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Abstract
Understanding factors affecting the distribution of vector-borne diseases in space and across species is of prime importance
to conservation ecologists. Identifying the underlying patterns of disease requires a perspective encompassing large spatial
scales. However, few studies have investigated disease ecology from a macroecological perspective. Hence, we use a global
disease database to uncover worldwide infection patterns using avian malaria (Plasmodium) as a model for vector-borne
disease transmission. Using data on 678 bird species from 442 locations, we show that environmental variables likely to
synchronize bird and vector abundance are the key factors dictating infection risk for birds. Moreover, direct effects of host
traits on exposure risk as well as potential trade-offs in resource allocation were also shown to affect disease susceptibility, with larger bird species being more prone to infection. Our results suggest that considering evolutionary strategies and
factors influencing spatial overlap between hosts and vectors is crucial for understanding worldwide patterns of disease
transmission success.
Keywords Abiotic regulation · Avian malaria · Co-evolutionary interplay · Comparative method · Disease macroecology ·
Host susceptibility · Plasmodium

Introduction
Diseases act as a major selective force regulating wildlife
populations, exerting pressure at both individual and population levels by influencing reproduction, survival, and/or
dispersal of susceptible individuals (Anderson and May
1978; Scott 1988; Hudson and Greenman 1998; Tompkins
et al. 2011; McDonald et al. 2017). In the context of current
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efforts to protect wildlife, there is an urgent need to identify
the underlying mechanisms that regulate disease occurrence
in wildlife worldwide. Macroecology aims to understand
large-scale patterns arising from complex mechanistic ecological processes, with the spatial distribution of organisms
being at the core of this approach (Keith et al. 2012), thus
providing an ideal framework to investigate large-scale patterns of disease occurrence. Indeed, by analysing global
trends and factors associated with the distribution of diseases worldwide, disease macroecology can make it possible
to map disease hotspots and identify their drivers, making
it an important tool for conservation ecologists (Stephens
et al. 2016).
Vector-borne diseases, which rely on invertebrate vectors
for transmission to vertebrate hosts (WHO 2017), are an
ideal model to investigate disease patterns in the macroecological perspective. Environmental characteristics affecting
host and/or pathogen ecology can have direct or indirect
effects on the spatial dynamics of vector-borne diseases by
modifying transmission and exposure patterns (Shrag and
Wiener 1995). Since vector-borne diseases are often fatal to
naïve populations (i.e. populations that have not evolved in
the presence of a particular disease; Tompkins and Poulin
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2006; Tompkins et al. 2015), it is therefore important to
unravel the main processes affecting the balance between
vector-borne disease pathogens and their natural hosts. The
processes impacting host and vector abundance and infection
prevalence can be summarized into three general categories:
(1) intrinsic host exposure to, and susceptibility towards,
a pathogen, (2) encounter rates between vectors and hosts
modulated by landscape attributes, and (3) regulation of vector abundance or activity by the environment (see Fig. 1).
However, it is still unclear whether those processes apply at
larger scales to multihost-species systems.
Firstly, host susceptibility towards a pathogen results
from a long co-evolutionary process involving complex
interactions between the host and the pathogen, which is
in large part shaped by host traits. Hosts co-evolving with
a disease face a trade-off as resources must be allocated to
both immunity and other key functions such as reproduction
(Sheldon and Verhulst 1996, Duffield et al. 2017), creating
an evolutionary continuum of resource allocation between
evolutionary immunocompetence (i.e. ability to minimize
fitness costs of an infection; Owens and Wilson 1999) and
reproduction. However, this relationship might not be universal among species (Martin et al. 2001). Since ecological
and physiological costs are related to immunocompetence
(e.g. fighting off a disease can result in a decrease in food
intake) (Zuk and Stoehr 2002), host susceptibility in the context of immunocompetence can be measured using specific

host traits affecting the trade-off. For example, in populations of great tits (Parus major), breeding individuals have a
weaker immune response to pathogenic agents compared to
non-breeding individuals (Deerenberg et al. 1997), suggesting that reproduction is a key trait in gauging immunocompetence. Similar associations have been reported in multiple
populations of the same species (e.g. Duffy et al. 2012), but
also among individuals of the same population (see review
by Zuk and Stoehr 2002). Another key trait that can relate
to both exposure to disease and immunocompetence is body
size (Freeland 1983; Moore and Wilson 2002). For instance,
all else being equal, in interspecific comparisons larger-bodied species incur greater parasitic infections (Kamiya et al.
2014), while within host species, larger individuals provide
greater surface areas for vector attachment and feeding, produce more cues, like CO2, which can attract vectors and tend
to have greater longevity, which exposes them to increased
chances of vector encounter (Edman and Scott 1987; Torr
et al. 2006). Thus, both inter- and intraspecifically, host
traits related to body size and reproductive strategies can
play roles in determining exposure and immunity to disease.
Secondly, encounter rates between a vector and its host
are also modulated by geographical and landscape factors
that influence host–disease interactions. Indeed, two species
must overlap spatially to interact (Keeling 1999). A suitable
host found outside the geographical range of a disease and
therefore a lack of contact between disease and host can

Fig. 1  Potential main processes, along with the expected directions
of their effects, underlying vector-borne disease transmission in wildlife: a increasing value of hosts traits, such as body size and clutch
size, should increase host susceptibility towards a disease according
to size-dependent exposure and immunocompetence trade-offs; b
Increasing elevation and landscape/vegetation heterogeneity should

result in a lower probability of encounter rate between the vector and
potential hosts of avian malaria; and c increasing values of climatic
variables, such as temperature and precipitation, should increase the
probability of spatial overlap between a vector and its host, increasing
disease transmission
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limit disease dispersal, thus creating a spatial patchwork of
hot and cold spots where both species co-occur (Thompson
and Cunningham 2002). Two main mechanisms can explain
this spatial overlap: landscape attributes and climatic filtering. These bring into play the third category of processes
determining prevalence of disease, that is, the regulation
of vectors by the environment. On the one hand, landscape
composition is a well-known regulator of spatial co-occurrence of species because it affects metacommunity dynamics (Giraudoux et al. 2003). Geographical barriers across
the landscape can influence the rate of encounter between
hosts and pathogens in the environment, therefore altering
infection prevalence between populations (Smith et al. 2002;
Reisen 2010). Moreover, by affecting spatial processes of
diseases, vegetation density is known to affect vector-borne
diseases by regulating presence or abundance of vectors and
hosts (Woolhouse et al. 1997, Ferraguti et al. 2016).
On the other hand, climatic filtering can modify the exposure patterns between host and vector. The climatic niche
acts as a spatial filter, limiting the dispersal of vector-borne
diseases by restricting the development of the vector or by
promoting the transmission of the pathogen through climatic
conditions favourable to the vector species (Reisen 2010).
For example, cases of Saint-Louis encephalitis virus are synchronized with temperature and rainfall, which promote not
only the emergence and oviposition of the mosquito vector,
but also their active transmission of the disease towards its
definitive host (Day et al. 1990; Reeves et al. 1994; Day
2001). Moreover, stability of the environment is known to
influence disease patterns. Indeed, wild populations in seasonally stable areas, such as the tropics, are more prone to
vector-borne disease because of faster disease development
rate and contact with suitable hosts all over the year (Lindgren et al. 2000; Altizer et al. 2006; Ogden et al. 2006).
Therefore, climatic conditions and seasonality can act as
important drivers of disease prevalence in natural systems.
Certain diseases have received widespread attention from
researchers due to their impacts on wild populations. These
provide ideal model systems for disease ecologists to test
the general processes described above. One such system is
avian malaria (genus Plasmodium), a vector-borne disease
affecting a wide range of bird species worldwide, except
in Antarctica (Grimaldi et al. 2015). Extensive global data
are available on the occurrence of this disease. Plasmodium
parasites use a mosquito (family Culicidae) vector and a bird
host to complete their life cycle (Valkiūnas 2005; Fig. 1).
Avian malaria can have huge impacts on bird communities.
For example, naïve populations of native birds in Hawaii
have either gone extinct or shifted their distribution to higher
elevations in order to avoid encountering introduced mosquito vectors of Plasmodium (Atkinson and Lapointe 2009;
Atkinson and Samuel 2010). Numerous studies have investigated the effects of multiple drivers of avian malaria and
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their potential interplay in natural systems, albeit only at
local and regional scales. At those limited scales, climatic
drivers that influence vector abundance and parasite development such as temperature (Loiseau et al. 2013), rainfall
(Galardo et al. 2009) and seasonality of climate (Pascual
et al. 2009), as well as host traits such as body size (Scheuerlein and Ricklefs 2004; Santiago-Alarcon et al. 2015) and
reproductive output (Podmokla et al. 2014), have been linked
with susceptibility to malaria. However, previous studies
have shown that host susceptibility may in part or totally
be influenced by a species effect. Indeed, macro-ecological
co-evolutionary history of host–parasite interactions has led
to increased susceptibility in some host species, resulting
from parasite phylogenetic restrictions towards certain hosts
(Pulgarin-R et al. 2018) due to species-specific intrinsic factors (Medeiros et al. 2013; Ellison et al. 2015). Speciesspecific susceptibility of certain hosts to disease can cause
subsequent changes in community assembly (Holt 1977;
Holt and Bonsall 2017). Recently, Barrow et al. (2019)
showed that the influence of some host traits, climatic and
landscape factors on avian malaria infection across bird species in the Andes was overshadowed by a strong phylogenetic signal, indicating that species in some avian families
are intrinsically more susceptible to infection. It is therefore
essential to disentangle the effect of phylogenetic conservatism from those of other drivers in interspecific comparative
analyses of susceptibility to disease. However, it remains
unclear whether any of these factors operates at higher taxonomic and spatial levels, since these findings have yet to be
extended to more complex, and truly global-scale systems.
Only a few extensive datasets allow for large-scale
investigations of disease patterns (Stephens et al. 2016),
thus the link between macroecology and disease ecology
awaits empirical strengthening. Here, we take advantage of
an open access, large-scale dataset, the MalAvi database,
which contains information on avian malaria infections in
wild bird populations (Bensch et al. 2009), to shed light on
infectious disease macroecology and to test whether local
avian malaria patterns are similar to those observed on a
truly global scale. We predict that: (1) bird species with a
larger clutch size are more susceptible to avian malaria due
to a trade-off with immunocompetence; (2) bird species with
larger body sizes have a higher prevalence of avian malaria
due to greater exposure to the vectors; (3) populations of
birds at lower elevations have a higher prevalence of infection due to greater encounter rates with vectors; and (4)
areas with higher rainfall, temperature, landscape/vegetation
homogeneity and climate stability (e.g. with low seasonality) are associated with higher malaria prevalence as these
conditions should increase mosquito abundance and disease
transmission (see Fig. 1). We test these predictions using a
phylogenetically controlled comparative analysis comprising 678 bird species, and uncover patterns at a global scale
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that are not always aligned with those reported at local or
regional scales.

Methods
Data selection
We base this study on all articles present in the MalAvi database (n = 341 as of 22 October 2018; Bensch et al. 2009),
which includes studies published between 2005 and 2018.
We retained only studies that met the following selection
criteria: (1) studies had to include at least one individual
bird host infected by a lineage of Plasmodium and provide
the exact number of individuals screened for each bird species; (2) studies had to have been conducted on wild bird
individuals; and (3) studies had to provide coordinates of
the site where sampling was conducted. This left us with a
total of 136 articles. We then examined each remaining article and manually compiled data on the number of infected
individuals and the total number of individuals examined,
separately for each bird species and each site sampled per
study; we also included host species that were screened but
for which no infection was found. In the analyses that follow, each data point corresponds to the prevalence, i.e. the
number of individuals infected by Plasmodium out of the
total number examined, per population of a given species per
site sampled. Geographic coordinates and the accuracy of
bird species taxonomy were checked and corrected whenever
appropriate.
The MalAvi database incorporates information on the
number of individuals of a single species of the same population found infected by each lineage of Plasmodium, which
means that the same population (e.g. having the same number of individuals tested) of the same species can appear
twice (or more) for the same study, subsequently biasing
real estimates of prevalence. We therefore combined each
line in the dataset that had the same number of individuals screened for malaria per species per site, thus giving
unbiased infected/sampled populations. Afterwards, we
extracted mean annual temperature, mean annual precipitation, elevation, temperature seasonality and precipitation
seasonality data at a resolution of 2.5° using the Worldclim
database ranging from 1970 to 2000 (Hijmans et al. 2005)
for each set of geographic coordinates (i.e. each sampled
site) in the database (see Online Supplementary Material
for range of variables). We then used the Amniote project
database to incorporate the most relevant life history traits of
bird hosts into our database (Myhrvold et al. 2015), namely
body weight (hereafter referred to as body size) and clutch
size (the number of eggs laid in a single brood). Afterwards,
we downloaded NDVI index values (Normalized Difference
Vegetation Index) as a measure of vegetation density. For
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this, data were obtained using “VIPPHEN_NDVI: Vegetation Index and Phenology (VIP) Phenology NDVI Yearly
Global 0.05Deg CMG V004” provided by USGS/NASA
(Didan and Barreto 2016). The yearly average NDVI values
were then extracted for each sampling site from the year
2000 to 2014 using the following packages: raster, rgdal,
sp and gdalUtils (Pebesma and Bivand 2005, Bivand et al.
2019, Hijmans and van Etten 2019, Greenberg and Mattiuzzi
2020) in the R computing environment (R core team 2018).
We then used the mean of these values as a parameter in the
subsequent analysis.
The initial dataset included potential sources of bias.
First, the data entries were taxonomically unbalanced, with
86% representing passerines. Secondly, many (54%) local
populations had a sample size of less than five individuals.
These two factors could potentially impact the inferences
made from statistical analyses. To account for this, data were
partitioned into two data subsets, one including only passerines (hereafter referred to as the Passerine dataset) and
the other one including all populations for which we had a
sample size of at least ten individuals (hereafter referred to
as the Reduced dataset). This threshold sample size provides
a good balance between the number of species that could be
retained in the Reduced dataset, and some confidence in the
accuracy of the prevalence estimate (Gregory and Blackburn
1991). Overall, 678 bird species from 137 families sampled
in 442 sites were included in the Complete dataset. The Passerine dataset consisted of 504 species from 85 families and
391 sites, whereas the Reduced dataset consisted of 216 species from 70 families sampled at 361 sites.

Data analyses
Firstly, we downloaded 1000 avian phylogenetic trees from
BirdTree.org using the backbone tree from Hackett et al.
(2008) and used a random sample of 100 trees to account
for phylogenetic uncertainty. We then pruned the phylogenetic trees to include only the species found in our datasets
using the ape package (Paradis and Schliep 2018). A covariance matrix was then constructed (MCMCglmm package;
Hadfield 2010) to be used in the phylogenetically corrected
models using the Bayesian statistics package brms (Bürkner
2017). To determine if malaria prevalence exhibits phylogenetic structure among bird species, we calculated the phylogenetic signal for Pagel’s lambda (λ) using the phylosig
function in the phytools package (Revell et al. 2012) by mapping the average prevalence across all sites for each species
onto the phylogeny. We then used the ContMap function to
visualize the phylogenetic influence on malaria prevalence.
To visualize the distribution and the potential collinearity between our population-level variables, and that of hosts
traits with latitude, we used a pair plot correlation with
the Pearson correlation (Psych package; Revelle 2018, see
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Online material). We then based our collinearity decision
on the threshold of R
 2 ≥ 0.7, as population-level effects
above this threshold are known to produce biased estimates
in modelling (Dormann et al. 2012). Using this indicator,
we found multiple correlations exceeding this threshold.
Overall, temperature seasonality, mean annual temperature,
and mean annual precipitation were strongly correlated in
the complete and the Passerine datasets, with temperature
seasonality being also correlated with clutch size in those
datasets; nevertheless, we decided to use all of them in the
construction of the models, albeit never together, since they
each capture different environmental processes affecting disease transmission.
To make sure that the results we observed were not
dependent on site relatedness, we calculated the spatial
autocorrelation signal of Plasmodium prevalence among
our sites using the Moran I test. Values of Moran I vary
between -1 and 1, with values close to 0 representing a weak
spatial autocorrelation and more extreme values representing a stronger spatial autocorrelation signal. If the observed
value is above the inverse of the number of locations in the
dataset -1 (hereafter referred to as the expected value), then
there is spatial autocorrelation in the dataset. In our case, the
observed value of spatial autocorrelation of avian malaria
prevalence among our sites was of 0.08 and the expected
value was of 0.002. While the p value indicates that avian
malaria prevalence is more clustered among sites than
what would be expected by chance (p<0.001), the very low
observed value indicates that spatial autocorrelation is weak.
We therefore decided not to include a spatial autocorrelation
structure in our models, but we took into account stochastic
effects of geographical characteristics by including sampling
location as a random effect in the models (since in many
cases, multiple populations were sampled from the same
location).
We used phylogenetic Bayesian multilevel modeling
(MLM) (brms package; Bückner 2017) as those models can
incorporate phylogenetic distance matrices as covariates
into multilevel models and sample posterior distributions
very efficiently using the Hamiltonian Monte Carlo (HMC)
method with STAN algorithm. We incorporated both the
sampling site and the species as group-level intercept factors since our data structure involved bird populations nested
within a species itself nested within a site. We used MLM
with zero-inflated negative binomial distribution to model
the number of infected individuals for the larger datasets
(Complete and Passerine). We selected this distribution
to take into account the overdispersion of our data and to
explain the overabundance of zeros (46% and 41% for the
Complete dataset and the Passerine dataset, respectively),
thus avoiding biased estimates of parameters and associated
standard error (Zuur et al. 2009, 2010). We used a negative
binomial distribution for the Reduced dataset to account for
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overdispersion in the data. Number of sampled individuals was included as a covariable in all models to account
for sampling effort (Gregory and Blackburn 1991). A set of
candidate models with increasing complexity was built using
different combinations of population-level factors, including
Body size (log-transformed scaled value), Clutch size (logtransformed scaled value), Temperature (scaled value), Precipitation (scaled value), Elevation (log-transformed scaled
value), Temperature seasonality (scaled value), Precipitation
seasonality (scaled value) and NDVI index (scaled value).
We used log transformation to normalize population-level
effects with non-normal distributions.

Model building and selection
Each model was built with priors obtained from the get_
prior function in the brms package and with 2 chains of
4000 iterations (2000 for warm-up, 2000 for sampling). At
first, we built simple models incorporating only one factor in addition to sampling effort. If the variable had a significant effect (e.g. 95% credible interval not crossing 0),
we included it into more complex models, otherwise, we
considered the variable as non-significant (see Online Supplementary material for ELPD score). We made sure every
parameter in the model converged by checking the potential
scale reduction factor on split chains (Rhat) indicator (at
convergence, Rhat is equal to one). Afterwards, we used
a leave-one-out measure to assess model fit relying on the
expected log predictive density (ELPD) difference criterion
as implemented in the loo package (Vehtari et al. 2017)
to find out which models were competing. Thereafter, we
excluded every model that had a ∆ELPD difference over
4 compared to the best model. To ensure we selected the
best model possible, we used model averaging to measure
the weight of each competing model for each dataset using
stacking and pseudo-BMA method for the LOO criterion
(see Table 1). Since around 5% of our data had a pareto-k
value over 0.7 and it was not possible to correctly fit all of
the data with k-fold=10, we did not use the WAIC criterion
as it is known to produce biased model weights (Vehtari
et al. 2017).

Results
After Passeriformes (86%), the orders contributing the
most species to the Complete dataset were Columbiformes
(3%), Piciformes (2%) and Apodiformes (2%), with the
remaining 9% of species distributed among 24 orders.
Overall, 18% (6,938 out of 37,915) of birds examined
were found to be infected by avian malaria in the Complete
dataset, with similar proportions in the Passerine dataset
(6,556 out of 32,507; 20%) and in the Reduced dataset
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Table 1  Model averaging of models competing within four ELDP using stacking and pseudo-BMA weighting method
Dataset

Population level effects

Stacking weight

PseudoBMA+
weight

Complete (n=678)

Tested + Temperature seasonality + Body size
Tested + Precipitation + Clutch size + Body size
Tested + Elevation
Tested + Temperature seasonality + Body size
Tested + Temperature seasonality + Body size + NDVI
Tested + Body size
Tested + Temperature seasonality
Tested + Mean precipitation

0.634
0.366
0.378
0.418
0.204
1.0
0
0

0.474
0.245
0.290
0.364
0.345
0.737
0.207
0.057

Passerine (n=504)

Reduced (n=216)

Sum of weights for each dataset and each method is equal to 1. Models with high weighting values have a higher probability of being rightfully
selected as the most probable one. “Tested” population-level effect refers to the number of individuals sampled and tested for malaria presence
per species per population

(6,026 out of 34,002; 18%). Among all our models, the
effect size of the number of individuals sampled was 0.01
with a standard error (SE) of 0.00. The estimated best
models were similar among all the datasets, with climatic
drivers (mainly temperature seasonality) and body size
being selected in almost every model as the best variables
explaining variation of avian malaria worldwide.

Phylogeny effect versus phylogenetic structure
Overall, we show that there is a relatively weak phylogenetic signal in all our datasets, with values for the phylogenetic signal, λ, for the mean proportion of infected individuals per species across the phylogenetic trees not varying
much between the three datasets. We only present the
phylogenetic signal tree of the Reduced dataset (n=216)
as a clear example (Fig. 2). We provide a reproductible
example of our complete phylogenetic tree (n=678) as supplementary material (see Online supplementary material).
The Passerine dataset has the largest signal (λ=0.274), followed by the Reduced dataset (λ=0.242) and the Complete
dataset (λ=0.237).

Analysis of the complete dataset
The best model explaining the variation in the number
of individuals infected by avian malaria in the Complete
dataset included body size (effect size= 0.18, SE=0.09)
and temperature seasonality (effect size=0.38, SE=0.08)
(Fig. 3). No other model presented a plausible alternative to the selected model (LOO weights for stacking was
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over 0.6, pseudo-BMA+ weight close to 0.5; Table 1; see
Online Supplementary material for ELPD score).

Analysis of the passerine dataset
The best model explaining the variation in the number
of individuals infected by avian malaria in the Passerine
dataset included body size (effect size=0.14, SE=0.07)
and temperature seasonality (effect size=0.38, SE=0.08)
(Fig. 3). The two other competing models included either
elevation alone (elevation model: pseudo-BMA weighting=0.290, stacking weighting=0.378; effect size=− 0.03,
SE=0.05) or the same selected variables together with
NDVI (NDVI model: pseudo-BMA weighting=0.345,
stacking weighting=0.204; effect size=- 0.08, SE=0.07).
Nevertheless, as credible intervals for both effects were
crossing zero, we decided not to include those parameters
as plausible explanations of the processes regulating avian
malaria transmission worldwide (Table 1; see Online Supplementary material for ELPD score).

Analysis of the reduced dataset
The best model explaining the variation in the number of
individuals infected by avian malaria in the Reduced dataset included only body size (effect size=0.18, SE=0.15)
(Fig. 3). However, most models were competing in the
range of the 4 ELPD criterion, which makes model averaging difficult in this case. Nevertheless, Bayesian stacking
method, useful when most models are competing in those
ranges (Yao et al. 2018), always pointed towards body size
being the most accurate predictor of avian malaria prevalence for this dataset. (Table 1; see Online Supplementary
material for ELPD scores).
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Fig. 2  Phylogenetic distribution of proportion of infected
individuals across all bird species comprised in the Reduced
dataset (n>10 individuals sampled) shown here for illustrative
purpose. The tree includes 216
bird species

Discussion

Fig. 3  Effect size and 95% credible intervals predicted for all factors selected in the best models explaining the number of infected
bird individuals for the three datasets using the brms package (Bückner 2017). Factors selected are Temperature seasonality (orange),
and body size (grey). Variables are considered to have an effect in a
model when their credible intervals do not overlap with the zero line

Our study shows that the prevalence of Plasmodium in wild
bird populations around the world is positively affected
by both host traits, namely body size, and by temperature
seasonality, all pointing in the same direction for two biggest datasets but remaining somewhat unclear for the most
reduced one. In contrast, we found no evidence of an effect
of precipitation seasonality, mean annual temperature, mean
annual precipitation, elevation, clutch size and NDVI index
on worldwide avian malaria prevalence. Our statistical
approach accounted for host phylogeny, spatial stochasticity,
and sample size. To the best of our knowledge, our results
are therefore free of the influence of those factors.
Among the three datasets, the effect size of drivers
selected with our model averaging approach remained constant, even with increasing model complexity when working
on larger datasets. Temperature seasonality and host body
size seemed to be the consistent drivers of Plasmodium
infection, with model selection always pointing towards
those variables in the three datasets. Lack of effect of clutch
size on avian malaria prevalence could be explained by the
high seasonality of this disease, with birds laying larger
clutches being more infected at the beginning of the breeding period and subsequently dying off, therefore lowering
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the probability of sampling of infected individuals. Moreover, the lack of effect of elevation could be a data artefact,
as capturing birds at higher elevation usually requires more
effort and yields lower sample sizes, thus leading to the limited influence of this parameter among our datasets. As for
vegetation density, its lack of effect could also be due to a
data artefact, with fewer populations sampled in areas with
lower vegetation density, such as farmlands.
We found a relatively weak host phylogenetic signal,
albeit roughly consistent (λ= ~ 0.24) across the three datasets. Interestingly, the strength of the phylogenetic signal
we found is very similar to that reported in Barrow et al.
(2019) when considering the three main genera of malaria
(Plasmodium, Haemoproteus and Leucocytozoon). However, the same authors reported a value of λ=0.35 (95% CI
0.06–0.61) for Plasmodium only. The difference may be
due to the extended taxonomic range of our study, which
included about 200 more bird species than in Barrows et al.
(2019). The weak phylogenetic signal we observed implies
that susceptibility to malaria infection is roughly homogeneously distributed among the bird phylogenetic tree, with no
clade showing consistently high or low prevalence. This may
reflect mostly the taxonomic selection of study species in the
past, with bird taxa a priori likely to be infected being more
prone to be studied than those thought not to be. Nevertheless, the relatively weak signal we found suggests that ecological and environmental forces are stronger determinants
of infection than a bird’s evolutionary history.
The worldwide prevalence of avian malaria is influenced
by traits of the bird hosts. Indeed, our results suggest that
larger bird species are more susceptible to infection by avian
malaria parasites then their smaller counterparts. This agrees
with our prediction, and with previous studies at local-scale
which have shown that larger bird hosts have higher prevalence of avian malaria (Scheuerlein and Ricklefs 2004, Santiago-Alarcon et al. 2015). Indeed, this trait is known to be a
driver of multiple other vector-borne diseases, such as western-Nile virus (Banerjee et al. 2017) and Lyme disease (Barbour et al. 2015), and we report a similar relation, albeit at
a worldwide scale, for birds infected by avian malaria. This
relation can be explained by multiple components of the
disease life cycle. From the vector’s point of view, infecting
larger birds might be easier than smaller ones. On the one
hand, larger bird hosts produce more chemical cues, such as
CO2, that attract vectors (Klowden and Zweibel 2005). On
the other hand, larger birds might have a greater susceptibility (e.g. likelihood that a parasite infects a host depending on
host antiparasitic defenses; Downs et al. 2019) towards avian
malaria as they have more available biting area for the mosquitoes to latch on (de Brooke et al. 1999) as well as a lighter
plumage (Peters 1983). From the bird hosts’ point of view,
this suggests a trade-off in resource allocation, with larger
birds being more competent in foraging and competing for
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resources (Peters 1983, Hin and de Roos 2019) at the cost
of lower immunocompetence towards vector-borne diseases,
or even higher infection rates due to physiological processes
affecting the reproduction of infected cells in larger hosts
(see Banerjee et al. 2017). We therefore postulate that geographically separated species facing the same threat of disease show similar evolutionary responses with respect to
life history strategies that maximizes their fitness. This is
in contradiction to the results of Barrow et al. (2019), as we
found that similarity in life history traits, driven by regional
host–parasite interactions, is more important than host phylogeny at a global scale.
A central finding of our study is that climatic variables,
namely temperature seasonality, also influence worldwide
disease patterns of vector-borne disease, with bird populations in areas with high variation in temperature being more
prone to infection. This goes against our original prediction,
as we expected more seasonally stable areas to have higher
infection of avian malaria due to consistent transmission
rates all over the year. While this result is unexpected, as
Plasmodium is known to be constrained by low temperature
due to its maturation within the mosquito vector (Lapointe
et al. 2010), it follows a similar trend as that found by Fecchio et al. (2019a), although these authors studied a different malarial parasite (Leucocytozoon). An explanation
for this result may be related to the dynamics of organism
abundance in unstable areas (e.g. areas with high seasonality dynamics). Indeed, Fecchio et al. (2019a) hypothesized
that temporal concordance between pulses of resources due
to pronounced seasonality, opening up niche availability
(Tonkin et al. 2017???), and breeding activities of bird (e.g.
at the beginning of the summer season; Karr 1976) could
concentrate all organisms in the same area, thus enhancing
the potential for avian malaria transmission between its hosts
for a brief period of time but with high intensity. In contrast,
in temporally stable areas with low seasonality and more
consistent temperature, low levels of transmission spread
over longer periods may not achieve similarly high prevalence of infection.
In conclusion, our results show that worldwide patterns
of disease prevalence in wild populations are the result of a
complex co-evolutionary interplay of host–disease interactions and climate seasonality. Other factors may potentially
influence malaria infection, of course. For example, migratory behaviour can affect bird exposure and immunocompetence. We chose not to include migratory behaviour as a
population-level effect term in the models since we do not
know the distance that those birds travel or if the sampling
occurred in the resident areas or those occupied for shorter
migratory periods. We do note that the effect size of the variables selected in our models are relatively small; however,
we were nevertheless able to extract complex patterns of
host–disease interactions derived from very crude indicators.
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More specifically, we provide evidence of traits influencing
host susceptibility to diseases at a global scale, playing a
more important role than host evolutionary history, and also
highlight the importance of considering climatic variables
influencing spatial overlap between vectors of a disease and
its hosts. Considering that infectious diseases are on the rise
worldwide (Jones et al. 2008), and in the context of global
climate change, we bring empirical evidence of current avian
malaria patterns to conservation ecologists wanting to predict and mitigate future outbreaks.
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