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Abstract
In the field of single-molecule spectroscopy, it is essential to analyze luminescence Intensity changes that
result from a single molecule. With the CdSe/ZnS core-shell structured quantum dot photon emission

data Bayesian multiple change-point estimation is done with the gamma prior for Poisson parameters and
truncated Poisson distribution for the number of change-points.
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2L oA AR 22 A EAF 7152 olafishe A2 Ak Aot A Xg5et 2
g3ttt At #2449 752 I Fxe DA ddE o] e, 3 3l 1=
P AgRE WAE PFo] = 7o) TS wo} W
= 2A3s= WhHoltt (Royer, 2006). & S0 Ad) Exke] 72271 A
%C’ﬂ 2%H FFEHC] FFE F5ok F2H /HEAE @39 A7I7 7
]7]7} Z7}5FH] °]% %'H ﬂEH A F27F oA WA & & A
FFs= Aoz GE o (ensemble
NE A Fa3s 5430 A ARE
| 991% 4‘“ A=Y P27t 2w dT

averagmg)
A3} (Lu 5, 1998; Zhuang =, 2000). mﬂ%
o] GE2}F 2335 53 AUEAEe] ExE ¢ 2L o)Ff et o ue o83}
t} (Brasselet %5, 2000). 3k £z} shupgk #Este g shue] Ay & ]- %27} Wals B3RS /\1/\]7].
o8 FFIE 4 o] D ¥, By o] o]F mHAUE T A FElAY AW A
Toh= Hl Wel 385 gtk (Michalet 5, 2006; Yildiz 5, 2003). o]2]&F ZJ% °ﬂ =75kl ‘&—‘:X}
3-S5 A 22 T2 W3l B2 shutell A B sk v oks ¥ Zo &3] wE
ol ke ETE% B AT Pelska, 1 HE BAS] ABS E%W»t— 1 EREDE R
ol Uﬂ—r 83ttt (Mandels} Wolf, 1995).
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T Qo] 1 FAAL Bt Y= EAoth HZ AP AdFE A5 E A, Watkins2} Yang
EM T % 3}(expectation-maximization clustering) ¢} Bayesian information criterion(BIC)E
_@' Autsl--= 1] A A (generalized likelihood ratio test)E o] &34 S A 3}7](binning) L LA FA
}7] (thresholding) S 2 2 E] AT 4~ Q= A A Agk glo] THEx B33 Wa2A] 7] do]go) tf
s M3HE F43Th. Jansen (2007)2 Xols 2XE o]-&3te] WgA 7] diojEfof thal <% llolB
2] (wavelet) W3S o] &3lo] WAL FA3}

B Ao Ee thiz} 2338 glo]E] o t)3l = sA % Ao B3 EuEAe 247 oo Bat
o) 7ol U B3t ARE QuAUCh 2NN A F400 AH8E BEA £33 clolelel o
3 A3ty BAZ BAe] Ao AS Ayt 3G A Eold dlolEd thdl o] A ¢ thEwstd 1
He 2745ka 4ol A o) & lolEjol] thet thE Wkl 2 A Ane) slekd B A HojFrh
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2. ER2AF 248 &2 Y| tIolE

o] E=&oA ARES F38 dlolE = tha Zth A&l ¢F 10nm¢l CdSe/ZnS core-shell 25 ;
+ YA (QD605, Invitrogen Corporation)®l] 3Hgo] 532nm < CW (continuous wave) #]|o]AE

, S W] A7kl whE WistE AFSITh o H%te frE] SetolE WS 1% bi-
otino] 23%H PEG(polyethylene glycol, Laysanbio) 22 F ¥t & biotin¥} 73}A 23 strep-
tavidin(Sigma)< &elo]l= T LA AT Ao 29 FapAol= &F 3709 biotino] o] =
o, ¢ $e 5 (~ 20pM).°4 FAAL 1% biotine] A%HE PEGOoz FHEH &elolT 9o 715hd
I sepol= o IRl EA A piezo stage(Tritor SG 101, piezosystem jena)Z ZHS &
A &t FAR L] HX]E WhASHE shute] AR #olAE RAMAA HF HEE Ak AFA
AMZzz e ulsd glolEE U3 047] 23l 60 x TIRFM oil immersion objective(NA 1.45, Olym-
pus)E ARSI o FAF AE7]E= AE £89] &2 avalanche photodiode(Perkin Elmer, AQRH-
13)E AREEITh WagellA U ZF FA7F AE7o R A7ks V1S3, o] =Y ATkl ths)
10ms T2 2B T8|9 Figure 2.1(a)2} 22 A7t i3l Z4x W3} T =7} dojA|H o]
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Figure 2.1. Intensity data and change-point estimation

IFANA B 4 Ko] Rkl FAAL AR E F5te] go] DBt o] 3t Whago] HE
= Z9AYE Aol Uehued I A AL § ufo]a 2 x4 4 DE|27HA] oheFsitt. o9k 2
o] ¥hgo] ZutA Y A7|&} A& A7 A A Wate] FFA o' vk Al7|Y WHEE A= AL
79 E7Fs 38ttt (Nirmal 5, 1996; Kuno 5, 2000). whehA] &3 A|71¢] ol n| 3t WH3l= A4 H2
o] oA T 713t

3. Poisson count data0] Ut C}=PiIsHE =4

dolel7t 4s R E wEcty 8 & ¢l v W AV TS BAE BAE S8 HeE s
FA4%% T 7 B tigt 2L Fofsitt. WEAF 233 WgA| 7] dlolH e ZolFREEE mEE
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N (count) Hlo]Elo|B & FolFHEEZ 7 o] HAdItE U g2 Al 7h
2 AdAZFE B BaF R HolHE 83k A9ode AGEEE &8
Raftery 2} Akman (1986)-2 ZolE 2322 A% 3t 7l sl o] 918 A% improper priorE £ AFE
BZE §r3lo] wo| x| M A-S FANS AR Jarrett (1979)S AEk 334F AL3 o] o] €] o] T
3 ol BEx o tEstdS MCMC 7|H& o] &3] 4313 t}t. Ensign¥} Pande (2010)2 ©&
2t AEE YEHlE ZosExE += to]E]o] ts Bayes factorE o]-&3to] t}EHI AL 243}
5 K Cheon (2010) & W5H42] 140l ol AHENS B8 Aot ol b Lol e
2o tigh we| x| ¢k o sk A4S Al Cheond} Kim (2010)-2 thHzre] 39 thE sty
FAe Alsiglon B AFoA o2 st S &&stuAtsitt.

WA Ao W2 AME 5HA #ASFTES Z = (21,22, -.,20) °1ERE k7] W3S} (change-point)
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{e1,..,a}B 0=co <c1 <c2 <+ < cpy1 = net T uf] HSPAS B3 AAHFF T (index set)
(12,0} 2 RABoz e 4+ gom ol@A J48 RAthie) #205L Bavz S8
x5 wzA "o 22z HspE-e o] BlE (binary vector) x = (71, Z2,...,2,) 2 XET = 9l
A Ty = Ty =00 = T, = 15 WFTTE k7] A S 7 YL v 2ok

Zi Nf”‘('|¢7‘)7 Cr—1 <7:Scr7 (31)

AZIM r=1,2,... . k+ 1013 f,= 2ol i Bpol] o Eshs FELETTOIAL ¢ € PO

W3 Aol tist AP E2E2E n* =n/2 At 2okE (truncated Poisson) w32
N (= k)
f=il

FEEE Poi(g,) & Bt ok FBUTTS frol2k Bah 23 q® = (b1, 4)0l DN

3+ (log-likelihood function)+=

k+1 Ci Ci
IOgL (Z"I’](k)) — Z ( Z 25 log ¢7« — (Ci — Ci—1)¢i — Z Z]'! . (33)

i=1 Jj=ci—1+1 j=ci—1+1

¢l 3 FANARZ R T} ZHEE G(v,0)E 22t

k+1
log P (n™) = ax+>_{(y — 1) log s — #:3}, (3.4)
i=1
A7IA ar, = (k+ 1)(ylogd — log T'(7)) + log(n* — k)! + klog A.

A}%_rﬁ% 61, bus1l HE] Aol BRG] G AFLEE ToHY TheT 2ok

k+1 ci
logP( k)|Z)ak+Z{10gF<’Y+ Z ) ( Z Zj+7>10g(ci—ci1+5)

Jj=ci—1+1 j=ci—1+1

Ci

— Z log z;! » . (3.5)

j=ci—1+1
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AAEZN(p,0%) 8 2E A3 FEUETS [0 deire Faol disiM+ improper priore} £t
- AVHEE (inverse Gamma) 1G(v, )& LB £ é1, ..., g0l thall HEske] ¥
AR e A2 E ok

k+1 Gangy (¥} ci—c 1
(k) = N i — Ci—1 —
log P (x |Z) =ay + log 2m — iil 3 log (¢; — ¢i—1) — log T’ (72 + 'y)
= :
¢ —Cci1— 1 1 ol 2 ( j;c1,—1+1 Zj)
it e log |64 = 2 \Tmeatl ) .
+ ( 5 + ’y) og |0+ 5 Z 23 =) (3.6)

j=ci—1+1

2 A=) 9714 ap = (k+ 1)(ylogd —log I'(v)) + log(n — 1 — k)! + klog A°] 2L v, 8, A= hyperpa-
rameter ©]T}.

W3l B2 Kasst Raftery (1995)7F A5st vke} o] 271 Bayes factor® Abe &= BICE
FHasleleE Adsitt. 7|4 BIC = —2(log maximized likelihood) + (logn)(number of para-
meters) & JO|Fw AAZRZEFS o]&ota B 23E = B4 Jipel thEt HAFS 3t
APERZ Alabolli= SAMC(Stochastic Approximation Monte Carlo) €3 2]% (Liang %, 2007)2 &
£-3Fo] A 4ksity.

o W3k ZAlCl A8% SAMCe s k] Adwstuxisict. 7pAAQ By FIbo|A fF o]
= gy Ad/H2FE P A9 A2 2EFE duEEe] 283 SAMC ¢uEEe o)
3 Ao A HASA E8F 4 9l Liang S (2007)2 reversible MCMC (Green, 1995)¢] u]3}

SAMCE Z229l Ao Akl mR R AA B FAY HAZLS +8 4 JdSS Bt
ExSEU TSk (target probability density function) p(x) = cyp(x), x € X, 97|14 c= RaE
A (unknown constant) ©]3 ¥ (x)= —L%—a—ﬂ'(sample space) XA AFLH o] 0]—‘4 Eisatll=
Ei, ..., Ene X9 partitiono]ghsil 6, = log( fE x)dx), i = 1,..

< 0.0 thgk S gholtt 9t = (0e1,0e2,...,0tm). El,...,Em% %Efﬁ-?% Tt L EAES
2, e FES 252 WG 5 oy 7 BYde] g BEREZE 1 = (m,...,Tm),
0<m<1z 1771—101 £ 3t}

8] 72 (non-decreasing) % (positive)2] 4 {r} 2 T2 A4S w=5E uj

i) Y m=o0, (i) > 7 <oo, (3.7)
t=1 t=1

1714 ¢ € (1,2). {m}+>0= gain factor sequence@ £2|™

o714 wlgl A Tp > 1= A+ At
the s Aol el A 22 5E DA vt 2tk

(a) (Sampling) Metropolis-Hastings 7|'Ho 2 39 HXIELETTE 133 x & FHA5}st
=2

Py, (x) = — id](x_)l(eri), t=1,2,..., (3.8)
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o371A Dy tAA] ¥HEA x2F3Hd4(normalizing constant) o] [+ X A<= (indicator
function) o]t}

(a.1) proposal distribution g(x;,y)°l Wz} y =S A 7T}
(a.2) TH9] ¥l(ratio) & AAFSITE.

_ " 9(y) aly.xe)
e P(xe) q(xe,y)

1,G)9] BEZ proposald WolElth. whef wholgold x4y = y2 $il 1A
2 BFolE xe1 = x 2 =0

(b) (Weight updating)

0" = 0; + q1(e141 — ),
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Table 4.1. Mean and Standard deviat

Jaehee Kim, Hahkjoon Kim

ion of each regime as Normal distribution

regime mean sd
Regime 1 87.65385 25.10908
Regime 2 17.8 6.646637
Regime 3 109.1486 21.52066
Regime 4 114.5795 36.33931
Regime 5 141.5429 10.60062
Regime 6 47.23077 43.13961
Regime 7 137.6335 29.74279
Regime 8 13.2 4.549725
Regime 9 136.0238 32.96154
Regime 10 16.75 13.15727
Regime 11 134.575 33.62455
Regime 12 90.69231 61.63655
Regime 13 151.5 12.94609
Regime 14 150.4436 23.80347
Regime 15 14.4 9.008638
Regime 16 124.5455 38.85397
Regime 17 30.1 4.909175
Regime 18 118.2222 47.52572
Regime 19 153.4528 19.11158
Regime 20 116.1607 51.01899
Table 4.2. Mean and Standard deviation of each regime as Poisson distribution
regime mean sd
Regime 1 87.65385 25.10908
Regime 2 17.8 6.646637
Regime 3 110.0438 27.41916
Regime 4 137.3958 16.7176
Regime 5 35.4 40.82809
Regime 6 137.1503 30.06388
Regime 7 13.2 4.549725
Regime 8 136.0238 32.96154
Regime 9 16.75 13.15727
Regime 10 134.5301 33.41251
Regime 11 24 4.949747
Regime 12 150.5886 21.93114
Regime 13 14.4 9.008638
Regime 14 124.5455 38.85397
Regime 15 30.1 4.909175
Regime 16 145.3375 30.61064
Regime 17 17.6 8.294577
Regime 18 150.5 13.43503
Regime 19 27.5 24.5017
Regime 20 132.4444 27.77289
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