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ABSTRACT
Aim: Changes in landscape configuration significantly impact ecosystems and the services they provide, including disease 
regulation for both humans and wildlife. Land use conversion usually favors disturbed-adapted species, which are often known 
reservoirs of zoonotic parasites, thereby potentially escalating spillover events (i.e., the transmission of parasites to new hosts, 
including humans). Here we aimed to investigate how alterations in landscape use and configuration influence the distribution 
and co-occurrence of potential hosts of zoonotic and epizootic parasites.
Location: Brazilian Atlantic Forest.
Time Period: Data collection spanned from 1997 to 2019.
Major taxa studied small mammals.
Methods: We integrated ecological network metrics and joint distribution models while accounting for phylogenetic relation-
ships and functional traits to answer two main questions: (1) do small mammal species considered central hosts in the trans-
mission of parasites exhibit a higher probability of occurrence in landscapes with reduced native vegetation areas? (2) Do small 
mammal hosts that share a higher number of parasites have higher co-occurrence probabilities?
Results: Our results demonstrated that species identified as significant hosts in our centrality network analysis displayed an 
increased probability of occurrence in landscapes that are both more fragmented and have a higher proportion of farming areas, 
hence fewer native vegetation areas. Regarding the relationship between species co-occurrence and parasite sharing, our find-
ings indicated that most strong co-occurrences were prevalent within groups with higher parasite fauna similarity, but not all 
species sharing parasites had a higher probability of co-occurring.
Conclusions: Here we highlight the effects of landscape conversion on small mammal species, including how different config-
urations of land use can influence both central and non-central host occurrences. Besides, our results also indicate that parasite 
transmission may be overestimated when the co-occurrence probability of potential host species is not considered. We highly 
recommend incorporating co-occurrence data to estimate zoonotic risk.

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial License, which permits use, distribution and reproduction in any medium, provided the 

original work is properly cited and is not used for commercial purposes.

© 2024 The Author(s). Global Ecology and Biogeography published by John Wiley & Sons Ltd.

https://doi.org/10.1111/geb.13933
https://doi.org/10.1111/geb.13933
mailto:
https://orcid.org/0000-0003-4854-160X
https://orcid.org/0000-0002-6876-4803
mailto:
https://orcid.org/0000-0002-9817-0635
mailto:anapaulalula@gmail.com
mailto:cecilia.s.andreazzi@ucm.es
http://creativecommons.org/licenses/by-nc/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1111%2Fgeb.13933&domain=pdf&date_stamp=2024-10-27


2 of 13 Global Ecology and Biogeography, 2024

1   |   Introduction

Changes in natural landscapes due to deforestation cause multi-
ple impacts on biodiversity, leading to a pervasive loss of species 
worldwide (Young et  al.  2016). The conversion of forests into 
cropland, pastures, or urban areas disrupts fundamental ecosys-
tem services essential for human and animal health regulation. 
In particular, deforestation amplifies the presence of disturbed-
adapted species, which may act as potential hosts of zoonotic 
and epizootic parasites (Gibb et al. 2020). The increase in host 
species abundance associated with higher contact rates favors 
spillover events, where parasites infect new hosts, including hu-
mans (e.g. Gibb et al. 2020; Keesing and Ostfeld 2021). However, 
the occurrence of such events relies on the transmission oppor-
tunity and infection success (Araujo et al. 2015). While the link 
between habitat loss and the transmission of zoonotic and epizo-
otic parasites is recognized (Andreazzi et al. 2023), the specific 
landscape use and configurations fostering crucial hosts remain 
elusive. Furthermore, the role of the co-occurrence of hosts in 
the opportunity of transmission that can lead to new successful 
parasite infections has not yet been analyzed.

Global studies predicting spillover risk often rely on broad 
host–parasite association data, overlooking the fine-scale co-
occurrence of different host species. These predictions are usu-
ally based on centrality metrics (the role of species in connecting 
the network), parasite richness, and overlapping geographical 
ranges (Wardeh, Sharkey, and Baylis 2020). The ones investigat-
ing the effect of land use change on parasite transmission gener-
ally conclude that habitat loss correlates positively with spillover 
(Gibb et al. 2020; Keesing and Ostfeld 2021). Although illumi-
nating, these analyses often miss subtle characteristics defining 
parasite transmission in specific contexts. On smaller spatial 
scales, studies revealed diverse effects of landscape changes on 
parasite transmission, highlighting the need for a more contex-
tual understanding (Andreazzi et al. 2023). Thus, the response 
of host–parasite interaction to different land use and configura-
tions could vary, affecting parasite transmission risks.

Spillover likelihood rises where there is transmission opportu-
nity and host compatibility (Araujo et al. 2015), particularly in 
closely related hosts with shared behaviors and morphophysio-
logical traits (Salkeld, Padgett, and Jones 2013). Successful par-
asite spillover is expected to be higher between hosts that share 
more parasites and occupy the same habitat (McKee et al. 2019; 
Stephens et al. 2019). In this sense, the co-occurrence of different 
generalist and host-competent species could escalate spillover 
risks, emphasizing the complexity of disease emergence phe-
nomena. Therefore, understanding the relationship between co-
occurrence and parasite sharing is crucial in predicting spillover 
events. Here, we delve into the co-occurrence importance of par-
asite sharing and the effect of landscape use and configuration 
on the distribution of competent hosts by focusing on the small 
mammal assemblages in the Brazilian Atlantic Forest (herein 
BAF). This biome, home to most of the Brazilian human popula-
tion, has been devastated since European colonization (Scarano 
and Ceotto 2015). Despite increasing efforts to restore vegetation, 
urbanization, and agriculture continues to alter the landscape 
(Rezende et al.  2018). The BAF houses a high small mammal 
diversity (i.e., rodents and marsupials), and spillover risk is a 
major concern since several species harbor zoonotic parasites 

like Orthohantavirus (De Oliveira et al. 2014), Bartonella spp., 
and Borrelia spp. (Gonçalves-Oliveira et al. 2020).

We used data on small mammal occurrences across the BAF and 
their associations with different parasite groups (viruses, bacte-
ria, protozoa, and helminths) based on a dataset of all possible 
associations (Cruz et al. 2023) to unravel the impact of landscape 
use on the distribution and co-occurrence of small mammals. 
Our approach integrates network analysis and a spatially ex-
plicit joint species distribution model (Marjakangas et al. 2020). 
We focused on two relevant network metrics related to parasite 
transmission: centrality and modularity. Host centrality identi-
fies highly connected hosts within the network that act as bridges 
between different interacting groups, providing a key measure 
of host competence in parasite transmission (Gómez, Nunn, and 
Verdú 2013; Romano et al.  2016). Network modularity, quanti-
fied by the Q metric (proposed by Newman and Girvan 2004 and 
later refined by Barber  2007), measures the degree to which a 
network is divided into distinct clusters or modules. In a modu-
lar network, species within the same module are more densely 
connected, while connections between different modules are 
sparser. It offers insights into parasite sharing, which is used 
here as a proxy for spillover risk. These metrics were related to 
occurrence and co-occurrence probabilities generated by the 
Hierarchical Modeling of Species Communities (HSMC), which 
computes species' response to landscape use while accounting 
for the influence of their traits and phylogenetic-relatedness 
(Ovaskainen and Abrego 2020). Incorporating trait information 
and phylogeny enhances the model's confidence and robustness, 
ensuring a comprehensive understanding of landscape impact on 
host co-occurrence and spillover risk.

Here, we used node centrality to classify small mammals into 
central and non-central hosts based on their parasite faunas, to 
address the first issue: (1) Do central host species have a higher 
probability of occurrence in landscapes with reduced native vege-
tation areas? We hypothesize that central host species succeed in a 
wider range of environmental conditions (habitat generalist) than 
other species from the same community, leading to higher occur-
rence in heterogeneous landscapes with reduced forest cover. We 
then analyzed small mammal co-occurrences, modeling them as 
a function of their clustering pattern (measured by modularity) to 
address the second issue: (2) Do small mammals sharing a higher 
number of parasites have higher co-occurrence probabilities? We 
expect that host species more prone to co-occur also share more 
parasites and belong to the same network modules. As evolution-
ary factors affect parasite sharing, we hypothesize that species in-
side each module are more phylogenetically related to each other 
than to species in different modules. Our study not only bridges 
critical knowledge gaps but also lays the groundwork for under-
standing the intricate interplay between host co-occurrence, par-
asite sharing, and changing environments.

2   |   Methods

2.1   |   Data Collection and Compilation

The BAF is mainly distributed along the eastern coast of Brazil. 
Although highly endangered (with only 12.4% of its original veg-
etation cover), it comprises several phytophysiognomies, being 
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the forest with the greatest diversity of trees per hectare globally 
and holding countless endemic species, characterizing it as a 
biodiversity hotspot (Mittermeier et al. 2011).

Our dataset on small mammal occurrences was compiled from 
medium- and long-term community studies conducted by two 
prominent Brazilian research groups: (i) the Laboratory of 
Biology and Parasitology of Wild Mammal Reservoirs at the 
Oswaldo Cruz Foundation (D'Andrea et al. 2021); and (ii) the 
SES-MA database (Synthesis in Atlantic Forest Ecology and 
Sustainability Group) (Püttker et  al.  2020). Data collection 
spanned from 1997 to 2019, totaling 2476 records of 69 species of 
small mammals across 604 sampling sites within the BAF. This 
dataset incorporated geographical data, sampling efforts, cap-
ture methods, and sampling timelines. To build our association 
network between small mammals and their parasites, we used 
data from Cruz et al. (2023) database, where we compiled bac-
teria, viruses, fungi, protozoa, and helminth parasite infections 
registered at the BAF region for each small mammal species in 
this study. Parasites used were in the finest taxon level regis-
tered in the database, mainly genus and species level (Table S5). 
We built a bipartite matrix Amn where m is the host species 
(rows) and n is the parasite (columns); thus, mn represents the 
presence/absence of the host–parasite interaction. While we 
acknowledge that the parasite richness of each host species is 
correlated with the number of studies (Figure S4), we also rec-
ognize a biological pattern: more abundant species are sampled 
more frequently, and their abundance is positively correlated 
with parasite diversity (Kamiya et al. 2014). Additionally, par-
asites of greater public health importance (zoonotic parasites) 
are more frequently found in abundant hosts (Dallas, Han, 
et al. 2019), and many studies contain redundant information 
on parasite composition (Gibb et al. 2020; Cardoso et al. 2020). 
Therefore, we accounted for this sampling bias by using host 
centrality categories rather than raw measurements and adding 
the number of studies as a covariate in our analysis.

2.2   |   Species Occurrences and Landscape 
Delimitation

To create our small mammal occurrence matrix (presence/ab-
sence), we compiled the data from all 604 sampling sites, identify-
ing the centroid of the entire sampled area from each study. Using 
an 800-m radius, we defined 212 landscapes within which we 
assessed the community composition based on the species sam-
pled and measured landscape use and configuration metrics (see 
below). Buffer radius length was based on the dispersal abilities 
of non-volant small mammals and previous research examining 
the influence of landscape configuration on small mammals' dis-
tribution (Bovendorp et al. 2019; Muylaert et al. 2019). We then 
excluded landscapes with fewer than four species and species oc-
curring in fewer than five landscapes, resulting in a final matrix 
comprising 52 species occurring in 136 landscapes (Figure 1).

2.3   |   Land Use Classification and Landscape 
Metrics

The land use classification relied on the 7.0 collection of the 
Brazilian Annual Land Use and Land Cover Mapping Project 

(MapBiomas) (Souza et  al.  2020). For each landscape, we used 
shapefiles relative to the median year of the sampling period, 
since changes in the land use and configuration between the 
end and start years of the studies were negligible (see Table S2). 
MapBiomas project generates classifications through Landsat 
8 satellite imagery with a pixel resolution of 30 × 30 m (Souza 
et al. 2020). In our study, we reclassified MapBiomas 7.0 collec-
tion classes into native forest formation (forest, savanna, and 
mangrove), native non-forest formation (grassland and wetland), 
pasture, agriculture (temporary and perennial crops), forest plan-
tation (silviculture), undefined farming (mosaic of farming areas 
where it was not possible to distinguish between pasture and 
agriculture), non-vegetated areas (e.g., mining and urban areas), 
and water areas. Elevation data were gathered from the Topodata 
project (http://​www.​dsr.​inpe.​br/​topod​ata/​index.​php).

Our selection of landscape metrics was based on previous re-
search on small mammal distribution (Bovendorp et al. 2019; 
Muylaert et al. 2019). For each landscape (an 800 m radius buf-
fer), we calculated the percentage of land use for all classes, 
mean elevation, landscape Shannon diversity and evenness, 
and the number of patches (a measure of landscape granular-
ity that considers the amount of land that differs from its sur-
roundings, taking all classes into account). Specifically for the 
native forest class, we also estimated the number of native forest 
patches, edge density, and Euclidean nearest neighbor distance. 
All metrics were calculated using the packages “landscapemet-
rics” (Hesselbarth et  al.  2019) and “landscapetools” (Sciaini 
et al.  2018) in R software (R Core Team 2023). Detailed met-
ric definitions can be found in Table S1. We used preliminary 
correlation analysis to exclude highly autocorrelated metrics (r 
between |0.6| and |0.8|, see Figure S1 for more details) and to 
diminish collinearity between variables in the final model.

2.4   |   Network Analysis

The BAF metanetwork accounted for the 52 small mammal 
species in the final occurrence matrix. As our main goal was 
to identify central hosts related to potential spillover events, 
we focused on parasite-shared associations within taxa found 
to infect multiple host species. Out of the 52 mammals, we 
identified 36 host species associated with 133 parasite taxa, in-
cluding helminths, protozoa, bacteria, and viruses (Tables S4 
and S5).

To identify central host species, we estimated betweenness cen-
trality and node degree (Rushmore, Bisanzio, and Gillespie 2017; 
Wardeh, Sharkey, and Baylis 2020). Betweenness centrality mea-
sures all the shortest paths passing through a node (Jordan, Liu 
and Davis 2006; Rushmore, Bisanzio, and Gillespie 2017). When 
accounting for parasite sharing, species with higher between-
ness are identified as critical hosts because they are more likely 
to become infected and spread parasites. In contrast, species 
degree counts the number of links inside the network, indicat-
ing highly connected hosts (Dallas, Han, et al. 2019). Centrality 
and degree values were calculated using “igraph” (Csardi and 
Nepusz 2006).

To analyze small mammal group formations based on parasite 
associations, we calculated metanetwork modularity (Costa, 
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Bascompte, and Andrian Padial  2023). Modularity measures 
the tendency for cluster formation in a network, identifying 
groups of host species highly interconnected due to shared par-
asites (Newman and Girvan  2004). We measured modularity 
using Barber's modularity metric for bipartite networks (Qb) 
with MODULAR software (Marquitti et al. 2014). Significance 
was estimated through 999 null model simulations (Bascompte 
et al. 2003), wherein the probability of a pair being connected 
to an edge is proportional to the number of edges of each node. 
To confirm convergence in the module's configuration between 
iterations, we ran the modularity analysis 10 times. We focus on 
the configuration with the highest modularity value, ensuring 
the robustness of our results.

2.5   |   Joint Species Distribution Modeling 
and Spatial Analysis

To analyze the small mammal community's response to en-
vironmental covariates, we used Hierarchical Modeling of 
Species Communities (HMSC) (Tikhonov et  al.  2020). HMSC 
integrates species-level models within a hierarchical structure, 
allowing us to explore communities' responses to environmen-
tal covariates taking into account their traits and phylogenetic 
similarity. Another critical aspect incorporated into the HMSC 
framework is spatial autocorrelation, which describes how the 

similarity in species occurrences decays with increasing spatial 
distance (Tikhonov et al. 2020). HMSC was incorporated using 
a probit distribution for presence-absence data (Marjakangas 
et al. 2020). Landscape centroid coordinates were transformed 
into a latent variable and incorporated as a random factor in the 
model. Landscape metrics, species traits, and phylogeny were 
included as fixed factors.

Small mammal traits were gathered from the literature, in-
cluding average body mass, caudal length, body length, trophic 
level, food items, main guild, period of activity, home range 
size, locomotor habit, and age of sexual maturation (more in-
formation on Sup. material). To identify non-representative 
traits to be excluded and to avoid collinearity, we used cor-
relation analysis. The phylogenetic tree, built with Genbank's 
molecular data, utilized cytochrome B sequences from all 52 
species, aligned with Geneious software (Biomatters) (Kearse 
et al. 2012). The aligned sequences were imported into MEGA 
software (Tamura, Stecher, and Kumar 2021), for generating 
a maximum parsimony tree via the Bootstrap method. The 
methodology for the creation of the phylogenetic tree followed 
Bovendorp et al. (2019).

Our modeling adhered to Ovaskainen and Abrego's  (2020) 
HMSC workflow, encompassing model structuring, fitting, 
posterior distribution analysis, and explanatory and predictive 

FIGURE 1    |    Distribution of small mammal communities in the Brazilian Atlantic Forest used in this study. The black dots on the map represent 
the landscape centroids used to calculate the land-use metrics. Figure (a) shows the 800-m radius buffer, considered a landscape in this study. White 
dots are the sample points aggregated in the buffer to assemble the small mammal community. The colors on the map represent the different land use 
classes. The green polygon outlined in black shows what is considered a forest patch in the landscape metrics calculation. (b) Examples of different 
landscape configurations sampled in this study. Here the landscapes differ in the percentage of forest (green color) and agriculture (yellow color).
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power assessment. Bayesian inference of Markov Chain Monte 
Carlo (MCMC) ensured posterior sample distribution validation 
through convergence diagnostics. To assess predictive perfor-
mance, we employed a cross-validation procedure (Tikhonov 
et al. 2020), computing Tjur's R2 and the Area Under the Curve 
(AUC). We computed several models (Table S3) with different 
sets of landscape metrics and traits to find the one that best ac-
counted for landscape effect on species occurrences. Thus, the 
final HMSC model featured covariates with the best fit in the 
convergence diagnosis and higher explanatory and predictive 
power. All joint distribution analyses were conducted using the 
“Hmsc” R package (Tikhonov et al. 2023).

2.6   |   Do Small Mammal Species That Are Central 
Hosts Have a Higher Probability of Occurrence in 
Landscapes With Lower Natural Areas?

To determine whether species occurrences are best explained by 
spatial structure or landscape metrics, we first partitioned varia-
tion among fixed and random factors. Then, we built a variation 
from the minimum to the maximum value for all landscape co-
variates of the model, using the function “contructGradient” of 
the “HMSC” package. The variations were used to build predic-
tions of species occurrences for each landscape covariate (func-
tion “predict”). As our model relies on presence-absence data, 
predictions represent the occurrence probabilities of species based 
on each landscape metric, fitted as a covariate. We only consid-
ered predictions with a posterior probability above 0.8 for both 
negative and positive relationships of each species to each land-
scape covariate, given to us by the beta parameter of the HMSC 
(Figure S5). We set this confidence value to encompass all species 
present in our dataset. To analyze species occurrence probability, 
we compressed their distribution into the posterior mean predic-
tion (Ovaskainen and Abrego  2020). Subsequently, we plot the 
predicted occurrence probabilities according to the classification 
of small mammals into central, non-central hosts and hosts with 
no parasite registry. We constructed generalized additive mod-
els (GAM) with beta distribution to ascertain the significance of 
the differences between the probabilities of occurrence grouped 
by small mammal centrality classification for all landscape co-
variates. We used integrated smoothness estimation with a fac-
tor interaction to see non-linear relationships between landscape 
variation as a function of host centrality classification (predictors), 
and the occurrence probability predicted by the HMSC model (re-
sponse variable). The number of studies for each host was fitted as 
a smooth term with a random factor basis to account for sampling 
biases in our analysis. GAM analyses were conducted in “mgcv” R 
package (Wood 2011), and the results controlled by the number of 
studies were reported using the function “plot_predictions” of the 
“marginaleffects” R package (Arel-Bundock 2024).

2.7   |   Do Small Mammals Sharing a Higher 
Number of Parasites Have Higher Co-Occurrence 
Probabilities?

To answer the second question, we employed a two-step analy-
sis. First, we classified small mammal species based on cluster 

configurations derived from modularity analyses. These mod-
ules enlighten host species sharing the highest number of 
parasites in the BAF metanetwork, indicating a higher poten-
tial for new spillover events. Analyzing module classification 
alongside species co-occurrence probabilities allows us to in-
vestigate the likelihood of encounters between hosts that could 
result in a successful parasite exchange. For each computed 
module, we calculated the mean values of small mammals' 
residual variance–covariance matrix defined by random ef-
fects—specifically, the spatial structure of the data (Dallas, 
Laine, and Ovaskainen, 2019). The species-to-species residual 
associations were scaled in a correlation matrix and assumed 
to have a 0.75 posterior probability, either positive or negative, 
following Dallas, Laine, and Ovaskainen (2019). This step al-
lowed us to assess correlation patterns within and between 
modules.

To better understand species module configuration patterns, we 
examined whether small mammal species inside each module 
were closely related phylogenetically to each other than to spe-
cies in other modules. To achieve this, we calculated phyloge-
netic pairwise distances using cophenetic distance, comparing 
species pairs within the same module and those from different 
modules. To determine if the difference between these groups 
was statistically significant, we conducted a linear model with 
permutation tests through the “lmPerm” R package (Wheeler 
and Torchiano 2016).

3   |   Results

3.1   |   Centrality and Modularity in Small 
Mammal-Parasite Associations

Among the 52 host species, 16 had no registry of more than one 
parasite association in our database. As both betweenness and 
degree centralities were highly correlated, we used between-
ness to classify species between central and non-central hosts 
(Figure S3). Among the 36 species linked to multiple parasites, 
31 had centrality values above zero, ranging from 0.76 to 4246 
(mean: 520.38, median 60.4). This variance may reflect differ-
ences in small mammals' competence to transmit distinct par-
asites to distinct hosts. We used a centrality threshold of 68 to 
categorize small mammals into central and non-central hosts, 
corresponding to the 55% quantile of centrality values. Sixteen 
species were classified as central (Table S4).

The BAF metanetwork was significantly modular (modularity 
index: 0.428, p-value: 0.01), resulting in six groups of species 
with stronger parasite interconnections compared to other 
groups. Across the 10 iterations of the modularity analysis 
conducted, seven consistently showed the same species con-
figuration. An additional seventh group emerged, compris-
ing small mammals with no registry of parasite association. 
Modularity clustering patterns were linked to species co-
occurrence and served as a proxy for assessing parasite shar-
ing among hosts. Further information about host and parasite 
module formation and their centrality values is available in 
Tables S4 and S5.
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3.2   |   HMSC Model Performance

The best-performing HMSC spatial model included seven land-
scape covariates and two species traits for explaining small 
mammal distribution. Included landscape covariates were 
mean elevation, percentage of native forest, agriculture, pas-
ture, undefined farming, number of native forest patches, and 
Landscape Shannon's diversity. The ratio between caudal and 
body length and the period of activity (diurnal, nocturnal or 
cathemeral) were the selected traits. The model had strong ex-
planatory power (AUC = 0.91, Tjur's R2 = 0.29) and robust pre-
dictive power (AUC = 0.79, Tjur's R2 = 0.20). Random effects 
explained 13.3% of species distribution variation. Native forest 
and farming areas (agriculture, pasture, and undefined farm-
ing) explained 27.9% and 29.6% of species distribution variation, 
respectively (Figure  2). The model convergence analyses are 
available in Figure S2.

Traits explained 22% of species variation in response to the 
landscape. Among landscape covariates, agriculture and pas-
ture had the highest variation explained by species traits (36 
and 33%), followed by Landscape diversity (31%). Regarding 

phylogeny, we found minimal evidence of a phylogenetic sig-
nal in species' responses to landscape covariates; with only 
2.5% of species distribution showing a 19% phylogenetic 
explanation.

3.3   |   The Occurrence Probability of Small 
Mammals in the Atlantic Forest

Of the 52 small mammal species included in the HMSC model, 
32 were positively related to native forest areas, and 11 species 
were negatively related. Conversely, 17 species were related pos-
itively to farming areas (agriculture, undefined farming, and 
pasture), and 25 were negatively related. Only 13 species were 
positively related to Landscape diversity, and 28 were negatively 
related. The number of native forest patches was positively cor-
related with 14 species, while 23 had negative relationships. 
Finally, 34 species were positively related to mean landscape el-
evation, and 10 had a negative relationship. These results were 
based on a 0.8 posterior probability confidence (Table S6). The 
probability of occurrence of each species by landscape covariate 
metrics is in Figures S6–S10.

FIGURE 2    |    Variation partition of each landscape covariate explanation for small mammals' occurrence in the Atlantic Forest The x-axis shows 
small mammal species, where black denotes central hosts, grey represents non-central hosts and species without a parasite association registry. The Y-
axis shows the percentage of explanation. Each color corresponds to a specific landscape covariate, as indicated in the legend: Light pink = Landscape 
diversity; Coral = Elevation; Brownish orange = Farming; Green = Forest; Light green = Fragmentation; Light brown = Random (spatial). The values 
described in the legend show the mean rate of explanation for each covariate.
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Although sample size accounted for a large part of the variance 
in GAM analysis, summarizing the occurrence probabilities in 
each landscape covariate variation by host centrality categoriza-
tion, and species with no parasite registries revealed significant 
patterns. Central hosts showed significantly higher occurrence 
probabilities in landscapes with higher mean elevation, amount 
of farming areas, and number of forest patches (Figure 31B–D, 
Table 1). Non-central hosts tended to occur in landscapes with 
a higher proportion of forests, besides higher mean elevations 
(Figure 31A,B, Table 1), and decrease their occurrence proba-
bility with the higher number of forest patches and landscape 
diversity (Figure  31D,E, Table  1). Small mammals with no 
parasite association recorded in the Cruz et  al.  (2023) dataset 
increased their occurrence probability with increasing forest, 
mean elevation, amount of farming areas and number of forest 
patches (Figure 31A–D, Table 1), although they tended to pres-
ent a relatively lower probability for all landscape predictions 
(Figure  32A–E, Table  1). GAM results indicated significant 
differences among non-central and central hosts probability of 
occurrence concerning forest and mean elevation predictions 
(Figure 32A,B, Table 1).

3.4   |   Co-Occurrence of Small Mammals as a 
Function of Host–Parasite Modularity Association

The small mammal co-occurrence matrix was obtained from 
the HMSC model and shows expected co-occurrence patterns 
based on the model's spatial structure (random factor). By ana-
lyzing species mean co-occurrence within modularity cluster-
ing (Figure 4), the results showed that within the same module, 
species share more parasites than with species in different mod-
ules. Surprisingly, our results revealed that not all species have 
significantly high co-occurrence correlation within or between 
modules. Examining the correlation between the modules 
(Figure 4), it is evident that the fourth and sixth modules exhibit 
negative or weak correlations with all other modules, including 
themselves. Species with no registry of parasite associations had 
a positive correlation with only the second and third modules 
and a weak or negative correlation with the species in the other 
modules.

To better understand this pattern, we analyzed the phylogenetic 
proximity of species within module clusters. As expected, small 
mammals had higher phylogenetic proximity to species inside 
their modules compared to species in other modules (F = 48.37, 
d.f. = 6, p < 0.0001; Figure  S11). Notably, the first and most of 
the fourth modules (except for two rodent species) comprised 
marsupial species, whereas other modules consisted of rodent 
species.

Considering zoonotic parasites, all modules contained reservoir 
hosts for zoonotic pathogens. For example, reservoir species for 
Orthohantavirus were present in the second, third, and fifth 
modules. Species transmitting Borrelia spp., rabies viruses, and 
Leishmania spp. (causing visceral leishmaniasis) were mainly 
in the first module, whereas those that are reservoirs for cuta-
neous leishmaniasis, schistosomiasis, and spotted fever were 
in the sixth module. The fourth module encompassed hosts of 
infectious agents causing toxoplasmosis and leptospirosis, some 

shared with the first module. Detailed information is available 
in Table S5.

4   |   Discussion

Our results showed that agricultural and deforestation activities 
favor the occurrence of species acting as central hosts for para-
site transmission within the small mammal community of the 
BAF. Conversely, non-central species showed an increased oc-
currence probability in areas with a higher mean elevation and 
forest areas. Species with no registry of parasite associations 
showed a generally lower probability of occurrence, highlighting 
the need for increasing studies on these rare and less abundant 
species. These findings support other studies on spillover risk, 
demonstrating central hosts as potential key species for parasite 
transmission to humans as they share a high diversity of para-
sites with other species and occupy anthropogenic areas, favor-
ing contact with human populations (Gibb et al. 2020; Gómez, 
Nunn, and Verdú 2013; Wardeh, Sharkey, and Baylis 2020). The 
network module clustering shows that small mammals sharing 
more parasites are more closely related phylogenetically, al-
though they do not always co-occur locally. The lack of strong 
spatial correlation within modules and the negative spatial cor-
relation between different modules shows the importance of 
considering host species co-occurrences when estimating spill-
over risk to avoid overestimating spillover probability. This is es-
pecially significant when compiling parasite–host relationships 
from secondary data, as these often lack precise geolocation in-
formation, requiring researchers to set a larger spatial scale for 
local communities.

Our findings highlighted the predominant influence of land-
scape covariates on small mammal occurrence probability, with 
limited impact from species traits and phylogeny. However, spe-
cies traits may interact with environmental conditions and other 
factors since they are associated with the species' ability to ex-
plore and use different habitats (Hannibal et al. 2020). Overall, 
natural habitats favor specific small mammal species, whereas 
forest fragmentation and expansion of farming areas positively 
affect others (e.g., Paise, Vieira, and Prado 2020). Understanding 
these relationships is essential for informed conservation deci-
sions integrated with public health policies, especially in the 
BAF, a biodiversity hotspot (sensu Mittermeier et al. 2011) char-
acterized by several land uses promoting wildlife-human con-
tact (e.g., agriculture).

The percentage of agricultural areas significantly influenced 
the occurrence and distribution of small mammals and was 
positively related to central hosts. Different crops may pro-
mote different small mammal diversity due to varying resource 
availability (Heroldová et  al.  2007). Intensive agroecosystems 
can markedly impact small mammal richness and abundance 
(Fischer and Schröder 2014), whereas complex and sustainable 
landscapes favor richness (Serafini, Priotto, and Gomez 2019). 
Our findings support these findings, as non-central hosts had a 
significant positive relationship with native forest areas. Thus, 
integrating larger, interconnected forest patches into diverse 
crop productions (e.g., agroforestry) can sustain diverse and eq-
uitable communities (Serafini, Priotto, and Gomez 2019; Perrin 
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FIGURE 3    |     Legend on next page.
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FIGURE 3    |    Marginal effects of the relationship between the probability of small mammal occurrence based and specific landscape metrics 
variation. Graphics on the right relate to the probability of occurrence (response scale) and species centrality classification, whereas those on the 
left relate the probability of occurrence on a logit link scale and the factor smooth interaction of the variation of the metric and the host centrality. 
Small mammal species are grouped as central hosts, non-central hosts, and species with no registry of parasite association. (1A and 2A) % of 
Forest variation = percentage of forest areas; (1B and 2B) Elevation variation = mean elevation values of the landscape. (1C and 2C) % of Farming 
variation = probability of occurrence based on the percentage of agricultural areas, mosaic of agriculture and pasture uses, and percentage of pasture 
areas; (1D and 2D) Number of forest patches variation; (1E and 2E) Landscape diversity variation = Landscape Shannon diversity index.

TABLE 1    |    Generalized Additive Models (GAM) summary results showing the differences in the probability of occurrence among small mammal 
species classified as central hosts, non-central hosts, and those with no registry of associated parasites and the landscape predicted variation as a 
function of host centrality s(Variation: Centrality).

Response 
variable Predictors Coefficient SE EDF Chi-sq p-value DE

Probability of 
occurring due to 
% of Forest

Intercept −1.91 0.09 0.00 0.55

Central spp.—Non-central spp. 0.20 0.11 0.06

Central Spp.—Spp. 
with no registry

−0.15 0.12 0.21

s(Variation: Central) 2.61 13.67 < 0.01

s(Variation: Non-Central) 1.00 12.15 < 0.001

s(Variation: With no registry) 2.45 8.89 0.03

s(number of studies) 0.99 297.97 < 0.001

Probability of 
occurring due 
to Landscape 
elevation

Intercept −1.57 0.12 < 0.001 0.45

Central spp.—Non-central spp. 0.40 0.13 < 0.01

Central Spp.—Spp. 
with no registry

0.04 0.14 0.78

s(Variation: Central) 1.00 92.95 < 0.001

s(Variation: Non-Central) 2.59 20.69 < 0.001

s(Variation: With no registry) 1.92 22.76 < 0.001

s(number of studies) 0.99 145.39 < 0.001

Probability of 
occurring due to 
% of Farming

Intercept −1.56 0.00 0.46 < 0.001 0.46

Central spp.—Non-central spp. −0.07 0.41 — 0.41

Central Spp.—Spp. 
with no registry

−0.32 0.00 — < 0.001

s(Variation: Central) 2.38 69.09 < 0.001

s(Variation: Non-Central) 1.74 1.76 0.46

s(Variation: With no registry) 1.33 24.95 < 0.001

s(number of studies) 0.99 302.69 < 0.001

Probability of 
occurring due to 
Number of forest 
patches

Intercept −1.88 0.09 0.70 < 0.001 0.70

Central spp.—Non-central spp. −0.10 0.12 — 0.40

Central Spp.—Spp. 
with no registry

−0.29 0.12 — 0.02

s(Variation: Central) 1.00 32.92 < 0.001

s(Variation: Non-Central) 1.00 6.50 0.01

s(Variation: With no registry) 1.58 8.79 < 0.01

s(number of studies) 0.99 408.00 < 0.001

(Continues)
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et al. 2023). Balancing agricultural production and native eco-
system conservation is a complex challenge.

In our model, species assemblages varied based on elevation, 
with both central and non-central species increasing their 
occurrence probability in higher elevations. The BAF com-
prises native forest patches stretching from coastal regions to 
mountains and spans elevations from sea level to over 2000 m 
(Ferreguetti et al. 2021). Mid-elevation areas have higher small 
mammal diversity, while high-elevation regions may harbor 

more endemism (Sakane, Percequillo, and Setz 2019; Ferreguetti 
et al. 2021). Most remaining natural areas in the BAF are in the 
mountains or comprise secondary vegetation, with a notable 
proportion outside conservation areas (Rezende et  al.  2018). 
Therefore, we should expect a higher proportion of species that 
are not disturbed-adapted to have a higher probability of occur-
rence at higher elevations, representing the more conserved re-
gions in the BAF.

Although we demonstrate that central host species are by lower 
percentages of native forest, their occurrence probability was 
highly variable across all metrics. Central hosts were mainly 
generalist ones, which tolerate different conditions and types of 
habitats (Püttker et al. 2020). Their heterogeneous response to 
landscape metrics shows how idiosyncratic host–parasite inter-
actions are (Salkeld, Padgett, and Jones  2013). Different hosts 
harbor distinct parasites, and the ecological processes related to 
their transmission and infection will depend on the host traits, 
parasite transmission strategies, their life cycle, and the local en-
vironment (Marcogliese 2004). The occurrence of central host 
species in all landscapes indicates a potential for host–parasite 
interactions (including spillover) independent of landscape fea-
tures (Gómez, Nunn, and Verdú 2013). However, forest loss may 
favor only certain central species, increasing their abundance 
and potentially reducing host diversity while increasing the 
prevalence of specific parasites (Gómez, Nunn, and Verdú 2013). 
The potential abundance increases of certain parasite faunas 
and the dominance of select central hosts may hold an increased 
risk of spillover to humans.

Additionally, we emphasize the lack of information regarding 
the parasite fauna of rare and less abundant small mammal spe-
cies (those without recorded parasite associations). The number 
of studies was strongly correlated to host centrality, accounting 
for a large part of the variation. While we recognize that more 
extensively studied hosts are typically of greater public health 
importance, this knowledge gap may obscure interactions with 
novel pathogens that have zoonotic potential. Consequently, un-
derstanding the probabilities of species co-occurrence is crucial 
for more accurately predicting parasite transmission dynam-
ics in these areas and, thus, the spillover risk to wildlife and 
human populations. While exercising caution in interpreting 

Response 
variable Predictors Coefficient SE EDF Chi-sq p-value DE

Probability of 
occurring due 
to Landscape 
Shannon diversity

Intercept −1.68 0.09 < 0.001 0.48

Central spp.—Non-central spp. 0.14 0.11 0.19

Central Spp.—Spp. 
with no registry

−0.33 0.13 < 0.01

s(Variation: Central) 2.05 6.36 0.07

s(Variation: Non-Central) 1.00 4.97 0.02

s(Variation: With no registry) 1.82 3.12 0.23

s(number of studies) 0.99 201.21 < 0.001

Note: The number of studies was fitted as a smooth term with a random factor basis.
Abbreviations: Chi-sq = chi-square statistic for the smooth term; DE = deviation explained; EDF = estimated degrees of freedom for the smooth term; SE = standard 
error.

TABLE 1    |    (Continued)

FIGURE 4    |    Mean co-occurrence pattern of small mammals based 
on species modules calculated by the modularity metric. The x-axis 
represents each one of the six small mammal modules computed in the 
host–parasite association metanetwork, and the nr module represents 
the small mammal species with no registry of parasite association. 
In this context, species within the same module share more parasites 
with each other than with species in different modules. Associations 
depicted in red indicate a higher probability of co-occurrence, 
signifying a positive relationship. Associations in blue indicate spatially 
negative relationships, meaning that species in these modules tend not 
to co-occur.
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co-occurrences as a proxy for direct interactions, their integra-
tion enhances prediction accuracy when estimating spillover 
risk at a broader scale (Blanchet, Cazelles, and Gravel  2020; 
Dormann et al. 2018). The spatial structure of host communi-
ties is a key factor for predicting parasite transmission (Muylaert 
et al. 2019), also evident in our study. We identified specific host 
groups that are unlikely to share parasites, along with a non-
uniform distribution of zoonotic parasites across metanetwork 
modules. By discerning modules with higher co-occurrence 
probabilities, we identified zoonotic parasites with a higher 
probability of spilling over species belonging to those modules. 
For example, hosts with no registry of parasite association are 
more prone to be infected by parasites presented in the second 
and third modules. With the understanding that hosts tend to 
share parasites with phylogenetically related species and in 
closer spatial proximity, we may predict the unknown parasite 
fauna of these hosts (Romano et al. 2016). In fragmented land-
scapes, it is crucial to identify host pairs more likely to exchange 
parasites and what parasites they harbor (Perrin et al. 2023).

4.1   |   Final Remarks and Future Directions

Identifying central hosts and species prone to parasite sharing 
is crucial for predicting spillover risk. Prioritizing these spe-
cies enhances surveillance and boosts public health readiness. 
Analyzing landscape covariates and small mammal occurrence 
probabilities underscore the pivotal role of habitat preservation 
in both biodiversity conservation and disease risk reduction. 
The positive relationship of non-central species to native forest 
and elevation areas (most conserved ones) highlights the impor-
tance of increasing forest patch connectivity. Conversely, the as-
sociation of central host species with fragmentation and farming 
areas emphasizes the need for a balanced approach to land use 
that harmonizes agricultural production, ecosystem conserva-
tion, and public health.

Comprehending the geographic distribution of host–parasite 
metanetwork modules facilitates proactive disease outbreak an-
ticipation, enabling tailored and efficient surveillance and inter-
vention strategies. This approach optimizes resource allocation 
and response efforts for effective disease control. Additionally, 
our results have relevance for conservation strategies in the 
BAF, emphasizing the importance of monitoring programs fo-
cused on diagnosing parasites and their phylogenetic diversity, 
using central hosts related to each module as indicators of par-
asite diversity.

However, our study has limitations. While our data set is spa-
tially accurate for predicting co-occurrence, our sampling 
points were mostly aggregated in the southeast part of the BAF, 
limiting our ability to predict biome diversity distribution. 
Additionally, future studies should examine the temporal effects 
on species assemblages. The literature-based network of all pos-
sible associations used to measure host centrality and module 
configuration offers insights into host–parasite interaction pat-
terns but is highly dependent on the number of studies and lacks 
precision at a local scale. Although we used the finest parasite 
scale in the data set, high taxa records may inflate the sharing 
of interactions. Still, our study provides valuable insights into 

important processes shaping small mammal distribution and its 
relationship to parasite sharing and spillover risk. Despite the 
limitations, we built a robust model with high predictive and ex-
planatory power.

Moving forward, future research should focus on the fine-scale 
habitat preferences of small mammal species and the presence 
of zoonotic pathogens within these populations. We strongly ad-
vise intensifying efforts to collect parasite samples from small 
mammal species lacking parasite infection data, diminishing 
the impact of sampling efforts in the analysis of their interac-
tions. Also, increasing parasite data information on rare and less 
abundant species may support our predictions that parasite spill-
over is related to small mammal co-occurrence. Additionally, 
we support monitoring programs including the interactions 
among small mammals and parasites and potential changes due 
to forest area loss and connectivity. Studies investigating the oc-
currence of zoonotic pathogens in small mammal populations 
within these landscapes can further elucidate the potential risks 
to human health. Such investigations will refine our ability to 
design targeted conservation and public health strategies, en-
suring a resilient coexistence between humans and the natural 
environment. Finally, this study emphasizes the interconnect-
edness of biodiversity conservation and public health, calling for 
integrated approaches to address zoonotic diseases in an era of 
environmental change.
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