
One Health 16 (2023) 100479

Available online 26 December 2022
2352-7714/© 2022 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-
nc-nd/4.0/).

Using integrated wildlife monitoring to prevent future pandemics through 
one health approach 

P. Barroso a, D. Relimpio a, J.A. Zearra a, J.J. Cerón b, P. Palencia a,c, B. Cardoso a,e, E. Ferreras a, 
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A B S T R A C T   

In the One Health context, Integrated Wildlife Monitoring (IWM) merges wildlife health monitoring (WHM) and 
host community monitoring to early detect emerging infections, record changes in disease dynamics, and assess 
the impact of interventions in complex multi-host and multi-pathogen networks. This study reports the 
deployment and results obtained from a nationwide IWM pilot test in eleven sites representing the habitat di-
versity of mainland Spain. In each study site, camera-trap networks and sampling of indicator species for anti-
body and biomarker analysis were used to generate information. The results allowed identifying differences in 
biodiversity and host community characteristics among the study sites, with a range of 8 to 19 relevant host 
species per point. The Eurasian wild boar (Sus scrofa) was the most connected and central species of the host 
communities, becoming a key target indicator species for IWM. A negative relationship between biodiversity and 
disease risk was detected, with a lower number and prevalence of circulating pathogens in the sites with more 
species in the community and larger network size. However, this overall trend was modified by specific host- 
community and environmental factors, such as the relative index of wild boar - red deer interactions or the 
proximity to urban habitats, suggesting that human-driven imbalances may favour pathogen circulation. The 
effort of incorporating wildlife population monitoring into the currently applied WHM programs to achieve 
effective IWM was also evaluated, allowing to identify population monitoring as the most time-consuming 
component, which should be improved in the future. This first nationwide application of IWM allowed to 
detect drivers and hotspots for disease transmission risk among wildlife, domestic animals, and humans, as well 
as identifying key target indicator species for monitoring. Moreover, anthropogenic effects such as artificially 
high wildlife densities and urbanisation were identified as risk factors for disease prevalence and interspecific 
transmission.   

1. Introduction 

Shared infections at the wild-domestic interface are caused by 
transmissible pathogens maintained by at least one host species from 
either compartment [1], and may be relevant to animal health, public 
health, wildlife management, and biodiversity conservation, with eco-
nomic, sanitary and ecological impacts [2]. Wildlife is key in the 
epidemiology of shared diseases [3], and therefore Wildlife Health 

Monitoring (WHM) is essential to detect changes in disease occurrence 
and pathogen emergence, although WHM systems still need substantial 
improvement [4,5]. 

While currently most WHM programs rely mainly on general and 
targeted disease surveillance [6], monitoring wildlife population is 
required to effectively achieve Integrated Wildlife Monitoring (IWM) 
from a One Health perspective [4]. The collection of long-term and 
large-scale information through IWM provides knowledge into the 
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epidemiology of pathogens and their establishment as endemic in host 
populations, which is essential to control shared infections [7]. Thus, a 
balanced IWM system including wildlife abundance monitoring is key to 
detect emergent pathogens and changes in pathogen dynamics, to crit-
ically assess wildlife disease hazards and the impact of interventions, 
and to better understand complex multi-host and multi-pathogen net-
works [8]. 

The cost and difficulties of covering each disease and host have 
promoted the search for indicator species [9] and non-specific indicators 
of population health, including acute-phase proteins (APP), indicators of 
redox status, and markers of immune system status [10–12]. 

This study aims to report the implementation of the first nationwide 
pilot trial of balanced IWM in Europe, using a network of 11 pilot 
monitoring sites in Spain. The insights obtained in this pilot IWM trial 
will help to further develop a comprehensive IWM and serve as a 
reference for implementing IWM systems in other regions. 

2. Material and methods 

2.1. Study sites and target species 

The study sites selected represented the main habitats, climates and 
wildlife management systems of mainland Spain [13] (Fig. 1). The 
Eurasian wild boar (Sus scrofa) was selected as the target species due to 
its abundance, distribution and epidemiological relevance for infections 
shared between wild and domestic animals and humans [14]. 

2.2. Camera trap survey and calculation of abundance and cross-species 
interactions 

A grid of 20 camera traps (Browning Strike Force HD ProX, Browning 
Arms Company®, Morgan, Utah, USA) was deployed for two months in 
each study site following previous studies [15]. 

2.2.1. Random Encounter Model method 
The Random Encounter Model (REM) has been successfully applied 

to estimate animal density from camera trap data for different mammal 
species inhabiting an area, by modelling the rate of random encounters 
between animals and camera traps without the need for individual 
recognition [16,17]. Density (individuals/km2) was estimated as: 

D =
y
t

π
v⋅r⋅(2 + α)

where y is the number of encounters of the target species, t is the survey 
effort, v is the average daily distance travelled by an individual (day 
range) [18], and r and α are the radius and angle of the camera trap 
detection zone, respectively. All analyses were carried out using the 
‘camtools’, ‘trappingmotion’, and ‘emdbook’ R packages [19,20]. 

REM was applied to wild boar, red deer (Cervus elaphus) and red fox 
(Vulpes vulpes) as the most frequently detected species. Relative abun-
dance indexes, namely trapping rate and relative occupancy index, were 
calculated for the remaining, less frequently detected species [21] 
(Table S1). 

Fig. 1. Map of the 11 pilot monitoring sites with a division of mainland Spain into five large bioregions (1–5) according to the Spanish Wildlife Disease Surveillance 
Scheme. Silhouettes of livestock species present at each point are shown. The presence of fences and protected areas are indicated with icons. 
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2.2.2. Cross-species interactions 
Direct interactions were defined as the simultaneous presence of 

individuals in a photograph. Indirect interactions were defined as the 
photo-capture of individuals by the same camera trap during a time 
window of 24 h, based on the environmental survival of the target 
pathogens [22,23]. The relative direct and indirect intra and inter- 
specific interaction indexes for the epidemiologically relevant pairs of 
species were calculated (Table S1). 

2.3. Social network characterization 

Twelve static social networks were constructed, one for each study 
site and one for all of them together, using the “igraph” R package [24]. 
Additional networks were constructed (both for each study site and for 

the set of 11 study sites) for all the hosts potentially participating in the 
transmission of the Mycobacterium tuberculosis complex (MTC), as well as 
retaining only the most epidemiologically relevant hosts for MTC in 
Spain. 

The metrics of the nodes and the network were estimated for all the 
networks using the “igraph” R package (Table S2) [24,25]. The statistical 
differences in network and node metrics among species and sites were 
assessed using a Kruskal-Wallis test. 

2.4. Health monitoring 

A total of 398 hunter-harvested wild boar from the 11 study sites 
(range: 7 to 60, mean ± standard error (SE): 36.2 ± 0.2) were sampled 
between 2020 and 2021. Sex and age were recorded, classifying the wild 

Fig. 2. Social networks of the indirect interactions between (a) all the species, (b) all the potentially implicated hosts in the transmission of the Mycobacterium 
tuberculosis complex (MTC; red deer, roe deer, fallow deer, red fox, wild boar, Egyptian mongoose, Eurasian badger, cattle, sheep and goat), (c) the most epide-
miologically relevant hosts for the MTC in Spain (red deer, fallow deer, wild boar, badger, cattle, sheep and goat), obtained by camera trap records in eleven pilot 
monitoring sites in Spain. Nodes represent different species and edges represent indirect interactions recorded by camera traps between two nodes. The size of the 
nodes represents the degree and the weight of the edges represents the number of interactions between nodes, evidencing the centrality of the wild boar and the 
weight of wild boar-red deer interactions. Grey silhouettes: domestic; black: wild. (For interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article.) 
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boars as juveniles (younger than 12 months), yearlings (between 12 and 
24 months) or adults (older than two years), according to tooth eruption. 

2.4.1. Specific health indicators 
Blood samples were collected from the endocranial venous sinus 

[26]. Sera were obtained by centrifugation at 400g for 5 min and kept at 
− 20 ◦C until assayed for antibodies against six different pathogens 
(Table S3). 

2.4.2. Non-specific health indicators 
Serum concentrations of two positive APPs (Haptoglobin -Hp- and C- 

reactive protein -CRP-), a negative APP (paraoxonase -Pon1-), two bio-
markers of redox balance (serum thiols -Thiol- and cupric reducing 
antioxidant capacity -Cuprac-), and a marker of immune response 
(adenosine deaminase -ADA-) were determined as previously described 
[11,27,28], using an automated analyser (Olympus AU 600, Beckman 
Coulter). All the assays were validated in the indicator species used in 
the study, providing inter and intraassay imprecision values lower than 
15%, and being linear after serial sample dilutions with saline. 

2.5. Land use information 

The CORINE land cover categories were compressed into seven 
broad land-use classes: woodland, scrubland, herbaceous grassland, 
bare land, arable land, urban land and water habitats [29]. The per-
centage cover of each land-use class was calculated for each sampling 
site. Additionally, the straight-line distances in metres from the centroid 
of each sampling site to the nearest road, urban area, water point, and 
river were calculated using qGIS 3.4 [30]. 

2.6. Statistical approach and methods 

To correct for intersite variability, the concentration and activity 
values of the unspecific health indicators were transformed to a per-
centage of the maximum value for each study site (0–100%). The 
resulting percentages were grouped into four categories, namely 
biomarker of inflammation (positive APPs: Hp and CRP), biomarker of 
stress (negative APP: Pon1), biomarker of immune system activation 
(ADA) and biomarker of redox balance (Cuprac and Thiols). The rela-
tionship of the four groups with the presence and prevalence of anti-
bodies against the pathogens studied was evaluated using chi-squared 
and a Kruskal-Wallis test, respectively. We evaluated spatial differences 
in these biomarkers through a Kruskal-Wallis test with Dunn’s multiple- 
comparison post hoc analyses [31]. 

Bivariate analyses were performed to assess the association between 
populational, environmental and health variables by using Pearson’s 
correlation and Spearman’s rank tests according to the distribution of 
the continuous variables and sample size, and Wilcoxon’s sum rank test 
for the categorical variables (Table S4). The significance of the differ-
ences between variables was evaluated using Fisher’s test. 

Finally, generalized linear mixed models (GLMMs) were fitted to 
assess the relationship between unspecific biomarkers of health, envi-
ronmental and population-related variables, and seropositivity to 
pathogens, selecting as response variables first the biomarker of 
inflammation (Hp and CRP), and then the seropositivity to MTC (bino-
minal response). As a previous step, collinearity among the explanatory 
variables was explored [32], and principal component analysis (PCA) 
was performed to obtain two uncorrelated factors; agricultural and 
grassland-water habitats (see Table S5). The variables included in the 
GLMMs are shown in Table S6. The GLMMs were fitted with a gaussian 
error distribution and the identity link function The models with an 
increase in Akaike’s Information Criterion lower than two (ΔAIC <2) 
were considered suitable to explain the variability observed in the 
response variable [33]. Once the best model was selected, normality and 
the absence of residual pattern in data variation were checked. The 
GLMMs were fitted in the library “lme4” [34]. Significance was set at Ta
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0.05. All analyses were conducted using R software 4.0.2 [35]. 

3. Results 

3.1. Population monitoring 

The estimated population density values for wild boar (ind/km2; 
mean ± SD (range): 13.39 ± 0.14 (0.52–57.49), red deer (18.99 ± 0.19 
(0–41.21), and red fox (1.15 ± 0.01 (0.31–1.85)) are shown in Table S7. 
The wild boar was detected in all 11 study sites, red fox in ten sites and 
red deer in eight (Table S7). All the species detected in each site (mean 
± SE: 14 ± 0.03; range: 8–19) are shown in Table S8. 

Table S9 shows the relative interaction index of each pair of species 
(percentage of camera traps per day) and the percentage of camera traps 
(%) in which a given interaction was recorded. 

The global and study site host networks are shown in Figs. 2 and S1, 
respectively (doi:https://doi.org/10.5281/zenodo.6861521). Fig. S2 
displays the networks for all the epidemiologically relevant species 
implicated in the transmission and maintenance of the MTC in Spain by 
study site. The network metrics are compiled in Table S10. Fig. S3 shows 
the node centrality values for each species. 

Although red deer occasionally reached higher densities (Table S7), 

the wild boar was the key and most connected species of the system, 
both globally and among the relevant species in MTC epidemiology, as 
shown by its presence in all study sites (Tables S7 and S8), its connec-
tions with other species both overall and among the species relevant in 
MTC epidemiology (Figs. 2, S1 and S2) and its higher centrality metric 
values (Fig. S3). Also, the interaction between wild boar and red deer 
was the most intense one, both overall and when only considering 
species relevant to MTC epidemiology (Figs. 2, S1 and S2). 

3.2. Health monitoring 

The prevalences of antibodies against Aujeszky’s disease virus 
(ADV), porcine circovirus type 2 (PCV2), hepatitis E virus (HEV), MTC, 
Brucella suis and Toxoplasma gondii detected in wild boar sera are shown 
in Table S11 and Table 1. 

The serum concentration of APPs, Thiols, Cuprac and ADA are shown 
in Table S12, Table 1 and Fig. S4. The percentage of positive APPs (Hp 
and CRP, biomarker of inflammation) was significantly higher in wild 
boar positive to MTC antibodies (W: 175.5, p = 0.02). Regarding 
negative APPs, the activity of Pon1 positively correlated with the 
prevalence of antibodies against PCV2 (R: 0.62, p = 0.03). ADA 
(biomarker of immune system activation) was positively associated with 

Fig. 3. Markers of health status in wild boar from 11 pilot monitoring sites in Spain. Outliers are shown as blue triangles. Percentage of maximum serum con-
centration (%) of (a) biomarker of inflammation in relation to individual seropositivity to Mycobacterium tuberculosis complex (MTC), (b) biomarker of stress in 
relation to the prevalence of antibodies against porcine circovirus type 2 (PCV2), (c) biomarker of immune system activation in relation to individual seropositivity to 
PCV2, (d) biomarker of immune system activation in relation to the prevalence of antibodies against B. suis, (e) biomarker of redox balance in relation to individual 
seropositivity to T. gondii, and (f) biomarker of redox balance in relation to the prevalence of antibodies against hepatitis E virus (HEV). Integrated wildlife 
monitoring results on 11 pilot monitoring sites in Spain. Mean prevalence of antibodies against (g) Mycobacterium tuberculosis complex (MTC) in relation to the 
density of red deer (individuals/km2) obtained by Random Encounter Model, (h) MTC in relation to the relative interaction index of red deer (Rd)-wild boar (Wb), 
and (i) Aujeszky’s disease virus (ADV; blue), Hepatitis E virus (HEV; yellow) and MTC (grey) in relation to the latitude, at study site level. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.) 
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PCV2 (W: 423.0, p < 0.01) and the prevalence of antibodies against 
B. suis (R: 0.75, p < 0.01). Finally, the percentage of the biomarker of the 
redox balance (Cuprac and Thiols) correlated with the positivity to 
T. gondii (W: 437.0, p = 0.05) and the prevalence of antibodies against 
HEV (R: 0.69, p = 0.03) (Fig. 3a-3f). 

3.3. Integrated monitoring 

The correlations between population and environmental variables, 
and specific (antibody prevalences) and unspecific markers of disease, 
are shown in Tables S13 and S14, respectively. The prevalence of anti-
bodies against T. gondii in wild boar was positively correlated with the 
trapping rate of free-ranging domestic cats and the percentage of urban 
habitat (Table S13). The prevalence of antibodies against MTC in wild 
boar was positively correlated with red deer density and the relative 
index of wild boar-red deer interactions (Fig. 3g and h). Latitude was 
negatively correlated with the prevalence of antibodies in wild boar 
against ADV and MTC and positively for HEV (Fig. 3i). The prevalence of 
antibodies against ADV in wild boar was positively correlated with the 
distance to roads or urban areas, and the prevalence against B. suis was 
negatively correlated with the relative interaction index of wild boar-red 
deer interactions (Table S13). Finally, the number of different pathogens 

detected was negatively correlated with the diversity of host species 
(Fig. 4a) and positively correlated with the relative interaction index of 
wild boar-red deer interactions (Fig. 4b). 

The network size of each study site was negatively correlated with 
wild boar seroprevalence against MTC (R: − 0.68, p: 0.02) and ADV (R: 
− 0.63, p: 0.04; Fig. S5a). The eigenvector centrality of wild boar was 
positively correlated with the prevalence of antibodies against PCV2 in 
this species (R: 0.77, p < 0.01; Fig. S5b) and with its population density 
(R: 0.64, p: 0.04; Fig. S5c). 

The best GLMM selected (Table S15) explained the seropositivity to 
MTC (as specific marker of health status) as a function of serum con-
centration of the biomarker of inflammation (CRP and Hp), wild boar 
density, and population management in terms of fencing (wi = 0. 63, R2 

= 31.30%, Table S16a). Wild boar with higher concentrations of CRP 
and Hp, as well as those from high-density fenced populations had a 
higher probability of being seropositive to MTC (Table S16a). 

The variability in Hp and CRP as unspecific markers of health status 
was explained by the seropositivity to MTC (specific marker of disease), 
wild boar density, population management in terms of fencing, and 
proportion of urban lands (wi = 0.66, R2 = 14.40%, Table S16b). 
Consequently, wild boar seropositive to MTC had higher concentrations 
of CRP and Hp and were sampled in dense non-urban fenced populations 
(Table S16b). 

Finally, Fig. 5 shows the estimated distribution of the costs associ-
ated to the implementation and development of the IWM experimental 
pilot trial. 

4. Discussion 

By combining WHM with wildlife population assessment using a One 
Health approach [4], this pilot IWM yielded novel insights on the effect 
of host community composition, population abundance and manage-
ment on the epidemiology of shared infections [1]. This opens the door 
for the establishment of community-based wildlife health indicators and 
the identification of hotspots for disease spread and transmission [9]. 

Higher biodiversity and larger network size reduced the number and 
prevalence of circulating pathogens (Figs. 4a and S5a) as proposed by 
the “dilution effect” hypothesis [36] but opposite to previous studies 
[37]. The “dilution effect” hypothesis postulates that pathogens are less 
likely to encounter their competent hosts, i.e., individuals in which a 
given pathogen can replicate and spread to a new susceptible individual, 
in species-rich communities. Thus, biodiversity would lead to lower host 
exposure to pathogens and reduced transmission rates [36,38]. How-
ever, this overall trend was modulated by specific host-community and 
environmental factors, such as the density and interaction of wild boar 
and red deer, two key reservoir species for MTC (Fig. 3g and h) [39,40]. 
More importantly, the interaction of these two species also increased the 
overall number of pathogens detected (Fig. 4b), suggesting that popu-
lation management leading to imbalances may favour pathogen circu-
lation [37]. Similarly, the higher density and spatial aggregation of wild 
boar and other ungulates in the intensively managed fenced hunting 
estates of south-western Spain favours disease transmission at the 
wildlife-livestock interface [22,41], increasing MTC prevalence 
(Table 16a) and explaining the negative correlation of ADV and MTC 
seroprevalence with latitude (Fig. 3i) [41–43]. The higher intraspecific 
wild boar contact rates in these overabundant populations would also 
explain the negative relationship between wild boar network centrality 
and the seroprevalence of the pig pathogen PCV2 (Fig. S5b) [44], further 
supporting the dilution effect of biodiversity [36]. Apart from wildlife 
management, environmental anthropization - i.e., a set of processes 
transforming or adapting landscapes by human actions [45]- also fav-
oured pathogen circulation [46,47], as shown by the higher T. gondii 
prevalence in wild boar from periurban habitats with stray cats, 
agreeing with previous reports [48]. 

The distribution, abundance and centrality of wild boar (Tables S7 
and S8, Figs. S3 and S5c) and its connections with the other species, 

Fig. 4. Integrated wildlife monitoring results on 11 pilot monitoring sites in 
Spain. Number of different pathogens for which antibodies were found by 
ELISA in relation to (a) the number of different species detected by camera traps 
per study site (R = -0.61, p ≤ 0.05), and (b) the relative interaction index of red 
deer (Rd) - wild boar (Wb) at study site level (R = 0.49, p ≤ 0.05). Each dot is 
surrounded by the local network obtained by camera trapping in such pilot 
point, with the number of different species recorded (nodes) and the number of 
interactions (edges). The link between red deer (brown node) and wild boar 
(yellow node) is highlighted in grey or black, according to the number of in-
teractions, in graph -b-. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.) 
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particularly with those relevant in MTC epidemiology (Table S8, Fig. 2, 
S1 and S2), make this species key for the introduction, spread and 
maintenance of diseases in the network [49,57]. Moreover, the wild 
boar is a spreader and reservoir of pathogens shared between wildlife 
and livestock [39], presenting high excretion rates and therefore a high 
risk of infection transmission [40]. Thus, the wild boar is a suitable 
target species for targeted WHM [4] and to design and implement IWM 
at the wildlife-livestock interface in the European context. 

Overall, the unspecific markers of disease responded to population, 
environmental and disease factors (Table S14) and responded to the 
same determinants as the specific disease marker assessed (seroposi-
tivity to MTC) (Tables 2, S15a and S15b). Higher antibody prevalences 
were positively associated with biomarkers of inflammation (MTC and 
Hp and CRP), stress (PCV2 and Pon 1), activation of the immune system 
(PCV2 and B. suis and ADA), and redox balance (T. gondii and Cuprac 
and Thiols) (Table S14) agreeing with previous reports [11,12,50]. The 
increase in inflammation biomarkers (Hp and CRP) is often correlated 
with the extent of lesions [51], and these analytes have lower sensitivity 
to viral diseases when compared to bacterial infections [52]. Some vi-
ruses may even attenuate inflammatory responses to ease infection [53], 
which could explain the negative relationship of the seroprevalence 
against HEV and Hp (Table S14). Apart from diseases, the unspecific 
markers were also affected by environmental variables such as urban 
cover (Pon 1), cropland (Hp and Pon 1), and the number of different 
hosts in the network (Cuprac and Thiols) (Table S14). This, together 
with the great variability among study sites of these unspecific markers 
(Table S12), shows that considering interactions between environ-
mental, population and epidemiological variables and establishing 
baseline values for each population is required in order to use them as 
reliable indicators of health for IWM [10,54]. Although unspecific 
markers have the potential to become reliable indicators for IWM, their 
non-specificity is simultaneously their main advantage and drawback, 
since it can be cheaper and easier to perform than analyzing all the 
potential pathogens individually but requires defining the conditions 
influencing these indicators for each population. In general, methods 
employed to measure markers of redox balance and immune response 
potentially work for any mammal species, although species-specific 

validation is needed. However, the proteins and methods selected 
could vary for APPs in some groups such as ruminants [55]. 

This study also allowed quantifying the effort required by each of the 
components of IWM, namely health and population monitoring, which 
must be balanced and integrated. The additional efforts to effectively 
implement IWM depend on the WHM schemes currently applied, which 
differ significantly among European countries [6]. Due to the traditional 
approach of WHM as a combination of general and targeted surveillance 
[6], population monitoring is likely the main required improvement for 
all WHM schemes [4]. However, this key information is precisely the 
most costly and time-consuming component of IWM (Fig. 5). 

Although the REM methodology used in this pilot study already 
optimized the labor cost when characterizing the host community [16], 
further decreasing the effort required to reach the essential reliable 
population monitoring would increase the feasibility of IWM and facil-
itate the generalization of its application to wider geographical contexts 
[15]. Apart from reducing the workload of population monitoring, ef-
forts to improve IWM efficiency by developing, validating, and estab-
lishing non-specific markers of disease and/or wildlife population health 
status deserve further investigation. This would be easier and more cost- 
effective than targeting several pathogens. Also, non-invasive environ-
mental DNA sampling could help to broaden the spectrum of hosts and 
pathogens to survey, decreasing sampling effort [56]. Furthermore, 
planning a central national wild animal serum repository would be 
desirable to enable researchers and agencies for traceback of pathogens 
in the future. Finally, the number and diversity of monitoring sites needs 
to be broadened to reach a comprehensive and representative coverage 
of peninsular Spain while considering the challenging administrative 
structure of the country and the different agents involved, as previously 
recommended [6]. 

5. Conclusion 

The implementation of a nationwide pilot IWM scheme showed the 
added value of combining general and targeted health surveillance with 
population monitoring and host community characterization. Thereby, 
IWM steps up from wildlife disease surveillance linking host abundance 

Fig. 5. Sampling effort of carrying out integrated 
wildlife monitoring (IWM) in each pilot monitoring 
site in Spain (n = 11). Effort (full working days (8 h) 
per person) required for population (69.2% of effort; 
including field work, image processing, calculation of 
the alternative abundance indicators, and application 
of Random Encounter Model (REM) method from 
camera trap data to estimate wildlife abundance) and 
health monitoring (30.7% of effort; sample collec-
tion, sera extraction, and laboratory analyses for 
specific and unspecific health indicators) per study 
site.   
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and community complexity with health surveillance and disease 
epidemiology. However, reaching a balance among the three pillars of 
IWM and designing a scheme that is technically sound, economically 
sustainable, and suitable for each country-specific situation requires 
continuous effort. 

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.onehlt.2022.100479. 
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