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NA X5

B BayesDiEiE

p(y|0)m(6)
[p(y|0)m(0)do

q(0]y) =

m(f): FEHIFEZR (prior)

p(y|6): L (likelihood) Thomas Bayes (1701-1761)



BN\ ETEORRNF)

ANER [DmOEDZEDETEIT DN ?

- YTJUVD
Markov Chain Monte Carlo (MCMC), Sequential Monte
Carlo (SMCQC), etc

- TEE -
Laplacediil, ERGHE (Belief propagation, BP) , HAfF
BiIcis (Expectation propagation, EP), ZDON+1 X, etc

B Beyond these
FERDOTERE, LEEBEDOSTENTRE TCTHDC EERIIEE T B.

[ EEDOSENZBICTER] BEEDTDIN?
> ABC, aka. “without likelihood” , “likelihood-free” |,
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LEHE LDBayesH#t

B ET&ELRFDNB Marioram et al PNAS2003)

Nutkank (/N D—/\N—FBDHEERE) 6 32D
S RIYVERUPDNADT —5

IREMDERBIZIRIED O,
BRSO X =S %
HwI .




Most Recent Common Ancestor

- BALS, = BEYA FOK (MRCA)

- HREUIZWINDS X =S =
F IREER 0
* MRCAZX COISE : L,

Mutation

Coalescent time

(&)

<

- AEREH
P(Sp = k|Ly, ) — T

X, EFILOEMICZDE INEDEFDELEFDZHRE
iy wrANA

LU, BYTUVTEE5 (DikERE) .



B ABC : VT VTCXDBayesstE

- RRE : p(yl0) DESOT YT VIS8R
ALEBOFEIIATEE, F2EFIR DS

- HYTUVIICEDL SRBROFLE SO

- Tavare, Balding, Griffiths et al. Inferring Coalescence
Times From DNA Sequence Data, (1997, Genetics) 1, I8
O ZRICIESE

EVNBZIIRETICERFE (Rubin 1984, Diggle & Gratton 1984)

- E@ELCFORBERCZDPNIHE
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ABC Rejectioniss : EABDE

B [avare et al 1997

m(6) 5
/ >Y; Yi = Yops ?
/\ p(1il6) |
if YES, then accept 6,
.y, otherwise, discard it.
sampling sampllng

- AcceptaN/c (8;) DDRITBEIER q(0|Y,ps)



— Y, =Y, EXDCEILIERBICH (Y DNEFRESERO)
<G,

m(0) "
/ (Y16 > 1, d(Y;, Yops) < €7
p
/\ if YES, then accept 6,
otherwise, discard it.
>Y,
ampllng sampling ¢: tolerance

- Aooelotéﬂf_ (9 ) 0) ﬁila‘- p(9|d(y Yobs) = g) ~ Q(Hlyobs)
- £ - 0 DESHEEERICIER.



- d(Y, Yy S e EB/LICEL, Y DERITTIEH.
- BIMETE (summary statistics) S(Y) DEBA. SY) [T Y KD
BIERTT.

(0) 1
>Y,  d(S(Y), SYops)) < €7

/ p(¥;16,) |
If YES, then accept 6,
otherwise, discard it.

>Yn
sampllng sampling e tolerance

- Acceotéﬂﬁ‘_ (Hi) @ﬁﬁila‘- p(9|d(S(Y),S(Y0bS) < 5) ~ Q(elyobs)
- S(Y) DHDffstE THNIL, ¢ » 0 DEZTEREZ(CINGR, 9




B ABC Rejection Algorithm
- INPUT: 285t = S(y), EBEE d(s,s’), tolerance ¢

- WRFMH (POET RSNITHRE or TV TIVED Zimlic I X
T, MFZiEDIRT.

Generate 0* ~ (0)

Generate y* ~ p(y|6%)

Accept 0% if d(S(y*),S(Yops)) < €
If rejected, go to 1.

O~
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EE&%1 (Rejection method)

1
p(y|6) = Snormal(y;6,1), m(0) = Unif[-10,10]
YT T8 108

1 1 Il =1 L 1 1 1
-4 -3 -z -1 o 4 -4 -3 -2 -1 0 1

Nacceptea = 99973 Nacceptea = 9854



ZOEAMF-TFOMEISICATEED ! !

Parameters in
simulation design

Observation /
@ experimental results

0

7 e

Reproduction

Simulations
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cncCEgERl L L DY

EE%2 (Rejection method)

1 1
p(y|0) = Enormal(y; 0,1) + Enormal(y; 6,0.01), m(6) = Unif[—10,10]
YT T810°

e=1071 e =10"7

. J—MJ .
-3 -2 -1 0
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B AR
- YTV TBERERED FL— KA T
BEEBDBIEDICE, & EEBININS LR,

+ —73, e ZIN=<TIDE acceptanIc<<, BRZTVT
Y IOINE.

- BRRETE S(y) 2 DREIDD'?

- FBEEZIHDCHICIE, BAINEHR CRT) &2 UL
- RITH'EUVE accept =NICL L),
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ABCOD

B Summary statisticsDE A,
- RIoEE

- BEER

BT TDUR
- MCMC
- SMC
- Parallel Tempering MCMC

B ZDfth

- Regression adjustment

- N—=RIVE
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Regression Adjustment

(Beaumont et al., Genetics 2002)

QiR ZRT, OEOBEHRZMIET D.

1. Sample (6, Y;)~p(y|0)n(6)
2. Accept if [Is(Y)) — sops)ll £ 6 for a larger tolerance 6 > 0.

3. Acceptanic (6; S, ICXt UBPEHFOIEERT
(S; = s(Yy), 28512

min |6; — {a + (Si = Sons)" B K5 (IS — Sons|D)
(Ks- Epanechnikov kernel with bandwidth 6)
4. GV TIVOWIE : 6; =0, — & — (S; — Sops)TP.
5 ®WIELEOYIIVICXHLT, ABCZIED
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Epanechnikov/1—=)/)L

3
K(u) =-(01- uz)l[—1,1] (w)
4
POF - Epanachnikow])

oz

oa
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(6, y:) ~ q(08,y)d0dy = p(y|0)m(6)dody

si = Si)
07 = 6; — @ — (S; — Sops)” B \
N g éI\(Hlsobs)
.&'
o) ® o ®
~ :
¢ oo O
°® ° "
® .. (| ék.
) 0 ;
o §
i > S
Sobs
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B i/, 9K . heteroscedastic Nnoise Blum & Fran ¢ ois 2010)
0; = m(y;) + a(sy)e;

o(s;))? = Var[8|S(Y) = s;]
Estimation:
1. m(s) =a+(s; —sp5)T 8 EBEIOIRTRDB.
2. ROBOIRICKD 6%(s;) &KDHD
log(8; — M(s)))” ~ loga?(s)

Blum & Francois 20107TId, Z“a—2J)URv FZALYTLD
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Summary Statistics D& RN

(Blum, Nunes, Prangle, Sisson, Statistical
Science 2013 KDk
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&R
B ZELEIR (y = (Y4, ... ,yp)b\b’);&wyf&@b}}%>

SW) = (vi,» -»¥iy) : RP > RY, d<p

- e-sufficiency (Joyce & Marjoram 2008)

BE 2 TNA TEBERMEZSNDZHET D

- Entropy criterion (Nunes & Balding 2010)

- ABCICKDIIUEBIEE q15:01S(Yops)) DI FOE—F

IJME.
- TV ~OE—OHRERS kGFEETITD.
ZHOMEE (RBD #3120 TERY.

- BIREFRE | AIC, BIC (Blum et al 2013)

- LENEITRY > BIMRELRICHEITIREZRND,
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B RoTER GRE/FERRIZSI=2IC K DIERITIE)
S(y) = (h*(), ..., h*():RP - R%, d<p

- Partial least square (PLS) @l (Wegmann et al 2009)
y OFESIR, DEE 0 COMRENEBICELKLBRDXDICHE

- BPhAE (Fearnhead & Prangle 2012)
Semi—-automatic ABCD—E[. & Cz¥ak.

- Za—2)LRv F  (Blum & Francois 2010)
SEB/N—t7 ~rOVOPEBRIZTZAID. FEEHEE.

- ZFOMDORITEIREEABCICEZDEEZHND
- dAMAVE (Xia 2007) , gKDR (Fukumizu & Leng 2013) 7&x&
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mIFAME
- L21FBIME

Yy DG (BRDRBIORRIEEER) ZFDESICER)
(Beaumont et al 2002, Blum & Fran ¢ ois 2010 )

- LASSOO)® (Picchini 2013)

20D
- RItElEL BHEERURV), SRITICRWDEZED
« 0,y)DEFBTAHDUEEETILEZETIID, p0|yops) 2Tl
(Bonassi et al 2011)
» p(0|syps) ZMixture of ExpertlCk > CTHE (Fan et al 2012)
. EP_IASBC : A B EZAVVDABC (Barthelme & Chopin
2011

- Kernel ABC : 1—XRI)VEICKDABC (Nakagome, Mano,

Fukumizu 2013) -



Semi-Automatic ABC

(Fernhead & Prangle 2012)
Noisy ABC:. “Calibration” 323 (&B8IEENHELY)

- RELIRIC KR DEMMETEDER
1. FER S(y) Z2RHT/N\10Owv FABC
> SERIERDS IO ZERFD.

2. IN\1 0w k posterior DEBEMBEFICHILTO 20>V T
L. i ~p|0)ZET VT, {(6;, vy}, &EB2.

3. {0,y)¥L, ZARWNT, FFEOIBICKD E[6|p(y)] ZHE.
o) IFEEREE., BIZIEE ¢() = 0o, Y2, V3, Va)o=1

0;=c+pB oy +ny

4. S(y)=E[0lp()] =¢+pTo(y) ZEMNMetE2E U TCABCE
17D.

Note | 2EREDEHR CRERE (LD UKRK) OZHIHETESL E[0]y].
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CBEs DA

l“/'

2 DixG, BEOSEEREIRINEDT, REZBEEIDNEL)

B RSSE (Nunes & Balding 2010)
- (6;,w)r,  ABCICKBEHIT VT
ABC-rejection Di%S, w; =1 < accepted.

= Oprye DN DOTNZETDE,

n
RSSE: = (Z w;||6; — Htrue”2>

i=1

1/2

- B33,y [FKRFZDT, Cross-validationd B.
n 1/2
] 2
RSSE;: = w6 — 64

wi s 50, =0, EUIEEZD, ABCICKLDEH.

J
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0;
/\\ief \@ d(sj,s;) < ¢
6

p(sil6;)

- Sops NS ADBNIEEESDHEEZTHID T DIRICIE, sopsDITHED
ABCHY Y IJIVIZITZED ERLN.
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A \ T | \ B
SERFBTTHEDLLE
e N@Ye YV R a +X
TAanLE 2
Relative RSSE for examples 1-3 for different parameter combinations using each method of dimension reduction,
and under heteroscedastic regression adjustment. Columns denote no dimension reduction (All), BIC, AIC,
AICe, the =-sufficiency criterion (s-suff ), the two-stage entropy procedure (Ent), partial least squares (PLS),

neural networks (NNet), minimum expected posterior loss (Loss) and ridge regression (Ridge). All RISE are
relative to the MSSE obtained when using no regression adjustment with all summary statistics. The score of

the best method in each analysis (row) is emphasized in boldface Semi-automatic
/
Best subset selection Projection techniques / Regularization
All BIC AlIC AlCe c-suff Ent PLS NNet! Loss Ridge’
d -3 A -5 -5 -6 ~11 —6 -4 - 1
P -4 -6 -6 -6 0 —-12 -7 -8 -7 -3
(8, p) = - -7 T . —24 -16 - -6 -6
a -3 —15 ~15 —15 0 —-17 -13 -15 —17 —15
c -5 —-15 —-15 —15 -8 —15 -8 -12 -9 -9
P -8 —16 —16 —16 -8 —16 1 -12 -9 -10
T —6 —18 —18 —18 -8 -13 —-10 -13 -12 -12
(a,c,p,p) 4 =19 -19 —19 - -13 ~10 -9 ~12 ~11
T —-49 —47 —47 —48 -19 -52 -22 -20/-42 —75 —48/—-48
B —45 —46 47 —46 -15 -50 -15 -21/-37 —56 —43/-43
I3 —-27 -29 -29 —28 -13 -32 —28 -7/-41 —41 -26/—44
(r,0,£) -39 -39 ~40 -39 = —42 ~11 -4/-38 —60 -39/-32

'For the third example, the first value is found by integrating out the regularization parameter, whereas the second one
15 found by choosing an optimal regulanzation parameter with cross-validation. In examples 1 and 2, integration over the

regularization parameter is performed.
Blum et al 2013k Yik# 27



Ex. 1 Ex, 2 | Ex, 3 Relative RSSE

I
|

f pall:a c p pall't a € al
I

' Blum et al 2013 &Yk
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BEx1  EM0EIr
- NS X—=5 06 =(6,p)
- 6 : mutation rate
* p . recombination rate

- &8 Y. 50011 8EDDNARYYI, 5 OfE1A,
Coalescence model [CXKDY I DI (ms)¥Y=alb—I3YV

- %%‘U%JES 6 RIT
s; - Number of segregating sites
5, . Pairwise mean of nucleotidic differences
- 53 - Mean R™2 across pairs separated by < 10%
+ 54 - Number of distinct haplotypes
« s¢ . Frequency of most common haplotype
* 54 - Number of singleton haplotypes

29



BEX 2 BF (BEEINEGRE)

— \ —_ /_\ a afl-¢)

- EZEOEILELED \_/ O
RN Untreated, Untreated,

Markovt> /U S - ""‘m{ N

o — o — @ 1' )T w.'-/m“-‘-t- i ,}r

- INSX=5 (4R \ /e Trate,
.+« : Transmission rate e e e -
. . mutation) transmission)

* ¢ . Transmission cost of J 1 l

drug resistant strains

- p - Rate of evolution of resistance
« u - Mutation rate of IS6110 marker

- BRMETE © 1 1Rt

30



BEx 3 BB (EXitBEE)
- #PONTEM (inclusion) D
@HETA A&, 2RTAS1M1R
F—INGHETETD

- EFIL (B/I5A—H)
- NEMDIZPA : Poissonsu@ig (rate )
- ITEYIOHZ . Pareton (scale o > 0, shape ¢)

- Z2fstE (1 1 3T)
- 11 2BTE DM EMDHFE (25 um)
- MTEM DG

31
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MCMC without likelihood

( Marjoram et al PNAS 2003 )

B Vetropolis-Hastings
Repeat the following:
1. Current state 6. Propose a move 8’ ~ q(0'|6)
2. Accept 8’ with probability
. (1 p(yobsle')nw')q(ew'))
" pWops|0Im(8)q(0'16) )’

else stay 6.

FBRUVMREDE E) BERER q(0lyops) DEBDHERD.

LEEP Yops|O)DEFHE TETRNEBRTERR),

33



B \ICMC without likelihood

Repeat the following:
1. Current state 6. Propose a move 8’ ~ q(8'|6)
2. Generate y' ~p(y|6")
3. Fd(SG), SOops)) < & g0 to 4, otherwise stay 8 and go
to 1.

4. Accept 8' with probability

- (1 ﬂ(H’)q(HIQ’))

"m(0)q(6'16) )

else stay 6.

- 0; DERIBRT TII7E < Markov chain
- EEDMIE p@] d(SO), SWops)) < €.

34



_ B[y
- o2 h 0 HBEREXRDEVEIFICADE, d(SOH),SWews)) < €
B SNDCENHRICIRD 2 reject NHwITD.

- State-space augmentation ZHU/ZMCMC-ABC (Bortot et
al 2007)
c e BINDOA=AHEHIZUT, (0,¢) DZEETMCMCZ=1TD
> RSV e ZFEHB U TEL) mixing D BTSN D.
« BEER q0|y,ps) DERUCIE, NSV e ICXTT D 6; DHZ=
== [APSY

35



Trace of Theta
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Theta

Fig.1. Traceand histogram of 4. (Upper) Trace of 10,000 ABC-MCMC sampler
iterations. (Lower) Target mixture distribution (solid line) and histogram of
ABC-MCMC sampler output.

Sisson et al
2007&Y)
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Sequential Monte Carlo
ICHRDABC

€0>€1>€2>"‘>€T=€
q:(0) = q(01d(SW), SWops)) < &)

KDBOSDISERNDS, FRICKOHDABCHLISEEERCETDL
251,
€o &1 Er

) L L )
————————————————————————————————————————————————

Seqguential Monte Carlo Sampler (Del Moral et al 2006)
[C KBDERINHTIRE

Sisson et al 2007, Beaumont et al 2009, Toni et al 2009,
Del Moral et al 201 1
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BEE . SMCHY TS5 — (Del Moral et al 2006)
(P}, | TERBEREHEDORY

N

- B0 p ICRSKTF EBHUVIL) {(2°.w0)]_ EY
—TOI9)VICERRTD (t=1,2,..,T)
- Importance Sampling D&
ZW, ZWN) <~ p(x)dx

_ PG| o\ P(ZY)
Frlo] E"[ “0® ~;q)( ) 5@
STV TIL (2O, wORY . w® = P 4 s ie

n(zW)

- RYDFZS : local move Markov kernel K. (x,x") ZFRU\T,

70 < K, (zgi_)l, x) dx
nt (x') = fKt(x,x')nf;V_l(x)dx
LD, —RRICIE, i (D DFHEFRT TESAL)
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- /\02 X1.t = (xl, ...,xt) L@ﬁj\ﬁi?%iéo
Backward Markov kernel  L;(x;41, xt).

t—1
PeCea) = pee) | | LeCriess, 20
k=1
x; DEEDHIS pe(x,) IC—ER
- Pi(x1.) [T U Clmportance Sampling =175

@ (0 @ (@ ez )iema(z” 22,
iz (Zl:t) x W,21 (Zl:t—l) Pt—1(Zt(i_)1)Kt(Zt(?1,Zt(i))

- Resampling: Effective Sample Size (ESS) =

ESS < Thresh 75w, (Zflg) = %

1

Zliv=1(Wt(i))2

39



B SVIC without likelihood (sisson 2007, Beaumont 2009)
ABC-PMC (Population Monte Carlo)

2. t=1,..,T.
i=1..,NICXXUTMURZEITD.

@ Generate 6, ~ YN, Wt@lc?aa) , O ~ KOs, +). YV ~0(yl6.1)
t—1
Z d(SYu), SWops)) < & DD IIDETIRDRT.

@ 6 =6..,
(i) N
T\ 0
Dy @ (0) M) _
L S NG INGIY EWU =1
i=1 W1 K¢ (Ht—l’gt ) i=1

3. [Resampling] If ESS < TH, then generate N samples from
§v=1 VVt(l)5Zt(i) and set Vl/t(l) = 1/N,

40



- ABC-PMC : 518 0(N?). K&\ N ICX1 U CHRE,

B Del Moral et al (2011) DABC-SMC

- Generate yq, ..., Yy ~ p(¥]6.s)
- 60 =0.,

M 1{d (), SOovs)) < &
Zﬂ\'/[=1 1 {d (S(Yj)»S(YObs)) = gt—l}

W, o« W

sT8= O(N).
Backward kernel & UT Ly_1(8;,6,-41) = pt(gt-i:z;(t?t-l’et) )
<C8HIMMNB.

- &, Ky DBEIERELSBIRESN CLD.
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Parallel Tempering-ABC

- Parallel tempering / L ') A Monte Carlo®D@E A
E > & > > Er = E, q:(0) == Q(Hld(S(Y)»S(yobs)) < &)
HBERIC tempered posteriorZEx

Pa_sN :
1 6, ff

<> ;@ a2

TEDFIA <

.|
==

Or 1 :
— PA_LN : qr

rrrrrrrrrrrrrr

ds
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B PT-ABC Z)L3J XA
1. [#HEAEl i=0. B¢ ICHRNT, ABCICKD
1Y IIEESS.

(652,57, .. (657, )

2. n=2.. N
@ [local move (ABC-MCMC)] & t ICxit L,
Repeat 6/~ q; (Ht(i_l),-), ve ~ p(16¢)
until d(S:), SWops)) < &.
Accept (Gt(i),yt(i)) = (6¢,¥¢)

. _ n(0)a:(6..67)
with prob. min {1, (0D ar (0,65 D)

@ [Exchange move]
T @D/ (t,u) (t < u) Z—RRISES,
d(S(yu)iS(yObS)) < & I85(E (0, y) & (B, yy) TR

43



tlﬁf& <Baragatti et al 2012K ‘O)

ABC-MCMC (two runs)

Q.
o4

20

15
i
15
i

Denaity
10
Densily
10

05
0.5

e gﬂ»

Figure 1: ABC-MCMC for the modified toy example: samples obtained by two runs (20.108
iterations with 5.10° iterations of burn-in) for tolerance levels of 0.025. The orange dotted curves
stand for the exact posterior distribution, the green dotted curves for the target approximation,
and densities of obtained samples are represented in gray.
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ABC-PT

15
]

Doensiy
10

05
l

8' . S

T T
- 0 2 4 & g 10

Figure 10: Approximations obtained by the first chain after an ABC-PT algorithm with N = 15
chains, with 3 rings of tolerance levels (600 000 iterations with a burn-in of 150 000). The orange
dotted curves stand for the exact posterior distribution, the green dotted curves for the target
appraximation, and densities of obtained samples are represented in gray.
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ABC-SMC

o (-3
o e
. |
.I L]
w L
- -
- i =
[ = @ =
& a
w w
o o
g.. - . g._ -
1 v | | 1] )
2 0 e a b g -2 0 F K 6 H

Figure 8: ABC-SMC for the modified toy example, for a tolerance level of 0.025: on the left the
results for M = 1 and 15 000 particles, on the right the results for M = 10 and 20 000 particles.
The orange dotted curves stand for the exact posterior distribution, the green dotted curves for
the target approximation, and densities of obtained samples are represented in gray.
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ABC-PMC

o | Q
L] &N
- a
2 =
E = 2 =
a &
- J .
< <
°--1 — — P—— °_ -
L= o
1] T 1 ] ] T L] 1
2 ¥} 2 3 L] & 10 3 -2 1 0 1 2 3

Figure 7: ABC-PMC zoom: populations associated with a tolerance level of 0.025 (5000 samples),
for the modified toy example on the left, and for the standard toy example on the right. The
orange dotted curves stand for the exact posterior distributions, the green dotted curves for the
target approximation, and the weighted populations are represented in gray.




mPT-ABC, ABC-SMC, ABC-PMCODLEE
- INT, ABC-MCMCLD K EREESNZ,

- INTCDIIET, D—XRIVDERKRIIBEBATIIEN.

- SMCAX—=2XMDABC-SMC, PMCIZ, BIIZTVITIESZD.
PT-ABCIZMCMCA — 23D THREDH DT Y TILESZ B0
T, thinning (B33 DWEERDCEEHD.

- PT-ABCEABC-SMCIEBREZRZEDRREESZIE (?)
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Kernel ABC

(Nakagome, Mano, Fukumizu 2013)

B H—R)VEICEDSABC
SEIRRON—RIVTHERE (D—RILU v IYER)
YT EINTUED.

1. Sample (6;,Y)~p(y|0)n(6), i=1,..,N

2. Apply conditional kernel mean
E[®(O)IY = Yops] Zwlkwu)

W = (GY + ne, n) 1kY(3’obs)

- Good performance for high-dimensional cases is
expected (c.f. local linear fitting).
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Comparison

® Kernel ABC O Regression ABC ORejection ABC @ Semi-automatic ABC

Time (107)

60 - (Beaumont et al. 2002) (Fernhead & Prangle, 2012)
.0.126%

55 -
SO ] 00.492%

1.734%
4.5 A ° 2.495%

. Qs L

40 i 8.000 .5.494.«0 04.485.'0

.11_189%

- 16.377%

35 4 %o .123?.?;509,; -~ Ci6.160%

o .3?.594% 24 388% _O“ﬂ-l“")%
30 - 2000 935550, 712833%

1,060.%%"’6 ~Or50.000%
2.5 | | | |
0.00 0.02 0.04 0.06 0.08
MSE (Nakagome, Mano, F. 2013)
e Summary statistics (14 dim):
Site frequency spectrum + Haplotype frequency spectrum
e Gaussian kernel is used.
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Kernel ABC has been applied to studies in population
genetics.

— (Osada, Nakagome, Mano, et al. Finding the factors of reduced genetic
diversity on X chromosomes of Macaca fascicularis: male-driven
evolution, demography, and natural selection. Genetics (2013)

— Nakagome S., Mano S., Hasegawa M. (2013) Ancestral polymorphisms
and sex-biased migration shaped the demographic history of brown bears
and polar bears. PLOS ONE 8(11) e78813.
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KC

B ABCOAE
- BEEREEEL D ONENCEUT REDICE, ERTO
THHtEDERNEE.

. ZSERIR

- RotHlB GRIE.FERERED

- YTUVITDBELL
- MCMC
- SMC
- PT

- KEEister Vo
- Mixture 5L
- 1—=XRJVABC
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B ABCOIWAHEDOERE

- Population genetics, biologyZit8 Z IIaLVVLAICE, &R
TCDELAZIRDITODTIEDHENNE S BIOND
—ARBYSIA ¢ B~ B RIT

- BRIOIOSRTOMAR (EXETIVLOBER)

- BIEVNIE (Moores et al 2015)

BIE2OERETILE U CPottsEF )L (MRF) ZAU), /N
SXRJYDOEFTIVTAEZT

- B (Mansinghka et al 2013)
BEOERRETIL+HABC
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