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Why do CMR ?

DEMOGRAPHY

Numbers 7 (CC) George Lamson

Survival ?

Migrations ? (CC) Peter Batty



What is Capture-Mark-Recapture (CMR) ?

Year 1 Year 2 Year 3 Year 4 Year 5

1 0 1 1 0

Capture history, example
 0:Not Captured
e 1:Captured

- i, —— 1|

(CC) Tony Wills






H toCMR ?
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Natural marks .
Quinby et al. (2020), Scats (and others lisa Hupp/USFWS

Environmental Entomology eDNA Samp|ES) 5



How to CMR ?

Frst catu r' B
- Manual
- On babies
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Recaptures:
- Sight
- Adults
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Model closed population

h : a capture history

Year 1 Year 2 Year 3

hO 0 0 —T-I
hT 1 0 0
h2 0 1 0
h3 0 0 1
h4 1 1 0
h5 1 0 1
h6 0 1 1
h7 1 1 1




Model closed population

h : a capture history

Year 1 Year2  Year3 y
hO 0 0 —T-I no = ?
h1 1 0 0 .
h2 0 1 0 n2
h3 0 0 1 n3
h4 1 1 0 nd
h5 1 0 1 n5
h6 0 1 1 né
h7 1 1 1 n7




Model closed population

h : a capture history

Year1 Year2 Year3  y y ~ Multinomial(N, P)
hO 0 0 —T-I no = ?
hT 1 0 0 1
h2 0 1 0 n2
h3 0 0 1 n3
h4 1 1 0 nd
h5 1 0 1 n5
h6 0 1 1 né
h7 1 1 1 n7




Model closed population

h : a capture history

hO
h1
h2
h3
h4
h5
h6
h7

Year 1 Year2  Year 3
0 0 0 I
1 0 0
0 1 0
0 0 1
1 1 0
1 0 1
0 1 1
1 1 1

n0 = ?

n1

n2

n3

n4

n5

n6

n7

y ~ Multinomial(N, P)

N : Total population size
P — (PhO’ ceey Ph7)

P, : probability of capture at year t

(capture rate)
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Model closed population

h : a capture history

hO
h1
h2

Year 1 Year 2  Year 3
0 0 0 I
1 0 0
0 1 0

n0 = ?

n1

n2

n3

n4

n5

n6

n7

y ~ Multinomial(N, P)

N : Total population size
P — (PhO’ ceey Ph7)

P, : probability of capture at year t
(capture rate)

T
Py, = Hptl(ht>o)(1 — pg)!(1e=0)
t=1
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Model open population: survival

h1
h2
h3
h4

h5
h6

h7

Year 1 Year 2 Year 3
1 0 0 n1
1 1 0 n2
1 0 1 n3
1 1 1 n4
0 1 0 n5
0 1 1 n6
0 0 1 n7
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Model open population: survival

y1 ~ Multinomial(nq, Pq)

h1
h2
h3
h4

h5
h6

h7

Year 1 Year 2 Year 3
1 0 0 n1
1 1 0 n2
1 0 1 n3
1 1 1 n4
0 1 0 n5
0 1 1 n6
0 0 1 n7

Y1

Yo

Y3

n, : Number of individual first

seen at year 1
P7= (Ph1 Pro Pras Pra)

¢ : Survival probability

P, : probability of capture at year t

(capture rate)
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Model open population: survival

Alive ?

A
[ 1

Year 1 Year 2 Year 3

N 1 0 0




Model open population: survival

Alive ?

A
[ 1

Year 1 Year 2 Year 3

N 1 0 0

P(Unseen) :
S I Y ) sum over several
possibilities
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Multistate

SN
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Multistate
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Multistate
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Hidden Process

Observations

Yi.t-1 Yi,t

Gimenez et al. (2012),
Theoretical Population Biology



Hidden Process

Observations
Year 1 Year 2 Year 3 Year 4 Year 5
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Gimenez et al. (2012),
Theoretical Population Biology
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pexels.com

(CC) Monstera,




Misidentifications ?
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Misidentifications ?

&

True History Observed History
Dayl | Day2 | Day3 | Day4 | Day5 Dayl | Day2 | Day3 | Day4 | Day5
@»; 1 0 1 1 0 @9'»; 1 0 0 1 0
0 0 1 0 0
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Observed F

Misidentifications ?

Istories

Jour 1

Jour 2

Jour 3

Jour 4

Jour 5

1

1

0

0

0

1

0

0

1

0

0

0

1

0

0

y : Observed histories frequencies

y|N ~ Multinomial

Yoshizaki et al. (2011)
Link et al. (2010)




Observed F

Misidentifications ?

Istories

Jour 1

Jour 2

Jour 3

Jour 4

Jour 5

1

1

0

0

0

1

0

0

1

0

0

0

1

0

0

y : Observed histories frequencies

N~ Multinomial

Yoshizaki et al. (2011)
Link et al. (2010)




Misidentifications ?

Observed Histories Latent Histories
Jour 1| Jour2 | Jour3| Jour4d| Jour5
Jour1 | Jour?2 | Jour3 | Jourd | Jour5
1 1 0 0 0
T 1 1 0 0 0
1 0 0 1 0
== —> 1 0 2 1 0

0

0

1

0

0

—

N~ Multinomial

Yoshizaki et al. (2011)
Link et al. (2010)

y : Observed histories frequencies

X . Latent histories frequencies

X|N ~ Multinomial
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» BUGs: Bayesian inference
Using Gibbs Sampling)

mode1{
phi ~ dbeta(l, 1)
p ~ dbeta(l, 1)
for(1 1in 1:nb_1ind){
z[1, f1[1]] <- 1

for(t in (f1[i1] + 1):nb_occ){

z[1, t] ~ dbern(ph1 * z[1, t - 1])

y[1, t] ~ dbern(p * z[1, t])

CJS model, BUGs
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Software

* Mark / RMark
 WIinBUGs
* Jags / Rjags
* NIMBLE

RUGS

CANIMBLE

32



Software

e Mark / RMark

e WinBUGs

* Jags / Rjags

 NIMBLE

Ya

Y,

BRUCGS

CANIMBL

Example : American dipper
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Other things

e Covariates: Survival = f(environment)
» Heterogeneity

* Model selection — AlIC

e Goodness of fit

 Spatial

« CKMR

36



Take Home message

e Estimation of Demography
e abundance,
e survival,
e migrations,
o effects of environmental variables

* Powerful methods
 But require big fieldwork

37



Questions / Discussion
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