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Appendix S1: Statistical Methods for Modeling Demographic Rates of Black-backed

Woodpeckers

Detection Probability

We modeled detection probability as a function of whether woodpecker i had an active
transmitter during timestep t:

dit = logit*(owo + 0o

where tit = 1 if woodpecker i has an active transmitter during timestep t, 0 otherwise, and oo and
a1 are regression coefficients. We assumed normal (=0, 6® = 1,000 ) prior distributions on the
parameters oo and az. Because we do not know exactly how long transmitters lasted if we failed
to observe woodpeckers, we assumed adult transmitters were active for 5 time steps (5 months)
and juvenile transmitters were active for 7 time steps (14 weeks), unless we observed otherwise
(e.g., observed a woodpecker with an inactive transmitter prior to the assumed fail time or
observed a woodpecker with an active transmitter beyond the assumed fail time). If transmitters
were active beyond the assumed fail time, we assumed the transmitter failed the time step
immediately following the last observation with an active transmitter.
Adult Survival Probability

We modeled monthly adult survival probability as a function of sex, season, habitat, and

number of years post-fire:
(Piid = Iogit‘l( gd +B1'G +B5 it +B§dwid Bs Xlt gdn?td I:(Dlt + X :I) (Ean. 1)

where ¢i = 1 if adult woodpecker i is male, 0 if female, yit = 1 if the observation of adult

woodpecker i is made during the breeding season (April —September), 0 if made during the non-

breeding season, oy’ = 1 if adult woodpecker i is occupying habitat created by wildfire at the
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end of time step t, 0 otherwise, x3* = 1 if adult woodpecker i is occupying habitat created by

prescribed fire at the end of time step t, 0 otherwise, n2' is the age (in years) of habitat created
by wildfire or prescribed fire adult woodpecker i occupied at the end of time step t

(n?td €[0,1,2,3,4, 5]) and BY,...,B2 are regression coefficients. We assumed normal (p =0, ¢?

= 1,000 ) prior distributions on the parameters B’,...,B2. Note that the time since fire term
applies only to woodpeckers occupying habitat created by wildfire or prescribed fire, since
o +x2* =0 if adult woodpecker i is occupying habitat created by MPB infestations at the end
of time step t.
Juvenile Survival Probability

We modeled juvenile bi-weekly survival probability as a function of habitat (wildfire,

MPB, and prescribed fire), the number of years post-fire, and the number of two-week time

intervals since fledging:
ol = logit™ (BS" +B el +BL X +pI i [l + X ] +Bi" log[3,])  (Eqn.2)
where o =1 if juvenile i occupied habitat created by wildfire at the end of time step t, 0

otherwise, x = 1 if juvenile i occupied habitat created by prescribed fire at the end of time step

t, 0 otherwise, n is the age (in years) of habitat created by wildfire or prescribed fire juvenile i

occupied at the end of time step t (n.j”V € [0,1, 2,3,4, 5]) , Oit IS the number of time steps juvenile i

it

has been fledged from the nest at the end of time step t (5, €[1,2,...,21]), and B}",...,B." are

regression coefficients. Modeling juvenile survival probability as a function of the loge number

of time steps fledged allowed survival probability to change in a non-linear manner. We

assumed normal (=0, 6> = 1,000 ) prior distributions on the parameters B,...,BJ".
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We fit adult and juvenile MSMR models in WinBUGS [1] via the R2ZWinBUGS interface
[2]. We simulated posterior distributions of all regression coefficients from 3 Markov chains,
each of which ran for 5.5 million iterations and discarding the first 500,000 iterations as burn-in.
There was evidence of correlation within Markov chains so we kept every 50" iteration to reduce
correlation between successive draws. Estimates of posterior distributions are thus based on
100,000 draws from each Markov chain for a total of 300,000 random draws from the posterior

distribution of each regression coefficient. The Brooks-Gelman-Rubin convergence diagnostic

[3] indicated adequate convergence (Fi =1) for all regression coefficients.

Daily Nest Survival Probability
We assumed survival (yit = 1) or failure (yit = 0) of nest i during day t was a Bernoulli
random variable:
yit ~ Bernoulli(yir)
where it is the probability nest i survives day t. We further modeled daily survival probability

as a function of habitat and time since fire:
v, = logit™ (GO +0,0™" +0,X™ +0,n™ [(o{‘e“ + X ) (Eqgn. 3)

nest
i

where o' =1 if nest i is located in habitat created by wildfire, 0 otherwise, x™* =1 if nesti is

located in habitat created by prescribed fire, 0 otherwise, 0™ is the age (in years) of habitat

created by wildfire or prescribed where nest i was located (n.“eSt S5 [0,1, 2,3,4, 5]) ,and 0o, ..., 03

are regression coefficients. We assumed normal ( n = 0, 6% = 1,000 ) prior distributions on the

parameters 0o, ..., 0s.
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We fit nest survival models in WinBUGS via the R2ZWinBUGS interface. We simulated
posterior distributions of all regression coefficients from 3 Markov chains, each of which ran for
550,000 iterations, with the first 50,000 iterations discarded as burn-in. There was evidence of
correlation within Markov chains so we kept every 5" iteration to reduce correlation between
successive draws. Estimates of posterior distributions are thus based on 100,000 draws from
each Markov chain for a total of 300,000 random draws from the posterior distribution of each

regression coefficient. The Brooks-Gelman-Rubin convergence diagnostic indicated adequate

convergence (Fi =1) for all regression coefficients.

Expected Number of Young Fledged
We modeled the number of young fledged (z;) from successful nest i using a zero-
truncated Poisson model:

zi ~ truncated Poisson(pi)

where k; =p /(1—e‘“) is the expected number of young fledged from nest i [4]. We modeled

the number of young fledged as a function of habitat:

py =exp(m, + mef™ + 7, X' (Eqn. 4)
where mo, 71, and 2 are regression coefficients. We assumed normal (u = 0, 6% = 1,000 ) prior
distributions on the parameters mo, 71, and .

A zero-truncated Poisson distribution is not among the distributions offered in the
WinBUGS package. We therefore wrote a Metropolis-Hastings algorithm to sample from the
posterior distributions of model parameters. We tuned the Metropolis-Hastings algorithm to
have an acceptance probability of approximately 20% [5]. We simulated posterior distributions
of all regression coefficients from 3 Markov chains, each of which ran for 5.1 million iterations

with the first 100,000 iterations discarded as burn-in. To minimize correlation within chains due
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to the accept / reject step in the Metropolis-Hastings algorithm, we kept every 50" iteration.
Estimates of posterior distributions are thus based on 100,000 draws from each Markov chain for
a total of 300,000 random draws from the posterior distribution of each regression coefficient.
Scaling Demographic Rates
We calculated habitat specific fecundity (mn) as a function of habitat specific nest success and
number of young fledged per successful nest:
Mh = en(kn / 2)

where ¢ is habitat specific nest success, defined as the probability a nest in habitat h successfully
fledges young. We divided the expected number of young fledged per nest, kn, by 2 because we
assume a 50:50 fledgling sex ratio. We estimated habitat-specific growth rates by calculating the
dominant eigenvalue of projection matrix An.

We calculated habitat specific fecundity, annual adult survival probability, and the
probability a juvenile survives to the adult stage class as a function of the regression coefficients
estimated from demographic analyses above and habitat-specific covariates. We calculated

habitat-specific annual female adult survival as:
F’had = logit™ ( Agd + B;dY + Bgd litg + BZdIRx +f5§dn [ g + Trx ])6 X
Iogitil(Agd +Bgd it +ﬁ?1d|Rx +B§dn[|wild + IRX])6
where lwilg and Irx are indicator variables = 1 if habitat h is wildfire or prescribed fire,
respectively, 0 otherwise, and Bgd,..., Ag" represent random samples from the posterior
distributions of regression coefficients defined in Eqn. 1. Equations are raised to the 6™ power
because adult survival probability was modeled on monthly time steps. Note the term f&;"

represents the regression coefficient for season-specific adult survival probability, which is why
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the term is excluded from the equation for 6 months. We calculated the habitat-specific

probability a juvenile will survive to an adult as:
) 21 i (a . . N . )
PhJUV = H|Oglt7 ( éuv +Biuvlwild +BJZUVIRX +Béwn[lwud + IRx]"'Bftuv |Og[j])
j=1

juv A juv

where [30 ,..Ba represent random samples from the posterior distributions of regression

coefficients defined in Eqn. 2. Note that the estimate of the probability a juvenile survives to the
adult stage class incorporates a different survival probability for each time step fledged. By
multiplying this term over 21 time steps, we assume a fledge date of approximately 24 June and
that juveniles transition to the adult stage by approximately 1 April the following year. We

calculate habitat-specific nest success as:
(A " " ~ 36
g, = logit™ (90 +0, g + 0,15 +93ﬂ[|wud + IRX])

where éo,..., @)3 represent random samples from the posterior distributions of regression

coefficients defined in Eqgn. 3. Our calculation of habitat-specific nest success assumes a 36 day
nesting period (incubation period = 13 days, nestling period = 23 days), which was based on
observed length of nesting periods and closely corresponds with the published literature [6], [7].
Our nesting period was three days longer than [6] because we assumed the nest was at risk of
failure the day the first egg was laid. Finally, we calculated the expected number of young

fledged in habitat h as:

where

Pn = eXp('&o + 7 g +&2|Rx)
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and 7,,...,7t, represent random samples from the posterior distributions of regression

coefficients defined in Eqn. 4.

We estimated the posterior distribution of habitat specific fecundity, annual adult survival
probability, and the probability a juvenile survives to the adult stage class by repeatedly
sampling from the posterior distributions of component regression coefficients. This repeated
sampling allowed us to propagate uncertainty in estimated regression coefficients. We repeated
this process 300,000 times for each habitat-specific demographic rate. Finally, we estimated the
posterior distribution of habitat-specific growth rates by constructing 300,000 random projection
matrices for each habitat, with each cell element comprising a random draw from the posterior
distribution of habitat-specific adult survival, juvenile survival, and fecundity.

Life-stage Simulation Analysis

We calculated the proportion of variation in population growth rates explained by variation in
component demographic rates by first regressing estimates of population growth rates (the
dominant eigenvalue of An) against the random values of adult survival, juvenile survival, nest
success, and expected number of female young fledged used to construct Ay (life-stage
simulation analysis [8]). We next calculated the coefficient of determination (r?) from each
regression model to calculate the proportion of variation in A explained by variation in each

component demographic rate (Fig. S3).
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