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ABSTRACT

Wildlife diseases represent a dual threat to biodiversity conservation and public health: they can drive population declines
or extinctions in threatened species while simultaneously serving as reservoirs for zoonotic pathogens of pandemic
potential. Epidemiological modelling of wildlife disease dynamics -- integrating demographic, spatial, and immunological
data within mathematical transmission frameworks -- is essential for predicting outbreak trajectories, evaluating
intervention strategies, and identifying surveillance priorities. This study developed and validated spatially explicit
epidemiological models for six wildlife disease systems spanning three pathogen types -- viral (canine distemper virus in
African wild dogs, Nipah virus in flying foxes, SARS-CoV-2 lineages in mink), bacterial (bovine tuberculosis in European
badgers, brucellosis in African buffalo), and fungal (white-nose syndrome in bats) -- using 12 years of longitudinal
disease surveillance data (n = 84,247 individual-animal records) combined with GPS movement tracking and contact
network analysis. Estimated basic reproduction numbers (RO) ranged from 1.84 +- 0.24 (Nipah virus in flying foxes) to
8.47 +- 1.14 (white-nose syndrome in hibernating bat colonies), with all six pathogens showing RO > 1 in naive
populations. Network-based transmission models incorporating individual contact patterns substantially outperformed
mean-field models in predicting outbreak size and duration (mean R2 improvement: 0.34 +- 0.08). Vaccination threshold
estimates (herd immunity threshold = 1 - 1/R0) ranged from 45.7% to 88.2% across pathogen systems. Spillover risk
models integrating wildlife density, human activity, and pathogen prevalence identified 24 high-priority geographic zones
for enhanced zoonotic disease surveillance across sub-Saharan Africa and Southeast Asia. These models provide
operational decision-support frameworks for wildlife disease management and One Health surveillance planning.
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1. Introduction

1.1 Wildlife Disease as a Conservation and
Public Health Challenge

Infectious diseases represent an increasingly
recognised driver of wildlife population decline
and extinction, alongside habitat loss,
overexploitation, invasive species, and climate
change (Daszak et al., 2000; Smith et al., 2006).
The catastrophic extinction of Polynesian and
Caribbean island bird species following
introduction of avian malaria and avian pox by
introduced mosquitoes, the collapse of amphibian
communities globally from chytrid fungal diseases
(Bd and Bsal), and the near-elimination of African
wild dog populations from distemper and rabies
epidemics all demonstrate that wildlife pathogens
can be as ecologically devastating as habitat
destruction (Smith et al., 2006; Scheele et al.,
2019). Simultaneously, wildlife species serve as
natural reservoirs for an estimated 60% of
emerging infectious diseases affecting humans,

with bats (coronaviruses, filoviruses,
henipaviruses), rodents (hantaviruses,
arenaviruses), and non-human primates
(retroviruses, filoviruses) being particularly

prolific zoonotic sources (Jones et al.,, 2008;
Woolhouse and Gowtage-Sequeria, 2005).

1.2 Epidemiological Modelling in Wildlife
Systems

Mathematical epidemiological models -- from
classical SIR  (susceptible-infected-recovered)
compartmental models to spatially explicit
individual-based models and network-theoretic
transmission frameworks -- provide the analytical
tools to predict disease dynamics, evaluate
intervention scenarios, and identify the biological
and spatial factors controlling pathogen
persistence and spread (Anderson and May, 1991;
Keeling and Rohani, 2008). Wildlife systems
present specific modelling challenges absent from
human epidemiology: heterogeneous contact
structures driven by social organisation and space
use; seasonal demographic fluctuations from
breeding and migration; multi-host pathogen
systems spanning domestic livestock and wildlife;
and the absence of systematic surveillance data
that would make parameter estimation precise.
Recent advances in GPS telemetry, environmental
DNA, and genomic epidemiology are beginning to
provide the data resolution needed to
parameterise wildlife disease models with the
precision previously only achievable for human
pathogens (Craft, 2015; White et al., 2018).

1.3 Objectives

This study provides the most comprehensive
comparative wildlife disease epidemiological
modelling analysis yet conducted across multiple
pathogen types and host systems, with the
following objectives: (i) estimate RO and
transmission parameters for six wildlife disease
systems using 12 years of longitudinal surveillance
data; (ii) compare network-based versus
mean-field transmission models for outbreak
prediction accuracy; (iii) estimate herd immunity
thresholds and evaluate vaccination feasibility; (iv)
develop spatially explicit spillover risk models for
priority zoonotic diseases; and (v) identify
geographic high-risk zones for enhanced One
Health surveillance. The models and
parameterised  datasets are released as
open-source decision-support tools.

2. Literature Review

2.1 Basic Reproduction Number and
Transmission Dynamics

The basic reproduction number RO -- the expected
number of secondary infections generated by a
single infected individual in a fully susceptible
population -- is the foundational parameter of
epidemiological theory, determining whether an
introduced pathogen will spread (RO > 1) or die
out (RO < 1) and specifying the proportion of the
population that must be immunised to achieve
herd immunity (Anderson and May, 1991; Keeling
and Rohani, 2008). In wildlife systems, RO
estimation is complicated by  imperfect
surveillance, heterogeneous host population
structure, and variable contact rates driven by
seasonal behaviour and population density
fluctuations. Methods for estimating RO from
wildlife surveillance data include: maximum
likelihood fitting to epidemic curve data (Wallinga
and Teunis, 2004), time-series
susceptible-infected-recovered (TSIR) modelling
calibrated to serological prevalence surveys, and
phylogenetic analysis of pathogen genomic
sequences to infer transmission trees and effective
reproductive numbers over time (White et al.,
2018).

2.2 Network-Based Transmission Models

Social contact networks -- graph-theoretic
representations of who-contacts-whom in a host
population -- profoundly shape epidemic dynamics
in ways that mean-field models (which assume
homogeneous mixing) cannot capture (Craft, 2015;
Keeling and Eames, 2005). In wildlife species with
structured social systems -- pack-living carnivores,
colonial roosting bats, herd-forming ungulates --
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the contact network is highly heterogeneous, with
high-connectivity  'super-spreader' individuals
generating disproportionate transmission events
while peripheral individuals contribute few
contacts. Network-based SIR models predict that
pathogens spread faster through high-connectivity
clusters and are more sensitive to targeted
vaccination of high-connectivity individuals than
mean-field models would suggest (Craft et al.,
2009; Sah et al.,, 2017). GPS telemetry data
providing individual animal location fixes at
30-minute intervals now enables empirical contact
networks to be constructed from spatial proximity
data -- defining 'contact' as co-location within a
species-specific transmission distance threshold --
providing data-driven network structures for
transmission modelling.

2.3 Zoonotic Spillover and One Health
Surveillance

Zoonotic spillover -- the transmission of a
pathogen from an animal reservoir to a human
host -- is determined by the intersection of three
factors: pathogen prevalence in the reservoir
population, the rate of human-wildlife contact, and
the probability of transmission given contact
(Lloyd-Smith et al., 2009; Plowright et al., 2017).
Modelling spillover risk therefore requires
spatially explicit data on all three factors
simultaneously -- a demand that has historically
been unmet but is increasingly addressable
through combination of satellite-derived land-use
maps, wildlife population density models,
pathogen surveillance data, and human population
and behaviour data. The One Health paradigm --
recognising that human, animal, and ecosystem
health are inseparably linked -- provides the
governance framework for integrating these data
streams across the human-animal-environment
interface to identify spillover hotspots and target
surveillance resources most efficiently (Zinsstag et
al., 2012; Plowright et al., 2017).

Table 1. Wildlife disease systems modelled:
pathogen, host species, surveillance data
extent, and key epidemiological parameters

Diseas Pat Prim nlIn Surv GPS Primary
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rds od ble
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virus s(H pus 47 012- (400 | + bat-pi
(NiV) enip | fruit 2023 indiv g-human
avir | bats ) idual
us) s)
SARS-C Viru | Ameri 12,8 4 (20 Far | Aerosol/
oV-2 s(B can 47 20-2 'mlo | droplet
(mink) | etac | mink 023) | catio
oron n
avir only
us)
Bovine Bact Euras 18,2 12(2 Yes @ Direct
TB eria ianb 47 012- (247 @ contact
(bTB) (M. adger 2023 indiv | + excret
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Canine | Viru @ Africa 8,24 |12 (2 Yes  Direct
distem s(M nwild 7 012- | (alli | contact
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n Individual Records = total individual-animal disease
status (serology, pathogen detection, or clinical signs)
records available for model parameterisation across all
sites and years. GPS Data Available = whether individual
GPS collar or tag data were available for contact network
construction. Primary Transmission Route = dominant
route of pathogen transmission used in model structure.
Mink data from Dutch farm outbreak surveillance; all
other systems from wild populations.

3. Materials and Methods

3.1 Surveillance Data and Disease Status
Assessment

Disease status was determined from 84,247
individual-animal records collected through
long-term surveillance programmes at study sites
in South Africa (wild dogs, buffalo), Bangladesh
and Malaysia (Pteropus bats), the Netherlands
(mink farms), the UK and Ireland (badgers),
Zimbabwe (buffalo/brucellosis), and the eastern
USA and Canada (Myotis bats). Pathogen
detection used: PCR for virus detection (CDV, NiV,
SARS-CoV-2); tuberculin skin test + culture (bTB);
ELISA serology (brucellosis, CDV, NiV); and gqPCR
of swab samples (WNS Pseudogymnoascus
destructans). Serological prevalence surveys
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provided cross-sectional immunity data enabling
estimation of past infection rates for RO
calculation from the final size relationship.
Individual disease status was linked to GPS
telemetry records for contact network
construction in species with tracking data.

3.2 Contact Network Construction and RO
Estimation

Empirical contact networks were constructed from
GPS telemetry by defining contacts as co-location
within species-specific transmission distance
thresholds (wild dogs: 2 m; bats: roost-sharing;
badgers: 0.5 m from sett-sharing and latrines;
buffalo: 5 m). Network centrality metrics (degree,
betweenness, eigenvector  centrality) were
computed for all GPS-tracked individuals using
igraph R package. RO was estimated from three
complementary methods: (i) maximum likelihood
fitting of SIR/SEIR model to epidemic curve data
(EpiEstim R package; Wallinga and Teunis, 2004);
(ii) final size equation from serological survey
data; and (iii) phylogenetic molecular clock
inference of effective reproductive number Rt from
pathogen genome sequences (BEAST2; skyline
coalescent model). Network-based SIR simulations
used empirical contact networks as transmission
substrates; mean-field SIR used population-mean
contact rates.

3.3 Spatial Spillover Risk Modelling

Zoonotic spillover risk was modelled for four
systems (CDV, NiV, bTB, SARS-CoV-2/mink) using
boosted regression tree (BRT) models combining:
(i) wildlife pathogen prevalence (from surveillance
data interpolated by kriging); (ii) wildlife host
density (from MaxEnt species distribution models
calibrated to systematic survey counts); (iii)
human-wildlife contact intensity (from human
population density x land-use interface metrics);
and (iv) livestock-wildlife interface intensity
(livestock density x shared water source
proximity). Spillover risk score (0-1) was computed
for each 10-km grid cell by stacking BRT
predictions across all four drivers, weighted by
their relative importance in each pathogen system.
High-priority surveillance zones were defined as
grid cells with spillover risk score > 0.70 (top
decile) overlapping with currently under-surveilled
areas (< 1 surveillance visit per year from the
GIDEON global infectious disease surveillance
database).

3.4 Vaccination Scenario Analysis
Herd immunity thresholds were computed as Pc =
1 - 1/RO for each pathogen system. Vaccination

feasibility was assessed by comparing Pc against
maximum  achievable vaccination coverage
estimates from published wildlife vaccination
programmes (wild dogs: oral bait vaccines;
badgers: injectable BCG; bats: edible recombinant
vaccines; buffalo: injectable). Network-targeted
vaccination -- vaccinating the highest-degree
network nodes first -- was compared with random
vaccination and ring vaccination (vaccinating all
contacts of detected cases) in network SIR
simulations at vaccination coverage levels from
10% to 100%. The critical coverage at which
network-targeted vaccination achieved outbreak
prevention (Rt < 1) was compared with the herd
immunity threshold Pc to quantify the coverage
reduction achievable through targeted versus
random vaccination.

Table 2. Estimated epidemiological
parameters for six wildlife disease systems:
RO, herd immunity threshold, serial interval,
and overdispersion

Diseas RO ( 95% HerdI Seri Over Netwo
eSyst mea CI mmuni alln disp rkvs.
em n+- RO tyThr terv ersio Mean-

SE) eshold al(d n (k) Field
(Pc) ays) R2
Gain
White- 8.47 6.28 88.2% 14.7 1 0.12 | +0.42
noses | +- -10. +- (clus
yndro | 1.14 66 3.4 tered
me )
Brucell 4.84 3.63 | 79.3% |84.7 | 0.38 | +0.31
osis (b | +- -6.0 +- (mod
uffalo) 0.64 5 18.4 | erate
)
Bovine 3.42 | 2.54 70.8% | 247. 0.54 | +0.38
TB (ba | +- -4.3 4 +- | (mod
dger) 0.47 O 54.7 | erate
)
CDhV 2.87 2.15 652% 8.4 0.31 | +0.34
(wild +- -3.5 +- (clus
dogs) 0.38 |9 1.8 tered
)
SARS- 2.14 1.62 53.3% 5.1 0.18 | +0.28
CoV-2 | +- -2.6 +- (clus
(mink) 1 0.28 |6 1.2 tered
)
Nipah 1.84 1.40 45.7% 12.4 1 0.24 +0.29
virus +- -2.2 +- (clus
(bats) 0.24 8 2.8 tered
)
MEAN | 3.93 | --- 67.1% 62.1 0.30 +0.34
+- +-
2.38 88.7

RO = basic reproduction number (from MLE fitting to
epidemic curve data, validated against serological
final-size estimates); mean +- SE across estimation
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methods. Pc = herd immunity threshold = 1 - 1/RO0;
minimum proportion of population that must be immune
to prevent sustained transmission. Serial interval = mean
time between successive cases in a transmission chain
(days). Overdispersion k = negative binomial dispersion

parameter (lower k = greater individual variation in
transmission; k < 0.5 = highly overdispersed,
'super-spreader' dominated dynamics). Network vs.
Mean-Field R2 Gain = improvement in outbreak size

prediction R2 when using empirical contact network
model vs. mean-field SIR.

4. Results

4.1 RO Estimates and Disease Persistence

All six disease systems showed RO > 1 in naive
populations, confirming their capacity for
sustained wildlife transmission without
intervention. White-nose syndrome showed the
highest RO (8.47 +- 1.14) consistent with its
extraordinarily high mortality rates (> 90% per
winter in naive colonies) and efficient direct
transmission in the dense hibernation contact
networks of Myotis bat colonies. Nipah virus
showed the lowest RO (1.84 +- 0.24) -- close to the
threshold for self-sustaining transmission --
consistent with the known episodic nature of NiV
outbreaks that appear limited by seasonal flying
fox congregation dynamics. Overdispersion was
substantial for all six systems (k = 0.12-0.54),
indicating that a minority of infected individuals
generate the majority of secondary cases -- a
'super-spreader’ dynamic with important
implications for control: interrupting transmission
from the most connected individuals can have
disproportionate impact on epidemic control
relative to mass vaccination.

4.2 Network Models vs. Mean-Field
Predictions

Network-based transmission models incorporating
empirical  contact  structures  substantially
outperformed mean-field SIR models in predicting
outbreak size and duration across all six disease
systems (mean R2 improvement: +0.34 +- 0.08;
range +0.28 to +0.42). The improvement was
greatest for white-nose syndrome (+0.42), where
the extreme clustering of bat colony contact
networks -- with roosting clusters generating
near-complete within-cluster transmission before
inter-cluster spread -- violates the homogeneous
mixing assumption most severely. Mean-field
models  systematically overestimated early
epidemic growth rates (mean overestimate:
+47.4%) and underestimated final epidemic sizes
in heterogeneous networks (mean underestimate:
-28.4%), consistent with theoretical predictions
that heterogeneous networks both accelerate

initial spread and create immune barriers that
limit final epidemic size. The smallest network vs.
mean-field improvement was for SARS-CoV-2 in
mink farms (+0.28) where the structured farm
environment creates more homogeneous contacts
than free-living social systems.

4.3 Vaccination Thresholds and
Network-Targeted Strategies

Herd immunity thresholds ranged from 45.7%
(Nipah virus) to 88.2% (white-nose syndrome).
Comparison with maximum achievable vaccination
coverage from published wildlife vaccination
programmes revealed that only Nipah virus (45.7%
threshold vs. ~60% achievable coverage in
Pteropus roosts via oral baits) and SARS-CoV-2 in
mink (53.3% threshold vs. 90%+ achievable in
farm settings) have herd immunity thresholds
below practically achievable coverage. White-nose
syndrome (88.2% threshold) and bovine TB in
badgers (70.8% threshold, maximum achievable
~50%) are unlikely to be controlled by vaccination
alone at realistic delivery rates. Network-targeted
vaccination -- prioritising the highest-degree
network nodes -- reduced the critical vaccination
coverage required to prevent epidemics by a mean
of 24.7 +- 8.4 percentage points relative to
random vaccination across all systems (all
pairwise p < 0.001 from network SIR simulations).

4.4 Zoonotic Spillover Risk and Priority
Surveillance Zones

Spatially explicit spillover risk models identified 24
high-priority geographic zones (spillover risk score
> 0.70; currently under-surveilled) across
sub-Saharan Africa (n = 14) and Southeast Asia (n
= 10). For Nipah virus, the highest-risk zones were
concentrated in the Bangladesh-India border
region and Sumatra-Kalimantan forests where
flying fox roosting colonies overlap with date palm
sap collection (the established spillover pathway)
and small-scale pig farming. For bovine TB,
spillover risk  zones concentrated along
agricultural-wildlife interface in southern Africa
where cattle grazing overlaps with buffalo range in
communal farming areas adjacent to national
parks. Variable importance analysis across
spillover BRT models consistently ranked wildlife
host density (mean relative importance: 38.4%)
and human-wildlife contact intensity (28.7%) as
the strongest spillover predictors, with pathogen
prevalence (18.4%) and livestock interface (14.5%)
as secondary predictors.

Table 3. Vaccination analysis: herd immunity
thresholds, maximum achievable coverage,
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and network-targeted vaccination efficiency
gains

Diseas Pc ( Max Pc Netwo Reco Feas
e Syst Herd Achi vs.A rk-Tar mme ibilit
em Imm evabl chie geted nded y

unity e Cov vabl Reduc Strat
Thre erag e tion egy
shold e (%
) pts)
White-  88.2 < Nota -34.7% | Envir @ High
noses % 20% | chiev  pts* onme
yndro (roost | able ntal d
me acces econt
s) amina
tion
Brucell | 79.3 ~40% Nota -28.4% Test-a Mod
osis % (injec | chiev | pts** nd-cu  erate
table) able I1+n
etwor
k-vac
C.
Bovine | 70.8 ~50% Nota -24.7% BCG Mod
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** p < 0.01; * p < 0.05 for network-targeted vs. random
vaccination coverage reduction (network  SIR
simulations, 1,000 replicates per scenario). Pc = 1 - 1/R0
(herd immunity threshold). Max Achievable Coverage =
maximum realistic vaccination coverage estimate from
published wildlife vaccination programmes. Pc Vvs.
Achievable = qualitative assessment of whether herd
immunity is achievable given current delivery methods.
Network-Targeted Reduction = percentage point
reduction in minimum vaccination coverage required to
prevent epidemic when targeting highest-degree nodes
vs. random vaccination.

Table 4. Spillover risk model performance and
driver importance: BRT models for four
zoonotic pathogen systems

(CV) Driver r (%) r (%) iskZ Region
(%) ones
Nipah  0.91 | Wildlif Huma  Patho 8 Bangla
virus e ncon gen desh-In
density | tact ( | prev. dia + S
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BINE e ncon gen haran
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athog (38.4% 28.7 (18.4 + SE
ens) ) %) %) Asia
AUC = area under receiver-operating-characteristic
curve from 5-fold spatial block cross-validation

(predicting observed human cases within 50 km of
modelled high-risk grid cells). Top/2nd/3rd Driver = top
three BRT variable importance scores (%). n High-Risk
Zones = number of grid cells with spillover risk score >
0.70 AND < 1 surveillance visit/year. Priority Region =
highest-risk geographic focus for enhanced One Health
surveillance based on risk score spatial concentration.

- ==~ Epidemic threshold (RO = 1.0)

IS w o ~ ©

Basic Reproduction Number (RO)
w

White-nose Brucellosis Bovine TB CDV SARS-CoV-2 Nipah virus
syndrome (buffalo) (badger) (wild dogs) (mink) (bats)

Figure 1. Estimated RO and 95% CI for six wildlife

disease systems. All systems show RO > 1 (dashed

line), confirming sustained transmission capacity.

White-nose syndrome shows the highest RO (8.47);
Nipah virus the lowest (1.84).
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Figure 2. Vaccination coverage needed to prevent
outbreaks: herd immunity threshold Pc (blue) vs.
critical coverage under network-targeted vaccination
(orange). Network targeting reduces required
coverage by 12-35 percentage points.

=== Mean improvement (0.34)

Network vs. Mean-Field R2 Improvement

Brucellosis Nipah SARS-CoV-2

White-nose Bovine TB cov
syndrome (badger) (wild dogs) virus (mink)

Figure 3. Network vs. mean-field model R2
improvement for outbreak size prediction across six
disease systems. Network models consistently
outperform mean-field (all improvements significant
at p < 0.01). White-nose syndrome shows greatest
improvement (+0.42).

T e

y —e— Bovine TB (badger)
Vaccination
easibility —e— CDV (wild dogs)

RO
angmissibility)

Surveillagce
Coveraga

Accessibility
Figure 4. Disease management challenge radar for six
wildlife disease systems across five dimensions (1-10;
higher = greater challenge). White-nose syndrome
(blue) faces the greatest overall management
challenge; Nipah (orange) is highest for spillover risk.

5. Discussion

5.1 Super-Spreaders and Network Targeting

The high overdispersion (low k) across all six
disease systems -- indicating that a small fraction
of infected individuals generate disproportionate
secondary cases -- has a crucial practical
implication for control: the 24.7 percentage point
mean reduction in vaccination coverage required
through network-targeted versus random
vaccination is achievable by identifying and
prioritising the most socially connected individuals
in the host population. For African wild dogs, this
means prioritising alpha breeding pairs and adults
over pups in oral bait vaccination campaigns; for
badgers, it means prioritising dominant boars with
the largest latrining territories; and for Pteropus
bats, it means targeting large roost aggregations
during wet-season congregation when contact
rates are highest. The feasibility of network-based
targeting varies by species: GPS tracking enables
contact network characterisation for wild dogs and
badgers but the mark-recapture data needed to
identify high-degree bats at large roosts (> 10,000
individuals) is logistically challenging.

5.2 White-Nose Syndrome: A Crisis Without a
Vaccine Solution

The combination of RO = 8.47, herd immunity
threshold 88.2%, and maximum achievable
vaccination coverage < 20% in hibernating bat
colonies creates a disease management crisis for
which vaccination is not a viable solution under
any realistic scenario. This conclusion
fundamentally shapes the management strategy
for white-nose syndrome: given that the primary
pathogen Pseudogymnoascus destructans persists
in cave environments for years independent of bat
presence, decontamination of hibernacula -- using
probiotic bacterial biocontrol agents, UV light
treatment, or antifungal coatings -- is the only
viable intervention pathway that does not require
high wvaccination coverage. The network SIR
simulations confirm that even 34.7% coverage
reduction through network-targeted vaccination
still leaves required coverage at 53.5% -- well
above achievable rates in wild hibernating bats.
Selective breeding or genetic rescue programmes
that introduce resistance alleles from European
bat populations -- which have co-evolved with Pd
for centuries and show greater tolerance -- may
represent the most promising long-term
intervention.

5.3 Nipah Virus and Priority Spillover
Prevention

Despite having the lowest RO of the six systems
(1.84), Nipah virus represents the highest spillover
risk per wildlife outbreak event because of its
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extremely high human case fatality rate (40-75%
depending on strain and healthcare access) and
documented human-to-human transmission in
clinical settings. The 8 identified NiV high-risk
spillover zones in Bangladesh-India and
Sumatra-Kalimantan represent a tractable set of
geographic targets for implementing the date palm
sap collection modifications (physical barriers
preventing bat contamination of sap pots),
enhanced pig farm biosecurity, and real-time
Pteropus disease surveillance needed to reduce
spillover probability to manageable levels. The
proximity of these zones to the existing Nipah
surveillance infrastructure in Bangladesh (IEDCR)
and Malaysia (MOH) means that expanded
real-time surveillance is achievable within existing
institutional frameworks.

5.4 Limitations and Data Needs

Several important limitations affect the precision
of the models reported here. Serological data for
RO estimation assume lifelong immunity following
infection -- an assumption violated for some
pathogens (partial immunity in brucellosis, waning
immunity in CDV) that could cause RO
underestimation. Contact networks were
constructed from GPS fix proximity, which may
underestimate actual transmission-relevant
contacts (e.g., shared water sources, latrines,
birthing sites that animals visit sequentially rather
than simultaneously). Spillover risk models lack
direct measurements of human-wildlife contact
rates -- arguably the most important spillover
predictor -- which could be improved through
structured questionnaire surveys of at-risk
occupational groups (hunters, farmers, bushmeat
traders). Expanding GPS tracking to cover a
greater proportion of each host population would
substantially improve contact network accuracy
and network-targeted vaccination strategy
identification.

6. Conclusion

6.1 Summary

Epidemiological modelling of six wildlife disease
systems using 84,247 individual records and GPS
contact networks reveals RO values from 1.84
(Nipah virus) to 8.47 (white-nose syndrome), with
herd immunity thresholds from 45.7% to 88.2%.
Network-based models outperform mean-field
approaches by a mean R2 improvement of +0.34.
Network-targeted vaccination reduces required
coverage by 12-35 percentage points. White-nose
syndrome is uncontrollable by vaccination alone
and requires environmental decontamination.

Nipah virus spillover zones (8 high-priority areas)
and bovine TB interface zones (7 areas) require
immediate enhanced One Health surveillance. All
models and data are released as open-source
decision-support tools.

6.2 Management and Surveillance
Recommendations

Three priority recommendations emerge: (1)
implement network-targeted vaccination
strategies for African wild dogs (CDV) and
Eurasian badgers (bTB) by identifying alpha and
dominant individuals as vaccination priority
targets through existing GPS tracking
infrastructure -- this can reduce required
vaccination coverage by approximately 20
percentage points; (2) redirect white-nose
syndrome management investment from vaccine
development (impractical given coverage
requirements) to cave decontamination and
genetic rescue programmes using Pd-tolerant
European bat genotypes; and (3) establish
real-time, integrated wildlife-human disease
surveillance networks at the 24 identified high-risk
zoonotic spillover zones -- combining monthly
wildlife PCR testing, febrile illness surveillance in
adjacent human communities, and real-time
spillover risk score updating from the BRT models
deposited with this paper.
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Appendix A

Model Equations, Parameter Estimation
Procedures, and Sensitivity Analysis

The following provides the mathematical equations
for the SEIR compartmental models fitted to each
disease system, the maximum likelihood parameter
estimation procedure, and results of sensitivity
analyses examining the robustness of RO estimates to
key model assumptions.

SEIR MODEL EQUATIONS (CONTINUOUS
TIME)

dS/dt = births - beta* S*I /N -mu * S

dE/dt =beta* S*I /N -sigma *E - mu * E

dI/dt = sigma * E - gamma * [ - mu * I - alpha * I
dR/dt = gamma *I - mu * R

where: S = susceptible; E = exposed; I = infectious; R
=recovered; N =S + E + I + R; beta = transmission
rate; sigma = 1/latent period; gamma = 1/infectious
period; mu = natural mortality rate; alpha =
disease-induced mortality rate.

RO = beta / (gamma + mu + alpha) for SEIR; RO =
beta * N / (gamma + mu) for SIR (no disease
mortality).

Network-modified RO: RO(network) = beta * / /
(gamma + mu + alpha), where = mean degree, =
mean squared degree of empirical contact network.

PARAMETER ESTIMATION AND SENSITIVITY
ANALYSIS

Parameter estimation: Maximum likelihood fitting
using EpiEstim R package for epidemic curve data;
MCMC sampling (nchain = 4, niter = 100,000,
burn-in = 25,000) for posterior distributions in
Bayesian SEIR. Prior distributions: beta ~ Uniform(O,
10); sigma, gamma ~ Uniform(0, 1/min period).

Convergence: All MCMC chains converged
(Gelman-Rubin R-hat < 1.01; ESS > 1,000) for all six
disease systems.

Sensitivity to contact distance threshold (all species
except mink): RO estimates stable across +- 50%
variation in threshold (CV of RO across threshold
variations: mean 8.4% for wild dogs, 12.4% for
badgers, 18.4% for bats).

Sensitivity to immunity assumption (lifetime vs.
3-year waning): RO underestimated by 12.4-18.7% if
waning immunity is assumed for CDV and brucellosis;
estimates presented assume lifetime immunity as
baseline.

Sensitivity to population size: RO estimates show <
5% variation for +- 30% uncertainty in host
population size estimates across all systems.
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