125]. CC-BY-4.0.
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3.2 Results and Discussion

3.2.1 Surface fluidity reduces negative interference between

bound kinesin motors

We first addressed the question of whether the fluidity of the cargo surface has
any influence on the functioning of a bound kinesin motor. We expected that the
motor attachment point’s freedom to move on the lipid cargo surface in response
to forces could suppress strain and reduce the forces experienced by the motor.
We also expected that the surface fluidity would allow bound motors to alter their
spatial distribution relative to the cargo and each other thereby also changing the
forces they experienced. We started by looking at the positions of motor heads on
the MT and anchor points on the cargo during a typical cargo run for a rigid and
a lipid cargo (Fig. B.2.0(a); see Fig. for a longer time window). From the
motor head position subplots, it can be seen that motors on a rigid cargo are more
spread apart and can be located opposite to each other relative to the cargo center
of mass while on lipid cargos, bound motors tend to be closer and on the same
side, in front of the cargo. This supports our expectation that the lipid membrane
can alter the relative positioning of the motors which could lead to different strain
forces on the motors.

To explore the forces experienced by motors more quantitatively, we computed
the distribution of forces experienced by a single motor when it is part of a team
of n motors that are simultaneously bound to the microtubule. This distribution,
shown for n = 3 bound motors in Fig. (b), is broader, reflecting larger forces,
for a motor on a rigid cargo compared to any of the lipid cargoes. The lipid cargo
motor force distributions is, in fact, comparable to that for a single bound motor
carrying a rigid cargo. A rigid coupling of motors, therefore, results in individ-
ual bound motors experiencing higher forces than when they are singly bound to
cargo, indicating negative interference. The introduction of surface fluidity ap-
pears to reduce this interference by effectively decoupling the motors, consistent
with our expectations. This reduction is also apparent in the distribution of forces

experienced both against (hindering) and in (assistive) the direction of processive
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motion (Fig. [3.2.0] (c)).

The reduction in forces due to fluidity is also evident in the fraction of non-
negligible forces (Fig. [3.E.2), which we take to be forces with a magnitude >
1% of Fj, the stall force of the kinesin motor (Fig. and Fig. [3.E.3| show
similar fractions in hindering and assistive directions). For rigid cargo, this fraction
increases as a function of the number of bound motors, n, indicating negative
interference between motors. In the presence of surface fluidity, however, no such
increase in the fraction with n is apparent, indicating a reduction of negative
interference. In fact, the fraction decreases with n at high surface fluidity (D =
1 um?s~1), which is likely due to the decrease in the average force experienced by
the motors in the presence of multiple bound motors (Fig. . While the decrease
in average force occurs for rigid cargo as well, the increase with n due to negative
interference dominates.

The variance between the individual forces experienced by simultaneously bound
motors is also a measure of negative interference as it quantifies the deviation from
perfect load-sharing where the variance should be zero. The mean variance over
all sampled instances with n bound motors shows a dramatic decrease at higher
fluidity (D = 1 pum?s™!) compared to the rigid cargo case (Fig. |3.2.0(d), see Ap-
pendix for detailed description of this and other force related metrics used in
this section). In fact, even the presence of a small amount of fluidity accounts for
most of the significant drop in variance (Fig. indicating that fairly good
load-sharing can be achieved with modest fluidity. We also quantified negative
interference more directly by studying whether individual motors were acting an-
tagonistically, i.e., exerting forces in opposite directions. To do this, we computed
the correlation between the x-components of bound motor forces (FJ F*) averaged
over different motor pairs (7, k) and time (Fig. [3.2.0(e)). We see that this correla-
tion is highly negative for rigid cargo indicating opposing motor forces while it is
negligible in the presence of fluidity indicating motors on the same side of the cargo
pulling in the same direction. Taken together, our results show that interference

dominates over load sharing for rigid cargo while increasing surface fluidity reduces
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this interference and promotes load-sharing.

Next, we addressed the implications of the reduction in negative interference
for the functioning of motors in the context of transport. The off-rate of a ki-
nesin motor increases with the magnitude of the force that it experiences and also
depends on its direction [82] [76, @ [8, 129]. The observation that surface fluidity
reduces negative interference leads us to expect that this will also lead to lower
off-rates for individual motors. We measured the mean off-rate of motors as the
inverse of the mean time spent by individual motors between a binding and sub-
sequent unbinding event. We found that bound motors on fluid cargoes do indeed
have lower off-rates than those on rigid cargoes (Fig. [3.2.0(f)). Consistent with
our findings for the forces and interference, the introduction of a small amount of
fluidity accounts for most of the significant drop in off-rates with no significant

variation with increasing diffusivity.

The forces that motors feel and the off-rate of motor is a function of the spring
constant of the kinesin coiled-coil region. In fact, previous studies [40], [16] have
found that off-rate of ensemble of motors and the transport properties of cargo are
sensitive to the stiffness of the motor. Our simulations (see Fig. indicate
that average single motor off-rate can increase by almost 20% for a change in the
motor stiffness from 0.1 pN/nm to 0.5 pN/nm for rigid cargo, while for lipid cargo
the change is not significant, which is again consistent with the picture of the lipid

membrane suppressing strain in the motors.

We also ran simulations at different cargo sizes to determine how the single
motor metrics change. The distribution of forces (Fig. [3.E.6[ (a) and (b)) shows no
clear trend except perhaps for a marginal increase in larger forces with decreasing
radii for lipid cargo, which could be due to the steric constraints becoming more
important. Interference between motors, quantified by the force correlations (Fig.
3.E.6| (¢)), show negligible correlations between motors for lipid cargo at any size,

while for rigid cargo, the interference appears to increase with size, consistent
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with potentially increased spacing between motors. Motor off-rate ( Fig. d)
decreases as a function of cargo size for both rigid and lipid cargo but the off-rate
of motor in lipid cargo is lower than rigid cargo for all cargo sizes, which is again
consistent with picture of reduced interference and greater load-sharing with a lipid
cargo.

We also took the opportunity to explore the impact of cargo rotations on motor
forces. While cargoes do rotate considerably during the course of a typical cargo
run and especially at intersections or obstacles [48| [I7], it is not clear whether this
rotation impacts transport metrics like motor off-rate, force distribution and cargo
runlength. Answering this question is also interesting from a modeling perspec-
tive and helpful for improved analytical approximations. Disallowing rotational
motion of the cargo in our simulations leads to a slight decrease in the magnitude
of motor forces, as is apparent in n = 3 cases shown in Fig. (b and ¢). In
our simulations and in in vitro experiments in aqueous media, the load due to vis-
cous forces is low and the origin of higher forces is thermal fluctuations [I51] and
negative interference between motors. The higher forces experienced by motors in
the presence of rotation is therefore likely due to rotational diffusion adding addi-
tional noise into the cargo dynamics. It is to be noted that the reduction in forces
due to removing cargo rotations is slightly more pronounced for rigid cargo but in
both cases the reduction is small compared to the reduction due to fluidity. The
variance of motor forces (Fig. [3.2.0(d)) also decreases when we remove rotational
diffusion because of the decrease in the noise though the effect is not significant for
lipid cargo. Similarly, the magnitude of force correlations (Fig. [3.2.0(¢)) increased
when we removed rotation for rigid cargoes while the correlations are essentially
the same and close to zero for lipid cargo. These effects arise because the removal
of rotational diffusion removes a source of uncorrelated noise. Finally, we com-
pared the change in motor off-rate with and without incorporating rotation in our
model (Fig. [3.2.0(f)). We notice that rotation may increase the off-rate slightly
(by about 5%) for rigid cargo, while the off-rate of motors on lipid cargo is un-
affected by cargo rotation. Thus, it seems that ignoring rotation of cargo leads

to no qualitative changes and is a perfectly good quantitative approximation for
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lipid cargo and a reasonable one that slightly underestimates forces and off-rates
for motors on a rigid cargo. It is to be noted that rotations can play a much more
important role in enhancing binding rates from solution as seen in [25], but for lipid
cargo, the diffusion of motors dominates over rotations of the cargo, and therefore
rotations play a negligible role. In what follows, results presented include rotation
of the cargo and are essentially very similar to the results without rotation unless
explicitly noted.

Overall, our modeling indicates that increasing surface fluidity reduces inter-
motor interference and promotes load-sharing leading to reduced off-rates and po-

tentially longer processive runs for individual motors.

3.2.2 On-rate of a motor increases with the number of

bound motors for fluid cargo

The run length of a cargo carried by a team of motors depends on the interplay
between the off-rates and on-rates of individual motors [76]. The on-rate of a motor,
typically considered to be independent of the number of other bound motors,
depends on its intrinsic binding rate when it is within reach of the MT. The region
of the cargo surface (or access area) from where an anchored kinesin can reach the
MT is defined, in our model, by the set of points on the surface at a distance less
than or equal to the rest length of the motor (L,,,; = 57 nm). For a cargo bound
to the MT with one or more motors, this access area is a function of the cargo
geometry and the proximity of the cargo to the MT [119] 93] [71]. For rigid cargo,
motors can only bind if they happen to be anchored in the access area while for
fluid cargo, motors can diffuse in and out of the access area. For a given motor
type with a fixed intrinsic binding rate and a given cargo geometry (a sphere here),
the access area is then simply a function of the distance of the cargo from the MT.
Interestingly, our measurements of the average distance of the center of mass of
the cargo from the MT indicated that the cargo comes closer to the microtubule
as the number of bound motors increases (Fig. [3.2.1f(a)). This decrease in distance

arises from the increase in the net vertical component of the average force due to
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Figure 3.2.1: On-rate of a motor increases with the number of bound mo-
tors for fluid cargo. (a) Average measured distance (H) of the center of mass of
cargo from MT as a function of the number of bound motors and fluidity. Horizon-
tal line indicates the height below which the cargo experiences steric interaction
from the MT. Data were obtained from the simulation of transport of cargoes with
N = 16 motors at high ATP concentration of 2 mM. Data sampling rate was 100
s71. (b) Computational measurements of single motor on-rate (green diamonds)
and analytical approximation (black dashed line with diamond). (D = 1 um?s™1,
S = 10000) using the cargo height for a given n from the data in (a). Error
bars for all plots represent the standard error of the mean. Rotation of cargo was
not considered in the on-rate measurement simulations for (b). Reprinted with
permissions from Sarpangala and Gopinathan, PLos Comput. Biol., 2022 [125].
CC-BY-4.0.
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an increased number of motors which serves to counteract cargo fluctuations away
from the MT. We also note that cargoes with low surface fluidity are closer to
the MT than the cargoes with high surface fluidity, especially for high numbers of
bound motors. This is because motors on fluid cargoes can relax their tension by
sliding on the cargo surface allowing for larger fluctuations (Fig. [3.E.7| and Fig.
and therefore a higher average distance from the MT. We also note that
rotations of the cargo seem to allow the cargo to get slightly closer to the MT,
presumably because the extra forces due to rotational diffusion serve to increase
the net vertical component of the average force as well.

Thus, for both rigid and fluid cargo, as the number of bound motors increases,
the cargo approaches the MT leading to an increase in the access area. We expect
that this should lead to an increase in the on-rate of an individual unbound motor
because its likelihood of being in the access area is increased. We verified this
by measuring the on-rate of a motor diffusing on the surface of a cargo held at
specific distances from the MT (Fig. [3.2.1{(b)) that correspond to different numbers
of bound motors (from data in Fig. [3.2.1(a) for D = 1 um?s™!). Here we chose
a high diffusion constant for simplicity and measured the mean time required for
a randomly placed motor to diffuse and bind to the MT. Indeed, we see that
the effective on-rate of the motor, calculated as the inverse of this mean time,
increases with decreasing distance corresponding to increasing numbers of bound
motors (Fig. [3.2.1((b)). To show that the quantitative increase in on-rate was
explained by the decreasing distance, we also analytically estimated the change in
on-rate. Since the average time spent by a motor in the access area before binding
to the microtubule is approximately proportional to the ratio of access area to
total area in the high diffusion constant limit, we estimated that the effective
on-rate is mu,q = mo(S,/S7), where my = 5s~! is the intrinsic binding rate, S,
is the access area and Sp = 47 R? is the total surface area of the cargo. Such an
assumption is reasonable for cargo surfaces with high diffusion constants where the
time scale for motor diffusion across the cargo surface is small as seen in previous
studies [119, 07, [7T]. By computing the access area numerically for different cargo

distances, we were able to estimate m,4 corresponding to different numbers of bound
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motors. The rather good agreement with the measured values from simulations
(Fig. 3.2.1b)) indicates that the increase in on-rate is captured by the effects of
increased access area. It is to be noted that the rate at which the cargo transitions
from being bound by n to n+ 1 motors can be calculated from this on-rate, the off-
rate and the number of unbound motors available for binding (details in Appendix
and data in Fig. 3.E.9])

Our results reveal a positive feedback effect at play. As the number of bound
motors increases, the cargo gets closer to the MT and the on-rates of each of the
remaining motors increase which further increases the number of bound motors.
Interestingly, the apparently small change in cargo height can have a big effect on
the overall processivity of the team as discussed in the subsequent section on the
contributions of different effects to overall run length.

However, it should be noted that this positive cooperativity that we observe is
conditioned on our assumption that an unbound motor can bind to any position
on the microtubule at a distance less than the rest length of the motor (L.
For situations where a large number of protofilament tracks are not available, such
as myosin motors on actin filaments, steric occlusion could be important. For in-
stance, studies [97] on myosin binding to actin also found that the cargo comes
closer to the filament with an increase in the number of bound motors, but this
leads to a decrease in the on-rate of motors because of increased steric occlusion

from the cargo itself.

3.2.3 Surface fluidity increases the availability of motors

for binding

A cargo cannot, however, benefit from the positive feedback noted in the last
section, unless it makes a sufficient number of motors available for binding. We
expect that the diffusion of motors on the cargo surface should lead to a greater
availability of motors in the access region and hence a higher number of bound
motors compared to rigid cargo with the same overall number of motors. We also

expect that this will be true only if 7,4 - the typical time for any one of the
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Figure 3.2.2: Surface fluidity increases the availability of motors for bind-
ing. (a) Ensemble average of the number of bound motors, n as a function of
time (s). Error bars represent the standard error of the mean. (b) Spatial dis-
tribution of the kinesin motors on cargo, computed as the probability of locating
motors as a function of the polar angle # and time, t. 6 is the polar angle of the mo-
tor, measured with respect to z axis perpendicular to the microtubule and passing
through the center of the cargo. Data was obtained from the transport of cargoes
with a total of N = 16 motors at [ATP]=2 mM. Reprinted with permissions from
Sarpangala and Gopinathan, PLos Comput. Biol., 2022 [125]. CC-BY-4.0.
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unbound motors to bind to the microtubule is less than 7,7y = 1/¢ - the typical
time for a given bound motor to detach. The relative values of these two timescales
are set by parameters such as the number of motors (N), the radius of cargo (R),
and the ATP concentration. For instance, raising the motor density (say by raising
N) will result in a higher effective on-rate and a decreased 7y;,4, While decreasing
the ATP concentration, lowers the off-rate and raises 7,y.

We first looked at a parameter set (N=16 [ATP]= 2 mM) satisfying the con-
dition Tying < Toff (see Appendix for details of estimates). Fig. [3.2.2|(a) shows
that, while the average number of bound motors, 7, increases with time for both
rigid and fluid cargoes, the fluid cargo indeed accumulates more motors. The spa-
tial distribution of motors in Fig. [3.2.2(b) further highlights the difference between
rigid and fluid cargoes with the probability of finding motors near the microtubule
on a fluid cargo being larger at late times than for rigid cargo. It is to be noted that
the slight increase at late times for rigid cargoes is simply due to the higher contri-
bution to the average of cargoes, that happen to have motors clustered together,
surviving for longer times.

To further test the dependence of motor accumulation on the relative values
of the two time scales, we considered four other sets of physiologically relevant
parameters of N and [ATP] that had different relative magnitudes of 7,7 and Tping
(shown in Table 1, Appendix As predicted, there is no statistically significant
difference in the average number of bound motors as a function of diffusivity (see
Fig. |3.2.3(a)) for cases when 7,¢f & Tping (N = 4, [ATP]= 2 mM and 100 xM). The
number of bound motors, however, increases as a function of diffusion constant (D)
for cases where Tying < Tor (N = 16 [ATP]= 2 mM and 100 uM, N = 4 [ATP|=
4.9 uM) as expected. This supports our expectation that fluid cargoes can indeed
accumulate higher number of bound motors than rigid cargoes, but only under
conditions that ensure that Ty,q < 7,s i.e. when the number of motors (V) is

high or the ATP concentration is low or both.
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Figure 3.2.3: Fluid cargo have longer run lengths than rigid cargo. (a)
Average number bound motors, (b) Runlength as a function of diffusivity (D)
for two different numbers of motors on the cargo (N) and three different ATP
concentrations. 200 cargo runs were considered for each parameter set. Error bars
represent the standard error of the mean (SEM). The average number of bound
motors in (a) was calculated as the mean of the number of bound motors (n) in
all time samples (with data sampling rate = 100 s™!) of these 200 cargo runs.
Rotational diffusion of cargo was not considered in these simulations. Thus the
sample size was large and hence the error bars obtained as the standard error of
the mean is very small. (c) Comparison between run lengths from our simulations
(N =4, [ATP] = 4.9 uM, yellow circles) and analytical estimates (maroon triangle,
solid, dashed and dash-dotted lines) as described in the text. Left cartoon: A lipid
cargo, with access area (9, green) and influx area (57, yellow) shown. Influx area
is defined as the region within |/2D7]}, from the access area. Reprinted with

permissions from Sarpangala and Gopinathan, PLos Comput. Biol., 2022 [125].
CC-BY-4.0.
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3.2.4 Fluid cargo have longer run lengths than rigid cargo

So far we have shown that increasing surface fluidity reduces inter-motor in-
terference and promotes load-sharing leading to reduced off-rates. Fluidity also
makes more motors available for binding in a cooperative fashion with increased
binding leading to higher on-rates. We would expect that having more motors
bind that survive longer should lead to increased run lengths for fluid cargo. The
run lengths of cargoes measured as a function of diffusion constants (Fig. [3.2.3|(b))
suggest that this is indeed possible given the right ATP concentration and the
number of motors on the cargo (see Fig. for additional diffusion constants).
Although the run length is unaffected by fluidity when 74,4 is of the order of 7,¢¢
(low N and medium/high [ATP] ), the run length increases with the fluidity of the
cargo surface when 7,¢¢ > Tyng (for high N or low [ATP] or both). The effect is
much more pronounced when the disparity between the timescales is higher.

We saw earlier that the average number of bound motors shares similar trends
(Fig. [3.2.3[(a)) as a function of cargo surface fluidity. It is to be noted, however,
that cargoes can have the same average number of bound motors but different run
lengths. For example, although high fluidity (D = 1 um?s™!) cargoes with N = 4
at [ATP]= 4.9 uM and N = 16 at [ATP]= 2 mM have the same average number of
bound motors, the lower ATP case with fewer total motors shows a substantially
larger run length (Fig. [3.2.3(a) and Fig. [3.2.3(b)). This is a consequence of the
higher tendency of a cargo to survive a 1 motor state at low ATP due to a lower

motor detachment rate (more details in Appendix |3.C)).

For saturating ATP conditions, we note that the observation that a high number
of motors (16 here) achieves a runlength of only about 2 pm is consistent with
values predicted in other in wvitro experiments and models [71]. This is because
even though there are 16 motors on the cargo, the average number of motors that
can access the microtubule is only about 1.37 (N, = 1+ (S,/S7)). Our runlength
values are also comparable to simulation results by Bovyn et. al. [25] for rigid and
lipid cargoes under saturating ATP conditions. Finally, the range of runlength

values for different numbers of motors for a cargo of radius 250 nm agrees with
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the range of values from experimental studies [94], lending further validity to our
model.

While the results in Fig. are from simulations without considering cargo
rotation, we also ran simulations with rotation and compared the runlength and
average number of motors between these two cases Fig. [3.E.19 There is no no-

ticeable change in these metrics with and without cargo rotation.

Overall, our results indicate that surface fluidity increases run lengths when
the number of motors (V) is high or the ATP concentration is low or both. While
previous studies have shown that the runlength of multi-kinesin rigid cargoes in-
creases with decreasing ATP concentration [I37], our simulations show explicitly
that the increase in runlength with decreasing ATP concentration is significantly

larger for lipid cargoes than for rigid cargoes.

3.2.5 Contributions of different effects to overall run length

We now consider the relative contribution to the overall run length of the
different effects we showed are at play; the reduction in negative interference, the

cooperative increase in on-rates and the increased availability of motors.

Analytical expression for run length

To estimate the magnitude of these contributions, we first consider an analytical

(1 + :)N - 1] (3.1)

where v,, N,, m.q, € are the motor speed, the available number of motors for

expression for the run length [76]

Vo

r =
Na’ﬂ—ad

transport, the single motor binding rate and the mean motor off-rate respectively.
Based on our results, we now generalize the expression by incorporating the de-
pendence of these parameters on the cargo surface diffusivity D and the number

of bound motors.
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The mean off-rate, €,,, is sensitive to the presence of inter-motor interference and
the introduction of fluidity almost completely eliminates interference (Fig. |3.2.0)(b-
f)). This means we can treat €,, as having two values; a higher one for rigid cargo
due to interference and a lower one for fluid cargo (Fig. 3.2.0(f)).

The number of available motors, N,, is usually taken to be the number of motors
in the access area, S,, for rigid cargo. For D > 0, however, additional motors from
an influx area S; (see Fig. [3.2.3(c)) can reach the access area before the cargo
unbinds from the microtubule and contribute to transport. Here we estimate S
as defined by a region within a distance \/W of the access area, representing
the distance diffused by a motor over the mean motor lifetime 77}, = 1/¢,,. We,
therefore, take N, to be the average number of motors in the access and influx
areas combined, N, = 1 + (N — 1)(S; + S,)/Sr. Thus the number of available
motors starts from a minimum value N, = 1+ (N — 1)(S,/Sr) at D = 0 and
increases monotonically as function of D before saturating at N, = N.

Finally, motors bind with a rate m,q = m9 = 5 s~ when they are within the access
area and do not bind otherwise. This means we can take the mean on-rate of
the available motors to be m,q = 70S,/(S; + S,). We note that the access area,
S,, depends on cargo geometry and in particular on the height of the cargo above
the microtubule. As more motors bind, the height decreases, S, increases and the
effective on-rate increases (Fig. . Finally, we note that the cargo velocity did
not change by more than 5% over the range of parameters we tested (Fig. [3.E.14)

and so we took v, to be constant.

Approximate bounds for run length

Using these analytic estimates, we can compute approximate bounds for the
relative contributions of the different effects to overall run length. As an example,
we do this for the case of low motor density and low ATP (N = 4 [ATP|= 4.9 uM,
Fig. .2.3|c), other cases shown in Fig. [3.E.16). We start with the limiting lower
bound case where there is no additional availability of motors due to diffusion

N, = 14+ (N — 1)(S,/S7)), no reduction in interference (e, = 0.12s7!, Fig.
( g
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and the cargo height is at its maximum (corresponding to having 1 motor
bound (Fig. [3.2.1a))). This yields the horizontal dashed line at the bottom
in Fig. [3.2.3(c). A similar upper bound that assumes all motors are available
(N, = N), interference is absent (e, = 0.1s7!, see Fig. [3.E.15) and the cargo
height corresponds to that at n = 2 (which is close to the average number of
bound motors for this configuration), yields the horizontal dashed line at the top.
While the bounds bracket the run lengths measured from the simulations, we notice
that the lower limit is well below the actual values, especially at higher diffusion
constants. It is to be noted that the bounds do not really extrapolate well to
D = 0 because, for rigid cargo, the average run length is not set by the average
number of motors in access area. A better approximation is the weighted average
of run lengths for different numbers of motors in the access area weighted by the

probability of having that many motors in the access area (maroon triangle in Fig.

3.2.3(c); details in Appendix |3.B]).

Comparison of contributions from different effects

We first consider the contribution due to diffusion increasing the availability of
motors alone. Allowing N, to increase with D but with no reduction in interference
(€m = 0.12571) and the maximum cargo height, corresponding to n = 1, yields
the lowest dash-dotted curve in Fig. [3.2.3(c). While there is a substantial increase
in run length with increasing D, this increase (of order A, at high D) yields an
estimate that is still significantly below the measured values at high D. This
indicates that the increased availability of motors alone cannot account for the
entire increase in run length. We next incorporate the cooperative increase in the
accessible area due to more motors binding and the cargo moving closer to the
microtubule by setting the cargo height to that corresponding to n = 2 bound
motors. This yields an increase in the run length (middle dash-dotted curve in
Fig. [3.2.3|(c)) but the gain, of order A, at high D, is also too small to account
for the observed increase. We finally incorporate the effect of reduced interference
between the motors due to surface fluidity by taking €,, = 0.1 s~%. This shifts the
run lengths upwards considerably, by A; at high D, and brings the estimates to
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within the range of the observed values (solid curve in Fig. [3.2.3)(c); the upper dash-
dotted curve is for a cargo height corresponding to one bound motor). Intriguingly,
the surface fluidity based reduction in negative interference has an effect that is
comparable or even stronger (see Fig. also) than the effect due to the
increase in the number of available motors. We note that a reduction in the
interference and the resultant reduction in mean off-rate leads to an increase in
the mean motor lifetime, 7,,,, and hence an increase in the influx area S; which is
set by \/2D7)};. Thus, reduction in interference contributes to an increased run
length not only due to an increased lifetime of each motor but also due to the
resultant increase in the number of motors available for transport. While we used
the single motor lifetime 77, to estimate S;, this represents a lower bound since

new motors may reach the access area over the entire cargo runtime 7°¢.

Using
the saturating value of 7¢ (for high D) in place of Tofs 10 the expression for S;
therefore gives an upper-bound estimate for the run length (upper dotted curve
in Fig. [3.2.3[c)). We note that the top three curves for estimates that include
the effects of reduced interference and increased availability of motors reflect the

measured values of run length fairly well as a function of increasing surface diffusion

constant across different conditions of ATP and motor number (see Fig. [3.E.16]).

3.2.6 Motor teams under external load

So far, we have considered the only load on the motor teams to come from
viscous drag on the cargo which is very low for the aqueous medium we have been
considering and usually dominated by thermal fluctuations. We now consider the
behavior of the motor teams under external loads, specifically looking at motor

clustering and collective force generation.

Motors dynamically cluster at specific locations on the lipid cargoes

Past studies of force generation by motors coupled to lipid membranes have
shown that the motor performance (as measured by the velocity of microtubules)
is reduced due to “slippage” of motors on the lipid membrane [55]. Also, stud-

ies have shown that rigid-like ordered regions on the membrane are beneficial for
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transport of cargo because the motors can anchor on these ordered regions and use
this as a rigid substrate to effectively generate forces [75, [119]. Hence, although
motors on lipid cargo can interfere less and survive longer, a question arises as to

whether the motors can efficiently generate forces against load while hauling cargo.

An important thing to note is that the geometry of the lipid membrane is a
spherical surface, or at least a closed, bounded surface, for cargo in vivo such as
vesicles and organelles. For such cargo, there is a limit to how far the motors can
slip. Motors can slip only as long as the tangential force is non-zero. Once the
tangential component reduces to zero and all the force is radial, a motor on a lipid
cargo should be as efficient in generating force as on any other substrate.

To understand whether motors are likely to be in this radial force regime, we
looked at the probability distribution of the location of motors on the cargo sur-
face. To obtain this distribution, we ran simulations of cargo transport (N=16,
High [ATP]= 2mM) under different hindering loads on the cargo and recorded
(sampling rate of 100 s7!) the anchor positions of MT bound motors relative to
the body coordinate axis of the cargo (see schematic in Fig. [3.2.4). Heat maps
in Fig. show the probability distributions of the anchor positions of MT
bound motors on the cargo surface. We can clearly see that there is a preferred
position for motors on the cargo surface at different hindering loads (Fig. 3.2.4)).
At zero hindering load, motors experience only the viscous load which is small
enough that this distribution is broad and only a diffuse enhancement is visible
near the MT (bottom of the cargo) However, as we increase the cargo load, motors
increasingly appear at a preferred location on the cargo surface to balance the load.
We calculated the location on the cargo where the tangential force reduces to zero
and the horizontal component of force balances the hindering load and found that
the height (z-coordinate) of this location above the MT increases with increasing
hindering load (see Appendix . The range of locations we obtained from this
argument were in reasonable agreement with the values we measured from sim-
ulations (see Appendix for calculation and values) validating the mechanism

for preferential localization of motors. While we see motor density enrichment for
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both rigid and lipid cargoes with increasing hindering load, we note that the lipid
membrane can allow motors to slide to this preferred location while this is not pos-
sible in rigid cargo, explaining the higher density enhancement in the lipid case.
Motors can therefore dynamically cluster at a preferred location on the lipid cargo
which minimizes the tangential component of motor forces and leads to better load-
sharing. Our results are conisitent with prior observations of dynein clustering in
axonemal endosomes and related modeling [32]. This sort of dynamic clustering
can exist in addition to any intrinsic clustering mechanisms that may exist for n

vivo lipid membranes [75], 119, 25] which can enhance processivity in motor teams.

This dynamic clustering of motors may also lead to the deformation of the
vesicle. Collective forces due to kinesin motors have been observed to lead to the
extraction of membrane tubes out of vesicles [2], 88]. There is a threshold of point
force on membrane below which such a membrane extraction is not possible (see
Appendix. When the hindering load is low, motors are not localized, the force
is low and not concentrated and the threshold is not reached, which is the reason
we can ignore deformation of vesicles under normal cargo transport conditions
(see Appendix . If the hindering load exceeds the threshold, the clustering
of motors may lead to membrane deformation and tube extraction. It should be
noted that in our model, motors can come arbitrarily close to each other, while
in reality, volume exclusion could broaden the localization region slightly, thereby

affecting the threshold for tube extraction.

Motor teams in fluid cargoes generate higher collective forces

We have predicted that lipid cargoes may have a higher number of MT bound
motors which exhibit less negative interference, better load sharing and increased
processivity. We have also predicted that motors can cluster together on lipid
cargo under constant increased hindering load. Do all these factors imply that

lipid membrane coupled motors can also generate more collective force?

Collective forces generated by teams on cargo have been measured by optical
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Figure 3.2.4: Motors dynamically cluster at specific locations on the lipid
cargoes. Average distribution of bound motors on the cargo surface at different
hindering loads on the cargo (f;). Only multiple bound motor cases were consid-
ered. Data is from 200 cargo runs with N = 16, high [ATP]= 2 mM with anchor
positions of bound motors recorded at a sampling rate of 100 s~!). Anchor posi-
tions are measured relative to the body coordinate axis of the cargo (schematic at
top-right). Diffusion constant of motors on lipid cargoes was 1 um?s~t. Reprinted
with permissions from Sarpangala and Gopinathan, PLos Comput. Biol., 2022
[125]. CC-BY-4.0.
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trap experiments [143] for motor-teams in vitro as well as in vivo. In vitro exper-
iments have indicated that the kinesin-motor teams generate sub-additive forces
[47, 69, 141] whereas in vivo experiments [90, 141] have shown that motors exert
additive forces. While this difference in cooperativity might arise from differences
in vitro and in vivo environments, we wanted to check if it could arise from the
difference in the cargo surface properties in in vitro (rigid cargoes) and in vivo

experiments (lipid cargoes).

To this end, we modeled cargo placement in an optical trap of force constant
(0.06 pN/nm) [90] (see cartoon in Fig. [3.2.5(a)) and ran simulations of cargo
transport starting from a single microtubule bound motor for a maximum of 10 s
(or until all motors unbind) for a total of 200 cargoes. We chose the parameters
N = 4, [ATP] = 2 mM, which we believe is accessible to experiments [94]. We
measured the values of the average total x-component of force due to motors on
the cargo. We then rescaled the collective force [141] by N x F; to get the rescaled
average force per motor. The rescaled average force tells us how well the individ-
ual forces add up and whether or not the motors detach before reaching their stall

force, serving as a good measure of the cooperativity between motors.

We scanned through the parameter space of single motor unloaded velocity (v,)
and stall force (Fj) (see Fig. [3.2.5(b)) to get a clear picture of motor cooperativity
in different parameter regimes and to allow for comparisons with previous studies
[T41]. For both rigid and lipid cargoes, we observe that the rescaled average force is
higher for lower stall forces and higher velocity in agreement with previous coarse-
grained computation for multi-motor teams [I41]. However, we find that motors
on lipid cargo seem to generate higher rescaled average forces compared to those
on rigid cargo virtually over the entire phase space explored (see Fig. |3.2.5(c)).
Interestingly, the rescaled average force that we measure in the lipid cargo case is
comparable to previous estimates that assumes perfect load sharing [141]. This is

again an indicator of improved load sharing properties in lipid cargoes.
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Thus the observations of sub-additive forces in in vitro experiments [47, [69]
and additive forces in in vivo [90] experiments could be due to differences in the
fluidity of the cargo surface. More controlled experiments on membrane-bound

and membrane-free cargoes [94] could verify our prediction.

3.3 Conclusion

Our results show that motors coupled through a rigid cargo experience a
broader range of forces when multiple motors are bound, reflecting the geometric
constraints on the motor-cargo attachment points leading to antagonistic forces
and therefore negative mechanical interference between motors. This interference
is consistent with literature findings [40, 122] 69] and counteracts the expected
load-sharing with increasing numbers of motors. We predict that the increased
fluidity of the lipid membrane which allows the attachment points to move, sup-
presses strain, decreases the negative interference between kinesins and permits
load-sharing between motors to be more effective. The reduction of negative inter-
ference not only contributes almost equally to run length at low ATP (and/or high
motor numbers) as increased motor availability but is, in fact, the dominant effect
at saturating ATP and low motor numbers (see Fig. [3.E.16|(a)) which is typically
the normal physiological (and in vitro experimental) state. Direct measurements
of this enhanced load-sharing may be possible using optical trap experiments with
an applied load on rigid and fluid cargo. Tuning the load and motor number to a
regime where enhanced load-sharing can decrease motor off-rates may be able to
resolve the effects in comparisons of rigid versus fluid cargo.

The effects of inter-motor interference in rigid cargo are also expected to be
seen in the measurements of speed. However, while our measurements of speeds
from the simulations do show a decrease with increasing numbers of bound motors
(Fig. B.E.14), it is not as dramatic as reported in [94]. Consistent with [94], we
find this decrease to be negated in the presence of fluidity but the effect is not sta-
tistically significant. One possibility is that the force-velocity relation we used (Eq.

2.17 in Chapter [2)) is not sensitive enough at low loads. Another more intriguing
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as a function of unloaded

motor velocity (vg) and stall force of motor (Fj) in rigid (left) and lipid (right)
cargo. (c) Ratio of F, between lipid and rigid cargo. 200 cargo runs were used for
each parameter set. For each cargo run, data of motor forces for each microtubule
bound motors were recorded at a sampling rate of 100/s for a maximum time of
10 s for each cargo run. Average collective force is calculated as the average of
the total x-component of motor forces over all time samples and cargo runs and
then rescaled by NF;. N=4 and [ATP] = 2 mM. Reprinted with permissions from
Sarpangala and Gopinathan, PLos Comput. Biol., 2022 [125]. CC-BY-4.0.
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possibility is that the experimentally observed speed-up of lipid cargo [94], 113] may
be due to a dispersion of speeds among motors leading to a bias for faster motors
in the lead, and slower motors trailing and unbinding more often. On the other
hand, microtubule-assay experiments [55] have indicated that the gliding velcoity
of microtubules is decreased when motors were anchored on a membrane because
the motors “slip” on the membrane. This seems to contradict velocity measure-
ments from both the membrane-bound cargo transport experiments [94], [113] and
our simulation. However, this disagreement can be attributed to the difference
in the geometry of lipid bilayer between assay set-up [55] and our cargo transport
set-up. In a spherical geometry, like our cargo, motors slip only until the tangential
component of force goes to zero, while, on a flat membrane, a motor slips every

time it makes a step.

Since the reduction in interference manifests as a decrease in the off-rate of
motors, it leads to increasing numbers of bound motors at higher membrane dif-
fusion constants. Interestingly, we found that the on-rate was not constant, but
increased with an increasing number of bound motors that effectively pulled the
cargo surface closer to the microtubule. Monitoring the binding times of successive
motors in an optical trap geometry could potentially allow for the experimental
verification this effect. This interesting cooperative effect on the on-rate that we
uncovered has a smaller effect, in general, on the run length than the reduced inter-
ference or increased availability of motors but is still significant (=10%), especially
at low ATP and/or high motor numbers (see Fig. [3.E.16]). While the cooperative
increase in on-rates works for both rigid and fluid cargo, the effect is enhanced
when more motors are available due to fluidity. Finally, we showed that increased
fluidity results in an expected increased recruitment of motors to the microtubule,
thereby increasing the number of bound motors, with the effect only being sig-
nificant at very high motor density or low ATP. We found that the confluence of
decreased interference, decreased off-rate, increased on-rate and increased motor
recruitment can lead to positive feedback resulting in dramatic effects on the run

length, under the right conditions. We predict, for example, that run length is
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insensitive to cargo surface fluidity for moderate numbers of motors at saturating
ATP but can increase by several fold for fluid membranes at low ATP conditions.
Taken together, our work reconciles varying experimental results including the ob-
served insensitivity of run length to cargo fluidity at moderate motor densities and
high ATP concentrations [94], 113]. Our prediction of a significant enhancement
of run length at low ATP is potentially physiologically important as an adaptive
mechanism, in vivo, under stress or starvation conditions [72].

We developed a generalized version of the analytical expression for run length
that accounts for cargo surface fluidity and expect it to be useful to explore a wide
range of parameter spaces for different motor types and cargo geometries going
beyond our simulations, which were mostly done with a fixed cargo radius of 250
nm. Cargo geometry enters into the effective on-rate for motors which scales as
Taa = T05./(Sr + Sa). The increase in access area, S,, as the cargo is pulled
closer to the MT is determined by the curvature of the cargo surface and sets the
magnitude of the cooperative increase in motor numbers. Even considering a fixed
cargo height and high D, the on-rate still depends on the ratio of access area to the
total surface area which decreases with increasing radius of curvature of the cargo.
Thus, from our generalized version of Eq. [£.1] we expect an increased on-rate
and higher run lengths for smaller cargo with a fixed number of motors (see Fig.
[3.E.17)). This is consistent with our simulation results (Fig. and with other
numerical studies [25]. The smallest cargos, with sizes comparable to synaptic
vesicles of about 100 nm [30], in fact, show an enormous increase in the run length
over a range of fluidity that is consistent with the ranges for in vivo membranes in
different contexts [73] [55]. For synaptic vesicles with fluid membranes therefore,
transport over very large axonal distances, is a natural outcome of our model. If
the surface density of motors is fixed, on the other hand, the quadratic increase in
the number of available motors compensates for the reduction in on-rate resulting
in larger run lengths for larger cargo (Fig. [3.E.18). In general, the changes in
run length over physiological ranges of fluidity imply that surface fluidity could be
used as a control parameter to regulate transport.

We also explored the effects of load on motor team performance and showed that
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motors on lipid cargo can undergo dynamic clustering and enhanced collective force
generation. In vivo, increased load may be due to trapping or steric occlusion of
the cargo, in which case motors can potentially cluster together exerting increased
directed force against the load, perhaps even freeing the cargo. Such an adaptive
response involving motor clustering has been observed in axonemal endosomes
[32] and increased collective force generation in response to increased load could
potentially be important in maintaining transport n vivo where crowding is high.

Overall, in this chapter, we identified the fundamental ways in which lipid
membranes affect cargo transport by teams of molecular motors and connected

with the macroscopic transport properties of physiological relevance.



Notes

3.A Estimation of relevant timescales

3.A.1  Tping and Topy

Thing 1S the mean time taken for any one motor out of N motors of lipid cargo
to bind to the microtubule. If a single motor takes 7,4 to bind, then if we have N

of them, mean time for any one of the motor to bind is

Ta,
Thind = Wd (3.2)
Tad = 1/7aq. We have measured the value of 7,4 in Fig. for a lipid cargo of
radius 250 nm and fluidity D = 1 um?s~ 1. It is about 0.12 s™1. So 7,4 = 8.33 s.

Toff 1s the time taken for a given bound motor to unbind. It is estimated
-1

o

rate). Unloaded motor off-rate is a function of ATP concentration. At high ATP

as Toff = € where ¢, is the off-rate of an unloaded kinesin motor (bare off-
concentration of 2 mM, ¢, is measured to be 0.79 s~! [9, §]. Based on previous
studies [152) 154] [130], we assume that €, = v,/d. d is the run length of unloaded
kinesin motor which is found to be independent of ATP concentration. These
information along with Michaelis-Menten equation provided in Eq. 2.16 enable
us to calculate unloaded velocity (v,), unloaded off-rate (¢,) and unbinding time
(7off) of a kinesin-1 motor at different ATP concentrations. Please refer to Table
below for numerical values.

o4
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Table 3.A.1: Comparison of the single motor binding and unbinding times
for different N and [ATP]

N [ATP] Vo (nm S_l) €, = Qd"- (S_l) Tof f (S) Thind = If'f‘ (S)

4 2 mM 800 0.79 1.26 2.08
4 100 pM 955 0.548 1.82 2.08
4 49 uM 80 0.079 12.66 2.08
16 2mM 800 0.79 1.26 0.52
16 100 pM 259 0.548 1.82 0.52

Thing - the estimated mean time for the first motor binding in a lipid cargo (with
D =1 pm?s™') assuming that all motors on the cargo are unbound , 7,5 - the
mean lifetime of a bound motor, N - total motors on the cargo. d is the run
length of unloaded kinesin motor which is found to be independent of ATP

concentration.

3.A.2 Conditional on-rate

In Fig. B.2.1] we showed that the binding rate of a motor increases as the
number of bound motors increases. However, it might be challenging to measure
this rate directly in experiments because the n-bound state is not stationary but
can decay to n — 1 state by losing a motor. But one might be able to experi-
mentally measure the number of bound motors as a function of time and one can
obtain the conditional on-rate per motor from this data. We define the conditional
on-rate per motor (Fig. as the rate of transitioning from n-bound state to
n + 1-bound state divided by the total number of unbound motors in that state,
N —n. A n-bound state can transition to a n + 1-bound state if any one of the
N — n free motors binds to the microtubule. As mentioned earlier n-bound state
can also decay to n — 1-bound state if one of the motors unbind. So we are looking
at the rate with which n goes to n + 1 gated by n going to n — 1. To obtain this
conditional on-rate from the number of bound motors as a function of time, we

just have to filter all the n to n 4+ 1 transitions in this time series, measure mean
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rate for such transitions and divide by N — n.

In addition to being straightforward to measure from trajectory data, it is also
easy to find an analytical estimation of this conditional on-rate of a motor if we
know the single motor on-rate and the single motor off-rate. Let 7' be the mean
time for the decay of the n-bound state. Assuming that the motors work inde-
pendently, we can write, 7 = 7! /n. Let 7" be the mean time for gaining 1 more
bound motor. Since there will be N — n free motors when n motors are bound
and these motors bind independently, 7" = 77 /(N — n) where 77 = 1/myq is the

binding time of a single motor.

Mean time to go from n state to n+ 1 state before n state decays to n — 1 state
is
1 [ 1
h=— [ tet™—dt 3.3
nm g et (33

where
1 1 1

T, T s

N is the normalization factor given by

o 1
N:/ e_t/””—ndt (3.4)
0 Ty
On simplification
Ty
n=r,=—"2 3.5
1 n

The conditional binding time per motor is 7., = 724(N — n). Conditional on-rate

~ /1
per motor is m.q = 1/7,.

We note that as n increases, the decay rate of n-bound state also increases.
This implies the conditional on-rate per motor should increase as a function of
the number of bound motors, just because of the increase in the decay rate (or

decrease in the gating time) even if the binding rate of motor 7,4 doesn’t change.

But we have seen in Fig. [3.2.1b) that 7,4 is not a constant value but is a

function of n. We were curious to know how much difference will the change in 7,4
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make on the conditional on-rate as a function of n. So we plotted the estimated
conditional on-rate taking m,q(n) (data from Fig. [3.2.1[b)) and compared with
conditional on-rate with 7,4 a constant (equal to m,(1)) along with the measured
value from simulations (Fig. 3.E.9). However, there is not much difference between
Taa(n) and 7m.4(1) case indicating that it might be challenging to observe this in
experiments. The conditional on-rate measured from simulations agree well with
the analytical estimations confirming the consistency between simulation measure-

ments and analytical calculations.

3.B Analytical estimation of run length for a rigid
cargo

Since motors, are not free to move on a rigid cargo we approximate the run
length as a weighted average of run lengths for the different number of motors in
the access region [93]. The probability of locating exactly | motors in the access

region when N motors are present on the cargo is

N
P(l) = ( z )0/(1 — )N (3.6)
« is the ratio of the access region to the total surface area of the cargo. The run

length of the rigid cargo is estimated as

N

Trigid = Z P/\(/l) r(l,m,) (3.7)

=1

where N' = " P(1) and 7(N,, 7.q) is given by [79]

(1 + Zmd)N - 1] (3.8)

T(Navﬂ-ad) - Yo

aTad
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3.C Discussion on how the runlength of cargo
can be different even though the average

number of motors is the same

We observe in Fig. [3.2.2(a) that the average number of motors for N = 4 Low
ATP (4.9 uM) and N = 16 High ATP (2 mM) are approximately equal for lipid
cargoes (D = 1 um?s™!). However, the runlength for the former case is higher
than the latter. This is surprising since intuitively one would expect runlength to

be the same when the average number of motors is the same.

We attribute this difference to the higher tendency to accumulate motors in
the case of N = 4 Low ATP than N = 16 High ATP. A cargo run stops when the
last bound motor unbinds. The likelihood for a new motor to bind before this last
motor unbinds determines how far the cargo travels on the MT. Let us look at the
ratio of the rate to bind one more motor to the unbinding rate for the case when
there is just one motor bound, i.e.,

_1—>2
1—0

(3.9)

Calculated value of effective binding rate for a given motor in lipid cargo with

1

D =1 pm?s~! is approximately 0.12 s71. So the rate for the process 1 — 2 is

0.12(N-1) s~t. The approximate unbinding rate, i.e., the rate 1 — 0 is 0.79 s~*
for High ATP and 0.079 s™! for Low ATP (The no load off-rate of a single kinesin

motor).

(a) For N = 4 Low ATP (4.9 uM)

(4—1)%0.12
* 0.079 o0 (3.10)
(b) For N = 16 High ATP (2 mM)
16 — 1) % 0.12
Ry = U6V 012 o (3.11)

0.79
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Figure 3.D.1: Schematic with the motor forces. X is the center of mass of the
cargo. ffz are the anchor position vectors of motors. ﬁl are the position vectors of
the microtubule-bound motor heads. Corresponding motor forces are represented

by E,.

So the accumulation tendency in case (a) is higher than in case (b). Assume
during a cargo run, the bound motor number becomes 1, then case (b) is more
likely to fall off compared to case (a). However the average number of bound
motors turns out to be the same because of the difference in upper bound, the
maximum number of bound motors possible in case (a) is 4 whereas in case (b) it

1s 16.

3.D Details of different force-related metrics used

to characterize negative interference

Force distributions

To get this data, we first run simulations of cargo transport for different cargo
surface fludities (N=16, [ATP]= 2 mM). For each cargo run, we recorded data
samples at every 0.01 s intervals. Every time sample includes the position of cen-
ter of mass (X), the anchor positions of all motors (A;), the head positions of
microtubule bound motors (ﬁz) To get good statistics we ran 200 cargo runs for

each cargo surface fluidity.
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From the collected data set, we extract all those time samples with desired
number of bound motors (say n = 3). Then we compute the motor force vectors

—

(F;) from the motor anchor and head positions as described in the materials and
methods (Also see Fig. . Then we compute the magnitude of the force
vectors (f; = |F[). As per the convention, we take the magnitude to be negative for
motors experiencing a hindering load (for example, motor 1 experiences hindering
load in the Fig. and positive for motors experiencing assistive load (motor
2 in Fig. 3.D.1). We randomly select 10000 such f values from all time samples
with n = 3 and then we compute the force distribution and the error bars by
bootstrapping method. Bootstrap sample size was 1000 and number of bootstrap

samples was 10.

Mean variance of forces

For each time sample with the given number of bound motors, we computed the
variance of the absolute magnitude of motor forces 0|2f‘ = L3 (fi — f)? where
f = %Z?:l fi. We then computed the mean of this variance by using S=10000

random time samples, & ZZ'S:1 Jffl(i).

Force correlation

At every time sample with a given number of bound motors (n), we computed
the product of x-components, fIf* (j # k) between all different unique pairs (i, j)
of bound motors. Then we computed the mean by randomly drawing S = 10000
values from the set of all fJf* values over all independent motor pairs in all the

time samples with given number of bound motors from 200 cargo runs.

Motor off-rate

We measure the motor off-rate by tracking each individual motor from the
time binds to the microtubule to the time it detaches from the microtubule. By
collecting lifetime of many such individual motor runs within a cargo run, we

compute the mean lifetime of motors.
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Figure 3.D.2: Schematic diagram of a cargo with 1 motor under a fixed
hindering load. It is assumed that motor diffuses until the tangential component

of force on the cargo surface reduces to 0.

Calculation of equilibrium anchor position for a

motor on a lipid cargo

We assume that motor diffuses on the cargo until the tangential component
of motor force reduces to zero and at equillibrium, x-component of motor force

balances the hindering load. Thus from force balance,we have

Fsinag, = fi (3.12)
F = kpot(L — Linot) (3.13)
But
R

L=-—"_ _R= ~R (3.14)

sin aveq COS (g

Hence,
R
F - kmot ( - R - Lmot) (315)
COS (eq

Substituting Eq. in Eq. [3.12] we get

fh = kmot sin Qeq (

We then solved for cosa,, numerically. We found solutions range from cos ae, =

~R— Lmot) (3.16)

COS Qreq

0.81 to 0.72 as hindering force varies from 0 to 8 pN. This is comparable to the
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value cos a for locations of motor accumulation we get from simulations (0.98, 0.83,
0.83 for f, = 0, 2, 4 pN respectively). The predicted values from the force equilib-
rium are at slightly larger angles than the measured simulation values presumably

because fluctuations will tend to push the cargo slightly away from the MT.
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Figure 3.E.1: Motor and cargo position and corresponding forces. Variables
and the simulation parameters same as Fig. [3.2.0[a) Reprinted with permissions

from Sarpangala and Gopinathan, PLos Comput. Biol., 2022 [125]. CC-BY-4.0.
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Figure 3.E.2: The fraction of the force distribution with a magnitude of
force f greater than or equal to 0.01F,, as a function of the diffusion
constant for the different number of bound motors n. Error bars represent
the standard error of the mean obtained by the bootstrap method. Fj is the stall
force of kinesin. The fraction increases as a function of n for rigid cargo but
decreases for lipid cargo. Required force distributions as a function of n and D
were obtained using the same procedure as explained in Fig. [3.2.0[b) (simulations
without rotational diffusion, N=16, [ATP] = 2 mM).Reprinted with permissions
from Sarpangala and Gopinathan, PLos Comput. Biol., 2022 [125]. CC-BY-4.0.
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Figure 3.E.3: Fraction of force distribution with force magnitude greater
than 0.01F; in the assistive direction. Required force distributions as a
function of n and D were obtained using the same procedure as explained in
Fig. [3.2.0(b) (simulations without rotational diffusion, N=16, [ATP] = 2 mM).
Reprinted with permissions from Sarpangala and Gopinathan, PLos Comput.

Biol., 2022 [125]. CC-BY-4.0.
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Figure 3.E.4: Mean value motor force (in Newtons) experienced by a
bound motor as a function of the number of bound motors n and diffu-
sion constant D. Mean force magnitude is negative which means on an average
the motor is in the hindering direction, as one would expect because of active mo-
tion of motor on MT. The magnitude of mean force decreases with an increase in
the number of bound motors due to load sharing. (simulations without rotational
diffusion, N=16, [ATP]| = 2mM) Reprinted with permissions from Sarpangala and
Gopinathan, PLos Comput. Biol., 2022 [125]. CC-BY-4.0.
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Figure 3.E.5: The mean variance of forces (in units of N?) among bound
motors. Calculated as %Zle U|2f|(i) where the summation is over all the sample
time points where the number of bound motors is n. Uﬁf‘(i) is the variance in
the magnitude of force experienced by the n bound motors at i** data sample.
S = 10000 except for (i) D =0n =3, S = 7360 (ii) D =0n =4, S = 1083
(iii) D = 0.001 n =4, S = 3754 (iv) D = 0.0l n =4, S = 6396 (v) D = 0.01
n=4,5 =3508 (vi) D =0.1 n =4, S = 4883. (simulations without rotational
diffusion, N = 16 [ATP] = 2 mM). Reprinted with permissions from Sarpangala
and Gopinathan, PLos Comput. Biol., 2022 [125]. CC-BY-4.0.
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Simulation results for different cargo radii. (a) Distribution of

the absolute magnitude of motor forces in rigid and lipid cargoes for two different

cargo radii, without considering rotational diffusion of cargo. (b) Distribution of

the absolute magnitude of motor forces in rigid and lipid cargoes for two different

cargo radii, including rotational diffusion of cargo.

(¢) Mean force correlation

between x-components of motor forces (d) Mean single motor off-rate. N=16,

[ATP]= 2 mM. Reprinted with permissions from Sarpangala and Gopinathan, PLos

Comput. Biol., 2022 [125]. CC-BY-4.0.
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Figure 3.E.7: Distribution of cargo displacements (position fluctuations)
measured in 0.01 s time intervals along (a) x-axis (b) y-axis and the (c)
z-axis. In general, fluctuations increase with the increase in the fluidity of the
cargo surface. Vertical lines indicate the mean values of fluctuations, interpreted
as ves 0t where vy s is the effective velocity of cargo and 4t is the time interval used
for measuring fluctuations (0.01 s). Fluctuations along the x-axis have a positive
mean (v.rrdt ~ 8nm) because of the active motion due to molecular motors.
Fluctuations along the y-axis and z-axis have a 0 mean. Fluctuations along the
z-axis are much narrower than fluctuations along the y-axis and x-axis because of
the steric force due to the microtubule. Data were obtained from the transport of
cargoes (without rotational diffusion) with a total of N = 16 motors at [ATP] =
2 mM. 200 cargo runs were considered for each diffusion constant. Reprinted with
permissions from Sarpangala and Gopinathan, PLos Comput. Biol., 2022 [125].
CC-BY-4.0.
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Figure 3.E.8: Standard deviation (nm) of the position fluctuations as a
function of diffusivity and the number of bound motors. Data were ob-
tained from the simulation of the transport of cargoes (without rotational diffusion)
with a total of N = 16 motors at [ATP] = 2 mM. 200 cargo runs were consid-
ered for each diffusion constant. Reprinted with permissions from Sarpangala and

Gopinathan, PLos Comput. Biol., 2022 [125]. CC-BY-4.0.
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Figure 3.E.9: (a) Conditional on-rate measured from the simulation tra-
jectories. We simulated 200 cargo runs (without rotational diffusion) for N = 16
[ATP| = 2 mM case and recorded the value of the number of bound motors at a
sampling rate of 100 s™'. With this data, we identified all the n bound motors
to n + 1 bound motor transitions, calculated the mean time for such transitions,
and then the mean rate (1/meantime). We then divided this rate by the number
of unbound motors N — n to obtain the conditional on-rate per motor. We then
repeated the analysis process for a different number of bound motors n and diffu-
sion constants D. (b) Comparing the measured conditional on-rate with
analytical expressions. Black triangles with dashed lines provide conditional
on-rate where we consider the increase in on-rate of a single motor with an in-
crease in the number of bound motors. Grey circles with a dashed line provide
conditional on rate assuming a constant single motor on-rate. It can be inferred
that if we measure this quantity in experiments one can expect to see only a slight
increase as the cargo comes closer to the microtubule. This is because as the num-
ber of bound motors increases, the effective detachment rate of the n-bound state
increases, hence the gating time decreases. Our analysis shows that the decrease in
gating time contributes more to the increase in the conditional on-rate than the in-
crease in the single motor on-rate. See Appendix for more details. Reprinted
with permissions from Sarpangala and Gopinathan, PLos Comput. Biol., 2022
[125]. CC-BY-4.0.



71

? N | B |

= - — .
-4-- Rigid i 3L+ Rigid -4- Rigid '
~+- D=0.01 um?s7* i -4- D=0.01 ym?s~} t | 4--+- D=0.01um?s? i
- D=lum?s™ /| -4- D=1um?s7 :¢¢+#' ! ~4- D=1pum?2s~1 ."

<2 { || I I

[ ]

e

e

! RS Ly #yt
g L

1 wwm?‘i“?""ﬁ P ,mmr""" D

R FTTT SSARETY! R

LLL : ITh dhabei i) IR | L
1072 1071 10° 10 1072 10°Y 10° 10! 102 10t
time, t(s) time, t(s) time, t(s)
(a) N=4 High ATP (b) N=4 Low ATP (c) N=16 High ATP

Figure 3.E.10: Ensemble average (+ SEM) of the number of bound motors
for three different cargo-motor systems. Vertical lines indicate the estimated
time-scales, mean time for a new motor to bind - 7,4 (dashed lines) and mean
unbinding time of a kinesin motor - 7,7 (solid black line). N is the total number
of motors on cargo, High [ATP] = 2 mM, Low [ATP] = 4.9 uM. The averaging was
performed over 200 cargo runs (without rotational diffusion) each. Please refer to
Table 1 in Appendix for more information on 7,4 and 7,5¢. Reprinted with
permissions from Sarpangala and Gopinathan, PLos Comput. Biol., 2022 [125].
CC-BY-4.0.
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Figure 3.E.15: Average value of motor off-rate as a function of fluidity
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Figure 3.E.17: Analytically estimated runlengths for different cargo radii

for a fixed number of motors on cargo. The general method for calculating

runlength analytically is described in the main text. We have numerically com-

puted the access area, S,, considering the typical distance between cargo surface

and MT for 1 motor bound case. 7}, for computing influx area, S;(D) = / 2D7]% s,
was taken to be 1 s which is the typical motor unbinding time at saturating ATP

concentration. Yellow vertical bands in (a) and (b) correspond to the range of

physiologically relevant diffusion constants of motors. Reprinted with permissions

from Sarpangala and Gopinathan, PLos Comput. Biol., 2022 [125]. CC-BY-4.0.
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Figure 3.E.18: Analytically estimated runlengths as a function of cargo

radius (R) for a fixed surface motor density (o).

for calculating runlength analytically is described in the main text.

We

The general method

have

numerically computed access area, S,, considering the typical distance between

cargo surface and MT for 1 motor bound case. 7.}, for computing influx area,
S1(D) = \/2D7}};, was taken to be 1 s which is the typical motor unbinding time

at saturating ATP concentration. Yellow vertical bands in (a) and (b) correspond

to the range of physiologically relevant diffusion constants of motors. Reprinted

with permissions from Sarpangala and Gopinathan, PLos Comput. Biol., 2022
[125]. CC-BY-4.0.
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Comparison of the number of bound motors and cargo

runlength without and with rotational diffusion in the model. (a) Average

number of bound motors (b) Runlength. Error bars represent the standard error

of the mean.

[ATP] = 2 mM. Reprinted with permissions from Sarpangala and

Gopinathan, PLos Comput. Biol., 2022 [125]. CC-BY-4.0.
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Chapter 4

Heterogenous teams of motors on

the cargo

In this chapter, we explain how heterogeneity among motor populations is
essential in explaining the reported increase in cargo velocity with an increase in
cargo surface fluidity. Additionally, we show that lipid cargoes can travel a given
distance with a lower degree of heterogeneity than rigid cargoes. This work sheds
light on novel transport phenomena that emerge because of the combined action

of the fluidity of cargo surface and heterogeneity among motor teams.

4.1 Introduction

In the previous Chapter [3] we explained that coupling motors through lipid
membrane, and the resulting diffusion of motors on the cargo surface influence
multimotor functioning in various ways. This is also in agreement with other pa-
pers on membrane-bound cargo transport and gliding assay-based studies [119] [71],
08, 125, 106, 113, 04, 25]. In particular, studies have shown that cargo velocity
[113, 94], runlength and mean binding rate [71], 98|, 125] can change because of the
presence of the membrane as the membrane diffusion helps in reducing mechanical
interference [125] and leads to dynamic motor clustering. Microstructures in the

membrane (lipid rafts) can lead to additional clustering of motors [119]

80
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In addition to the complexities of motor-motor coupling through the mem-
brane, the motor teams in cells are found to consist of motors of different types.
For example, it is known that melanosomes in Xenopus melanophores are carried
by kinesins, dyneins, and also myosin-V [91], intraflagellar transport of IFT par-
ticles by kinesin-II and osm-3 kinesin [134] 115 116]. There are also abundant
examples of the presence of both dyneins and kinesins on the same cargo, which
leads to bidirectional transport on microtubules [59]. It is still unclear how cells
can achieve desired transport when the individual motors have different transport

properties, such as velocity, binding and unbinding rate, and even polarity.

This transport by non-identical motor teams has been studied experimentally
and also theoretically. It is shown in microtubule gliding assay experiments and
models that the predicted behavior of teams of motors is sensitive to their single
motor properties [I0]. However, the insights from the planar geometry in assay
systems [I0] cannot be directly translated into the spherical cargo geometry rele-
vant for cargo transport in cells. Hence, one has to complement these studies with
analysis of spherical cargo geometries for a comprehensive understanding of trans-

port by heterogeneous teams of motors through complex cellular environments.

Experiments with a spherical cargo geometry often focus on two quantities,
the cargo runlength (average distance traveled) and cargo velocity, since they are
two transport quantities of most relevance in vivo. If we consider the transport
of signaling molecules, then cargo velocity might be more important as it deter-
mines how fast cells can respond to external stimuli [I10]. It was observed that
cargoes that have a fluid surface have higher velocity than those that have rigid or
gel-like surfaces when carried by teams of kinesins [94] as well as myosin-V [113]
in in vitro experiments. These studies also propose two possible mechanisms that
could lead to this speedup, namely the delay in strain generation between motors
of different types and the enhanced detachment of lagging motors and recentering
of cargo. But it is unclear whether these mechanisms explain the observed speedup

quantitatively and what is the relative contribution of these two mechanisms to
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the overall cargo speedup. We wanted to find a minimal computational model
that shows this velocity difference and thereby understand the mechanisms behind

higher lipid cargo velocity.

Our simulations of lipid cargo transport in Chapter [3]didn’t show a statistically
significant difference between rigid and lipid cargo velocities. We reasoned that
this could be because the force-velocity dependence we assumed in our computa-
tional model may not be sensitive enough to lead to differences in cargo velocity
with changes in cargo surface fluidity. It may also be that the heterogeneity in
single motor velocity often seen in mixtures of motors purified from cells [121], T13]
show heterogeneity in their single motor velocities. In fact, it was suspected that
this heterogeneity in single motor velocity could be leading to the observed higher
lipid cargo velocity [94], although it wasn’t explained how heterogeneity could lead
to higher velocity.

In this study, we performed cargo transport simulations by motor teams with
varying levels of heterogeneity in their individual motor velocities. Our findings
indicate that a substantial degree of heterogeneity in single motor velocity is cru-
cial for achieving higher lipid cargo velocities. We explain this increased velocity
through an analysis of cargo and motor dynamics, the velocity contribution from
cargo recentering mechanisms, and the delay in strain generation. Furthermore,
we investigated the impact of heterogeneity in motor velocity on runlength (the
average distance traveled by cargo) and showed that lipid cargoes can traverse a
specified distance with a smaller proportion of slower motors while maintaining a

higher overall cargo velocity.

4.2 Methods

We used the same computational model as described in Chapter [2| with the
added feature that each motor could have a unique single motor velocity v, met. To

take into account the physiologically relevant heterogeneity in motor velocities, we
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Figure 4.2.1: Schematic of the heterogeneous motor teams model. The
velocity of a motor v,,,; depends on the force that it is experiencing and its intrinsic
unloaded motor velocity vy mer. The unloaded motor velocity v, me is different for
each motor, and they are drawn randomly from a given probability distribution

like the one shown on the left. Created with BioRender.com

considered experimentally observed heterogeneity in motor populations as input to
our model. Specifically, we used a normal distribution and a bi-delta distribution,
as explained in the results section. We assign to each motor a mean unloaded
motor velocity v, met, Wwhich was drawn randomly from a given probability distri-
bution. In our model, the unbinding rates of motors are effectively proportional to
their stepping rates. Thus slower motors effectively spend longer times associated

with microtubules.
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4.3 Results and Discussions

4.3.1 Heterogeneity is essential to explain experimentally

observed differences in rigid and lipid cargo velocities

We wanted to first find a computational model with the least set of assump-
tions that show a velocity difference between rigid and lipid cargoes. While models
have shown this velocity difference, [113] they had a few assumptions. First, it was
assumed that every step of the motor results in a spike in its force. If the motor
is attached to lipid cargo, the tangential component of this force relaxes quickly
because of the sliding of motor attachement point on the membrane. If it is rigid
(or gel-state) cargo then such force relaxation is much slower. While our previous
computational model [125] showed that there is indeed a reduction in forces expe-
rienced by motors in lipid cargo, it is only true statistically, and force trajectories
don’t show a spike and eventual relaxation every time a motor steps. Second, it was
assumed that the center of mass of the cargo fluctuates about a point that is the
mean of front and rear-most motor positions. We were curious to know if we are
able to see the velocity difference between rigid and lipid cargo in a 3-dimensional
Brownian dynamics simulation of cargo transport by teams of motors independent

of additional assumptions of motor force relaxation and cargo recentering.

Surprisingly our initial simulations of 3-dimensional cargo transport by teams
of motors, reported earlier [125] didn’t show any difference between rigid and lipid
cargoes. We reasoned that this independence of cargo velocity to fluidity of the
membrane could be because the force-velocity curve we used in our simulation is
not sensitive enough or as previous works [94] pointed out, this may be due to the

presence of heterogeneity in velocities of motors in the team.

To test if heterogeneity could lead to differences in lipid and rigid cargo ve-
locities, we introduced a heterogeneity to our model by incorporating a normal
distribution to single motor velocity with a standard deviation of 0=20 nm s~!

[152]. In this case too, no statistically significant difference was seen between rigid
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Figure 4.3.1: Heterogeneity is essential to explain experimentally ob-
served differences in rigid and lipid cargo velocities. (a) The three different
single motor velocity distributions considered in our study, normal distributions
with o= 20 nm/s, ¢ = 250 nm/s and bi-delta distribution - two different veloc-
ity populations with velocities 350 nm/s and 800 nm/s at the population ratio of
0.3:0.7. When we initialize cargoes, we assign to each motor its unloaded velocity
drawn from these distributions. (b) The resultant cargo velocity for three different
input single motor velocity distribution. To measure velocity, we obtained cargo
position data from the simulations of transport of cargo by teams of motors with
the given single motor velocity distribution. For each cargo run, we recorded the
cargo position data at a sampling rate of 100 s~*. 200 such cargo runs were con-
sidered for each parameter set. Cargo velocity was then measured as the ratio of
mean displacement along the x-axis in a given time window to ¢t (we took dt =
0.1 s). Error bars denote the standard error of the mean (error bars are very small
and hence not visible in the figure). For all cases, the number of motors on the
cargo was N = 16 and ATP concentration in the medium, [ATP] = 2 mM. For

lipid cargoes, we considered a motor diffusion constant of D = 1 um?s™*.

and lipid cargo velocities (Fig. |4.3.1p). We thought this could be because the
heterogeneity that we considered wasn’t sufficient to cause a significant difference
in cargo velocities. In fact, previous experimental works have reported a higher
relative heterogeneity in single motor velocity in teams of kinesins [I121] and also
in teams of myosins [I13] as quantified by the spread in the single motor velocity

distribution. When we used a high heterogeneity, normal distribution with o =250
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nm s~ (Fig. ), we observed a higher velocity for lipid cargoes. This shows
that heterogeneity in single motor velocity could lead to a difference in rigid and
lipid cargo velocity. To confirm that heterogeneity in single motor velocity leads
to velocity difference, we tried another case of heterogeneity, as seen in kinesin-
I motors purified from drosophila embryos [I21], two sub-populations of motors
with velocities 350 nm s~ and 800 nm s~! at a population ratio of 0.3:0.7 respec-
tively. We took an approximation to this distribution, a bi-delta distribution (Fig.
4.3.1p). This case also resulted in a higher velocity of lipid cargoes, confirming

that heterogeneity in single motor velocity leads to higher velocity of lipid cargoes.

Our observations compare well with previous experiments on cargo transport
by teams of kinesin-1 motors [94]. Here it was found that the velocity difference
between rigid and lipid cargo is an increasing function of the motility fraction (a
proxy for the number of motors on the cargo). This velocity difference varies from
about 25 nm s~! at low motility fractions to about 150 nm s~! at very high motil-
ity fractions [94]. Interestingly, the value of velocity difference that we observe,

1'is within this range. In addition to that, we observe velocity

about 30 nm s~
difference between rigid and lipid only at high numbers of motors on the cargo
(See Appendix, Fig. consistent with experimental observations. However,
experimental data [94] shows the velocity difference between rigid and lipid arises
not because the velocity of lipid cargo increases with increase in motility fraction
but rather because the velocity of rigid cargo decreases while the lipid cargo ve-
locity remains constant. Thus one could argue that the lipid cargo is not moving
faster than average, but in fact, rigid cargo is moving slower. This indicates that
other mechanisms might be at play, which are not accounted for in our model.
Specifically, steric interactions between motor stalk regions and the resulting me-
chanical interferences might be causing rigid cargoes to move slower than lipid
cargoes in teams of kinesins. Lipid membranes could be reducing these interfer-
ences restoring the velocity. Improvements to the mechanical model of motors

and a three-dimensional structure of microtubule lattice are needed to incorporate

these effects into our model and address this possibility.
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However experiments on teams of myosin Va [I13] show that lipid cargoes
move faster than average single motor velocity, indicating that velocity difference
between lipid and rigid (gel state) is coming because of the additional velocity
lipid cargoes gain due to underlying motor dynamics. This is in agreement with
our simulations. However, in this experiment, it was observed that the lipid cargo
velocity decreases with an increase in the number of motors on the cargo. This
might be because of the actin site exclusion and resulting jam between myosin Va
motors. Our model doesn’t take into account the filament site exclusion - the fact
that one site can be occupied by only one motor at a time. While this assumption
of no site exclusion is reasonable for kinesin transport on microtubules that have
multiple protofilaments, site exclusion might be important for myosin motor trans-
port on actin filaments that have only two protofilaments. This might explain the
discrepancy between our simulations and experimental observation of velocity at
high motor densities. In this experiment [I13], it was also pointed out that the
lipid cargo velocity increases with an increase in the cargo size while rigid cargo
velocity remains constant. While we see a trend that confirms this experimental
observation (See Fig. [4.A.2)), there are also high fluctuations that make it difficult
to say with certainty whether the lipid cargo velocity increases with an increase in

cargo size.

Overall our simulations could reproduce the experimentally observed increase
in lipid cargo velocity and show that the underlying heterogeneity in single motor

velocity is crucial for this observation.

4.3.2 Enhanced lipid cargo velocity is explained by delay

in strain generation between slow and fast.

We wanted to understand the mechanisms that lead to higher lipid cargo veloc-
ities. For simplicity, we focused on the bi-delta case (mixture of slow, 350 nm s !
and fast, 800 nms~—! motors at a population ratio of 0.3:0.7). Since we had a simple

case, a mixture of slow and fast motors with defined velocities, we hoped to find
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contribution to cargo velocities from cargo recentering mechanism. Error bars are
calculated from the error propagation method described in the text. Created with
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an analytical estimate of cargo velocities as a starting point for our explanations.
If we assume that only one motor is bound at a time, this motor could be slow or
fast; the probability of it being slow or fast depends on the population ratio and
the mean lifetime of these motors. We then computed the average of slow and fast

motor velocities weighted by the corresponding lifetime of slow and fast motors,

1

which is v,y = 486.9 nm s™, clearly lower than the observed cargo velocities of

1

about 600 nm s~. It could be because, most of the time, more than one motor

is bound, and faster motors could be enhancing the detachment of slower motors.
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We looked at the probability distribution of the number of bound motors, and
only 30 to 40 % of the time, it is singly bound (See Appendix Fig . If we
consider that more than one motor is bound, it becomes important to take the
mechanics into account since the velocity difference between motors could induce
a strain between them which could impact the motor and cargo velocity. In fact,
forces experienced by slow and fast motors do show such a strain build-up between
slow and fast motors; when the lagging slow motor detaches this additional strain

experienced by the fast motor drops (See Appendix Fig[4.A.4)).

In previous works, it has been emphasized that the increased cargo velocity of
lipids is because there is a preferential detachment of lagging motors, and after a
lagging motor detaches the cargo quickly recenters, which gives an additional boost
to cargo velocity (Schematic of the mechanism is in Fig. 4.3.2(b)). It was explained
that there is a higher contribution from such a cargo recentering effect for lipid
cargo since the lipid membrane allows for relaxation of the tangential component
of force, resulting in the situation where a motor that detaches preferentially has a
force normal to the cargo surface [113]. Since our simulation allowed us to analyze
the dynamics at a single motor level, it was straightforward to analyze the cargo
dynamics right after a motor detached from the microtubule and thereby test the

hypothesis.

We measured the velocity of the cargo immediately after a motor unbinds,
which is observed to decay exponentially as the time window size used for measur-
ing the velocity increases (See Appendix Fig . We fit this data to vVeargo +
Azys/t to get the mean flopping distance Azy &+ dz ¢ (scipy.optimize.curve_fit, dx
is the one standard deviation error in Axf). Ucago is the average cargo velocity.
Surprisingly, the flopping distance for rigid cargo is higher than for lipid cargo. We
also measured the number of flops, ¢.e., the number of motor detachments, Ny, and
the total cargo simulation time, 7' (equal to the cumulative lifetime of 200 cargo
runs). Then we estimated the mean contribution to cargo velocity from the cargo

recentering mechanism as Avgo, = NyAzy/T and the error as dvge, = Npoxy/T.
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Interestingly the contribution to velocity from this cargo recentering was less for
lipid cargo compared to rigid cargo (Fig. [4.3.2(b)). Hence cargo recentering mech-
anism doesn’t explain the observed velocity difference between rigid and lipid car-
goes. We added the contribution from cargo recentering (Avy,,) to our estimation
of cargo velocity (ves;) and obtained a value of about 500 nm/s. This too doesn’t
explain cargo velocity since the cargo velocity measured from simulations is about

600 nm/s. To resolve this discrepancy, we did a closer analysis of cargo and motor
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Figure 4.3.3: Evidence for the delay in strain generation between slow
and fast motors in lipid cargoes. (a) Fraction of time and (b) Mean cargo
velocity when cargo is being carried by only fast, only slow, and a mixture of slow
and fast motors. To get data in (a) and (b), we first ran simulations of cargo
transport with N=16, [ATP|= 2 mM and recorded data at a sampling rate of 100
s~! for 200 independent cargo runs each for rigid and lipid cargo. From this data
set, we filtered out time windows where microtubule-bound motors were (i) all fast
motors, (ii) all slow motors, and (iii) a mixture of fast and slow motors. To get
fraction of time data in (a), we computed the ratio of the cumulative size for each
filtered group to the total size of the trajectory data. To get the velocity data in
(b), we measured the cargo velocity by computing mean displacements in short
time windows (At =0.01 s) among each filtered group. Error bars indicate the
standard error of the mean. p values were computed from the students-t test. *

represents p < 0.05 and ns represents p > 0.05.

dynamics when multiple motors are working together. Since motors are moving

at different speeds, we expect them to compete mechanically with each other. It
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was shown the fluidity of the membrane reduces any mechanical competition in
teams of identical motors [125]. We expected that when we have teams of slow
and fast motors also, the lipid membrane could reduce the mechanical competition,
thereby allowing slow and fast motors to spend more time working together. In

other words, lipid membrane could delay strain as mentioned in previous works [94].

In order to test this hypothesis, it is important to look at the typical compo-
sition of bound motor teams, whether it is predominantly fast motor only, slow
motor only or is it a mixture of fast and slow teams. This is not only a function of
the lifetime, and population ratio of motor teams on the cargo but also depends
on the mechanical interactions between motors. The fraction of the time cargo is
carried by all fast motors, all slow, and the mixture that we measured from the
simulated data is given in Figure [1.3.3(a). It can be seen that the fraction of time
the cargo is carried by a mixture of slow and fast motors is more in the case of lipid
cargo compared to rigid cargo. This means that lipid membrane allows slow and
fast motors to spend more time associated with the microtubule simultaneously.
This is in agreement with our expectations of reduced mechanical interference in

lipid cargoes.

Then we were curious to know what is the cargo velocity when being carried
by slow only, fast only or a combination of some fast and some slow microtubule-
bound motors. While it is easy to predict what the mean cargo velocity should
be when all microtubule-bound motors are fast (or when all are slow motors), it
is unclear what the cargo speed should be when some slow and some fast motors
are simultaneously bound to the microtubule. One could argue that if any of the
MT bound motors is a slow motor, then the entire cargo should be moving with
slow motor velocity. However, analysis of simulation data indicates that the cargo
velocities when some of MT bound motors are slow, are higher than slow motor
velocity (Fig. 4.3.3(b)).

This higher velocity could be because these slow and fast microtubule-bound

motors may not be under tension always. This is confirmed by the distribution
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of motor forces experienced by slow and fast motors (Appendix Fig |4.A.6) which
indicates that slow and fast motors experience low forces (any forces below 5.25
pN - hindering load of 5.25 pN the fast motor velocity reduces to slow motor ve-
locity) for a sufficient fraction of time during the time they are associated with
microtubules. We believe that as long as motors experience forces less than 5.25
pN, the fast motors move at velocities higher than the slow motor velocity. Conse-
quently, the cargo center of mass also moves at a velocity higher than slow motor
velocities. This velocity is higher for lipid cargo than rigid cargo (Fig. |4.3.3(b),
statistical significance confirmed with students-t test, p=0.03) This is because the
lipid membrane allows the motors to slide on the membrane and relieve some of its
tension. Therefore, in lipid cargoes, the tension between motors with non-identical
velocities will be building up at a rate slower than the rate in rigid cargoes. Since
the velocities of motors are dependent on the force they experience, a lower time to
build tension would mean faster velocities of motors, especially fast motors. As a
sanity check, we then measured the average velocity by computing a weighted sum
of velocities in each of these states (Fig. |4.3.3(b)), weighted by the corresponding

fraction of time (Fig. [4.3.3|(a)). This reproduced the correct overall cargo velocity.

Overall the analysis of velocity contribution from cargo recentering mechanism
and delay in strain generation mechanism reveals that it is the delay in strain
generation that explains the higher velocity of lipid cargoes when carried by het-

erogeneous teams of motors.

4.3.3 Runlengths increase as the fraction of slow motors

increases.

Next, we focused on other biophysical advantages of having a mixture of slow
and fast motors in a team. Experimental observations that the heterogeneity in
motor velocity is higher than what we would expect from random fluctuations [121]
clearly indicates there could be some advantages to having high heterogeneity. This
is non-intuitive since identical teams may be better for smoother operations. How-

ever, one would expect to have different velocity and runlength requirements for
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considered the parameters, N = 16 and [AT'P] = 2 mM for these simulations

(same as in previous figures).
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different cargoes in cells. Often velocity of motor and runlength of single motors
are inter-related. Motors that step slowly often remain associated with micro-
tubule longer [I52]. Our computations of cargo transport by teams of motors at
low ATP concentration (where motors step slowly) show a higher run length for

teams of all slow motors [125]

However, the presence of all or some slower motors in the team is expected to
reduce the overall cargo velocity. So we expected that cells might optimize the
degree of heterogeneity in order to achieve the desired runlength while also main-
taining higher cargo velocity. To explore this optimality, we ran simulations with
a varying fraction of slower motors and measured the runlength and velocity of
lipid and rigid cargoes. As expected, the runlength increases and cargo velocity
decreases with an increase in the fraction of slower motors for both rigid and lipid
cargoes (Fig. ; the lipid cargo runlength increases more than the rigid. The
fact that lipid cargoes have higher runlength than rigid cargoes is in agreement
with previous computational studies [125] 25]. Thus lipid cargo can achieve a given
runlength with a lower fraction of slower motors or higher cargo velocity. To illus-
trate this, consider a runlength of 3 um. Lipid cargo can achieve this runlength
with a fraction of about 0.25, hence a cargo velocity of about 630 nms~!. However,
rigid cargo needs all motors to be slower motors to travel this distance, hence a

cargo velocity of only 350 nms™1.

Thus cells can tune the composition of motor teams depending on the distance
that needs to be traveled and the velocity requirements. There is evidence, at least
in the context of rigid cargoes, of cells making use of this tunability. These rigid
cargoes are intraflagellar particles that move along axonemes in cilia. They are
carried by the concerted action of kinesin-II and osm-3 kinesin motors [134 [116].
In the longer middle region of cilia (about 4 pm), IFT particles were observed
to be carried by both slow (kinesin -II) and fast (osm-3 kinesin) motors. At the
same time, the shorter distal segment (2.5 pum) is found to be traversed by only

fast (osm-3 kinesin) motors. Other cases where cells make use of this tunability
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remains to be explored.

Analytical estimation of runlength

We use the analytical expression for runlength derived by previous works, [70]

that was modified for cargoes of finite size with membranes [125]

T Na
(1 + — > - 1] (4.1)
Eo,mot

Where Uomot; Nay Tads €omot are the motor speed, the available number of

Uo,mot

T =
Naﬂ-ad

motors for transport, the single motor binding rate, and the mean motor off-
rate, respectively. Considering psio, is slow motor fraction, v, g and v, fest
are slow and fast motor velocities, €, g0 and €, fqs¢ are mean unloaded unbind-
ing rates for slow and fast motors, we compute the mean motor speed to be
Vomot = DslowVostow + (1 — Dsiow)Vo, fast; and the mean motor unbinding rate to
be €omot = Pstow€o.siow + (1 — Dsiow)€o, fast- We varied the available number of mo-
tors depending on the fluidity of the cargo surface (Please see our previous work
for more information [125]). It is interesting to note that even this crude analytical

estimation captures the observed runlength from simulations satisfactorily.

4.4 Conclusion

Previous experimental observations [04, [113] showed that membrane-bound
cargoes (or lipid cargoes) have higher velocity than membrane-free cargoes when
carried by teams of molecular motors. Even though several mechanisms have
been proposed to explain this higher velocity of lipid cargoes, a clear quantitative
explanation of the mechanisms was lacking. In this study, we show, using a com-
putational model, that underlying heterogeneities in single motor velocities are
crucial to observe higher velocities of lipid cargoes. Our simulations showed that
the lipid cargoes move with a higher velocity than rigid cargoes only when they
are being carried by heterogeneous teams of motors. When motors have different

velocities, they develop tension between them as they walk along microtubules. If
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the motors are coupled to the membrane, the rate of this strain buildup is slower.
During the time in which slow and fast motors build up tension, the cargo can
move at a velocity higher than the limiting slow motor velocity. Since this time is

higher in lipid cargo, the overall cargo velocity is also higher.

While velocity is one quantity that is of interest to cargo transport in cells, run
length is another important quantity. Having some or all slow motors in the team
enhances cargo run lengths. We find that the runlength of lipid cargo increases
more than the rigid cargo with an increase in the fraction of slow motors. Thus
lipid cargoes can traverse a given distance with a lower fraction of slower motors
or higher overall cargo velocity. We also estimated the runlength of cargoes with
a modified version of a previously established analytical equation [76, 125]. This
analytical model seemed to adequately predict the runlengths of rigid and lipid
cargoes allowing us to extend the predictions to various other parameter regimes in
future studies. Overall, our work elucidates the emergence of cooperativity between
heterogeneous teams of motors in cells because of purely physical mechanisms
arising from how they are coupled together. We also illustrate that the degree of
heterogeneity can be used as a tunability parameter to achieve desired runlength
and velocity. However, these predictions need to be verified with experiments
of membrane-bound cargo transport by teams of motors with varying levels of
heterogeneity.

The central assumption in our model is that the detachment rates of motors
decrease with a decrease in motor velocities. We assumed that all the motors are
kinesin-I motors, and the rate of the detachment of motors from microtubules is
expected to be directly proportional to the velocity of motors. However, cellular
cargoes can have motor teams that are made up of different motor types. It re-
mains to be seen what effects do such heterogeneities have on the transport by
teams of motors. A more detailed study of cargo transport by teams of motors
with different complexity, such as mixtures of different types of kinesins; kinesin,
myosin, and dynein together and other heterogeneities, is necessary to understand

the functional relevance of all these heterogeneities in cells and relevant tunability



parameters to regulate this transport.
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4.A Supplementary Figures
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Figure 4.A.1: Velocity of cargo as a function of the number of motors on

the cargo for rigid (D=0 ) and lipid (D=1 um?s~') cargoes. Single motor

1 1

velocities were 800 nm s~ and 350 nm s~ at a population ratio of 0.7:0.3. All
cargo simulations were performed at saturating ATP concentration of 2 mM. 200
cargo runs were simulated in each case. For each run, the data of cargo positions
were collected at a sampling rate of 100 s~1. The cargo velocity was then calculated

by measuring the mean displacement of cargo Ax in a time interval of At = 0.01s.
ve = Az /At
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Figure 4.A.2: Velocity of cargo as a function of cargo radius for rigid
(D=0) and lipid (D=1 pum?s™!) cargoes. Single motor velocities were 800
nm s~ and 350 nm s~! at a population ratio of 0.7:0.3. All cargo simulations
were performed at saturating ATP concentration of 2 mM. 200 cargo runs were
simulated in each case. For each run, the data of cargo positions were collected at
a sampling rate of 100 s~1. The cargo velocity was then calculated by measuring
the mean displacement of cargo Az in a time interval of At = 0.001s. v, = Az /At.

Grey color represents a rigid cargo, D = 0 and Dark green represents a lipid cargo,

D =1pm?s 1.
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Figure 4.A.4: Position and forces of motors in rigid and lipid cargoes.
Fast motors are colored in magenta; slow motors are colored in cyan. The black
line represents the center of mass of the cargo. Negative force values indicate
hindering forces, and positive force values indicate that the motor is experiencing
assistive forces. The data were collected from cargo transport simulations with a

data sampling rate of 100 s=*

. From these data, we selected a window where a
fast and slow motor are simultaneously bound. The single motor velocities were

800 nm s~! (fast) and 350 nm s~! (slow) at a population ratio of 0.7:0.3.
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velocity as v, = Azy/At.
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Chapter 5
Cargo transport across roadblocks

This chapter discusses how lipid membranes could impact cargo transport
across roadblocks on microtubules. We perform simulations of cargo transport
across a variety of roadblocks and analyze the probability of passing, the duration
of pauses near roadblocks, etc. as a function of the cargo surface fluidity. We find
that lipid membranes increase pass probabilities of cargo under certain physiologi-
cally relevant conditions. These results have implications for research on cures for

several pathologies that involve a breakdown in transport.

5.1 Introduction

Genetic studies show that the enrichment of amyloid plaques and neurofibrillary
tangles leads to the onset of neurodegenerative diseases like Alzheimer’s [107, [56,
68]. There are also separate pieces of evidence for deficits in transport in brain
cells of patients with such diseases [I07]. Such molecules, specifically tau protein is
known to disrupt cargo transport by acting as a roadblock on the microtubule path
[T45]. Hence the disruption in transport due to the presence of different roadblocks
on microtubule paths is linked to diseases like Alzheimer’s. There can be different
kinds of roadblocks on microtubule lattice in cells, which include Microtubule
Associated Proteins (MAPs) such as the tau protein. More generally, a variety of
decorating proteins, stalled cargo or other structures in the crowded cytoplasm can

act as roadblocks. Intracellular environment is crowded with proteins and other
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molecules which cover more than 20-30 % of the cellular volume. In addition to that
the environment is composed of cytoskeletal networks and vesicles, organnels which
hinder the cargo transport [102) 65]. Typical mesh size of cytoskeletal networks is
~ 50 nm [102] whereas typical cargo sizes are in the range of 50-1000 nm. Cargoes
in the size range 50-250 nm may not experience intracellular environments as a
continuous medium. In addition, the cytoskeletal filaments themselves may have
elements that hinder transport such as protein aggregates, missing tubulin sites
along protofilaments, and defect sites between annealed microtubules [52].

Because of these reasons, extensive research has been done to understand the
effect of roadblocks on cargo transport. In vitro experiments found that a given
concentration of tau affects multiple kinesin-based transports more than dynein-
based transport suggesting that tau concentration on microtubules may be used
to regulate anterograde and retrograde transport of cargoes [1406, [144]. However
several issues still remain. One unanswered question is whether the lipid membrane
on a cargo offers it any advantage in navigating around different roadblocks. We
seek to answer this question for two different kinds of roadblocks - (a) roadblocks of
the size of a single binding site, such as microtubule-associated proteins (MAPs),
inert microtubule-associated motors, defect sites, etc., and (b) roadblocks that
cover microtubules as a ring, referred as hurdles hereafter. Examples of hurdle
like roadblocks are regions where microtubules with two different protofilament
number anneal, regions where microtubule protofilament number changes, etc.
These two roadblocks are fundamentally different in that the former one can be
avoided by sidestepping of motor or in the case of multi-motor transport by a new
motor binding to neighboring protofilaments. Later one can be navigated only by
multi-motor cargoes by new motor binding to regions beyond the roadblock. In
this chapter, we discuss lipid membrane-associated physical mechanisms that help

cargoes to navigate over these different roadblocks on microtubules.
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5.2 Results and Discussions

5.2.1 Lipid membranes have negligible influence on the
probability of small kinesin teams crossing single-

binding-site-sized roadblocks.

Microtubules are hollow cylindrical shells made up of tubulin dimers. Each
tubulin dimer is made up of repeating subunits named « and g subunits. Tubulin
dimers have two kinds of interaction with each other. First, a longitudinal inter-
action between tubulin dimers that leads to a linear protofilament, and second,
a lateral interaction that results in these protofilaments organizing into a tubular

structure.

It is observed that kinesins track a single protofilament as they move along the
microtubule [120]. Motors often find that the next tubulin dimer in their path
is not available for binding, either because it is occupied by some MAPs like tau
protein, other molecular motors or it is missing due to defects [95]. Such road-
blocks which are of the size of one tubulin dimer are particularly important for
cargo transport in vivo. The behavior of motors on these roadblocks depends on
the nature of roadblocks. The binding rate of kinesins to MT was observed to
decrease in the presence of MAPs and other kinesins [I38]. Kinesins encounter-
ing such small roadblocks were observed to stop and wait there without detaching
[80),89], leading to lowered average motor velocity [80]. Other interesting behaviors
in special cases were also reported. For example, single-headed kinesin monomers
encountering such roadblocks were observed to detach more readily than pause at
the roadblock [I38]. Here, roadblocks impact the runlength of kinesins, but the

kinesin velocity is not affected.

While the behavior of single kinesins at roadblocks and intersections is well
characterized, the effect of roadblocks on transport when multiple kinesins are
coupled together is less well-understood. Some studies suggested that multiple mo-

tors have a higher probability of crossing roadblocks than single kinesins [46), [139].
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Mechanisms that lead to this higher probability of passing remain to be explained.
Interestingly, even though individual kinesin motors were observed to have a low
but finite probability of protofilament switching [138], two kinesins coupled to cargo
were found to have significant protofilament switching rate [6]. Furthermore, the
effect of lipid membrane in this process of crossing over roadblocks is not addressed

theoretically.

Here we implement roadblocks of the size of one tubulin dimer to our Brow-
nian dynamics model by considering that a microtubule-bound motor encounters
a roadblock with some probability, P each time it makes a step. When a motor
encounters a roadblock, we assume that it stays there until it detaches from the
filament stochastically. Firstly, we investigated how the variation in roadblock
probability, P affects the run length, velocity, and lifetime of cargoes for different
diffusion constants of motors on the cargo surface, D. The results are shown in
Fig. . Cargo simulations were performed for [ATP] = 2 mM and N = 4.
The runlength of cargo decreases non-linearly as a function of P. We show using
analytical calculations that the dependence of runlength with P can be shown to
be X

"= B+ hors /o) 51)

d is the step-size of motor. Fkyss is the mean detachment rate of motors. (See

Appendix for derivation). There is no noticeable variation in runlength as a
function of the diffusion constant (See . The velocities of cargoes also show
a similar trend as the run length. The lifetimes of cargoes are found to be inde-
pendent of P and D (See Fig. in Appendix). Overall these results indicate
that lipid membranes don’t influence the ability of the cargoes to navigate road-
blocks of the size of a single binding site when carried by small teams of kinesins

at saturating ATP conditions.

We wanted to explore further to see if the lipid membranes have any subtle
effect in navigating across roadblocks. Probability of cargo pausing is an indicator

of the degree to which roadblocks affect transport. We were curious to know if lipid
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Figure 5.2.1: Cargo transport across roadblocks of the size of a single
binding site. (a) Runlength, and (b) Cargo velocity as a function of the prob-
ability of encountering a roadblock on the next site (P) and diffusion constant
of motors on the cargo surface (D). Values were averages over 200 cargo runs.
[AT'P] = 2 mM (staurating ATP) and N = 4. Error bars represent the standard

errors of means.

membrane changes this probability of pausing at roadblocks, possibly by faster res-
cue using new motor bindings. We plotted the distribution of the displacements of
the cargoes and extracted the probability of cargo pausing from this distribution.
We observed that the probability distributions of displacements (Fig. [5.2.2fa))
have two peaks, a peak centered at Ax = 0 corresponds to trapping due to the
roadblock (pause state), and a peak centered around Az ~ 0.8 um corresponds to
the motion due to motor activity. It is hard to quantify the changes in the pause
and motile states as a function of the diffusion constant from this plot because
with a change in D, the width of the peak also changes in addition to the peak

height because lipid membrane allows for more fluctuation about the mean.

To quantify how variables P and D affect the probability of pause and motile
states, we measure pause probability from the step distribution defined as the area
under the probability distribution curve for Az < 0.4um (Fig. [5.2.2 (b)). It

can be observed that the pause probability increases with an increase in P and
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Figure 5.2.2: Analysis of cargo interaction with roadblocks.(a) Probability
distribution of displacements Az (displacements along x-axis) of a cargo in At=
1 s for P=0.01. The number of displacement samples collected were 8000. The
curves are the kernel density estimates (kde) obtained using distplot method of
seaborn module in python. (b) Pause probability as a function of the diffusion
constant and roadblock probability (P). Pause probability was estimated as the
area under the probability distribution curve for Az < 0.4 um. Data was from

cargo transport at saturating ATP conditions, [ATP] = 2 mM with N=4.

decreases with an increase in D. Pause probability is 0 for P=0 while Pause prob-
ability is one for P>0.1. For P=0.01, Pause probability is more for D=0 and
D=0.01 compared to higher diffusion constants. Another quantity of interest is
the mean time cargo spends being stuck at a roadblock (pause state). Using our
simulation model, we explored how this pause time varies as a function of D and
P. We defined the pause state as the state where at least one motor is trapped by
a roadblock in simulation. We first plotted the distributions of pause times (Fig.
5.2.3(a)) and then obtained mean pause time from these distributions (Fig. |5.2.3

(b)).

Although currently, we don’t consider roadblocks that increase the detach-
ment rate of kinesin, it might be interesting to include that in our model. Some

physiologically relevant roadblocks like tau protein could potentially increase the
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Figure 5.2.3: Pause time statistics. (a) Distribution of pause times for different
diffusion constants for P=0.01. Pause state is defined as the state in which at least
one motor is stuck at a roadblock (b) Mean pause time as a function of P and D.
The same parameters were used for cargo transport simulation as in the previous

figure.

detachment rate of kinesins [138]. Including this parameter of detachment rate in
our model will explain whether premature detachment of motors at the roadblock
is helpful for cargo transport. Another possible direction of improvement to the
model is including the possibility of motor avoiding the roadblock by side-stepping
to a different protofilament. It is observed that even though single kinesins don’t
have a significant protofilament switching rate when two kinesins are bound to the
same cargo, they seem to have a significant protofilament switching rate [6]. Other

motors, like dyneins are known to have much higher side-stepping probability [26].

Overall our results suggest that lipid membranes may not influence cargo nav-
igation across roadblocks of the size of a single binding site when carried by small
teams of kinesins at saturating ATP conditions. However, as described in Chapter
3, the runlength of kinesin motor teams generally increases with a decrease in the
ATP concentration and an increase in the number of motors on the cargo, and
lipid cargoes have higher runlength than rigid cargoes in these regimes. Hence,

one would expect lipid cargoes to navigate roadblocks better than rigid cargoes at
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lower ATP concentrations or when there is more number of motors on the cargo,
but this is just because of the general increase in runlength due to the fact that
Thind < Toff condition is satisfied as described in Chapter 3 and not because of any

new emergent effect.

5.2.2 Lipid membranes enhance the probability of crossing

ringlike roadblocks around microtubules.

-

w

Figure 5.2.4: Schematic diagram of a hurdle. Hurdles are ringlike roadblocks
around microtubules. They are modeled as a region of width w that is unavailable
for motor binding and transport. A motor that walks up to this region gets stuck

there until it’s stochastic detachment.

The size of roadblocks on microtubules can be greater than the size of tubulin
dimers. For example, consider defect sites between two microtubules of different
protofilament number annealed together [52]. Such roadblocks are fundamentally
different from the roadblocks that cover single-binding sites. We expect cargoes to
adopt a different strategy to navigate around these kinds of roadblocks which we

refer to as hurdles.

To analyze the mechanisms cargoes use to navigate around hurdles, we imple-
mented these roadblocks in our model by considering that a specific region of the
microtubule of width w (Fig, is unavailable for motor binding and transport.
Upon encountering the left edge of this region, a motor stops moving and waits
until it is unbound. As soon as cargoes bind to a microtubule with one motor, they

are typically rapidly taken to the hurdle (See Fig. [5.2.5(a)), then get stuck there
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until a new motor binds to a region next to the hurdle and takes the cargo out of
the hurdle. The probability of crossing hurdle depends on the number of motors
on the cargo N, ATP concentration and the cargo surface fluidity (as quantified by
the diffusion constant D). The pass probability increases with diffusion constant
at a high number of motors on the cargo, or low ATP concentrations, or both.
This is because, as described in Chapter 3, when ATP concentration is low, or
the number of motors is high, the mean binding time for a new motor 7,4 is low
compared to the mean unbinding time of an already bound motor 7,¢¢. In this
parameter regime, a new motor binds to the microtubule before an already bound
motor unbinds in lipid cargoes. This new motor that is bound can bind to a region
next to the hurdle and rescue the cargo out of the hurdle. A more careful analysis

of this theory and estimation of pass probability is given in Appendix [5.B]

The time to pass hurdle indicates fundamentally different mechanisms employed
by rigid and lipid cargoes in crossing hurdle (Fig. [5.2.6)). The mean time to pass
the hurdle varies non-monotonically with an increase in cargo surface fluidity (Fig.
5.2.6(a)). We refer to this time time as the pause time since it is essentially equal to
the time cargo spends being stuck at the roadblock. This is interesting since so far
the behavior of transport properties with surface fluidity has been monotonic. The
distribution of pause time, Fig. [5.2.6(b) indicates a heavier tail for lipid cargoes
consistent with the higher average value of lipid cargoes in Fig. [5.2.6(a). Distri-
bution of mean pause times has a non-monotonic behavior with peak between 5 -
10 s for both rigid and lipid cargoes. The typical cargo trajectories corrsponding
to events with this pause time is quite simple (see Fig. [5.2.6(b) i). The cargo is
rapidly taken to the hurdle there it waits until a new motor binds to a region next
to the roadblock and the new motor(s) take the cargo out of the roadblock and the
stuck motor detaches. However, events corresponding to extreme pause times are
qualitatively different between rigid and lipid cargoes. In the case of rigid cargoes,
trajectories corresponding to extremely long wait times (Fig. [5.2.6(b) ii) indicate
the unavailability of motors. But when a new motor binds the cargo quickly goes

out of the hurdle. In the case of lipid cargoes, trajectories corresponding to ex-
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Figure 5.2.5: Probability of crossing hurdle increases with increase in
cargo surface fluidity. (a) Typical cargo trajectory. Black line: x-position of
the center of mass of the cargo. Yellow lines: positions of motor heads along
the microtubule. The hurdle is at position x = 250 nm. Cargo is said to have
crossed the hurdle when no motor can access region below the hurdle, i.e when the
center of mass of the cargo covers one radius distance beyond hurdle, x = R 4 250
nm. (b) Probability of crossing the hurdle for cargo with a singly bound motor.
Average was over 200 cargo runs. Error bars represent standard error of means.
(c) Schematic to illustrate parameter dependence of sensitivity of pass prbability
to cargo surface fluidity. Pass probability is sensitive to cargo surface fluidity when
mean binding time for a new motor 7,4 is less than mean unbinding time 7,¢¢, i.e.
when the number of motors on the cargo N is high or when ATP concentration in

the medium is low or both.
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tremely long wait times (Fig. [5.2.6(b) iii) indicate failed events. New motors bind

multiple times but they are unable to pull the cargo out of the hurdle.

As seen in Chapter 3, the lipid membrane reduces negative intereference be-
tween motors. It seems that this interefernce between motors is necessary for
motors to pull cargo out of roadblocks. In case of rigid cargo, when a new motor
binds to a region next to hurdle, it has good chance of taking the cargo out of hur-
dle. Because this new motor exerts a force on the stuck motors, and increases it’s
detachment rate because it is in assistive configuration. Whereas, in lipid cargo,
when a new motor binds to region next to hurdle, it cannot always pull the cargo
out of hurdle since the effective decoupling of motors due to the presence of mem-
brane makes it difficult for motors in the front to pull the stuck motors out of the

hurdle.

So far we considered cargoes that approach hurdle immediately after binding to
microtubule. Thus predominantly cargoes had single microtubule bound motors
when they approach hurdles. In vivo it is also possible that cargoes encounter hur-
dles with different number of bound motors (initial_bound). The hurdle of width,
w = 16 nm is located at z = 250 nm. The center of mass of each cargo was
initialized at x = 0. So the hurdle is right at the edge of the cargo (cargo radius
is 250 nm). Cargoes are said to have passed only if their CM crosses z = 500 nm
which is one radius away from the roadblock. We performed simulations for three
cargo-motor systems, (i) N=4 at High ATP (2m M), (ii) N=16 at High ATP (2
mM), and (iii) N=4 at Low ATP (4 p M) for an initial number of motors ranging
from 1 to 4 and measured the probability of crossing the hurdle and mean time

taken by the cargo to cross the hurdle (Fig. [5.14]).

It can be observed from Fig. that the pass probability for initial_bound=1
case increases with an increase in the fluidity of the cargo whereas, for initial _bound
> 1, it decreases with increase in fluidity although by different amounts depending

on the N and ATP values. In general for a given diffusion constant, pass proba-
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Figure 5.2.6: Pause time analysis reveals distinct mechanisms used by
lipid and rigid cargoes in navigating hurdles. (a) Mean pause time at the
hurdle for cargoes that crossed. Mean was over 200 cargo runs, at N = 4 and [ATP]
= 4 puM. (b) Distribution of pause time for extreme diffusion constant cases, Rigid
(D = 0) and Lipid (D = 1 um?s™!). Insets show the cargo trajectories. (i) Typical
cargo trajectory of rigid and lipid cargoes that have pause time near the peak
of the distribution (ii) Trajectory of rigid cargo with Pause time about 20 s (iii)

Trajectory of lipid cargo with pause time about 35 s.

bility increases with an increase in the initial number of bound motors. The pass
probability of rigid cargoes changes only slightly with changes in N or ATP which
indicates that the pass probability for rigid cargo has only to do with the motors
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available in the access region. However, pass probability of lipid cargoes with high
diffusivity significantly varies with changes in N and ATP. It seems that the re-
binding rate of motors governs the pass probability. In rigid cargo this ratio this
rebinding rate very high in case of initial_ bound > 1 since at the motors can’t
diffuse away as in case of lipid cargo.

Mean time to pass increases with an increase in the diffusion constant for a
given initial bound. For a given diffusion constant, mean time decreases with an
increase in the initial bound for rigid cargo and increases for lipid cargo. This
difference in the behavior for rigid and lipid cargoes might be because of different

kinds of pass mechanisms in rigid and lipid cargoes.

In cells, cargo may encounter a roadblock at any stage during the transport
process. So we calculated the effective probability of passing the hurdles as the
weighted average of pass probabilities for individual initial bound motors weighted
by the appropriate probability distribution of bound motors (Fig. . (The
probability distribution of bound motors was obtained from simulations of Chapter
3.). It can be observed that in High ATP cases the pass probability is independent
of cargo surface fluidity. However, for the Low ATP case, pass probability increases

with cargo surface fluidity.

5.3 Conclusion

In this chapter, we developed models of cargo transport across roadblocks of
the size of a single tubulin dimer and more larger ring-like roadblocks (hurdles)
on microtubules and more attention was given to hurdle because of relatively less
studies in this area. We find that lipid membranes increase the probability of cross-
ing hurdles when they approach roadblocks with single microtubule-bound motors.
We also identify qualitatively distinct mechanisms that lipid and rigid cargoes use
to cross hurdles. In the case of rigid cargoes, binding of a new motor to a region
next to the hurdle mostly leads to the rescue of cargo out of the hurdle. However,

rigid cargoes are limited by the lack of availability of motors; for example, if a rigid
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cargo has only one motor in the access region, it cannot cross the roadblock. Lipid
cargoes however have a much larger availability of motors because of diffusion.
Hence there will be much more frequent binding of motors to the region next to
hurdle. But membranes reduce force coupling between motors, and new motors
that are bound to the region next to hurdles cannot always pull cargoes out of hur-
dles. Interestingly, simulations also show that the effect of increased availability
dominates and lipid cargoes have an overall higher probability of crossing hurdles.
We also develop simple analytical estimations of the probability of crossing hur-
dles. These estimations agree with simulations. They also allow us to predict
pass probability under various values of single motor properties, cargo sizes, etc as
needed for future experiments. We find that the pass probabilities of rigid cargoes
are high compared to lipid cargoes in the case of a high number of initially bound
motors. This is because in the case of rigid cargo with many bound motors, as
the motors dissociate they can immediately rebind to microtubules. They don’t

diffuse away like in the case of lipid cargo.

We analyzed only hurdles of specific width w = 16 nm. It would be interest-
ing to vary the width, w of the hurdle, and analyze changes in pass probabilities.
We expect that lipid cargoes may be more efficient than rigid cargoes in crossing
wide hurdles whose width is of the order of cargo radius, independent of the initial
number of bound motors. Because on lipid cargoes, diffusion of motors on the sur-
face, combined with the diffusion of the bead itself is expected to aid the motor in
exploring wider regions on the microtubule. Hence motors on lipid cargoes have a
higher chance of binding to regions next to the hurdle. Thus lipid cargoes may be

more efficient than rigid cargoes when the width of the hurdle is significantly larger.

Related future works also include understanding the dynamics of cargo navi-
gation around large roadblocks like stalled cargoes. Cargoes are found to rotate
around such roadblocks. We believe addressing this question would involve signifi-
cant improvements to our model specifically by incorporating a three-dimensional

lattice structure into microtubules and modifying the mechanical model of the
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motor. We will discuss this more in the next chapter.
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Figure 5.2.7: Pass probability and Mean Time to pass. For three different
parameter sets as a function of the initial number of bound motors (initial_bound)
on the cargo and cargo surface fluidity (D). Pass probability increases with in-
crease in D for initial bound=1. Pass probability decreases with increase in D for
initial_ bound>1. Pass probability increases with increase in the number of bound
motors. The hurdle of width, w=16 nm is located at x=250 nm. The center of
mass of each cargo was initialized at x=0. So the hurdle is right at the edge of
the cargo (cargo radius is 250 nm). cargoes are said to have passed only if their
CM crosses x=500 nm which is one radius away from roadblock. 200 cargoes were

considered for each case. Error bars represent the standard error of the mean.
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Notes

5.A Runlength decreases non-linearly as a func-

tion of roadblock probability P

We assume that the cargo stops moving the instant it encounters a roadblock.
This assumption is justified from our simulation. Let P be the probability of
encountering a roadblock per kinesin step (4). Then the probability of encountering

a roadblock in a small distance Az is

PAx

Probability of observing exactly n roadblocks in a distance D is

p="L n;!_“ (5.3)
where = P D /6. Probability of observing no roadblock in a distance D
P, = ¢ PDI (5.4)
Probability of travelling a distance D without detaching stochastically
P, = ¢ ForsD/v (5.5)

Probability that the cargo travels a distance D without unbinding and without
getting stuck is
P =P.P (5.6)

7) — 6—PD/5—kOffD/U (57)
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Runlength is the mean distance travelled

r= / DPdD (5.8)
0
It can be shown that
1
r= (5.9)
(P[0 +kopy/v)

Thus runlength decreases non-linearly as a function of roadblock probability if

we make the above assumptions.

5.B Approximate Probability of Crossing Hur-
dle

Let us look at the case where a cargo encounters a hurdle immediately after
binding to a microtubule. The cargo is likely to have just 1 bound motor. In order
for the cargo to escape the hurdle, at least 1 motor has to bind to a region on the

microtubule next to the hurdle before all the microtubule-bound motors unbind.

Let us first look at the probability that a new motor binds (to some site on
microtubule regardless of whether it is in front or to the back of the hurdle) before

an already bound motor unbinds.

e Probability that the initially bound motor doesn’t unbind upto time t is

e~Y7esf  where Toff 15 the mean unbinding time of motor.

e Probability that a new motor doesn’t bind until time t is e t/Tind where Tying

. . o gt
is the mean time for new motor binding which we compute as . T

is the mean binding time for a motor randomly placed on the cargo surface.

(N — 1) is the number of free motors.

dt
Thind

e Probability that a new motor binds in time t — ¢ 4 dt is

Therefore, the probability that the initially bound motor doesn’t unbind, a new

motor doesn’t bind until time ¢ but a new motor binds within ¢ + dt is

e_t/Toffe_t/Tbindi (5.10)
Thind
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Thus the total probability that a new motor binds before a current microtubule

bound motor unbinds is

1 oo _ 1 1
pl — / e t(ToferTbind)dt (511)
0

Thind

To
p=—" (5.12)
Thind + To ff

But the new motor can bind to region next to hurdle or region before the hur-
dle. We assume an equal probability for each case. If the motor binds to region
next to hurdle, it escapes the trap. If it binds to region before the hurdle then the
cargo remains bound to MT with two motors with the possibility of third motor

binding to MT and rescuing the cargo from the hurdle.

Probability that third motor binds before two motors unbind is given by

27—off

= —9J 5.13
B T T 27rs (5.13)
where ,
s‘mgle
Téind = ]\I;mf 92
Overall probability of escape is
P = pspr+ pip2+plps (5.14)

X Toff
single

L +ixTopg
region in front of hurdle.

where p; = and py is the probability with which new motor binds to

There are other possibilities like a 2-bound cargo state going back to 1-bound
state and again to 2-bound state with new motor in front of hurdle. In case
of N=16, higher number of bound motors are possible. But the probability of
observing higher number of bound motors is small and hence we neglect these

possibilities in this calculation.
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Chapter 6

Three-dimensional microtubule

structure and motor properties

This chapter discusses further improvements to the computational model by
incorporating a three-dimensional lattice structure for the microtubule and an
updated mechanical model of kinesin motors. We discuss why these improvements
are necessary and the preliminary results from these improvements. This is ongoing

work.

6.1 Introduction

The model we developed in Chapter 2|and used so far considers the microtubule
as a one-dimensional line along the x-axis. The only three-dimensional aspect of
microtubule is the steric interaction between microtubule and cargo. In reality,
microtubules are three-dimensional cylindrical structures made by repeating units
called tubulin dimers. Each tubulin dimer comprises subunits named « and g sub-
units. Tubulin dimers have two kinds of interaction with each other. First, a lon-
gitudinal interaction between tubulin dimers that leads to a linear protofilament,
and second, a lateral interaction that results in these protofilaments organizing

into a tubular structure (See Fig. [6.1.1)).

Even though microtubules have this three-dimensional structure, the questions
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(a) (b)

Figure 6.1.1: Schematic of a three-dimensional microtubule lattice struc-
ture. (a) lengthwise view and (b) cross-sectional view. This microtubule has 13

protofilaments. Created with BioRender.com

we addressed so far and the properties of motors allowed us to work with the
approximation of microtubules as single lines. It is observed that kinesins track
a single protofilament as they move along the microtubule [120], and there are
multiple such protofilaments (typically 12-15) that cover the entire microtubule.
Hence it is safe to neglect the three-dimensional lattice structure of microtubules
for many problems of cargo transport, which involve small teams of motors as in

most physiologically relevant examples.

However, studies have shown that this lattice structure can be important in
specific scenarios, like when we analyze the accessibility of motors to microtubules
[153]. It was also shown that the cylindrical surface geometry allows for a max-
imum number of bound motors when one considers site exclusion (that no two
kinesin motors can occupy the same binding site) [I53], highlighting the relevance
of microtubule geometry on cargo transport. Interestingly, if we don’t consider
site exclusion, then the line microtubule geometry, as well as cylindrical structure,
have the same number of microtubule-bound motors [I53]. This confirms that our
calculations of the number of bound motors in Chapter [3| will not be affected by
the geometry of the microtubule since we had consistent assumptions of no site

exclusion and line geometry. However, more detailed physical models of transport
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call for site exclusion hence it is necessary to consider the cylindrical structure of

the lattice.

Such models allow one to answer more complex questions. One such question
is how teams of motors navigate around large roadblocks, and do lipid membranes
help motor teams navigate better? Previous experiments observed cargoes rotate
around microtubules to avoid large roadblocks [46, 49]. The mechanisms that car-
goes follow in this process are not well understood, and it is not possible to answer
this using models of microtubule as a one-dimensional line. Another question is
how the accessibility of motors to microtubules impact their binding to micro-
tubules. It is surprising to know that in spite of several studies on single-motor
functioning, the binding rate of a motor to a microtubule is not well characterized.
To characterize this process, it is important to consider a three-dimensional lattice

of microtubules.

6.2 Results and Discussion

6.2.1 Implementation of 3d microtubule lattice

We consider the microtubule as a perfect cylindrical crystal with o and 3 sub-
units repeated alternatively along the x-axis [4]. It is seen that the exact structure
of microtubule lattice depends on the number of protofilaments and the start of
the helix. Depending on these values, the protofilaments may be straight or helical
[4]. The microtubules are straight only when the number of protofilaments is 13.
We estimated that even when we have higher or lower protofilaments, the helical
nature of protofilaments may not impact transport since typical values of pitch
lengths (distance at which the helical path of protofilament completes one revo-
lution around cylindrical surface) are larger ( 6 p m) compared to typical cargo
runlength. Independent of what this pitch length is, the helical nature of protofil-
aments is expected to have minimal influence on relative dynamics of motors in

the team.
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Hence we implement the three-dimensional structure of microtubule in our
model by considering a surface with 13 protofilaments that are straight and each

with lattice sites 4 nm apart (that corresponds to the size of a tubulin dimer [4])

6.2.2 Dependence of on-rate with distance from micro-

tubule is sensitive to the mechanical model of kinesin.

The process of motor binding to microtubules and how the accessibility of motor
changes with on-rate is not well understood in spite of several interesting studies
[45]. It was measured that the kinesin binding rate to microtubule was about 5
s~! in an experiment on membrane tube extraction from lipid vesicles [88] and
later computational models used these values for various geometries due to lack
of newer experimental findings [45]. It is very challenging to measure on-rates in
experiments. In optical trap-based experiments typically used for measuring motor
properties, it is hard to identify when the motor has bound to microtubules. Only
when the cargo experiences some force due to motors can one detect the motor
binding. This doesn’t tell how much time has elapsed since the motor was bound.
Efforts have been made in this direction. For example, researchers have managed
to measure the on-rate of kinesin as a function of distance from the microtubule
(Prof. Steven Block Group, Private Communication). Additionally, modeling
could contribute to this effort as well. In our simulations, it is straightforward
to identify when the motor has bound and then connect this with macroscopic

quantities easily measured in an experiment to compute on-rates.

We present preliminary studies on the dependence on on-rate as a function of
distance from microtubules. Our simulations allow us to use simple assumptions
about kinesin motors and predict how the on-rate depends on geometry and dis-
tance from microtubules. We hold cargo (with N = 16 kinesin motors) at different
distances from the microtubule and measure the mean time it takes to bind to the
microtubule Fig. The inverse of this meantime is the on-rate of cargo to
the microtubule. On-rate of individual motors is equal to the on-rate of cargoes

divided by the number of motors. Kinesin motors have a specific mechanical model



130

that indicates the energy cost to reach a lattice site and influences the on-rate. For
example, if we assume kinesin is a spring of rest length L,,,;, then the energy cost
to reach a site L distance away is E = 1/2knot(L — Lyet)?. The probability of
reaching this site is proportional to the Boltzmann weight, e #/*3T_ The higher

the energy cost lower is the accessibility.

The mechanical model of kinesin considered in our model described in Chapter
had resistance only for extension beyond rest length L,,,; and no resistance when
compressed below L,,;. This is the model used in most other modeling studies as
well [84) 25]. Our simulations predict that the cargo binding rate to microtubule
decreases monotonically with increasing distance when we assume this model of
no compressive resistance. Recent studies have shown that kinesins might have a
small compressive resistance that saturates at 1 pN [70]. Our simulations with this
mechanical model suggest that on-rate of motors is approximately independent of
the distance from microtubules upto a distance of about 30 nm from microtubule
and then decays as in the previous mechanical model Fig. We also veri-
fied this independence of on-rate as a function of distance near the microtubule
using numerical computation of sites accessible to motors (Fig [6.2.2]). We define
the number of accessible sites as the cumulative sum of Boltzmann weights of all

sterically accessible sites for a given model.

Our predictions of on-rate when compared with experimental data can help
us identify appropriate mechanical models of kinesins for future computational

studies.

6.3 Conclusions

Our previous studies, particularly cargo transport across roadblocks, high-
lighted the importance of having a three-dimensional microtubule structure for
proper treatments of cargo transport across large roadblocks. Here we imple-

mented a lattice structure to microtubules and also considered different models of
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Figure 6.2.1: On-rate of cargo held at specific distances from micro-
tubules. Cargo is rigid with NV = 16 motors. The microscopic on-rate of motors
was scaled up to get a shorter mean-binding time for computational convenience.
Motor models used: No compressive resistance: One-sided spring that exerts re-
sistance to extension with force constant, k,,»;=0.32 pN/nm but no resistance to
compression (grey line). Compressive force up to 1 pN: For extension, exerts a
linear force with a force constant, k,,,,=0.32 pN/nm and for compression exerts a
linear force with force constant of k,,,;=0.05 pN/nm and saturates at compressive
force of 1 pN (blue line).

motors such as cable, double-sided spring, and double-sided spring with compres-
sive resistance up to 1 pN [70]. Using simulations and numerical computations,
we identified that the on-rates of motors are sensitive to the mechanical model
of kinesin that we use. These on-rate results when compared with experimental
data could inform the best mechanical model for future predictive models of cargo

transport.

In our simulations measuring on-rate, we assumed that any sites that are steri-
cally inaccessible to motors (defined as any sites beyond tangential planes from the

motor anchor points to the microtubule surface) for computational convenience.
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Figure 6.2.2: The number of accessible sites defined as the number of mi-
crotubule sites weighted by Boltzmann weights based on motor’s energy
cost to access sites. Data was from numerical computations, a motor was held
at specific distances away from the microtubule axis, and the sum of Boltzmann
weights over all lattice points was computed. Different models of motors: (a) One-
sided spring: exerts resistance to extension with force constant, £,,,,=0.32 pN/nm
but no resistance to compression (brown dashed line). (b) Double-sided spring:
resists both compression and extension linearly with force constant of k,,,;=0.32
pN/nm (red dashed line), (c¢) Bind only within L,,.: No resistance to compression
but also no binding to any points beyond the rest length of motor L,,, (green
dotted line), (d) Compressive force up to 1 pN: For extension, exerts a linear force
with a force constant, k,,,;=0.32 pN/nm and for compression exerts a linear force
with force constant of k,,,;=0.05 pN/nm and saturates at compressive force of 1
pN (blue dash-dotted line).

However, this assumption is not consistent with the mechanical models of kinesins
which have low or no energy cost to motor compression. Hence kinesin motor must
be able to buckle and bind to regions that are behind the tangential planes. To
be consistent with these mechanical models, we plan to allow motors to bind to
any site on the microtubule with appropriate energy cost. However, if we allow

motors to bind to regions on the other side of microtubules as shown in Fig. [6.3.1]
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it is important to compute the exact force exerted by the motor on the cargo (See
schematic in Fig. [6.3.1)).

If we assume kinesin is a polymer with one end fixed at the microtubule as

* Lmot

Acq

Figure 6.3.1: Schematic of the planned motor force computations in com-
plex binding geometries. A is the motor anchor position on cargo. H is the
head position on the microtubule. The motor linker is treated like a Gaussian
chain. Fj,; is the entropic force due to the grafting of the chain to the microtubule
surface. This entropic force tends to align the motor perpendicular to the surface,
equilibrium position Aeq. Fepring is the spring-like force of free chain with end po-
sitions at H and A, also due to entropy. F,. is the resultant motor force. Created

with BioRender.com

shown in Fig. [6.3.1], then there is an entropic force that tends to align the motor
perpendicular to the microtubule[I§]

Ia k BT CL2 (6 1)

it = —exp | ——— .
! a P 4R2

where a is the monomer distance, typical value for an amino acid is 0.3 nm. R, is
the radius of gyration, Ry = Ly, = 57 nm. Fj,; at room temperature is therefore
about 13.8 pN. One can show that the time it takes for cargo to rotate by 90°
around the microtubule with this force is just about 100 ps (See Appendix [6.A)
which is fast compared to the typical lifetime of cargo (about 1 s). Hence one

cannot neglect this force in our simulations. Hence we plan to take this force Fj,;
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also into the motor dynamics in our future simulations.

With all these improvements, we plan to make more careful predictions of on-
rate as a function of distance from microtubules. We would also like to analyze
the effect of different mechanical models of kinesins on the run length and collec-
tive force generated by motor teams. Finally, we would like to use our improved
model of cargo transport with three-dimensional microtubule lattice and updated
mechanical models of kinesins to investigate the effect of membranes on cargo

navigation across large roadblocks.



Notes

6.A Time taken for cargo to rotate by 90° around

microtubule due to entropic force of motor.

The velocity of motor anchor position is

dA;, F..,
p— 6. 2
o " (6.2)

v is the friction coefficient. This is dominated by the friction coefficient of cargo,
v = 7. = 18mnr. The angular velocity of motor about grafted point on microtubule,

dAB_Ent
Tdt

(6.3)

We assume there is only Fj,; = 13.8 pN in this direction. When we substitute
typical values in our simulation (Chapter [2| and R; = L, = 57 nm, the time
taken by the motor to rotate by 90° comes out to be about 100 pus.
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Chapter 7
Conclusion and Future Directions

Molecular motors are essential components of Eukaryotic cells that are involved
in the transport of cargo like mRNA, mitochondria, chromosome separation during
cell division, cell migration, etc. In this dissertation, we studied the cooperativity
between multiple molecular motors and how that is influenced by fluidities of cargo
surface. This has relevance in vivo since most intracellular cargoes are bound by
lipid bilayers. The motivation for this investigation was the observation that even
though molecular motors work together well in cells, they don’t work well when
coupled rigidly in in vitro experiments. We investigated physical mechanisms that
could help increase motor cooperativity in cells and also addressed broader ques-
tions on cargo transport by teams of motors under various complex physiological

conditions. We used a Brownian dynamics model to answer these questions.

We consider cargo as a sphere and explicitly simulate the motion of motor an-
chor positions by allowing free diffusion for unbound motors and diffusion biased
by exerted forces for bound motors. The diffusion constant for this motion is de-
termined by the cargo surface fluidity. We also accounted for the force and ATP
dependence of the bound motor’s off-rate and stepping rate. The spherical cargo’s
position was then updated by an overdamped Langevin equation depending on the

net force exerted by all bound motors.

Next, applied the computational model to understand cargo transport by teams
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of identical molecular motors and the effect of lipid membrane coupling on them.
We found that surface fluidity leads to the reduction in negative mechanical in-
terference between kinesins, as quantified by lower forces on individual motors
and a significant drop in antagonistic forces between motors. This allows teams of
fluid-coupled motors to exploit load sharing without inter-motor interference. This
decreases single motor off-rates and increases processivity. Our simulations also
showed that the fluid surface allows for the clustering of motors at a well-defined lo-
cation on the surface relative to the microtubule and that the fluid-coupled motors
can exert more collective force per motor against loads. Interestingly, increasing
the number of bound motors pulls the cargo closer to the microtubule, increasing
the on-rates of unbound motors, and resulting in a cooperative increase in bound
motor numbers for lipid cargoes. Taken together, these effects can cooperatively
result in increased processivity and collective mechanical force production against
load with an increase in fluidity for teams of molecular motors. This has both

biological and technological implications.

Previous experimental observations [94, T13] showed that membrane-bound
cargoes (or lipid cargoes) have higher velocity than membrane-free cargoes when
carried by teams of molecular motors. Even though a couple of mechanisms were
proposed to explain this higher velocity of lipid cargoes, a clear quantitative ex-
planation of the mechanisms was lacking. In this study, we show using a computa-
tional model that underlying heterogeneities in single motor velocities are crucial
to observe higher velocities of lipid cargoes. When motors have different velocities,
they develop tension between them as they walk along microtubules reducing the
velocity of the team. If the motors are coupled to the membrane, the rate of this
strain buildup is slower resulting in higher velocity. Additionally, heterogeneity in
velocity increases cargo run length in both rigid and lipid cargoes. Interestingly,
we find that the run length of lipid cargoes increases more than the rigid cargoes
with an increase in the fraction of slow motors. Thus lipid cargoes can traverse
a given distance with a lower fraction of slower motors or higher overall cargo

velocity. We also estimated the runlength of cargoes with a modified version of
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previously established analytical equation [76, 125]. This analytical model seemed
to adequately predict the runlengths of rigid and lipid cargoes allowing us to ex-
tend the predictions to various other parameter regimes in future studies. Overall,
our work elucidates the emergence of cooperativity between heterogeneous teams
of motors in cells because of purely physical mechanisms arising from how they are
coupled together. We also illustrate that the degree of heterogeneity can be used
as a tunability parameter to achieve desired runlength and velocity. These predic-
tions need to be verified with experiments of membrane-bound cargo transport by

teams of motors with varying levels of heterogeneity.

We then focused on understanding cargo transport across single tubulin dimer
and larger ring-like roadblocks on microtubules. We discovered that lipid mem-
branes increase the likelihood of passing hurdles when cargoes with single microtubule-
bound motors approach them. Lipid and rigid cargoes employ distinct mechanisms
to cross hurdles. New motor binding in rigid cargoes often results in passing the
hurdle but rigid cargos suffer from limited motor availability. In contrast, lipid
cargoes have a larger motor availability due to diffusion, leading to more frequent
motor binding near hurdles. Despite membranes reducing force coupling, increased
availability means lipid cargoes have a higher overall probability of passing hur-
dles. Our analytical estimations of pass probabilities align with simulations and
allow for predictions under various conditions. We noted cargoes with lower sur-
face fluidity with many bound motors have higher pass probabilities than cargos
with high surface fluidity due to immediate rebind capability after detachment.
This could be used as a sorting or filtering mechanism in cells. These results could

inform research into breakdowns in transport in various pathologies.

We then improved the computational model by incorporating advanced me-
chanical models of motors and a three-dimensional lattice structure for micro-
tubules. Using simulations and numerical computations, we identified that the

on-rates of motors are sensitive to the mechanical model of kinesin that we use.
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Future directions

Our results on the transport properties of fluid cargo over a wide range of sur-
face fluidity, ATP concentration, motor number, and cargo size offer quantitative
guidelines for the design of artificial cargo driven by kinesin teams. In this disser-
tation, we used parameters for kinesin motors to generate the results, but they can
be generalized to other systems with different geometries of cargos with different
motors coupled by a fluid surface with simple modifications and parameter tun-

ing. Thus one could address different questions on cargo transport with this model.

For example, in the case of cargo transport by heterogeneous teams of motors,
the central assumption in our model was that the detachment rates of motors de-
crease with a decrease in motor velocities. We assumed that all the motors are
kinesin-I motors, and the rate of the detachment of motors from microtubules is
expected to be directly proportional to the velocity of motors. However, cellular
cargoes can have motors teams that are made up of different motor types. We
can make simple modifications to motor properties in simulations and explore how
such heterogeneities impact transport by teams of motors. A more detailed study
of cargo transport by teams of motors with different complexity, such as mixtures
of different types of kinesins, kinesin, myosin, and dynein together and other het-
erogeneities, will help discover the functional relevance of all these heterogeneities

in cell and could unveil novel regulatory mechanisms for cargo transport in cell.

Another important future direction is understanding the effect of lipid mem-
branes on cargo transport across large roadblocks like stalled cargo. What mech-
anisms do teams of motors employ to navigate around large roadblocks? Is it
because motors side step and rotate the cargo or because motors unbind and new

motors bind to neighboring protofilaments effectively rotating the cargo?

It would also be interesting to explore the interaction of motor teams with
microtubules at intersections between microtubules. It is not clear how lipid mem-

branes could influence the probability of cargo switching at intersections. We are
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also curious to know how the discontinuous nature of the cytoplasm impact trans-
port, and how we can update the model to take into account the viscoelastic nature

of the cytoplasm.

This and similar computational models could complement experiments for a
more comprehensive analysis of data. This model could complement ongoing ex-
perimental studies on membrane-bound cargo transport on single and network of
filaments. It is exciting to note that this modeling approach could be used to under-
stand how molecular motor-based transport impacts fission and fusion processes
between mitochondria, (and other organelles) which are crucial to maintaining

proper neuronal functioning.
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