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ABSTRACT

Niche theory predicts specialists will be more sensitive to environmental perturbation compared
to generalists, a hypothesis receiving broad support in free-living species. Based on their niche
breadth, parasites can also be classified as specialists and generalists, with specialists infecting
only a few and generalists a diverse array of host species. Here, using avian haemosporidian
parasites infecting wild bird populations inhabiting the Western Ghats, India as a model system,
we elucidate how climate, habitat and human disturbance affects parasite prevalence both
directly and indirectly via their effects on host diversity. Our data demonstrates that
anthropogenic disturbance acts to reduce the prevalence of specialist parasite lineages, while
increasing that of generalist lineages. Thus, as in free-living species, disturbance favors parasite
communities dominated by generalist vs. specialist species. Because generalist parasites are
more likely to cause emerging infectious diseases, such biotic homogenization of parasite

communities could increase disease emergence risk in the Anthropocene.

INTRODUCTION

The Anthropocene has been characterized by large, and often rapid, alterations of natural
environments driven by human-mediated factors acting at various scales — from local habitat
modification to global climate change (Corlett 2015; Laurance 2019). Many species have been
unable to adapt sufficiently to cope with the such anthropogenic changes to their environment
leading to species loss at local and global scales (Young et al. 2016; Radchuk et al. 2019; Turvey
& Crees 2019 ). However, community disassembly is not a random process, with species loss
often following certain general principles with specialists being more sensitive to environmental
perturbations (e.g., habitat loss and climate change) compared to generalists (Swihart et al. 2003;

Kellermann et al. 2009; Slatyer et al. 2013), leading to the biotic homogenization of natural
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communities globally (McKinney & Lockwood 1999; Olden 2006; Olden & Rooney 2006;
Clavel et al. 2010; Li et al. 2020 ). While not universal (Williams et al. 2006; Colles et al. 2009),
the increased sensitivity of specialists to endangerment has been demonstrated in many taxa (Safi
& Kerth 2004; Kotiaho et al. 2005; Shultz et al. 2005; Walker 2006; Boyles & Storm 2007; Essl
et al. 2009; Saupe et al. 2015; White & Bennett 2015; Liang et al. 2019; Colléony & Shwartz
2020). Biotic homogenization is of particular concern because the generalist species that thrive in
human-dominated landscapes are also more likely to harbor greater diversity of parasites,
including those can infect humans (Gibb et al. 2020; Ostfeld & Keesing 2020). Thus, human-
mediated landscape modification can affect disease dynamics by favoring host communities that
are dominated by generalist species (Gibb et al. 2020; Ostfeld & Keesing 2020). However, the
effects of such human pressures on parasite community structure remains unclear.

Like free-living species, parasites can also be categorized as specialists and generalists,
based on their niche breadth, with specialist parasite lineages infecting only one or few related
host species, and generalists infecting broad diversity of hosts (Cooper et al. 2012; Gupta et al.
2019). This dichotomization of parasites is particularly important from the perspective of human
and wildlife health because generalist parasites are more capable of switching to new hosts, and
are thus more likely to be associated with emerging infectious diseases (EIDs) (Timms & Read
1999; Ewen et al. 2012; Hatcher et al. 2012; Farrell et al. 2013; Johnson et al. 2015a). While
there is some evidence that generalist parasites are less prone to extinction (Woolhouse et al.
2001; Cooper et al. 2012), and it has been hypothesized that generalist parasites are more likely
to adapt to relatively common generalist hosts (Ostfeld & Keesing 2020), the question of
whether human-mediated changes to the environment favor parasite communities dominated by

generalist vs. specialist species, as in the case of free-living communities, remains an open one.
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Here we test this question using avian haemosporidian parasites as a model system. Answering
this question is critical because generalist parasites are capable of rapidly switching to new host
species (Wells & Clark 2019), and thus the biotic homogenization of parasite communities will
increase the risk disease emergence.

Avian haemosporidian parasites are vector-borne pathogens of birds belonging to several
genera including Haemoproteus and Plasmodium (Valkitinas 2005). We have previously shown
that in bird communities inhabiting an important biodiversity hotspot — the Western Ghats,
Southern India (Fig. 1a) — these genera differ in host breadth, with genetic lineages of
Haemoproteus being host-specialists while Plasmodium lineages are host-generalists (Gupta et
al. 2019), as seen in other bird communities (Fallon et al. 2005). Indeed, Plasmodium infections,
unlike Haemoproteus, have been responsible for epidemic mortalities in wild bird populations on
some oceanic islands (Warner 1968; Valkitinas 2005; Niebuhr et al. 2016), because being
generalists Plasmodium lineages are more likely to emerge in novel host communities (Gupta et
al. 2019). Here, using data from a sample of >1000 birds of 28 species inhabiting the Western
Ghats (Table S1), we show that, the parasite community structure is predictably influenced by
anthropogenic disturbance, after controlling for effects associated with the environment (i.e.,
climate and terrain) and host community structure. Specifically, our results indicate that
anthropogenic pressure acts to reduce the prevalence of specialist parasite lineages, while
increasing the prevalence of generalist lineages. Such biotic homogenization of parasite
communities is a novel mechanism that can contribute to the increased risk of disease emergence

in human-dominated landscapes, and thus has broad implications of human and animal health.
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METHODS

Field and laboratory methods

The study area was located in the southern 600 km of the Western Ghats (Fig. 1a). Field
sampling was carried out between 2011-2013, across the four major geographical regions
separated by three biogeographic barriers—Chaliyar River valley, Palghat Gap, and Shencottah
Gap (Fig. 1a). For our analyses we used samples from 28 species of birds (N = 1172) captured
during the pre-monsoon season (January-May) at 42 sites (700-2500 m above sea level) across
our study area (Fig. 1a; Supplementary Table 1). Procedures for bird mist-netting and blood
collection have been described previously (Gupta et al. 2019). Parasite detection was carried out
by sequencing 478 bp of the Haemosporidian cytochrome-b gene using genomic DNA extracted
from individual bird blood samples. All lab and field methods followed those described

previously in Gupta et al. (2019).

Environmental and ecological variables

One of the main objectives of this study was to elucidate how climate, landscape and human
disturbance affected parasite prevalence, both directly and through their effects on host diversity.
Environmental data were downloaded from publicly available datasets. We obtained the

bioclimatic variables from http://chelsa-climate.org/bioclim/. Landscape variables included: (a)

Terrain: Elevation, slope and roughness extracted from elevation data

(http://www.earthenv.org/DEM) using the R package RASTER (HIIMANS ET AL. 2015), and water

flow-accumulation from https://www.hydrosheds.org/page/hydrorivers; (b) Canopy height:

http://lidarradar.jpl.nasa.gov; (c) Landcover data: Obtained from authors of a published dataset

(Roy et al. 2015). We then used the package RASTER to calculate the proportions of 10 major

habitat types (i.e., cropland, degraded habitat, grassland, gregarious forest, locale-specific forest,


http://chelsa-climate.org/bioclim/
http://www.earthenv.org/DEM
https://www.hydrosheds.org/page/hydrorivers
http://lidarradar.jpl.nasa.gov/
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mixed forest, plantation, settlements, shrub and savannah and water); (d) Anthropogenic
disturbance: Included distance from protected areas (calculated as the distance from the nearest
boundary with negative values falling inside and positive outside protected areas, respectively)

using data from http://datasets.wri.org/dataset/64b69c0fb0834351bd6c0ceb3744c5ad. We also

used a Indian population dataset (http://www.ciesin.columbia.edu/data/india-census-grids/) to

calculate an index of human proximity following Alexander et al. (Alexander & Wint 2013).
Apart from the environmental variables we also used two host ecological variables, including
host phylogenetic and functional diversity. Host diversity measures were calculated using the
alpha diversity function implemented in the R package BAT (Cardoso et al. 2014), with
phylogenetic diversity using phylogenetic distances between the bird species and functional
diversity using the Gower distance between species based on ecological traits associated with
feeding strata, sociality, habitat, and genetic connectivity. Details of all variables used at given in

Table S2.

Statistical analyses

All statistical analyses were carried out using R ver. 4.0.0 (The R Foundation for Statistical
Computing 2019), and all statistical tests and reported P values are two-sided. A complete list of
R packages used for analyses are given in Table S3. All analyses were carried out at the scale of
the individual site (Table S1). We pooled samples across multiple years because we found no
significant effect of year (Haemoproteus: y? = 9.281; P = 0.158; Plasmodium: ¥* < 0.001; P =
1.000). Our major objective was to test for differences in the factors affecting infection risk with
specialist vs. generalist parasites. Thus, we first classified each Haemosporidian lineage as a
specialist or generalist using a randomization test to evaluate if the diversity of hosts the lineage

was found to infect was lower or higher than random expectation, respectively (see


http://datasets.wri.org/dataset/64b69c0fb0834351bd6c0ceb3744c5ad
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Supplementary Methods). All further analyses were carried out only using the parasite lineages
that were clearly classified as specialists or generalists.

To test for the direct and indirect effects of the various predictor variables on parasite
infection risk we used a hybrid approach that combined random forests, a powerful machine
learning algorithm, and Structural Equation Models (SEMs). Thus, prior to building the SEM we
reduced the list of predictor variables using random forests models (RFMSs) as suggested by
Duffy et al. (Duffy et al. 2016). Random forests models were implemented in the R package
RANGER (Wright & Ziegler 2017). All RFMs were run using 100,000 trees and we optimized the
model parameters (mTry, Min. node size, Split rule) using a 10-fold cross-validation procedure
implemented in the trainControl function from the R package CARET (Kuhn 2008). All RFMs
also included the number of birds sampled in each trap site as case weights to control for
potential sample size effects. We initially included all environmental variables for all RFMs, and
also added host-related variables for the parasite-related RFMs. Thus, initially environmental
factors (i.e., terrain, climate, habitat and disturbance) were included in the RFMs to predict host
ecological variables (host phylogenetic/functional diversity). In turn, parasite-related variables
(parasite phylogenetic diversity and infection risk) were assumed to be driven by direct effects of
environmental variables and the indirect effects of these variables through their effects on host
ecology. For each RFM, we first fit the full random forest model with all variables (Table S2),
and estimated the variable importance values (Wright & Ziegler 2017). We then used a forward
step-wise selection starting from the most important variable, and adding variables in decreasing
order of importance. At each step a variable was added if it’s correlation with variables included
in the model until that step was < 0.7 and if addition of the variable increased the coefficient of

determination (R?) for the whole model. Model validation was done using three repetitions of a
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10-fold cross validation procedure to maximize the r? value of the whole model using 75% of the
data to train the model and 25% to assess model prediction accuracy (Kuhn 2008). In order to
calculate the relative importance of each of the four main variable groups (i.e., terrain, climate,
habitat and ecology; Table S2) we calculated the weighted mean of the number of times
variables in each group were used to split trees in the random forest (see

https://stats.stackexchange.com/questions/92419).

To better understand the mechanisms driving the spatial variation in infection risk, we
modeled the direct and indirect effects between the variables identified by the RFMs using
structural equation models (SEMs), which are a powerful statistical approach wherein a set of
mutually interconnected equations are used to evaluate the causal relationships among a set of
variables (Shipley 2016). SEM analyses was implemented in the R package PIECEWISESEM
(Lefcheck & Freckleton 2015). Initially, we included as predictors all variables retained in the
final random forest models of host- and parasite-related variables (see details above). We
included both main and quadratic effects to model potential non-linear effects between the
variables, and z-transformed these variables to obtain standardized model coefficients. We then
sequentially dropped variables if dropping the variable from a specific model reduced the overall
Akaike Information Criterion (AIC) of the SEM model (Shipley 2013), and if the removed path
was not considered to be a significant missing path (Lefcheck & Freckleton 2015). Final model
acceptance was based on the Fisher’s C statistic, with a model being accepted if the associated P-
value > 0.05 (Shipley 2016). Final path diagram was plotted using the R package diagram, and
the strength of specific paths was assessed visually using partial residual plots using the R

package VISREG (Breheny & Burchett 2017).
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RESULTS

We identified a total of 47 unique parasite lineages infecting the birds in our study area, and
found that 28 of 29 Haemoproteus lineages were host specialists and 2 of 18 Plasmodium
lineages were host generalists, with the diversity of hosts infected by the remaining 17 lineages
not differing significantly from random expectation (Table S4). All further analyses were carried
out only using the 30 parasite lineages that were clearly classified as specialists or generalists.
We found that the RFMs generally performed well, and the models for infection risk explained
>70% of the variance amongst sampling sites in both parasites (Haemoproteus: r’= 0.794;
Plasmodium: r>= 0.707; Fig. 1b and c; Table S5 and S6). Interestingly, in both Haemoproteus
and Plasmodium, the majority of the total variance explained was due to host (61% and 49%,
respectively) and landscape (21% and 26%, respectively) related factors, and least to climate
(18% and 25%, respectively) (Fig. 1d). Our final RFMs revealed that there was considerable
spatial variation in infection risk associated with Haemoproteus (Figure 1e) and Plasmodium
(Figure 1f).

To better understand the mechanisms driving the spatial variation in infection risk, we
modeled the direct and indirect effects between the variables identified by the RFMs using an
SEM. Our final SEM (i.e., reduced) model testing the hypothesized direct and indirect effects of
our predictor variables fit the data well with no significant missing paths (AAICRepucep-FuLL = -
875; Fisher’s C = 130.651; DF = 166; P = 0.98; Table S7). The SEM revealed distinct paths
affecting infection risk with specialist (Haemoproteus) vs. generalist (Plasmodium) parasites
(Figure 2a and b; Table S8). Critically, human-mediated disturbance (distance to protected areas
and human population proximity) affected infection risk in opposing ways through direct effects

and mediation via host-related variables (Figure 2a and b).
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To dissect the SEM results we focus on each of the primary variables in the model
sequentially. Our analyses revealed that that BIO05 (maximum temperature of warmest month)
had a negative effect on both functional host diversity (B = SE =-0.261 + 0.120; P = 0.037) and
phylogenetic host diversity (B = SE =-0.306 + 0.139; P = 0.034) (Fig 2a and b; Table S8). We
also found that anthropogenic disturbance, as measured by distance from protected areas, PApist
reduced both functional (B + SE =-0.229 + 0.113; P =0.049) and phylogenetic (p + SE = -0.669
+ 0.132; P < 0.001; Fig. 2c) host diversity. Thus, the biotic homogenization of host communities
occupying human-modified habitats is a characteristic of the bird communities in the Western
Ghats, as in other natural communities globally (McKinney & Lockwood 1999; Clavel et al.
2010).

Our analyses also revealed some interesting differences in factors affecting parasite
diversity. Thus, we found that BIO02 (mean diurnal temperature range) had significant non-
linear effects on the phylogenetic diversity of both Haemoproteus (Fig. 2d; Main  + SE = -
0.080 + 0.199; P = 0.689, Quadratic  + SE =-0.288 + 0.136; P < 0.041) and Plasmodium (Fig.
2e; Main B £+ SE =-0.528 £ 0.162; P = 0.002, Quadratic B + SE = -0.657+ 0.118; P < 0.001).
Alternatively, we found that BIOO5 only affected the diversity of the generalist (Plasmodium)
parasites (Fig. 2f; Main = SE = -0.054 £ 0.158; P = 0.736, Quadratic  + SE = -0.348+ 0.144; P
< 0.021). Importantly, we found that host phylogenetic diversity had a positive effect on
phylogenetic diversity for specialist (Haemoproteus) parasites (Figure 2g; p + SE = 0.683 +
0.163; P < 0.001), but did not affect phylogenetic diversity for generalist (Plasmodium) parasites.

With respect to infection risk was we found a significant direct positive effect of parasite
diversity in the case of both Haemoproteus (Fig. 2h; B+ SE =0.323 + 0.067; P <0.001) and

Plasmodium (Fig. 2i; £ SE=1.115+0.338; P =0.001). We also found that while the host
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functional diversity had a significant direct negative effect on infection risk of the generalist
(Plasmodium) parasite (Fig. 2j; B = SE =-0.789 £ 0.289; P = 0.006), but had no effect on
infection risk of the specialist (Haemoproteus) parasite. This difference between Plasmodium
and Haemoproteus could be because Plasmodium, as a generalist parasite, is likely affected by
host spatial proximity (and thus levels of niche overlap), but, as a specialist, Haemoproteus is
primarily affected by host phylogenetic relatedness (Gupta et al. 2019). Of most importance, we
also found opposite effects of anthropogenic disturbance on infection risk associated with
specialist and generalist parasites. In the case of the specialist parasite Haemoproteus, infection
risk was negatively affected by human population proximity (Figure 2k; p + SE =-0.284 +
0.111; P =0.011) but a positive association was observed in the case of the generalist,
Plasmodium parasites (Figure 2I; p = SE = 0.899 + 0.327; P = 0.006).

Taking into consideration direct and indirect effects, distance to protected areas had a
significant negative total effect on infection risk for Haemoproteus [Brot = -0.027; 95 %
confidence interval (CI): -0.059, -0.013] but a significant positive total effect on infection risk
for Plasmodium risk (Bror = 0.014; CI: 0.002, 0.036) (Fig. 3). Additionally, human population
proximity had a significant negative total effect on infection risk for Haemoproteus (Brot = -
0.057; Cl: -0.172, -0.018), but a significant positive effect on Plasmodium risk (Bror = 0.061; CI:
0.037, 0.116) (Figure 3). These opposing effects of anthropogenic pressure on infection risk in
the case of specialist vs. generalist parasites is, at least partially, mediated by the opposing
effects of host diversity on infection risk. Thus, while host diversity had a positive total effect on
Haemoproteus infection risk (Bror = 0.048; ClI: 0.025, 0.09), it had a negative effect in the case
of Plasmodium (Brot = -0.046; CI: -0.077, -0. 014) (Fig. 3). While all the SEM analyses were

carried out at the scale of each host population, qualitatively similar results were obtained with
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lineage-level analyses also (Table S9; Fig. S1). Specifically, we found that as diversity of hosts a
parasite lineage could infect increased (i.e., as parasites became more generalist), the effect of
host diversity on observed parasite prevalence changed from being positive (i.e., an amplification
effect) to being negative (i.e., a dilution effect). Similar patterns were also found in the case of
the standardized prevalence calculated based on the host community composition (i.e., expected
prevalence). Thus, our data indicate that host species that tend to be found in high diversity host
communities (i.e., specialist hosts) are less competent hosts for generalist parasites (i.e.,

Plasmodium) compared to those in low diversity host communities (i.e., generalist hosts).

DISCUSSION

Darwin’s “Tangled Bank” (Darwin 1909) is one of the most common images brought to mind
when envisioning ecological systems comprised of a complex network of interacting species, and
the functional integrity of this tangled bank can severely compromised by the recent and rapid
modifications to global environments (Lau & terHorst 2020). Parasites form an integral part of
all ecological networks, and comprise a large, albeit relatively uncharacterized, portion of global
biodiversity (Dobson et al. 2008; Okamura et al. 2018). Thus, there is an increasing recognition
of the need to incorporate them into biodiversity conservation plans (Gomez & Nichols 2013;
Dougherty et al. 2016). Indeed, parasites — especially specialist parasites that are closely
dependent upon a very narrow set of host species — may be especially prone to extinction risk
(Galetti et al. 2018; Thompson et al. 2018; Moir & Brennan 2020), and ignoring such species
coextinctions can lead to gross underestimation of global extinction rates (Koh et al. 2004;
Strona & Bradshaw 2018). Here we show that the loss of host diversity will negatively impact
the diversity of specialist, but not generalist, parasites. Thus, our data supports the idea that

specialist parasites can be especially sensitive indicators of ecosystem health (Hudson et al.
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2006), because these parasites are not only more sensitive to environmental perturbations but
also to co-extinction caused by loss of specific host species on which they depend (Dunn et al.
2009; Colwell et al. 2012). The increased endangerment of specialist vs. generalist species is not
unexpected, and has been shown to be common across numerous free-living taxa globally. Such
non-random loss of species has critical impacts on ecosystem function through the biotic
homogenization of ecological communities (McKinney & Lockwood 1999; Olden 2006; Olden
& Rooney 2006; Clavel et al. 2010; Li et al. 2020 ).

Defaunation in the Anthropocene can have dramatic impacts on multiple ecosystem
services including nutrient and energy cycling, and can also directly impact disease dynamics
(Dirzo et al. 2014). Specifically, biotic homogenization due to non-random species loss has been
shown to alter disease dynamics by changing the relative abundance of competent vs. non-
competent hosts in a community (Johnson & Thieltges 2010; Johnson et al. 2013; Johnson et al.
2015b). For example, it has been found that the most competent host species (i.e., the ones most
likely to be infected) also tend to be generalists (i.e., the ones most likely to persist in low
diversity communities) in many well-characterized host-parasite systems, such as West Nile
virus infections in bird communities and Borrelia burgdorferi infections in small mammal
communities (Ostfeld & Keesing 2012). In such systems increasing host diversity reduces host
community competence — host species abundance weighted by its competence to transmit
infection (Johnson et al. 2015b) — leading to a strong dilution effect. Here we have shown that
such a dilution effect is more likely to be evidenced in the case of generalist vs. specialist
parasites. Specifically, our data reveal that loss of host biodiversity can increase infection risk
associated with the generalist parasite (Plasmodium) because low diversity communities are

more likely contain host species that are competent to harbor and transmit the parasite (Fig. S1c
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and d). Consequently, as in other disease systems, we show that host species-specific traits (e.g.,
levels of niche specialization) can jointly affect endangerment and infection risk (Ostfeld &
Keesing 2012; Johnson et al. 2015b).

Interestingly, while the effects of anthropogenic disturbance on the structure of free-
living communities has received much attention, relatively little attention has been paid to
understanding how such disturbances impact parasite community structure. While our analyses
do address this question, we lack data on the vectors that transmit the Haemosporidian parasites
in our study system. This remains a critical missing piece of the puzzle because Haemoproteus
and Plasmodium are transmitted by different vectors; biting midges (e.g., Culicoides spp.) and
mosquitoes (e.g., Culex quinquefasciatus), respectively (Valkitinas 2005). Thus, differences in
the prevalence of these two parasites genera could be driven by underlying differences in the
effects of anthropogenic disturbance on their respective vector populations. However,
irrespective of the underlying mechanism, our data strongly supports the hypothesis that, as in
free-living species (McKinney & Lockwood 1999; Clavel et al. 2010), human-mediated
disturbance can favor parasite communities dominated by generalist vs. specialist species.
Clearly this finding has critical implications for human health also. For example, a recent study
has shown that species most likely to transmit pathogens to humans are also those that tend to
thrive in human-dominated landscapes (Gibb et al. 2020; Ostfeld & Keesing 2020). Thus,
anthropogenic disturbance can increase the risk of disease emergence in human populations. Our
results add another dimension to this idea, and reveals that anthropogenic disturbance also tends
to favor generalist vs. specialist pathogens. Because generalist parasites are more commonly
associated with emerging infectious diseases (Shaw et al. 2020), such biotic homogenization of

parasite communities could increase disease emergence risk in human-dominated landscapes.
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To conclude, using data collected from >1000 birds belonging to 28 species across the
Western Ghats, we show that parasite community structure is strongly influenced by
anthropogenic disturbance and host community structure, after controlling for effects associated
with the environment (e.g., climate). Our data reveal that the effects of anthropogenic
disturbance favors parasite communities that are dominated by generalist vs. specialist species, in
keeping with expectations based on niche theory. These results have broad implications for our
understanding of disease dynamics in the Anthropocene. Specifically, the biotic homogenization
of parasite communities driven by anthropogenic disturbance has the potential to mediate some
ongoing debates in disease ecology. For example, high parasite diversity has been considered to
be a sign of a healthy ecosystem (Hudson et al. 2006), while at the same time disturbed
ecosystems are the ones with increased risk of disease emergence (Ostfeld & Keesing 2017;
Ostfeld & Keesing 2020). Our data resolves this apparent paradox by revealing that undisturbed
ecosystems are likely to have a high diversity of specialized parasites which are highly
susceptible to being lost because they can only infect one or a few related host species.
Alternatively, disturbed ecosystems tend to primarily retain generalist parasites, which are more
robust to disturbance because they can infect multiple species, a characteristic which also
increases their ability to cause EIDs. These results have critical implications for public health
policy because they provide a clear mechanistic understanding of why disease emergence risk is
highest in areas facing rapid human-mediated landscape modifications (Allen et al. 2017; Gibb et

al. 2020; Ostfeld & Keesing 2020).

15



346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

365

366

ETHICAL APPROVAL

This research was carried out in accordance with bird sampling permits granted by the Forest
Departments of Kerala and Tamil Nadu, and institutional animal ethics clearance from the

National Centre for Biological Sciences

ACKNOWLEDGMENTS

We thank the Forest Departments, particularly then PCCFs, of Kerala (R. Rajaraja Varma, V.
Gopinathan, T. M. Manoharan and B. S. Corrie) and Tamil Nadu (R. Sunderaraju) for bird
sampling permits. We also thank the CCFs, DFOs and range officers who helped with field
logistics. Lab work was carried out at National Centre for Biological Sciences, and we thank
Uma Ramakrishnan for the use of her lab facilities. We acknowledge financial support from U.S.
Department of Energy Award (DE-EM0004391) to the University of Georgia Research
Foundation, Ramanujan Fellowship from Department of Science and Technology, India to G.D.

and National Geographic Society Research and Exploration grant to V.V.R.

REFERENCES

Alexander, N. & Wint, W. (2013). Projected Population Proximity Indices (30km) for 2005,
2030 and 2050. Journal of Open Public Health Data, 1.

Allen, T., Murray, K.A., Zambrana-Torrelio, C., Morse, S.S., Rondinini, C., Di Marco, M. et al.
(2017). Global hotspots and correlates of emerging zoonotic diseases. Nat Commun, 8,
1124.

Boyles, J.G. & Storm, J.J. (2007). The perils of picky eating: dietary breadth is related to

extinction risk in insectivorous bats. PL0oS One, 2, e672.

16



367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

382

383

384

385

386

387

388

389

Breheny, P. & Burchett, W. (2017). Visualization of regression models using visreg. The R
Journal, 9.2, 56-71.

Cardoso, P., Rigal, F., Carvalho, J.C. & Kembel, S. (2014). BAT - Biodiversity Assessment
Tools, an R package for the measurement and estimation of alpha and beta taxon,
phylogenetic and functional diversity. Methods Ecol. Evol., 6, 232-236.

Clavel, J., Julliard, R. & Devictor, V. (2010). Worldwide decline of specialist species: toward a
global functional homogenization? Frontiers in Ecology and the Environment, 9, 222-
228.

Colléony, A. & Shwartz, A. (2020). When the winners are the losers: Invasive alien bird species
outcompete the native winners in the biotic homogenization process. Biological
Conservation, 241.

Colles, A., Liow, L.H. & Prinzing, A. (2009). Are specialists at risk under environmental
change? Neoecological, paleoecological and phylogenetic approaches. Ecol Lett, 12, 849-
863.

Colwell, R.K., Dunn, R.R. & Harris, N.C. (2012). Coextinction and persistence of dependent
species in a changing world. Annu. Rev. Ecol. Evol. Syst., 43, 183-203.

Cooper, N., Griffin, R., Franz, M., Omotayo, M., Nunn, C.L. & Fryxell, J. (2012). Phylogenetic
host specificity and understanding parasite sharing in primates. Ecol Lett, 15, 1370-1377.

Corlett, R.T. (2015). The Anthropocene concept in ecology and conservation. Trends Ecol Evol,
30, 36-41.

Darwin, C. (1909). The origin of species. PF Collier & Son, New York, NY.

Dirzo, R., Young, H.S., Galetti, M., Ceballos, G., Isaac, N.J. & Collen, B. (2014). Defaunation in

the Anthropocene. Science, 345, 401-406.

17



390

391

392

393

394

395

396

397

398

399

400

401

402

403

404

405

406

407

408

409

410

411

Dobson, A., Lafferty, K.D., Kuris, A.M., Hechinger, R.F. & Jetz, W. (2008). Homage to
Linnaeus: How many parasites? How many hosts? Proceedings of the National Academy
of Sciences of the United States of America, 105 Suppl 1, 11482-11489.

Dougherty, E.R., Carlson, C.J., Bueno, V.M., Burgio, K.R., Cizauskas, C.A., Clements, C.F. et
al. (2016). Paradigms for parasite conservation. Conserv Biol, 30, 724-733.

Duffy, J.E., Lefcheck, J.S., Stuart-Smith, R.D., Navarrete, S.A. & Edgar, G.J. (2016).
Biodiversity enhances reef fish biomass and resistance to climate change. Proc Natl Acad
Sci U S A, 113, 6230-6235.

Dunn, R.R., Harris, N.C., Colwell, R.K., Koh, L.P. & Sodhi, N.S. (2009). The sixth mass
coextinction: Are most endangered species parasites and mutualists? Proceedings of the
Royal Society of London. Series B: Biological Sciences, 276, 3037-3045.

Essl, F., Staudinger, M., Stéhr, O., Schratt-Ehrendorfer, L., Rabitsch, W. & Niklfeld, H. (2009).
Distribution patterns, range size and niche breadth of Austrian endemic plants. Biological
Conservation, 142, 2547-2558.

Ewen, J.G., Bensch, S., Blackburn, T.M., Bonneaud, C., Brown, R., Cassey, P. et al. (2012).
Establishment of exotic parasites: The origins and characteristics of an avian malaria
community in an isolated island avifauna. Ecology Letters, 15, 1112-1119.

Fallon, S.M., Bermingham, E. & Ricklefs, R.E. (2005). Host specialization and geographic
localization of avian malaria parasites: a regional analysis in the Lesser Antilles. Am Nat,
165, 466-480.

Farrell, M.J., Berrang-Ford, L. & Davies, T.J. (2013). The study of parasite sharing for

surveillance of zoonotic diseases. Environmental Research Letters, 8.

18



412

413

414

415

416

417

418

419

420

421

422

423

424

425

426

427

428

429

430

431

432

Galetti, M., Moleon, M., Jordano, P., Pires, M.M., Guimaraes, P.R., Jr., Pape, T. et al. (2018).
Ecological and evolutionary legacy of megafauna extinctions. Biol Rev Camb Philos Soc,
93, 845-862.

Gibb, R., Redding, D.W., Chin, K.Q., Donnelly, C.A., Blackburn, T.M., Newbold, T. et al.
(2020). Zoonotic host diversity increases in human-dominated ecosystems. Nature.

Gomez, A. & Nichols, E. (2013). Neglected wild life: Parasitic biodiversity as a conservation
target. International Journal for Parasitology: Parasites and Wildlife, 2, 222-227.

Gupta, P., Vishnudas, C.K., Ramakrishnan, U., Robin, V.V. & Dharmarajan, G. (2019).
Geographical and host species barriers differentially affect generalist and specialist
parasite community structure in a tropical sky-island archipelago. Proceedings of the
Royal Society of London. Series B--Biological Sciences, 286, 20190439.

Hatcher, M.J., Dick, J.T.A. & Dunn, A.M. (2012). Disease emergence and invasions. Functional
Ecology, 26, 1275-1287.

Hijmans, R.J., Van Etten, J., Cheng, J., Mattiuzzi, M., Sumner, M., Greenberg, J.A. et al. (2015).
Package ‘raster’. R package.

Hudson, P.J., Dobson, A.P. & Lafferty, K.D. (2006). Is a healthy ecosystem one that is rich in
parasites? Trends in Ecology and Evolution, 21, 381-385.

Johnson, P.T., de Roode, J.C. & Fenton, A. (2015a). Why infectious disease research needs
community ecology. Science, 349, 1259504.

Johnson, P.T., Ostfeld, R.S. & Keesing, F. (2015b). Frontiers in research on biodiversity and

disease. Ecology Letters, 18, 1119-1133.

19



433

434

435

436

437

438

439

440

441

442

443

444

445

446

447

448

449

450

451

452

453

454

Johnson, P.T., Preston, D.L., Hoverman, J.T. & Richgels, K.L. (2013). Biodiversity decreases
disease through predictable changes in host community competence. Nature, 494, 230-
233.

Johnson, P.T. & Thieltges, D.W. (2010). Diversity, decoys and the dilution effect: how
ecological communities affect disease risk. J Exp Biol, 213, 961-970.

Kellermann, V., van Heerwaarden, B., Sgro, C.M. & Hoffmann, A.A. (2009). Fundamental
evolutionary limits in ecological traits drive Drosophila species distributions. Science,
325, 1244-1246.

Koh, L.P., Dunn, R.R., Sodhi, N.S., Colwell, R.K., Proctor, H.C. & Smith, V.S. (2004). Species
coextinctions and the biodiversity crisis. Science, 305, 1632-1634.

Kotiaho, J.S., Kaitala, V., Komonen, A. & Paivinen, J. (2005). Predicting the risk of extinction
from shared ecological characteristics. Proc Natl Acad Sci U S A, 102, 1963-1967.

Kuhn, M. (2008). Building predictive models in R using the caret package. Journal of Statistical
Software, 28.

Lau, J.A. & terHorst, C.P. (2020). Evolutionary responses to global change in species-rich
communities. Ann N'Y Acad Sci, 1476, 43-58.

Laurance, W.F. (2019). The Anthropocene. Curr Biol, 29, R953-R954.

Lefcheck, J.S. & Freckleton, R. (2015). piecewiseSEM : Piecewise structural equation modelling
in R for ecology, evolution, and systematics. Methods Ecol. Evol., 7, 573-579.

Li, D., Olden, J.D., Lockwood, J.L., Record, S., McKinney, M.L. & Baiser, B. (2020). Changes
in taxonomic and phylogenetic diversity in the Anthropocene. Proc Biol Sci, 287,

20200777.

20



455

456

457

458

459

460

461

462

463

464

465

466

467

468

469

470

471

472

473

474

475

Liang, C., Yang, G., Wang, N., Feng, G., Yang, F., Svenning, J.-C. et al. (2019). Taxonomic,
phylogenetic and functional homogenization of bird communities due to land use change.
Biological Conservation, 236, 37-43.

McKinney, M.L. & Lockwood, J.L. (1999). Biotic homogenization: a few winners replacing
many losers in the next mass extinction. Trends Ecol. Evol., 14, 450-453.

Moir, M.L. & Brennan, K.E.C. (2020). Incorporating coextinction in threat assessments and
policy will rapidly improve the accuracy of threatened species lists. Biological
Conservation, 249.

Niebuhr, C.N., Poulin, R. & Tompkins, D.M. (2016). Is avian malaria playing a role in native
bird declines in New Zealand? Testing hypotheses along an elevational gradient. PloS
One, 11, e0165918.

Okamura, B., Hartigan, A. & Naldoni, J. (2018). Extensive Uncharted Biodiversity: The Parasite
Dimension. Integr Comp Biol, 58, 1132-1145.

Olden, J.D. (2006). Biotic homogenization: a new research agenda for conservation
biogeography. Journal of Biogeography, 33, 2027-2039.

Olden, J.D. & Rooney, T.P. (2006). On defining and quantifying biotic homogenization. Global
Ecology and Biogeography, 15, 113-120.

Ostfeld, R.S. & Keesing, F. (2012). Effects of Host Diversity on Infectious Disease. Annu. Rev.
Ecol. Evol. Syst., 43, 157-182.

Ostfeld, R.S. & Keesing, F. (2017). Is biodiversity bad for your health? Ecosphere, 8.

Ostfeld, R.S. & Keesing, F. (2020). Species that can make us ill thrive in human habitats. Nature.

21



476

477

478

479

480

481

482

483

484

485

486

487

488

489

490

491

492

493

494

495

496

497

498

Radchuk, V., Reed, T., Teplitsky, C., van de Pol, M., Charmantier, A., Hassall, C. et al. (2019).
Adaptive responses of animals to climate change are most likely insufficient. Nat
Commun, 10, 3109.

Roy, P.S., Behera, M.D., Murthy, M.S.R., Roy, A., Singh, S., Kushwaha, S.P.S. et al. (2015).
New vegetation type map of India prepared using satellite remote sensing: Comparison
with global vegetation maps and utilities. International Journal of Applied Earth
Observation and Geoinformation, 39, 142-159.

Safi, K. & Kerth, G. (2004). A comparative analysis of specialization and extinction risk in
temperate-zone bats. Conservation Biology, 18, 1293-1303.

Saupe, E.E., Qiao, H., Hendricks, J.R., Portell, R.W., Hunter, S.J., Soberon, J. et al. (2015).
Niche breadth and geographic range size as determinants of species survival on
geological time scales. Global Ecology and Biogeography, 24, 1159-1169.

Shaw, L.P., Wang, A.D., Dylus, D., Meier, M., Pogacnik, G., Dessimoz, C. et al. (2020). The
phylogenetic range of bacterial and viral pathogens of vertebrates. Mol Ecol, 29, 3361-
3379.

Shipley, B. (2013). The AIC model selection method applied to path analytic models compared
using a d-separation test. Ecology, 94, 560-564.

Shipley, B. (2016). Cause and correlation in biology: A user's guide to path analysis, structural
equations and causal inference. Second Ed. Cambridge University Press, Cambridge,
UK.

Shultz, S., Bradbury, R.B., K, L.E., Gregory, R.D. & Blackburn, T.M. (2005). Brain size and
resource specialization predict long-term population trends in British birds. Proc Biol Sci,

272, 2305-2311.

22



499

500

501

502

503

504

505

506

507

508

509

510

511

512

513

514

515

516

517

518

519

520

Slatyer, R.A., Hirst, M. & Sexton, J.P. (2013). Niche breadth predicts geographical range size: a
general ecological pattern. Ecol Lett, 16, 1104-1114.

Strona, G. & Bradshaw, C.J.A. (2018). Co-extinctions annihilate planetary life during extreme
environmental change. Sci Rep, 8, 16724.

Swihart, R.K., Gehring, T.M., Kolozsvary, M.B. & Nupp, T.E. (2003). Responses of ‘resistant’
vertebrates to habitat loss and fragmentation: the importance of niche breadth and range
boundaries. Diversity and Distributions, 9, 1-18.

Thompson, R.C.A., Lymbery, A.J. & Godfrey, S.S. (2018). Parasites at Risk - Insights from an
Endangered Marsupial. Trends Parasitol, 34, 12-22.

Timms, R. & Read, A.F. (1999). What makes a specialist special? Trends Ecol. Evol., 14, 333-
334.

Turvey, S.T. & Crees, J.J. (2019). Extinction in the Anthropocene. Curr Biol, 29, R982-R986.

Valkitnas, G. (2005). Avian malaria parasites and other haemosporidia. CRC Press, Boca
Raton, FL.

Walker, J.S. (2006). Resource use and rarity among frugivorous birds in a tropical rain forest on
Sulawesi. Biological Conservation, 130, 60-69.

Warner, R.E. (1968). The Role of Introduced Diseases in the Extinction of the Endemic
Hawaiian Avifauna. The Condor, 70, 101-120.

Wells, K. & Clark, N.J. (2019). Host Specificity in Variable Environments. Trends Parasitol, 35,
452-465.

White, R.L. & Bennett, P.M. (2015). Elevational distribution and extinction risk in birds. PL0S

One, 10, e0121849.

23



521

522

523

524

525

526

527

528

529

530

Williams, Y.M., Williams, S.E., Alford, R.A., Waycott, M. & Johnson, C.N. (2006). Niche
breadth and geographical range: ecological compensation for geographical rarity in
rainforest frogs. Biol Lett, 2, 532-535.

Woolhouse, M.E., Taylor, L.H. & Haydon, D.T. (2001). Population biology of multihost
pathogens. Science, 292, 1109-1112.

Wright, M.N. & Ziegler, A. (2017). ranger: A fast implementation of random forests for high
dimensional data in C++ and R. Journal of Statistical Software, 77.

Young, H.S., McCauley, D.J., Galetti, M. & Dirzo, R. (2016). Patterns, causes, and

consequences of Anthropocene defaunation. Annu. Rev. Ecol. Evol. Syst., 47, 333-358.

24



531

532

533
534
535
536
537
538
539
540
541
542

FIGURES

(@)

Chaliyar

11
T

Palghat
-
gap

L) A
¥ [ Foe
(.T e I-g.‘

Latitude
10
T

S (
oY (]

2500

Shencottah
gap

2000

1500

Elevation (m

1000

l
755 760 765 770 775
Longitude

11

Latitude
10

0.30
0.25
0.20
0.156

pInfspec

0.10

0= L ! ! 1 |
75.5 76.0 76.5 77.0 77.5
Longitude

(b)

Predicted

(f

Latitude

Predicted
0.00 0.04 0.08

.0 0.2 0.4
Observed

|
76.0 76.5 77.0 77.5
Longitude

Figure 1. Study area and random forests model results of infection risk. (a) Study area map
showing sample site locations (circles) in four geographical regions which are separated by three
biogeographic barriers (the Chaliyar, Palghat and Shencottah gaps). All analyses were based on a
sample of birds (N = 1172) captured at the 42 sites (Table S1). Random forest model
performance in predicting: (b) Haemoproteus infection risk (pInfuaem) and (c) Plasmodium
infection risk (pInfeLas). (d) Relative importance of variables grouped into four major categories
(climate-, terrain-, habitat-, and host-related factors) in predicting pInfuaem (red polygon) and
pInfeLas (blue polygon). Random forest model predictions of the effects of climate, terrain,
habitat and ecological factors on infection probability of: (e) Haemoproteus (pInfuaem) and (f)

Plasmodium (pInfpLas).
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Figure 2. Modeling the drivers of parasite infection risk. Structural equation model for: (a)
Haemoproteus infection risk (pInfuaem), with direct or indirect effects of mean diurnal
temperature range (B1002), maximum temperature of warmest month (BIO05), vegetation
height (VegHt), distance to protected areas (PApist), human population proximity (Human pop.
prox.), host phylogenetic diversity (orHy-HosT), host functional diversity (arunc-HosT), and
Haemoproteus phylogenetic diversity (apHy-Haem); (b) Plasmodium infection risk (pInfeLas),
direct or indirect effects of BIO02, BIOO05, VegHt, PApist, Human pop. prox., opHy-HOST, OFUNC-
HosT, and Plasmodium phylogenetic diversity (apHy-pLas). In the flow diagrams, circles indicate
variables (with model r? values, if applicable). Arrows indicate significant positive (black lines)
or negative (red lines) relationships, with standardized coefficients for main (bold) and quadratic
(italic) effects. (c-n) Partial residual plots for SEM paths for variables associated with the host
(gray symbols), Haemoproteus (red symbols) and Plasmodium (blue symbols). Points represent
trap sites scaled by relative sample size, with predicted fits (colored lines) and 95% confidence
intervals (Cls; gray bands). All analyses were based on a sample of birds (N = 1172) captured at
42 sites across the study area (Figure 1A; Table S1).
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Figure 3. Indirect (white bars), direct (colored bars) and total (circles) effects of distance to

protected areas (PApist), human population proximity (HPP), and either host phylogenetic (apHy-

HosT) or function (arunc-HosT) diversity on infection risk for Haemoproteus (red symbols) and
Plasmodium (blue symbols), respectively. Error bars are 95% Cls.
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