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Why I wanted to work with Joe

While I was in Joe’s lab

What effect Joe had on me



Phylip 3.5c:
contml
using allele frequencies
of 31 allozyme loci

Multi-locus divergence time estimation 1994

Beerli, Hotz, and Uzzell 19965/14 c©2017 Peter Beerli
Twitter @peterbeerli



We infer parameters Θ from genetic data D by collecting genealogies G

G1, G2, G3, ..., Gi, ... ∼ H(Gi−1,Θ0)

L(Θ) ' 1

n

n∑
i

p(D|Gi)
f(Gi|Θ)

H(Gi)
,

a sensible choice is H ∼ f(G|Θ0)p(D|G)

L(Θ0)
⇒ L(Θ) ' 1

n

n∑
i

p(D|Gi)f(Gi|Θ)L(Θ0)

f(G|Θ0)p(D|Gi)

where f(G|Θ0)is the probability density of G using the coalescent

Θ̂ = argmax
Θ

L(Θ)

L(Θ0)
= argmax

Θ

1

n

n∑
i

f(Gi|Θ)

f(G|Θ0)

Working with Joe on the coalescent and Mary and Jon

Felsenstein, Kuhner, Yamato, and Beerli 19996/14 c©2017 Peter Beerli
Twitter @peterbeerli
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Working with Joe on the coalescent Structured coalescent

Beerli and Felsenstein 1999, 20017/14 c©2017 Peter Beerli
Twitter @peterbeerli
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The events in a coalescent tree can be expressed
as a waiting time process with rate λ for N
populations and kj lineages in population j:

λcoalescence =

N∑
j=1

kj(kj − 1)

4N

λmigration =

N∑
j=1

N∑
i=1,i 6=j

kjmij

λsplitting∗ =

√
2
πe

(t−µ)2

2b2

b
(

1− erf
(
t−µ√

2b

))
∗using a Normal distribution to model the splitting time between two populations.

Population splitting

Beerli, Ashki, Palczewski (prep.) Population divergence estimation using individual lineage label switching.9/14 c©2017 Peter Beerli
Twitter @peterbeerli



Likelihood ratio test:

H0 : ΘB = (x1, x2, 0, ....) = ΘA

H1 : ΘB = (x1, x2, 0, ....) 6= ΘA

χ2
df = −2 log

(
L(ΘB)L(Θ0)

L(ΘA)L(Θ0)

)

= −2 log

∑G
p(G|ΘB)
p(G|Θ0)∑

G
p(G|ΘA)
p(G|Θ0)



Population models comparison Structured coalescent

in MIGRATE version 0.8 November 199910/14 c©2017 Peter Beerli
Twitter @peterbeerli



Akaike’s information criterion:

AIC(x) = −2 log L(Θx) + 2kx

Best AIC = min
x

(AIC(x))

Traversing all
migration model patterns:
AIC(0++) Yes−→ AIC(00+) Yes−→ AIC(000) −→ done

No−→ done
No−→ AIC(+0+) Yes−→ AIC(+00) −→ done

No−→ AIC(++0) −→ done

[There may be a problem with this approach!]

Full migration model

AFTER analysis, best
model based on AIC.

Accept Model AIC #param Ln L

......

+ x000 *x** **x* ***x 269.26515 13 -121.6326

+ x000 0x** **x* ***x 267.26515 12 -121.6326

- x000 0x0* **x* ***x 487.46296 11 -232.7315

+ x000 0x*0 **x* ***x 265.26515 11 -121.6326

- x000 0x*0 0*x* ***x 340.28333 10 -160.1417

+ x000 0x*0 *0x* ***x 263.26515 10 -121.6326

+ x000 0x*0 *0x0 ***x 261.26515 9 -121.6326

......

Best x000 0x*0 *0x0 00*x 257.26515 7 -121.6326

Population models comparison

in MIGRATE in 200111/14 c©2017 Peter Beerli
Twitter @peterbeerli



Bayesian inference:

p(Θ|D,M) =
p(Θ)p(D|Θ)

p(D|M)
=

p(Θ)p(D|Θ)∫
Θ

p(Θ)p(D|Θ)dΘ

The combined marginal likelihoods over all independent
data blocks can be calculated as a product of
independently calculated marginal likelihoods for each
data block and a constant.

P (D1, ..., Dn|M) = K
n∏
i

P (Di|M)

K =

∫
θ

n∏
i

P (θ|Di,M)P (θ|M)
1−n

dθ.

This allows the calculation of the combined marginal
likelihood using independent inferences.
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Marginal likelihoods for model selection

Beerli and Palczewski 201012/14 c©2017 Peter Beerli
Twitter @peterbeerli
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