
Appendix S2: Phylogenetic GLMM
Alan Fecchio, Jeffrey A. Bell, Mariane Bosholn, Jefferson A. Vaughan, Vasyl V. Tkach,
Holly L. Lutz, Victor R. Cueto, Cristian A. Gorosito, Daniel González-Acuña, Chad
Stromlund, Danielle Kvasager, Kiba J. M. Comiche, Karin Kirchgatter, João B. Pinho,

Jacob Berv, Marina Anciães, Carla S. Fontana, Kristof Zyskowski, Sidnei Sampaio, Janice
H. Dispoto, Spencer C. Galen, Jason D. Weckstein, Nicholas J. Clark

Load the prepared individual-level regression data
library(dplyr)
load("Processed data/paras_reg_dat.rda")

Calculate summary statistics for regions to make Table 1
region_summary = paras_reg_dat %>%

dplyr::group_by(`Area Endemism`) %>%
dplyr::summarise(n_sites = n_distinct(Site_ID),

mean_lat = mean(Latitude),
mean_long = mean(Longitude),
n_bird_species = n_distinct(BirdTree.species),
n_bird_individuals = n(), n_infections = sum(Leuco_infected)) %>%

dplyr::arrange(-mean_lat)

load("Processed data/site_paras_mat.rda")
region_summary = site_paras_mat %>%

tidyr::gather(Lineage, Present,
-`Area Endemism`) %>% dplyr::mutate(Present = ifelse(Present >

0, 1, 0)) %>% dplyr::filter(Present !=
0) %>% dplyr::group_by(`Area Endemism`) %>%
dplyr::summarise(n_lineages = n()) %>%
dplyr::right_join(paras_reg_dat) %>%
dplyr::select(`Area Endemism`,

Site_ID, n_lineages, Latitude) %>%
dplyr::distinct() %>% dplyr::group_by(`Area Endemism`) %>%
dplyr::summarise(n_lineages = mean(n_lineages,

na.rm = T)) %>% dplyr::left_join(region_summary) %>%
dplyr::select(-n_lineages, n_lineages) %>%
dplyr::arrange(-mean_lat) %>%

dplyr::mutate(`Area Endemism` = stringi::stri_trans_totitle(gsub("_",
" ", `Area Endemism`)))

Table 1: Preview of Table 1

Area Endemism n_sites mean_lat mean_long n_bird_species n_bird_individuals
Boreal Forest 9 63.996169 -147.86943 37 397
Parkland Prairie 2 48.260015 -96.22110 27 228
Temperate Forest 6 40.227368 -75.32007 81 1287
Southwest 14 24.046476 -102.31096 57 136
Mesoamerica 6 14.174810 -85.69681 160 470
Amazonia 10 -4.210150 -54.46233 244 1239
Huallaga 4 -6.446542 -77.74678 270 1173
Cerrado 2 -15.297257 -53.43830 34 147
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Save the spreadsheet for Table 1
dir.create("Figures and tables")
write.csv(region_summary, file = "Figures and tables/regional_summary.csv",

row.names = F)

Calculate sample sizes for host species, filter to only model species with at least ten total samples
paras_reg_dat <- paras_reg_dat %>%

dplyr::group_by(BirdTree.species) %>%
dplyr::summarise(Total = n()) %>%
dplyr::right_join(paras_reg_dat) %>%
dplyr::filter(Total > 9)

## Joining, by = "BirdTree.species"

Add host habitat use and sex variables
paras_reg_dat <- paras_reg_dat %>%

dplyr::mutate(low_canopy = ForStrat.ground +
ForStrat.understory, high_canopy = ForStrat.midhigh +
ForStrat.canopy, male = dplyr::case_when(Sex ==
"M" ~ "1", Sex == "F" ~ "0",
TRUE ~ ""))

Add a hemisphere variable (there is some evidence that latitudinal gradients differ between the two hemispheres,
particularly in the Americas)
paras_reg_dat <- paras_reg_dat %>%

dplyr::mutate(northern = dplyr::case_when(Latitude >
0 ~ 1, TRUE ~ 0))

How many total bird species are included for analysis?
length(unique(paras_reg_dat$BirdTree.species))

## [1] 155

And how many individual birds total?
nrow(paras_reg_dat)

## [1] 3938

Read in the 100 randomly sampled host trees for the host phylogeny random term
bird_trees <- ape::read.nexus("Host phylogenies/all_host_trees.nex")

Dropping unsampled hosts from all phylogenies will speed up computations. Gather names to drop from all
trees, using a single randomly sampled tree
randbird_tree <- sample(bird_trees,

size = 1)[[1]]
tips_to_drop <- randbird_tree$tip.label[-match(paras_reg_dat$BirdTree.species,

randbird_tree$tip.label)]

Drop these tips from all trees, convert to class multiphylo
bird_trees <- lapply(bird_trees, ape::drop.tip,

tip = (tips_to_drop))
class(bird_trees) <- "multiPhylo"
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Confirm that no species in the data are missing from trees (both should be zero)
setdiff(paras_reg_dat$BirdTree.species,

bird_trees[[1]]$tip.label)

## character(0)
setdiff(bird_trees[[1]]$tip.label,

paras_reg_dat$BirdTree.species)

## character(0)

Record the total number of species sampled for feeding to JAGS
n_species <- length(unique(paras_reg_dat$BirdTree.species))

Convert all trees to scaled inverse phylogenetic vcv matrices. Note, this is done in parallel to speed
computations
cl <- parallel::makePSOCKcluster(3)
parallel::setDefaultCluster(cl)
parallel::clusterExport(NULL, c("bird_trees"),

envir = environment())
tree_mats <- pbapply::pblapply(bird_trees,

ape::vcv.phylo, cl = cl)
tree_mats <- pbapply::pblapply(tree_mats,

function(x) x/max(x), cl = cl)

Create an array to store the inverse vcv matrices, making sure that all tip labels are in the same order
parallel::clusterExport(NULL, c("tree_mats"),

envir = environment())
invA <- pbapply::pblapply(tree_mats,

function(x) solve(x), cl = cl)
invA <- pbapply::pblapply(invA, function(x) x/max(x),

cl = cl)
parallel::stopCluster(cl)

invA <- lapply(invA, function(x) x[bird_trees[[1]]$tip.label,
bird_trees[[1]]$tip.label])

invA_array <- array(NA, dim = c(n_species,
n_species, length(invA)))

for (k in 1:length(invA)) {
invA_array[, , k] <- invA[[k]]

}
rm(tree_mats, invA, k)

Gather a hostsp vector to index observations for each host species. This needs to be numeric w/ host id
matching the integer from the target tree tip order
hostsp <- as.numeric(factor(paras_reg_dat$BirdTree.species,

levels = bird_trees[[1]]$tip.label))
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Gather the remaining vectors and integers for JAGS data
leuco_infected <- paras_reg_dat$Leuco_infected
latitude <- abs(paras_reg_dat$Latitude)
altitude <- paras_reg_dat$Altitude
low_canopy <- paras_reg_dat$low_canopy
high_canopy <- paras_reg_dat$high_canopy
max_temp <- paras_reg_dat$`Max Temperature of Warmest Month`
min_temp <- paras_reg_dat$`Min Temperature of Coldest Month`
max_rain <- paras_reg_dat$`Precipitation of Wettest Month`
min_rain <- paras_reg_dat$`Precipitation of Driest Month`
ndvi <- paras_reg_dat$NDVI
ndwi <- paras_reg_dat$NDWI
male <- as.numeric(paras_reg_dat$male)
northern <- paras_reg_dat$northern +

1
bodymass <- paras_reg_dat$BodyMass.Value

Scale all unstandardised continuous covariates
latitude <- (latitude - mean(latitude))/sd(latitude)
altitude <- (altitude - mean(altitude))/sd(altitude)
low_canopy <- (low_canopy - mean(low_canopy))/sd(low_canopy)
high_canopy <- (high_canopy - mean(high_canopy))/sd(high_canopy)
max_temp <- (max_temp - mean(max_temp))/sd(max_temp)
min_temp <- (min_temp - mean(min_temp))/sd(min_temp)
max_rain <- (max_rain - mean(max_rain))/sd(max_rain)
min_rain <- (min_rain - mean(min_rain))/sd(min_rain)
bodymass <- (bodymass - mean(bodymass))/sd(bodymass)

Create vector of zeros for phylogenetic dmnorm means
zeros <- rep(0, n_species)

Put all data for JAGS into a list to feed to the model
data_jags <- list(n_species = n_species,

leuco_infected = leuco_infected,
hostsp = hostsp, latitude = latitude,
altitude = altitude, low_canopy = low_canopy,
high_canopy = high_canopy, min_rain = min_rain,
max_rain = max_rain, min_temp = min_temp,
max_temp = max_temp, ndvi = ndvi,
ndwi = ndwi, male = male, northern = northern,
bodymass = bodymass, n_tree = dim(invA_array)[3],
invA_array = invA_array, n_obs = length(leuco_infected),
zeros = zeros)

save(data_jags, file = "Processed data/data_jags.rda")
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The following model showcases the JAGS syntax used to build a phylogenetic generalised linear regression
model with varying intercepts among species
cat("

model {

#Posterior predictive check
ppc <- step(fit_pred - fit_data)
fit_data <- sum(resid_data)
fit_pred <- sum(resid_pred)
resid_data <- abs(leuco_infected) - prob
resid_pred <- abs(pred) - prob

#Phylogenetic logistic regression model
#Logistic regression w/ varying intercepts for each host species
for(i in 1:n_obs){
#likelihood
leuco_infected[i] ~ dbern(prob[i])

#simulated prediction
pred[i] ~ dbern(prob[i])

#linear predictor
logit(prob[i]) <- glob_alpha + alpha[hostsp[i]] + phy[hostsp[i]] + beta_male * male[i] +
beta_bodymass * bodymass[i] + beta_low_canopy * low_canopy[i] +
beta_high_canopy * high_canopy[i] + beta_min_rain * min_rain[i] +
beta_max_rain * max_rain[i] + beta_min_temp * min_temp[i] +
beta_max_temp * max_temp[i] + beta_ndvi * ndvi[i] +
beta_ndwi * ndwi[i] + beta_lat[northern[i]] * latitude[i] +
beta_alt * altitude[i]
}

#Impute missing covariate values
for(i in 1:n_obs){
male[i] ~ dbern(0.5);
ndvi[i] ~ dnorm(0, 1);
ndwi[i] ~ dnorm(0, 1)
}

#Global average intercept
glob_alpha ~ dnorm(0, 0.01)

#Estimate varying intercepts among host species from normal distributions
for (j in 1:n_species){
alpha[j] ~ dnorm(0, tau_alpha);
}
tau_alpha <- pow(sigma_alpha, -2); sigma_alpha ~ dgamma(1, 1)

#Multivariate normal phylogenetic component
#invA_array = array of inverse phylo vcv matrices
#K indicates which vcv matrix to sample (see below)
phy[1:n_species] ~ dmnorm(zeros[], tau_phy*invA_array[,,K])

#Precision for phylogenetic cov matrix (inverted bc phylo vcv matrices are inverted)
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tau_phy ~ dgamma(1, 1); sigma_phy <- 1 / sqrt(tau_phy)

#Prior for sampling phylogenetic vcv matrices with equal probabilities
K ~ dcat(p[])
for (k in 1:n_tree) {
p[k] <- 1 / n_tree
}

#Gibbs variable selection for beta coefficients
beta_alt <- beta_altT * Ind_alt
beta_altT ~ dnorm(0, tau_sel[1, Ind_alt + 1])
Ind_alt ~ dbern(pind) #indicators determine whether to sample from spike or slab

beta_lat[1] <- beta_latT[1] * Ind_lat[1]
beta_latT[1] ~ dnorm(0, tau_sel[2, Ind_lat[1] + 1])
Ind_lat[1] ~ dbern(pind) #allow different latitudinal patterns across hemispheres

beta_lat[2] <- beta_latT[2] * Ind_lat[2]
beta_latT[2] ~ dnorm(0, tau_sel[3, Ind_lat[2] + 1])
Ind_lat[2] ~ dbern(pind)

beta_low_canopy <- beta_low_canopyT * Ind_low_canopy
beta_low_canopyT ~ dnorm(0, tau_sel[4, Ind_low_canopy + 1])
Ind_low_canopy ~ dbern(pind)

beta_high_canopy <- beta_high_canopyT * Ind_high_canopy
beta_high_canopyT ~ dnorm(0, tau_sel[5, Ind_high_canopy + 1])
Ind_high_canopy ~ dbern(pind)

beta_min_rain <- beta_min_rainT * Ind_min_rain
beta_min_rainT ~ dnorm(0, tau_sel[6, Ind_min_rain + 1])
Ind_min_rain ~ dbern(pind)

beta_max_rain <- beta_max_rainT * Ind_max_rain
beta_max_rainT ~ dnorm(0, tau_sel[7, Ind_max_rain + 1])
Ind_max_rain ~ dbern(pind)

beta_min_temp <- beta_min_tempT * Ind_min_temp
beta_min_tempT ~ dnorm(0, tau_sel[8, Ind_min_temp + 1])
Ind_min_temp ~ dbern(pind)

beta_max_temp <- beta_max_tempT * Ind_max_temp
beta_max_tempT ~ dnorm(0, tau_sel[9, Ind_max_temp + 1])
Ind_max_temp ~ dbern(pind)

beta_male <- beta_maleT * Ind_male
beta_maleT ~ dnorm(0, tau_sel[10, Ind_male + 1])
Ind_male ~ dbern(pind)

beta_bodymass <- beta_bodymassT * Ind_bodymass
beta_bodymassT ~ dnorm(0, tau_sel[11, Ind_bodymass + 1])
Ind_bodymass ~ dbern(pind)
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beta_ndvi <- beta_ndviT * Ind_ndvi
beta_ndviT ~ dnorm(0, tau_sel[12, Ind_ndvi + 1])
Ind_ndvi ~ dbern(pind)

beta_ndwi <- beta_ndwiT * Ind_ndwi
beta_ndwiT ~ dnorm(0, tau_sel[13, Ind_ndwi + 1])
Ind_ndwi ~ dbern(pind)

#Sample the indicators and formulate the spike and slab distributions
for(s in 1:13){
tau_sel[s, 2] <- pow(sd_sel[s], -2); #slab is a vague normal prior
sd_sel[s] ~ dexp(0.5);
tau_sel[s, 1] ~ dunif(85, 100); #spike concentrates at zero with low variance
}
pind <- 0.2 #coefficients have ~20% inclusion probability
}
",

file = (phylo.jags.mod <- tempfile()))

State the parameters to monitor in each model iteration
param <- c("alpha", "beta_alt", "beta_lat",

"beta_ndwi", "beta_ndvi", "beta_low_canopy",
"beta_high_canopy", "beta_male",
"beta_min_rain", "beta_max_rain",
"beta_min_temp", "beta_max_temp",
"beta_bodymass", "Ind_alt", "Ind_lat",
"Ind_low_canopy", "Ind_high_canopy",
"Ind_male", "Ind_min_rain", "Ind_bodymass",
"Ind_max_rain", "Ind_min_temp",
"Ind_max_temp", "Ind_ndwi", "Ind_ndvi",
"phy", "sigma_alpha", "sigma_phy",
"ppc")

Provide a function to give initial values to each modelled parameter
jags_inits <- function() {

list(alpha = rnorm(data_jags$n_species),
beta_latT = rnorm(2), beta_ndwiT = rnorm(1),
beta_ndviT = rnorm(1), beta_altT = rnorm(1),
beta_low_canopyT = rnorm(1),
beta_high_canopyT = rnorm(1),
beta_min_rainT = rnorm(1),
beta_max_rainT = rnorm(1),
beta_maleT = rnorm(1), beta_min_tempT = rnorm(1),
beta_max_tempT = rnorm(1),
beta_bodymassT = rnorm(1),
sigma_alpha = runif(1, 1, 5),
tau_phy = runif(1, 1, 5), sd_sel = runif(13,

1, 5))
}
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Model run parameters
na = 25000
nb = 75000
ni = 5000
nc = 2

Run the model (note, on a 120gb Linux system, this took ~35 hours to complete)
library(rjags)
library(MCMCpack)
library(runjags)
load.module("glm")

rjags_phylo <- jags.model(phylo.jags.mod,
data = data_jags, inits = jags_inits,
n.chains = nc, n.adapt = na)

update(rjags_phylo, nb)
out <- jags.samples(rjags_phylo, param,

ni, thin = 5)

save(out, n_species, file = "Processed data/out.rda")

Post-processing the phylogenetic model output
load("Processed data/out.rda")
source("Functions/hpd.R")

Model convergence diagnostics (need values < 1.2)
gelman.diag(out[["sigma_alpha"]], multivariate = F)

## Potential scale reduction factors:
##
## Point est. Upper C.I.
## sigma_alpha 1.1 1.37
gelman.diag(out[["sigma_phy"]], multivariate = F)

## Potential scale reduction factors:
##
## Point est. Upper C.I.
## sigma_phy 1.47 2.44

It seems that convergence has not been reached for either variance term. We ran a second model, this time
without the phylogenetic term, as a comparison. Check convergence for the non-phylogenetic model
load("Processed data/out_nophy.rda")
gelman.diag(out_nophy[["sigma_alpha"]],

multivariate = F)

## Potential scale reduction factors:
##
## Point est. Upper C.I.
## sigma_alpha 0.999 1
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That is better. Now let’s check the Bayesian p-value for the phylogenetic model (values close to 0.5 are good,
closer to 0.7 or 0.3 are signs of discrepancies)
mean(out$ppc)

## [1] 0.5035

And for the non-phylogenetic model
mean(out_nophy$ppc)

## [1] 0.501

Again the non-phylogenetic model is slightly better. Here, we can use the variances of the two species’ terms
to assess their relative importances and to calculate Lambda heritability for the phylogenetic model. Note, a
logistic distribution has residual variance = (pi ˆ 2 / 3)
species_var <- plyr::adply(out$sigma_alpha[,

, 1], c(1))[, -1]
species_var <- c(species_var, plyr::adply(out$sigma_alpha[,

, 2], c(1))[, -1])

phylo_var <- plyr::adply(out$sigma_phy[,
, 1], c(1))[, -1]

phylo_var <- c(phylo_var, plyr::adply(out$sigma_phy[,
, 2], c(1))[, -1])

sp_vs_phylo <- data.frame(Species = species_var^2,
Phylo = phylo_var^2, Logistic = ((pi^2)/3)) %>%
dplyr::mutate(Total_var = Species +

Phylo + Logistic) %>% dplyr::mutate(Lambda = Phylo/Total_var) %>%
dplyr::mutate(Species_rel_imp = Species/(Species +

Phylo))

Lambda heritability HPD interval
hpd(sp_vs_phylo$Lambda, 0.95)

## [1] 0.01786544 0.02905669 0.05183886

Species vs phylogeny relative importance
hpd(sp_vs_phylo$Species_rel_imp, 0.95)

## [1] 0.6558101 0.8336662 0.9416300

We find little evidence that phylogenetic relationships play a role here, with most of the species-level variation
being captured by the non-phylogenetic random intercept term. For that reason, in addition to the poorer fit
and weaker convergence from the phylogenetic model, we will use the non-phylogenetic model for inference.
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Assess beta coefficients and their Gibbs Variable Selection inclusion probabilities. Generally, we will only
consider variables to be important if they are included at least 50% of the time (inclusion probability > 0.5).
First we assess site-level predictors.

Altitude inclusion probability and 95% HPD interval (for non-zero estimates). Note, this same pipeline was
used below to extract values for each covariate, but the code is not shown to improve clarity
mean(out_nophy$Ind_alt)

## [1] 0.3215
beta_alt <- plyr::adply(out_nophy$beta_alt[,

, 1], c(1))[, -1]
beta_alt <- c(beta_alt, plyr::adply(out_nophy$beta_alt[,

, 2], c(1))[, -1])
beta_alt <- beta_alt[beta_alt != 0]
hpd(beta_alt, 0.95)

## [1] -1.31449626 -0.57785177 0.09138733

Minimum rainfall of the dry season inclusion probability and 95% HPD interval

## [1] 0.1095

## [1] -0.2184604 0.1546330 0.4907748

Maximum rainfall of the wet season inclusion probability and 95% HPD interval

## [1] 0.128

## [1] -0.20135490 0.05174898 0.76695918

Minimum temperature of the coldest month inclusion probability and 95% HPD interval

## [1] 0.1755

## [1] -1.5071086 -1.1678376 0.2962239

Maximum temperature of the warmest month inclusion probability and 95% HPD interval

## [1] 0.9255

## [1] -1.5162273 -0.7744478 -0.2604076

NDWI inclusion probability and 95% HPD interval

## [1] 0.618

## [1] 0.09227427 0.51062121 0.88650437

NDVI inclusion probability and 95% HPD interval

## [1] 0.9295

## [1] 0.2294030 0.5729934 0.9450913

Latitude: northern hemisphere inclusion probability and 95% HPD interval

## [1] 0.95725

## [1] 0.9750183 1.9284024 3.1073639

Latitude: southern hemisphere inclusion probability and 95% HPD interval

## [1] 0.95725

## [1] 1.249260 1.959010 2.784778
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We can also summarise these beta coefficients for plotting
beta_lat_t <- sample(c(beta_lat_n,

beta_lat_s), length(beta_lat_n),
replace = F)

betas <- data.frame(Estimate = c(beta_lat_t,
beta_alt, beta_ndvi, beta_ndwi,
beta_min_rain, beta_max_rain, beta_min_temp,
beta_max_temp), Coefficient = c(rep("Latitude",
length(beta_lat_n)), rep("Altitude",
length(beta_alt)), rep("NDVI",
length(beta_ndvi)), rep("NDWI",
length(beta_ndwi)), rep("Min rain",
length(beta_min_rain)), rep("Max rain",
length(beta_max_rain)), rep("Min temp",
length(beta_min_temp)), rep("Max temp",
length(beta_max_temp)))) %>% dplyr::group_by(Coefficient) %>%
dplyr::summarise(ymin = min(Estimate),

lower = hpd(Estimate, 0.95)[1],
middle = hpd(Estimate, 0.95)[2],
upper = hpd(Estimate, 0.95)[3],
ymax = max(Estimate))

We will add the GVS indicators for each covariate to the plot
indicators <- c(mean(out_nophy$Ind_alt),

mean(out_nophy$Ind_lat), mean(out_nophy$Ind_max_rain),
mean(out_nophy$Ind_max_temp), mean(out_nophy$Ind_min_rain),
mean(out_nophy$Ind_min_temp), mean(out_nophy$Ind_ndvi),
mean(out_nophy$Ind_ndwi))

Plot and save as a Figure XX
library(ggplot2)
Betas_plot <- ggplot(data = betas,

aes(x = Coefficient)) + theme_bw() +
geom_hline(yintercept = 0, linetype = "dashed") +
geom_boxplot(aes(ymin = ymin, lower = lower,

middle = middle, upper = upper,
ymax = ymax), stat = "identity",
fill = "gray90", color = "blue") +

ylab("Regression coefficient estimate") +
xlab("Predictor variable") + annotate("text",
x = "Altitude", y = max(betas$ymax[1]) +

0.5, label = sprintf("%0.2f",
indicators[1]), size = 3) +

annotate("text", x = "Latitude",
y = max(betas$ymax[2]) + 0.5,
label = sprintf("%0.2f", indicators[2]),
size = 3) + annotate("text",

x = "Max rain", y = max(betas$ymax[3]) +
0.5, label = sprintf("%0.2f",
indicators[3]), size = 3) +

annotate("text", x = "Max temp",
y = max(betas$ymax[4]) + 0.5,
label = sprintf("%0.2f", indicators[4]),
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size = 3) + annotate("text",
x = "Min rain", y = max(betas$ymax[5]) +

0.5, label = sprintf("%0.2f",
indicators[5]), size = 3) +

annotate("text", x = "Min temp",
y = max(betas$ymax[6]) + 0.5,
label = sprintf("%0.2f", indicators[6]),
size = 3) + annotate("text",

x = "NDVI", y = max(betas$ymax[7]) +
0.5, label = sprintf("%0.2f",
indicators[7]), size = 3) +

annotate("text", x = "NDWI", y = max(betas$ymax[8]) +
0.5, label = sprintf("%0.2f",
indicators[8]), size = 3) +

scale_y_continuous(limits = c(min(betas$ymin) -
0.5, max(betas$ymax) + 0.5)) +

theme(legend.position = "") + theme(axis.text.x = element_text(angle = 45,
vjust = 1, hjust = 1))
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Clearly we can see that Maximum temperature of the warmest month, NDWI, NDVI and Latitude are all
important site-level predictors of a bird’s probability of being infected with Leucocytozoon parasites. Infection
is less likely to occur in areas with hotter summers and more likely with higher summer moisture, denser
summer vegetation and at higher absolute latitudes. In other words, our evidence opposes the idea that
infection is more likely in tropical habitats near the equator. Latitudinal patterns do not differ across
hemispheres (credible intervals for these estimates strongly overlap). We can use the standard deviations
of Maximum temperature of the warmest month and Latitude to calculate effect sizes (NDWI and NDVI
are already standardised and so calculating an effect size for these unitless variables won’t really help with
interpretation)
-1 * exp(hpd(beta_max_temp, 0.95)/sd(paras_reg_dat$`Max Temperature of Warmest Month`)) *

5

## [1] -3.655240 -4.260664 -4.738088
exp(hpd(beta_lat_n, 0.95)/sd(paras_reg_dat$Latitude)) *

10

## [1] 10.29925 10.60051 10.98527

Here, a five degree increase in Maximum temperature of the warmest month results in a 4-fold decrease in
infection probability, while an increase in absolute Latitude of 10 degrees results in a 10-fold increase in
infection probability.

What about species-level predictors? Upper canopy use inclusion probability and 95% HPD interval

## [1] 0.1335

## [1] -0.51072136 -0.18103384 0.07816129

Lower canopy use inclusion probability and 95% HPD interval

## [1] 0.0865

## [1] -0.1325040 0.1187134 0.4656326

Sex inclusion probability and 95% HPD interval

## [1] 0.096

## [1] -0.13547852 0.05135815 0.46400357

Bodymass inclusion probability and 95% HPD interval

## [1] 0.0685

## [1] -0.12095998 0.02816388 0.35376569
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It seems that our species-level covariates do not correlate with infection risk, which suggests that most of
the species variation is being captured by the non-phylogenetic random intercept terms. We can put these
random coefficients in a table to showcase species’ average infection probabilities. Note, these values represent
the expected risk of infection if all covariates are set to zero, which may or may not be realistic for some
species.
names_sp <- data.frame(Species = paras_reg_dat$BirdTree.species,

index = data_jags$hostsp) %>% dplyr::distinct() %>%
dplyr::arrange(index)

species_av_inf <- lapply(seq_len(nrow(names_sp)),
function(x) {

name <- as.character(names_sp$Species[x])
inf_prob <- c(boot::inv.logit(out_nophy$alpha[names_sp$index[x],

, 1] + out_nophy$glob_alpha[,
, 1]), boot::inv.logit(out_nophy$alpha[names_sp$index[x],
, 2] + out_nophy$glob_alpha[,
, 2]))

hpd_sp <- t(as.numeric(hpd(inf_prob,
coverage = 0.95)))

raw_prev <- (paras_reg_dat %>%
dplyr::group_by(BirdTree.species) %>%
dplyr::summarise(Sample_size = n(),

Prev = sum(Leuco_infected)/n()) %>%
dplyr::filter(BirdTree.species ==

name))
data.frame(Species = name,

n = raw_prev$Sample_size,
prev = raw_prev$Prev, lower_prob = round(hpd_sp[1],

3), mode_prob = round(hpd_sp[2],
3), upper_prob = round(hpd_sp[3],
3))

})
species_av_inf <- data.frame(do.call(rbind,

species_av_inf)) %>% dplyr::mutate(lower_prob = ifelse(lower_prob <
0, 0, lower_prob), upper_prob = ifelse(upper_prob >
1, 1, upper_prob)) %>% dplyr::arrange(-prev)

write.csv(species_av_inf, file = "Figures and tables/Supp1_species_average_risk.csv",
row.names = F)
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Table 2: Preview of estimated average infection risks for host species

Species n prev lower_prob mode_prob upper_prob
Parus_hudsonicus 10 1.0000000 0.000 0.049 0.334
Dendroica_striata 18 1.0000000 0.006 0.098 0.515
Catharus_minimus 31 0.9032258 0.045 0.155 0.384
Zonotrichia_leucophrys 41 0.9024390 0.011 0.051 0.166
Vermivora_celata 13 0.8461538 0.001 0.027 0.136
Passerella_iliaca 13 0.8461538 0.001 0.041 0.194
Loxia_leucoptera 23 0.8260870 0.003 0.021 0.085
Phylloscopus_borealis 10 0.8000000 0.000 0.020 0.095
Wilsonia_pusilla 24 0.7916667 0.005 0.021 0.069
Carduelis_flammea 33 0.7878788 0.005 0.019 0.058
Perisoreus_canadensis 16 0.7500000 0.002 0.015 0.061
Melospiza_lincolnii 11 0.7272727 0.001 0.035 0.174
Catharus_ustulatus 48 0.6875000 0.048 0.114 0.254
Junco_hyemalis 41 0.6585366 0.010 0.035 0.092
Dendroica_coronata 33 0.6363636 0.004 0.020 0.063
Carduelis_barbata 37 0.5945946 0.063 0.155 0.343
Zonotrichia_albicollis 109 0.4862385 0.095 0.169 0.275
Cyanocitta_cristata 13 0.4615385 0.028 0.109 0.269
Agelaius_phoeniceus 11 0.3636364 0.009 0.066 0.219
Catharus_guttatus 14 0.3571429 0.018 0.070 0.215

There is wide variation in our estimates of average risk for each species, with precision generally decreasing
as sample sizes decrease. This is not surprising given the difficulties in estimating infection probability with
small sample sizes, particularly for bird species that have not been sampled in a variety of habitats
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