)

'~ :

'("' »

Y Ay
3

i SN 7 s

$! p .“:" 2

—

H[O|A|2F I =S Sot HI0|2 St AL
DNA sliding protein2| DNA 2{H|M2| 2kt Z st

Jae-Hyung Jeon (X H)
Department of Physics, POSTECH
Asia Pacific Center for Theoretical Physics (APCTP)

E-mail: jeonjh@gmail.com

aQC APCTP-POSTECH Biophysics Summer School, July 5th, 2023



mailto:jeonjh@gmail.com

v . b N . ... 4+ ¥ y .'v. =il ’ v

| " ou .I.l-‘ e . y oy P (f W A &.a . w...zv._tsv-“.‘_v.v \*ﬁ. .

“‘}. : r ".v - \. ..:.v_v.. J ..\.s‘ { ! ;

’\‘ Ll v P " \\ ‘
o Y ) b -.v ) % ] b— v
\0.‘ i o 4 Y e dl h. ‘. !

_-o, b ot T .r\(. " n . .. :~....\\-.-.. . b..‘v v\.\v _.‘ " f’v\v _v
o' o “\\ -'\‘.\l o gt .-...v ,A.sw.v.v—:.. .» r ™ w-.&..t‘:w H%. *
' bp r* L o Y L e . §pod ... "y ) v.

- O‘L.\-bu o " : \. . & ; | v \..‘ * \.. .511?‘:\ %W

. " e ! 'L r. -

P e . _ .:-.L ) vw‘_.\v ad
o i /¥ . ol .t..;f‘

vy Sl : " ) N o 4 t’: T
rol\».\ g [ wlhd J ..1.,.\&%

! J purb ., SR w

A e ‘r. :' e

, .’.‘ i i’ & » ’ .“ ‘w. _ !
t ‘Q‘ 1.5 v " ) » ) ¥v-.vv i

v @ : . M i ) - M ’ L

e 3&.» L purtn o : . . W x!.v» wh? |
b .00.... i P 4 ww ..-... v“.s
4 ‘.*.Q." gV { ot p ' ._. * ..v. N " |

) Ao e - \. ety | " »: ?{..\.Itco
V.v.‘ b 3 ‘:"

P {4 :.K. o Z.;.?. !

P “ sl ot ’ ‘ * 5 .s.b.\\ e Tw....t..\..v .

. ~ . ¥ \..Ih - 4z .‘ .. i
“oﬁ 0%\.-\ P vt 1 B ‘ ". ’” Q ‘ vv* 'v -v.vx-‘toh"“;ovv?
. 'v."\ ! 4 : : ~ v..‘t‘v v"ts “. v.r.‘bo -“"'%ﬁ“
.- » o : iy
..‘.c-s. W prye. oy brbis .,.xb... 4 ....D | J W) .;‘ o

B PRPRS ¢ PR Bl ! ‘bR ._.:;. ...,;.;i ' |

‘s\\ yo® \." e E \l."."‘.}'-\ v S V \® \\vv. ..s w. v.v.'.'..vw'vow‘ *‘. e

Sedppinie y ey W , L

bt AP o .r:s, uM i yr m bh o ?z.??r..?;z.

pove Qv\tuw. - B oniu™ 5 J... W ‘OVh vvpﬁ‘. ] ‘

W sl ! &vsu:- ‘.. .v...r W, ..f %

R L ’ A , ¥ A A T A ;

e ¥ TR g » N et

T S s_! B PR gl .« . . ) 4 ,. , .\.0...:..\ .5-0 " ..—:.\.vw-v.—w.‘.t.‘ b

pbrbbsbbron ....2..» s. | Bk b b shi A v.‘i{.ﬁ

WY WY ek v : ..0..‘*%v wh:-ﬁ.

1\’)’\.“ wtaas s bl o (i ! f }

p

R S Tt b

_...5._;

’ :\_,.r.. ikl

.t..?‘.?.lt.
.r,w::.é.: :&.5

.,r:xr.{ ;..L

..J.ée....::.:.—...,

pobelhhd s pragpan i |
P N "o....
’V«‘\‘\.‘i. Porant g st oo
et T e s R R .
S s, S S r.ks
e NN & .:f.‘...x
 cate e s T P tl(f«o\ré....t.\:
%’.‘ L e T - posy- Ysolo-\ﬂﬁw...wxv‘.r\ Bl
i“c iDL L N ?.‘\Y Ay s

.‘gt“ *.. ODI.Y.‘?.-\Y\ (h 3

.
;\. . j\{}i&.t'\ .l.t.t»\t.»ft :
‘ -*f&f»-'o.‘dxf o v\\ﬁ

??.tt...v.x!i.‘ ?
5:_:1.:..::.. ..\..
T%....?w?

f..xx-s.u.~t?.pw&r{r.:& § v
st ot
.:wc; ?-.:T.Z:'L_ :‘

W ?. PRy

v (LRI

\'_..b.v..:&v s
(».’.v.'.. i pn)

-\0‘6?.\

\ LS

...v.."x. ?GD )»

e IOV (as .._..J.:..., faf 22 NTYPVRINY
Moiord ih.o. t...txp?r....:é v f.z R n g w....!.w
.&‘ Js!.r. - -1.?...\. ....m.,..y.i.;r» i J
..73).&:...:...: bk,
vf:s’t.‘:a:v?.»
.ﬁ\\/?.\\f.r. v‘v

T
z:. &.o
wt‘tﬁw .r&..
’t»:rti ?....



Basics of probability theory

#of "= LIQE ARY (B54) T LIRE Y% (4)
Probability p(x=) = _ —
# of REX|7| (2e=) RTEX|7| 32t (16)

R

Sum of p over all possible events in the probability space
=p(2) + p(=)+ p(Ph)+ p(8)+ p(F)=1

Probability p(=°) = p(2) + p(7H)+ p(E)+ p(F) = 1- p(=)

atiile J.-H. Jeon



Basics of probability theory (2)

Joint probability: Probability that multiple events occur simultaneously.

p(A, B) = the joint probability that event "A” and event “B” occur
simultaneously.

Probability
Space

ANB
p(A, B) = p(AnB) = p(BnA) = p(B, A)

J.-H. Jeon



Basics of probability theory (3)

Joint probability: Probability that multiple events occur simultaneously.

p(try1=2", try2="12") = 1*1/(16*16)=(1/16)*(1/16) =0.004

Try2
=] LS h 4 =
o p(En2)
T
7
Try1 L |

diiite J.-H. Jeon



Basics of probability theory (4)

Conditional probability: Probability of an event, given that other events
already occurred.

p(A|B) = the probability that event “A” occurs under the condition that
event “B” was given.

Probability

p(Aﬂ B) Space

A|B) =
p(A[B) 2(B)

NB:
p(AIB) # p(A, B)

p(AlB) # p(BIA)

ANB

Ra
Ry
e J.-H. Jeon



Basics of probability theory (5)

Conditional probability: Probability of an event, given that other events

already occurred. P (9
p(try1="%"n try2="") 1/(16*16)

p(try2="2"try1="%") = =
pliry1="%’) s
- Try?2
. =) = i 2 = NEND)
=3
v 4
Try1 S [

X
Jaiille J.-H. Jeon



Bayes’' theorem

Tr(]1c>7r:7as1 323?3 T. Bayes & Richard Prices (1763), An Essay towards solving a

problem in the doctrine of chances

P(B|A)P(A)
P(B)

P(A|B) =

Presbyterian (21) minister
Statistician & Philosopher

R. Prices
(1723-1791)

(Pf) Joint prob. p(A, B) = p(AnB)

= p(A|B) p(B)

=p(B, A)

= p(BIA) p(A)
AY

J.-H. Jeon



Bayesianist’s interpretation on probability

H: 7H4(hypothesis)

v EIlOlE-l(data) 7t5d(likelihood) &<
Z0{Zl 7 (H)3HOIM HIO[EY (D)
£ A58 s ¥(Z2 &E)
l AFHEHE (prior)
MZ &S (posterior) P(D|H)P(H) «— MEL Hlo|E{(D)2 =3}
MZ2 HO[E(D)E &5 (HlD) — 7| ® FH(H)Oll ChEH &t
5t & FH(H)Ol ChEt &t P(D)

HH|EHE (evidence)
O 7%**01|*1E s o

Likelihood
Posterior P (Yl 9)

P@IV) /\




Bayesianist’s interpretation on probability (2)

EV 474 1 U8 S0 goe
l'—l{_ﬂfi 0IC|0f & /7|
h]L '

— [ Mo 2 3 st Fator #ict. 8t JHS) 2 slolks HE XISEb U
“ LiHx| 5= 7H2| 2 Follis E471 7Ick2|z Aok, Z4lo] 2 SHLES Meisis

—

L BE A4S D U= ABIXPL LK £ 712 B S0l @47t U= 2 SiLHE ol
L az2|3 F2|X| 2 2E FiLCHA| 8 MEfst = U= 7I18IE& =0
MelE L= ATp HEEX] S= A S ol ol R2I8f?

——

XtSXE7H 1 2 S0l IS A 3H Z Bt = Af==lE(posterior)
(prior) 1/2 (?)
1/3

h
$IBIS J.-H. Jeon



Bayesianist’s interpretation on probability (2)

| 87 s 30 g
uonwll
._

L] Ml 7Hel 2 = siLHE Zatof #ict, $F 712 2 Holls HE X[SE U

Linx| 5= 70| 2 Sloll=s FHAL 7|cl2|z Uct, SHlo| 2 SiLHE Meis)st
CBE AR §T U ARBIXP} LIHX| S 7S] 2 S0l HAVL U= 2 5iLHE Sk
2|7 FalX| 42 B2 SI1 CHA| 3 MeNgt 4 Q= 73|18 =},

MEiE HHLE At BHEX] S A S ol FOo| R2IB1?

- | —am
= _ . 1

P(DIHP(H) AFE= pH): 217} ol 2 Sjof 9/ &= 1/

P(H|D) = (DIH)P(H)  AtXEE P(H): k7t of & Slof 2 3
P(D) D(HI0JEf): 3¢ & Slofl 84 e

(1) H= 184 2 Flofl X7t US (2) H = 284 2 Eof| X7t QIS (3) H =3¢ 2 ol X7+ S

7MsE(likelihood) PO|H=1)=1/2  7ts=(likelihood) P(D|H=2)=1 7+s Z(likelihood) P(D|H=3)=0
7| 2tE (evidence) P(D)=[P(D|H=1)+P(D|H=2)+P(D|H=3)]P(H)=1/2

A= & & (posterior) P(H=1|D)=1/3  At2&tE(posterior) P(H=2|D)=2/3  AF=2t&(posterior) P(H=3|D)=0

5 J.-H. Jeon



Bayesianist’s interpretation on probability (2)

R 20| 2 &
— | 0ICI0f & =|§@7]

Ml 712l 2 = siLHE Zatok #ict, St 7H2| 2 Flolls HE XESEE U
— Lix| 5 72| 2 Follis EAt 7ick2|: Ut gAlo] 2 SthE MefsiE
BE JE8 o1 Us AEXP} LIHX] F 7H2] £ Soll @47t U= 2 SiLHE Aok
: J2|3 E2|X| 942 B8 Fi1 ChA| 8 MEigh & = 718|§ =C. K-
MEiE HHLE At HFEX] @5 A S ol FOo| |2|8191? —

ZS!FH $> k. s sl

]

P(DH)P(H AR =k 7} o 2 e
P(H|D) = (DIH)P(H) =S P(H): XE7F O & F{0]] 2 1/3
P(D) D(H0|E]): 3t 2 Fof @A UL
(1) H=1H 2 F[of| X}7I /_=S (2) H=2H 2 F[of| X7t /_=2 (3) H=3H & F[of| X7t /_A=S
JHsZ(likelihood) PDJH=1)=1/2  7HsE(likelihood) P(DJH=2)=1 7H= = (likelihood) P(D|H=3)=

7|22 (evidence) P(D)=[P(D|H=1)+P(D|H=2)+P(D|H=3)]P(H)=1/2

AZ&E (posterior) P(H=1|D)=1/3  AtE&tE(posterior) P(H=2|D)=2/3  At=&}E(posterior) P(H=3|D)=0

A7t 2 = Fofl AS =HE0[ 18 = 50l US =HS2| 28}!

ﬁm Mefg HiRE 7 Q2|3
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Annual Review of Biophysics

Bayesian Inference: The
Comprehensive Approach to
Analyzing Single-Molecule

Experiments

Colin D. Kinz-Thompson,!* Korak Kumar Ray,!
and Ruben L. Gonzalez Jr.!

'Department of Chemistry, Columbia University, New York, New York 10027, USA;
email: rlg2118@columbia.edu

?Department of Chemistry, Rutgers University-Newark, Newark, New Jersey 07102, USA
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First published as a Review in Advance on

model selection, error pr ion, scientific m r ili
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kinetics, cryo-EM
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Bayesian inference & applications in science

Scientific method

Bayesian inference

0.0 | 1
el Likelihood B o Posterior
Variational Bayesian inference

smFRET data

bFRET
/DN

Model : T
0.8 ] 0.8 - » ]
: [ 1] | s | U L]
E ™
W 04 ] W 04 ]
2-state HMM 3-state HMM
: 0.0 L |
o0 0 40 80 120
Time(s)
T T
2 10F ®
G
c
s
Y 2 g
— ‘s |
E -g 0.5
2 &
(- %
|
X 0.0 0.5 1.0 00fe @ |, @ @ @ @ @
1 2 3 4 5 6 7 8

Diffusion coefficient (um/s?)

J.-H. Jeon



Bayes' theorem—revisited

Likelthood Prior Jamﬁ
P(D|{6}, M)P({6}| M)
P(0}D, M) = P(D|M)
Posterior }91/06 Fvidence

The likelihood: The prob of observing a particular value of D in the
experiment, given that a particular model with {6} is true.

P(D|{6}, M) = L(6|D, M) or L£(D|6, M)
Maximum likelihood: £(Oyre|D, M) where Oy = argmax,L(0|D, M)

The prior: Knowledge about the model ({0}) before observing data D.
P({0;}|M) = m(0)

5 J.-H. Jeon



Bayes' theorem—revisited

Likelthood Prior Jamﬁ
P(D|{6}, M)P({6}| M)
P(0}D, M) = P(D|M)
Posterior }91/06 Fvidence

The posterior: The prob that the given model with the parameter {6} is
true under the new observation D.

The evidence (=marginal likelihood): The prob that the observed D
comes from the M, regardless of the parameter {6}.

P(D|M) = /@ £(Brs| D, M)r(6)d6

5 J.-H. Jeon



Bayesian model inference

There are N possible distinct models {Mi} that explain the data D.

Evidence Prior

P(D|M;)P(M;)

P(M;|D) =
The prob that the model M; is true among N possible models
P(M;|D) P(D|M;)

> P(M,|D) T . P(D|M;)

Evidence if the prior is uniform P(M;) = P(M,)

P(D|M,) = / P(D|{6}, My)P({6}|M;)d{6)}

Ra
RY
“#1%15

J.-H. Jeon



Bayesian inference for model parameters

Find the best parameter set for a given data set D if a specific model (M)
IS given.

P(DI|{0;}, M;)P(10;}|M;)

P({6;}|D, M;) = P(D|M;)

J.-H. Jeon



Brownian motion & diffusivity

Irregular & incessant motion of pollen grains

R. Brown (1827), A brief account of microscopical observations
on the particles contained in the pollen of plants and on the
general existence of active molecules in organic and inorganic
bodies

L] .« o . Yo, 1L -
g * ".= % ..0. ..l... :.&w :nl:.:
'a - ~:$:0 :l.'.-. ‘:.. - 5: . .éi‘
N 4 'n @ o® @ ¥ - [
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£ LRl Thnt L
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.ar e, v " L& e
(L ag - =
[ . iy Pu®
s teEn .?-. o -:. < ;.’:-'-i.”'. L
ACi Rt Lo
« s tew ¢, e BN
s et R
> L I ™ - -
ST e S
- D.;-l. " - - ‘.‘c: %
e w ke g% 05 s

A. Einstein (1905), Investigations on the theory of the Brownian
movement

B On the movement of small particles suspended in a stationary
liquid demanded by THE MOLECULAR-KINETIC THEORY OF HEAT

5 J.-H. Jeon



Mean-squared displacement (MSD)

(z%(t)) = 2Dt o

Real-Time Single-Molecule
Imaging of the Infection
Pathway of an
Adeno-Associated Virus

Georg Seisenberger,” Martin U. Ried,> Thomas Endref,’
Hildegard Biining,”> Michael Hallek,>3 Christoph Briuchle'*

Seisenberger et al., Science 294, 1929 (2001)

2.00 -

G

1.50

k'l

iffusivity D =

omnr

Diffusivity= the
slope of MSD

0.00 4=
000 0.0

5 010 015 020 025 030 035 040

t[s]

‘
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<Model> Stochastic theory for Brownian particles

The over-damped Langevin equation for a Brownian particle

d
v () = V/2ykpTE(t)
random force by
frictional force thermal fluc.
- (deterministic) (stochastic)
(2%(1)) = 2=~
Y
N The Gaussian noise P(¢) having the properties:
- €(0) =0
= (EDEW)) = b(t —t')

Noise has no memory.

atiile J.-H. Jeon



<Model> Stochastic theory for Brownian particles

The Smoluchowski equation for a Brownian particle

9, 9, 1 oU(x) O
G oz t) = D= : t
('?tp(x’ ) O (kBT O 8:13) pl(z1)
In free space (U=0): OJ — igﬁ
1 (:I;—:L*O)Q O.G‘N - Z:io
p((p’ t‘gpo) — e 4Dt
VAarDt
— N(ZEQ, 2Dt)
Normal Mean Variance 10,0 75 -50 -25 00 25 50 75 10.0
distribution [

5 J.-H. Jeon



Example: Bayesian inference for diffusivity

What is the diffusivity of biomolecules (e.g., viruses) exploring
the intracellular fluid in an experiment?

Single-particle experiments Data

Time series: {Ax1, Axg,...,Axy}

1400 =

g
.5

| ind0ms[au]

o “1 | e \
3 400 1Y
200 "=
- 0 v T v T - .' — T v T v
0.0 05 1 tO[s] 15 20

5 J.-H. Jeon



Example: Bayesian inference for diffusivity

P(D|{Az;},BM) = “Aﬁ;}(‘{iimﬁ)ﬂm

The most probable diffusivity from the Bayesian inference 1s the one maximizing the
Posterior probability

The likelihood function, a Gaussian weight, is obtained from the
Langevin model for Brownian motion

N 2
1 N (Azj)
P({Ax;}|D,BM) = ( ) e~ 2-j—1 ADAt

VATDAL
The prior prob: based on our experience, we may look for the diffusivity
In an interval 1
P(DIBM) = Dy D in [D,,, D]

The evidence: marginalization of the likelihood function over the prior

D 1 N (Aa:-)2
P({Az;}[BM) = / dD( ) e~ 201 AT /Dy,
0 VAT DAL

J.-H. Jeon



A simulated sample trajectory
with a model parameter

2 ~ N(0,v/2D) D =6

Likelihood function

Log likelihood function of one-state BM model

1 x>
——loe(2rc?) — ——
[ > og(2no”) 20_2]

1 T
log Z(D = —6?) =
g LD =_0" =}

=1

~1300 - —
Maximum likelihood
| ~1325 -
0 around D ~ 6 '
30 - -1350 A I
20 . 8 -1375 -
= 2
S 10- g 14007 I
a > ~1425 -
8. 0 1 2 I
~1450 -
-10
-1475 I
-20
-1500 . : :
, , , , , , 0 2 4 6 8 10
0 100 200 300 400 500 d
time
o
R
THESIO Jo‘Ho Jfon



Bayesian inference for particle’s diffusivity under finite
experimental resolution

Single-particle tracking (SPT) & super-resolution imaging

Acquisition Localization

Trajectory x(f) of individual particles
F\LV_I:M
- Time resolution ~ from tens of microseconds to

|
¥ -
| miliseconds

- Spatial resolution ~ tens or hundreds of
Tracking nanometers

SPT labeling modules > 40nm

X
~5-8nm
2x4nm

1-2nm

Review: Manzo and Carcia-Parajo, Rep. Prog. Phys. 78, 124601 (2015) 4P | I
A

Organic Fluorescent ,
dye protein Quantum dots Gold particle

Nobel prize (2014): E. Betzig/S. Hell/W. Moerner for super-resolved

fluorescence microscopy
Nobel prize (2018): A. Ashkin for the optical tweezers and their applications

to biological systems

J.-H. Jeon



Bayesian inference for particle’s diffusivity under finite
experimental resolution

The likelihood function in the presence of experimental noises

AmeOb) = Ax; + 1

The noise is a Gaussian random
variable: n; ~ N (0,02....)

1 J 5
27’('0']
N 2 2
0 = {0 ) Unoise}
2 2
o._ .. g .
~ — ~ . __ _moise R~ ~2 2 2 __ “mnoise
Lj4+1 = Ly ~ (xj xj) j — 0 T Opoise 2 ~9
0 O'j

5 J.-H. Jeon



Numerical test with noisy Brownian motion

Mo: Brownian motion (BM)
Mi: Noisy Brownian motion (NBM)

i BM =~ 10 noisy BM 7]
04 ] noisyBM E pure BM ,,’/,’ ””””
o og.. >< ’/’ ,/’
—20 - g R ° | ’/” ,/”
0:....0 a 103__ ,/’,’ ’’’’
™ —40 - : ° ° + 1 ’/’ ,/’
< A N S ~ ] TAMSD=2DA .- g
WESE T iR ) R ECEEL N
° ® ..0.' ° . L4 .:o. d * ~ ”z ”,
o ® ° %, % ) /” /”
801 - - ) T A A 102 e
V. < | TAMSD = 2DA
~100 - . = L= (D=15)
0 25 50 75 100 125 150 175 200 100 S 2
t time lag A
Simulation parameters: D =15, oy, = 4
A
R
TBIO J.‘H. Jfon



Numerical test with noisy Brownian motion (2)

Log likelihood
BM
-690
-700 A
107 A . .
) + Prior distribution (uniform)
M O ?O»‘ =720 A >
T 730 Nested Sampling
—740 A
=750 T
0 10 20 30 40 50
D

Data: noisy BM with D=15 & OnNoise=4

O'Z\/ZDto&t():l

log L(6) l

-695

=700

Posterior
BM

12

10

0.8 1

0.6 1

« posterior

0.4 1

0.2 1

DMAP =~ 33

0.0

DTheory —

eff

10 A

20

Noisy BM

L}

= pwP 1543

1 2 2 2 =131
2_2‘0(0- + O-Noise) =3

_705 *+ Prior distribution (uniform) 20 -
M : 10 » Q Oppie = 4:20 Model evidence
- 30 -
Nested Sampling log P(Data | M,) = — 701.72
-715 log P(Data|M,) = — 695.70
40 .
-720 NS samples P(M, | Data)
e MAP(=MLE) - — =410.27
-725 " , P(M,| Data)
2 4 6 8 10
=730 OnNoise
] P
Ry
LBIO
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Example: Identifying hidden diffusion states of MutS
homolog proteins in DNA repair processes

E ----------- [rnnmmnmmmmmnmnmmmnmnn . --. -------------------------- : a. MSH Searching clamp recognizes a i
: (1) Mismatch recognition : ! mismatch. :
: G P ‘ :
W é g 5 O. DNA-binding proteins i
T > &+ s

- Recognition by MutS homologs (MSH):  : / Al

................................................................ : e

(2) Mismatch remgval ib. ADP — ATP exchange of mismatch-:

bound MSH (sliding clamp)

W/\/\/Wm : Muts _—
: B ATP

. ADP v

: ! =
- Incision by MutL homologs (MLH)

: 3

- Excision by exonuclease s MutS sliding clamp
. (10 min) .
. c. MSH sliding clamp loads MLH to
(3) DNA re-synthgsns : mediate subsequent MMR process :
C

- Re-synthesis by DNA polymerase
- DNA ligation

C. Jeong et al., Nat. Struct. Mol. Biol. (2009)

5 J.-H. Jeon



log;o TA MSD (pm?)

In vivo anomalous diffusion (1)

([x(t + A) — z(t)]?)y ~ 2D, A"
N\

«%)

a=0.7 (in vivo)

1.5

Generalized anomaly exponent

diffusivity 0<a<2

superdiffusion
(r*y oc v, a>1

MSD (r*())

norm. diffusion
(Y« Dt

subdiffusion
r*y « 1", a<l

>

time t

J.-H. Jeon



In vivo anomalous diffusion (2)
(22(1)) o t* (@ # 1)

Possible physical mechanisms

Random obstacles
Fractal space
Polymeric environment

Viscoelastic response

Non-specific interactions 4 A Random energy landscape
Corrals Space- or time-dependent diffusivity

Metzler, JHJ, Cherstvy, & Barkai, PCCP (2014); Song, Moon, JHJ, & Park, Nat Commun (2018); JHJ et al., PRX (2016)

5 J.-H. Jeon




Phys. Chem. Chem. Phys.

PERSPECTIVE

@ CrossMark
€ click for updates

Cite this: DOI:10.1039/c4cp03465a

Anomalous diffusion models and their properties:

This journal is © the Owner Societies 2014

View Article Online
View Journal

non-stationarity, non-ergodicity, and ageing at

the centenary of single particle tracking

Ralf Metzler,**® Jae-Hyung Jeon,”® Andrey G. Cherstvy® and Eli Barkai®

Process WEB (x*(2)) 52(A)> Eqn Ref.
Correlated jump lengths Yes ~t ~ A%t (48) and (49) 120
Lévy walk, 0 < o < 1 Yes ~A()t? _Aw) A2 (50) and (51) 136 and 137
I
Lévy walk, 1 < o < 2 Yes ~AX () LA 5, (50) and (52) 83, 136 and 138
a—1
Lévy flight Yes =oo[(|x|9)* ~ ] ~ AP 129, 137 and 275°
FBMO < o < 2 No ~t ~ A (58) 156, 166, 176 and 276
Brownian motion No ~t ~A (3) and (12) 44, 277 and 278
FLE motion 0 < o < 1 No ~t* ~A* (66) 156, 166 and 176
Fractal environment No ~ P/ ~ AP/ 50 and 218
HDP K(x) = Ko|x|” Yes ~ 2/2=F) ~ A1 (90), (91) and (93) 197 and 203
Correlated waiting times Yes ~ 71047 ~ AP (8), (46) and (47) 120-122
Subdiffusive CTRW Yes ~ ¢ ~ A (8) and (20) 44, 63 and 64
Confined subdiffusive CTRW Yes ~1° ~(4/t) (21) 45, 68 and 70
Quenched trap/patch models Yes ~t* ~ AT 198 and 279”
Ageing CTRW Yes Ll r<t, ~ Ayt /) A (27) and (29) 73
B 2 1>t
Scaled Brownian motion Yes ~ ¢ ~ At (8) and (80) 189 and 190
Ultraslow CTRW Yes ~log’(¢) ~log*() 4/t (43) and (44) 110
Sinai (quenched) Yes ~log*(t) ~log*(t)4/t (42) 110
CTRW in ageing environment Yes ~log(?) ~log(t)4/t (40) and (41) 101
HDP K(x) = (Ko/2)e " Yes ~log*(?) ~(4/t)"? (94) and (95) 202
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the anomalous diffusion challenge

The Anomalous Diffusion Challenge

MSD(A) = 2K, A“
Diffusion model M; € {FBM, SBM, LW, CTRW, ATTM }

Task 1. Inference of the anomalous diffusion exponent @ T} on[y Bayesian team
Task 2. Classification of the underlying diffusion model

. . Collaborated with Prof. M. A. Lomholt (Univ. Southern Denmark)
Task 3. Trajectory segmentation Dr. S. Thapa (Tel Aviv University)
10.0
25 team/software method
Anomalous Unicorns Ensemble of CNN and RNN
5.0 Q HYDRAS
S 25 BIT Bayesian inference
=
8 0.0 i DecBayComp Graph neural network
al Gratin
-2.5 R
S— VY DeepSPT ResNet + XGBoost
0| — FBM
—— SBM eduN RNN + Dense NN
-7.5 CTRW RANDI
-10.0 Erasmus MC bi-LSTM + Dense NN
0 10 20 30 40 50 il
Time FCI CNN
I
» ‘! / HNU LSTM
\
"‘ﬁaf@ Just LSTM it
NN A CNIN L K1 | CTAA



https://arxiv.org/abs/2103.11738
https://arxiv.org/abs/2104.00553

Single-molecule experiments for MutS proteins diffusing
along a mismatch-containing DNA

A A A A
SkyBridge MSH Mismatch SkyBridge
platform (Cy5) (Alexa488) platform

(b)

& Biotin

gy Streptavidin

S4800 15.0kV 12.9mm x4.05k SE(U)

J E

o 1
2 (q\|
DNA SkyBridge =

D. Kim et al., Nucleic Acids Res. (2019) EXpZ J-B Lee’s group (POSTECH)

ATP
MSH searching clamp
on a mismatch

MSH sliding clamp

~ 10 min
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Diffusion of MutS proteins is heterogeneous

(b)

(c)

Bayesian inference:

(d)

101 — 2.0 T 1
-0O- At=0.1s
R o ; i ng o at=02s| SBM
(o] i LN -[3- At=0.5s
e 1.5 mode N\ . 10° % ~O- At=1s LW
0 & 1.0f (=096 48 Qn FBM
= B ! TR S
Q. 0 )
< 1073 TAMSD 0.5f i Wiai oty | CTRW
—— EATAMSD o A ¢8| ATTM
T | Y | . O 1 1 I 1 10—2 ,..'l" 1 Vlm\\n 1 1
1071 100 101 (8).0 0.5 1. 1.5 2.0 -1 0 1 0 10 20
lagtime At (s) Apred displacement Ax (um) count
(e) () _(9) :
—~ 41MSH AT — MSH ¢ -~ 11BM A Y ad
E \/ﬂ.ﬁ E 3- " E A Pl J P
3 |4 = s " =5 P\ pTy!
~ i 0: :: ‘e : _‘ . # -.M
E 2 =, o "-.* s = 24 - - 2 NSt g 7 s 04\ ™A “v\. . A
>< [ WL QMW >< = .\. '..f:‘\v A M.“M‘.V.‘.' ‘a..’ . .ﬁ -~ >< _‘c .
0 2 4 6 8 10 12 14 0 2 4 6 8 10 12 14 0 4 6 8 10 12 14
— 15 — 15 — 15
e Inst. D - Inst. D ~ Inst. D
g 1.0 —— KNN (K=2) € 1.0 —— KNN (K = 2) g 1.0 —— KNN (K = 2)
=2 = =2
—_— 0.5' A g 0.5- —_— 0.5-
ha = has
Qo.o#&—é—w} , . DLV ). SN Qo.o-&n——&@&—é—ﬁm Q g0 ey et N ettt ™
0 2 4 6 8 10 12 14 0 2 4 6 8 10 12 14 0 4 6 8 10 12 14
time t (s) time t (s) time t (s)

(1) From trajectories, identify the # of distinct diffusion states
(2) Estimate the diffusivity of each dynamic states
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Multi-state Brownian motion model

e Multi-state Brownian motion

Ax; = \/2D;t, - &; : position ‘ . ‘ .
D, € {DW,D®@), .., DM}: diffusion coefficients . @ . v/ ﬂlzpa\\
& ~ N(0,1): Gaussian noise ng

p;;: transition probability from D® to DU) A
P32
two-state BM three-state BM
 Models My
M;: one-state BM (N = 1) g 4[trajectory 1 JUPP,
. — =22 Ry
M,: two-state BM (N = 2) ol W R
Mj: three-state BM (N = 3) T state 1 0 2 4 6 8 10 12 14
« state 2
state 3
z S [trajectory 2 ~ ~
1 =) . o = N :.5: ’ ~ X ) ..‘
; 4 :;aﬁ.q,s...' w.,..-’ “.......'...:o e -':V

0 2 4 6 8 10 12 14
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Model inference

: P(My|Data)
PM t =
( N 1S rue) ZMI P(MI|Data) - P(Data|MN)

~ >m, P(Data|My)

Marginalization (evidence function) ¢ = (D@, ..., py,...)

P(Data[My) = / P(Data[My, 8)P(6]My) d@

_— T~

Likelihood N The prior
E(HHA%'};MN) P(0|My) = HP(D(i)|MN)HP({plia---apNi}’MN)
i=1 i=1

How to calculate: the nested sampling method or Akaike information criterion (AlC)
AIC = 2KN — 2 10g ,C(HMLEHAZEZ}, MN)
Parameter inference

= : prior distribution 7(& | M,)
= : likelihood L(6 | M,)
: weighted samples
{6, w)), 6,, @), ..., Oy, wy)}

precise sampling around MLE

P(Data|MN, 0)P(0|MN)
P(Data/My)

Maximum a posterior (MAP): QMAP via the nested sampling method

P(0|My, Data) =

Sampling towards MLE

4R
0 N |

P\ N\
VIS
— )

- (A

O
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Model and parameter inference for simulated multi-state

Brownian motion

Simulation details: 3-state Brownian motion, 50 trajectories of the length T=200
DM=0.02, D®=0.08, D®=0.32

Histogram of model inference

Histogram of parameter inference

4 ' | |
—— 0.02 um?/s I ]
30F 0.08 um?/s I I
| —— 0.32 um?/s
3 | i
4 I |
C 20F L I |
8 QO 2F I ]
O [l I |
I [
10 1+ I |
| |
|l I
Lo R R
0
1state 2state 3state 1072 1071 109
2
model D (um</s)
setl set2 set3 set4 setb set6
F+1 score N=1 (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
1 D (um2/s) N=2 (0.02, 0.04) (0.02, 0.06) (0.02, 0.08) (0.02,0.10) (0.02, 0.14) (0.02,0.18)
N=3 | (0.020.04,0.06) (0.02,0.06,0.10) (0.02,0.08,0.14) (0.02,0.10,0.18) (0.02,0.14,0.26)  (0.02,0.18,0.34)
AIC 0.3667 0.5833 0.65 0.6667 0.7333 0.6833
ZTP F1 score BIC 0.35 0.4333 0.5 0.5833 0.65 0.6667
F 1 — Bayesian 0.3667 0.5 0.65 0.7167 0.7333 0.7167
ZTP + FP + FN set7 set® set9 set10 setll set12
N=1 (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
TP True positive D ooy obotls ey ek (e o
FP : False positive = . 9 . 9 . . 9 . 9 . . 9 . 9 . . 9 . 9 . . 9 . 9 . . 9 . 9 .
) AIC 0.3833 0.6 0.7 0.8 0.85 0.9333
FN  :False negative F1 score BIC 0.35 0.4333 0.5 0.6 0.7 0.7333
Bayesian 0.3667 0.5333 0.7167 0.8833 0.9333 0.9667
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Bayesian analysis for diffusion dynamics of MutS proteins

Experiment details: ATP-bound MutS sliding clamps, ~62 trajectories of the length
T=150, time-resolution = 0.1 s, spatial resolution = 0.167 pm

ATP-bound MutS sliding clamps have three distinct diffusion states

Bayesian

count

0 lstate 2state 3state
model

— 4rtrajectory 1 PP
g_ P

~ 2 h‘“. .,’. ’gﬁ

x had . S”'W

0 2 4 6 8 10 12 14

° (14
. o [ 1] O .' & '.
3 (0] X :.o.-ff‘..... 5-54“"":"“""""-“"' Xl 'MJM‘B:“. s:‘"./lr'-o'

0 2 4 6 8 10 12 14
time (s)

MLE MAP

110°

{1071

TR 11072

3 3 1073
1.0 0.5 0.0 0.5 1.0
PDF

State 1: Immobile (black)

DW ~ 7.15 x 1072 pm?/s

State 2: slow diffusion (blue)

D@ ~ 6.89 x 1072 pm?/s,

State 3: fast diffusion (red)

D® ~4.00x107! pm? /s,

A

P

P21 P22 P23

P11 D12 D13
MLE|D — 22 P
P31 P32 P33

|

0.3009 0.8901 0.1177

(0.6619 0.0460 0.0018>

0.0372 0.0639 0.8805
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Bayesian analysis for diffusion dynamics of MutS proteins

Residence time distributions of state 1, 2, & 3: exponential law P@® = %exp (—%r)

l

50 state 1 state 2 state 3
. 10° 0.6 10° \ o 10°
g 1.0f 10-2O = 75
I\l (1)~ 047 s (T2) = 1.56 s
0 2 4 6 8 10 15 2905 2 4 6 8

duration time T (s) duration time T (s) duration time T (s)

Probability density function for displacements: Gaussian

total

10 -05 0.0 05
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(=]
o
[

P(Ax, At | state 1)
)

state 1
O
o
Il \
/ Qa
I/o B
II k
I O\
I’ ‘\
\
bo O Axinstatel
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-0.2 -0.1 0.0 0.1 0.2
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P(Ax, At | state 2)
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10_2 :I 1 1
-0.50 -0.25 0.00
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100 L
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! O Axinstate2 |
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025 050
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\
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Bayesian analysis for diffusion dynamics of MutS proteins

MutS sliding clamps in a ATP-depleted solution (pilot study)

D~ (7.15%x1073,6.88 X 1072,4.00 X 10~1) um?/s

R 0.7290 0.0083 0.0000
Puiep ~ | 02323 09622 0.2451
0.0387 0.0295 0.7549

state 2 state 3
100 B 100
0.3} 5 \
= 0.2} =2 \ = -2 ,
a 9% 10 Q| 197% 5
01k (r2) =3.65 s
(T3)=0.44 s
O'00 5 10 15 OO 2 4 6 8
duration time 1 (s) duration time T (s)
State 2 has an increased residence time State 3 has an decreased residence time
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Take-home message: “Life is physics”

In vivo anomalous transport in cells

Single-molecule biophysics
(DNA, membrane, etc)

Biophysics of human chromosome
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Bayesian inference study of
anomalous transport  Seongyu Park
(Levy walks, MutS, PCNA) :

Target sequence search of DNA
proteins in chromosomes
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