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Overview

Brief introduction to motor-based transport.
Stochastic models and renewal-reward framework.
Empirical asymptotic velocity.

Current-future work.



Kinesin

What does the molecular motor Kinesin do”
Stepping is the interaction of diffusion and kinetics.

What type of data can be obtained from what type
of experiment?

What are some of the quantities of interest and
basic models?



Motor-based Neuronal Transport
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Kinesin, Myosin, and Dynein

Conventional
kinesin
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Kinesin

ON - o
CoCOCOCO
dv 1L kdetach

(2)\§
CoOCOCOED

e T kﬁ:—\P
(3)
CO@wCOe®

1L khydrolysis
@ unbing &v
COCOCOCO 5

1 b D kattach

(1) A F . R Bt AN A A D,

DP
COCOCOCD




Single Motor Experiments

optical trap
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Single Motor Experiments




Quantities of Interest

Asymptotic Velocity V.= lim E Pi ()]
: Var(X
Effective Diffusion Der = lim_ [2t(f>1

2Defr
LV,

Randomness Parameter r=
(Fano Factor)

Processivity: expected
number of steps before
detachment.

r V;= Ilim

t—00

X (1)
ot



Periodic Discrete Space Markov Process
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Diffusion in a Tilted Periodic Potential

dX(t) = a(X(t))dt + odB(t)




Flashing Ratchet




Role of diffusion in the hydrolysis cycle

 The kinetics of the hydrolysis cycle . &D@
s important, but what about the (2)@
movement through space of the I

free head”? @) é g

* How does an applied force affect @ \K‘Q
the stepping speed? I o






Renewal-Reward

Framework
N(t)
X(t) = Z Zi N(t) =max{n:> " 7 <t}
=1
S(N) -

_______

Note: work of Arjun Krishnan (Utah)



Functional Central Limit
Theorem

Define
| t] | t]

S(y=) Z T(t)=> 7
i=0 i=0

() - (2

where the covariance matrix is

0-% 0Z,r
Y = 3
O-Z,T 0-7'



Functional Central Limit
Theorem

Note that X(t) = S(T1(t)).
Now, if we define

Xy(t) = n1/2 (S(T—l(nt)) ~ “Znt) |

Hr

and we apply a continuous mapping theorem.

t t
Xa(t) = By () g, () .
pr) o pr T \pr



or
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Standard Quantities
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® |n the modeling community, processivity (distance/time
traveled) has been under-emphasized.

® One type of data obtainable from each type of experiment is
distance/time till detachment.

® How can we connect randomly-detached motor data to our
models?



Random Stopping and Asymptotic Velocity

Asymptotic distribution of empirical velocity
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Pearson VIl distribution
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John Hughes, Shankar Sastry, William O. Hancock, and John Fricks (2013). Estimating Velocity for Processive Motor
Proteins with Random Detachment. Journal of Agricultural, Biological, and Environmental Statistics. 18, No. 2, 204-217.

Also, see;
Vu, Huong T., et al. "Discrete step sizes of molecular motors lead to bimodal non-Gaussian velocity distributions under force." arXiv preprint arXiv:1604.00226 (2016).



How?
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Does the data match the
Pearson VII?

X
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Using K-S test, reject the null hypothesis of a normal distribution with p-value 0.0468.
Fail to reject the null hypothesis of a Pearson-VIl with p-value 0.618.
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An alternative approach

0 i1 Sj(N;)
:Tzl Tj(Nj)
Note that

27 S5(IN) Sl
m(( = ﬁiTj(Nj) ) B ( ]%uf ))

converges to multivariate normal with zero mean and covariance



Now, we apply the delta method

;71:1 Sj(Nj) Bz
m( TN uf>

converges in distribution to a zero-mean normal distribution with variance
1 9 1 L
( 11 —1MZ ) p02+ 2 ,uZ ZT {32 IU'Z,LLT E'MT
2 1,2 1 il
pH pHT P2, +1 2 LIz [y 2p,u3 1”5

or

NN
1 —2 7 T 3
EIU’T M K7 7



Alternative Models to ToW

Microtubule tethering
mechanism

Mechanical activation
mechanism

Steric disinhibition
mechanism

Opposing motor remains in weak binding state,
tethering cargo to the microtubule

Direct binding by opposing motor or regulatory protein relieves autoinhibition,

activating transport

Mutant

Without tethering of opposing motor,
cargo detaches from the microtubule

X

Motor not activated in absence
of opposing forces

X

Motor remains in autoinhibited /
state in absence of opposing motor
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y-position [nm]
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Thanks.



