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Abstract

Reconciling biodiversity conservation, food security, and human health remains a major sustainability
challenge, largely because these dimensions are often examined in isolation. Here, we present an
integrated analytical framework that extends coexistence theory by explicitly incorporating zoonotic
emergence within a One Health perspective. Using Central America as a case study, we combine spatial
indicators of anthropogenic pressure, livestock density, biodiversity, and disease occurrence to identify
convergence zones of socio-ecological vulnerability. Our analyses reveal non-linear interactions and
asymmetries among coexistence parameters, underscoring that zoonotic emergence arises from
constellations of pressures rather than single drivers. We further show how integrated vulnerability
mapping can translate this conceptual framework into operational tools, highlighting areas where
interventions are likely to yield the greatest co-benefits. Overall, this approach provides a transferable
method for identifying leverage points where targeted actions can simultaneously reduce disease risk,
strengthen food security, and support biodiversity conservation. By reframing sustainability challenges
through an explicitly integrated One Health lens, it offers a practical pathway for guiding policy and

land-use strategies toward more resilient socio-ecological systems.
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Introduction

Reconciling biodiversity conservation with food security has emerged as one of the defining
sustainability challenges of the 21st century. Nowhere is this tension more acute than in Central
America, a region simultaneously marked by exceptional biological richness and persistent
socioeconomic vulnerability. This region is subject to continually expanding agricultural frontiers, such
incursions into some of the globe's most biodiverse regions leave communities vulnerable to endemic
food insecurity (Sibrian, et al. 2021), higher zoonotic disease exposure (Jones, et al. 2013) (Tajudeen,
et al. 2022), and deficient governance systems (King, et al. 2016) (Xavier, et al. 2022). The convergence
of these drivers not only threatens the integrity of the region's ecological system, but it also places it at
risk for new and recurring health crises whose impacts extend far beyond national borders. Central
America's mosaic of ecosystems, from humid tropical forest to dry corridors, highland cloud forest and
large agroecosystems, composes a complex geography of risk. These diverse landscapes share a
multitude of biological communities, many of which act as reservoirs for pandemic-capable pathogens.
Concurrently, structural disparities in food accessibility, pervasive land degradation, and dependence
upon smallholder agriculture increase human exposure to environmental shocks and health risks.
Consequently, understanding these biophysical and social interactions is essential for navigating the
food-biodiversity challenge (the tradeoff between food security and biodiversity conservation). By
integrating a One Health perspective, we can identify pathways to anticipate and mitigate zoonotic risks
and spillovers without compromising ecological systems while we ensure sustainable food production
and rural livelihoods.

Recent conceptual advances in the study of social-ecological systems offer powerful tools to address
this challenge. Building on work that frames agroecological landscapes as dynamic systems capable of
existing in alternative states, ranging from conflict to coexistence, researchers have introduced the
notion of “coexistence parameters” (Crespin et Simonetti 2020), which refers to the social and
ecological factors that can be managed to reduce biodiversity impacts or increase tolerance to them,
thereby shifting a system toward states where food security and biodiversity can be simultaneously
achieved (Jouzi, Leung et Nelson 2022). Expanding on this perspective, Crespin and Moreira-Arce
(2026) outline an agroecological systems model of coexistence where food security and biodiversity are

3



69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

framed as multidimensional axes and their interlocations determine spaces for coexistence . This
approach not only integrates ecological and socioeconomic processes but also provides a roadmap for
identifying actionable levers in context-specific landscapes. However, the coexistence framework
remains underexplored with respect to zoonotic risk (Hirst et Halsey 2023). The ecological and social
drivers of coexistence for agriculture and biodiversity conservation can also shape the risk of pathogen
emergence (Case, et al. 2022). For example, forest fragmentation can simultaneously reduce ecosystem
services, displace wildlife hosts, and increase human exposure to vectors. Likewise, food insecurity can
drive practices such as bushmeat hunting or livestock intensification that heighten zoonotic spillover
risks (Hayek 2022). In contrast, diversified agroecological systems can buffer the transmission of
diseases through the conservation of ecological relations that dilute the prevalence of pathogens, and the
delivery of stable, nutritious food supplies. Integrating zoonotic dynamics within the coexistence model
thus highlights a key frontier for sustainability science.

Here, we propose to examine the regional diversities of Central America both as a challenge and an
opportunity for operationalizing this integrated approach. Despite shared historical trajectories and
ecological continuities, each country exhibits distinct combinations of environmental degradation,
agricultural practices, governance structures, and health system capacities. These differences shape not
only national vulnerabilities but also transboundary dynamics of risk. For example, vector-borne
diseases like dengue or chikungunya do not respect political border (Charles, et al. 2021), the same way
ecological communities also do not. Also, deforestation in one country may alter disease ecology across
a wider region (Ortiz, et al. 2021), mirroring how agricultural deficiencies within one region can spur
migration pressures that transform exposure patterns elsewhere (Dodd, et al. 2020). A regional
perspective is thus paramount.

Our analysis rests on three interrelated pillars. First, we build on the theoretical framework of
coexistence parameters to conceptualize how social-ecological interactions underpin the coupled
dynamics of biodiversity, food security, and zoonotic risk. By disaggregating food security into its core
components (availability, access, utilization, and stability) and biodiversity into its composition,

structure, and function, we can identify specific points of interaction where coexistence (or conflict)



96

97

98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

emerges. This multidimensional framing enables us to move beyond simplistic trade-offs to recognize
the conditions under which coexistence is both possible and beneficial.

Second, we propose a pragmatic framework grounded in integrated vulnerability mapping. We argue
that identifying "socio-ecological vulnerability hotspots" requires superimposing data on biodiversity
erosion (e.g., deforestation rates), performance indicators of food insecurity, and disease burdens (Prist,
et al. 2023) . This type of mapping provides a spatially explicit tool to locate where risks converge,
highlighting where interventions can yield the highest impact. Crucially, this aligns with the One Health
paradigm, emphasizing the interdependence of human, animal, and environmental/ecosystem health.
Third, we explore the implications for regional sustainability and governance. Central America’s status
as a biodiversity hotspot and a global migration corridor means that local risks carry international
consequences. By integrating zoonotic dynamics into coexistence models, we offer a novel framework
for regional policy forums regarding food safety and accessibility, land use, and health preparedness.
Integration is vital as accelerating climate disruption threatens to exacerbate vulnerabilities across the
entire food-biodiversity-health nexus (United Nations Environment Programme s.d.).

Ultimately, we bridge the gap between conceptual innovation and applied sustainability research.
Whereas much of the literature treats biodiversity conservation, food security, and health as separate
agendas, we argue that their nexus (their point of intersection) is precisely where the most transformative
opportunities lie. Aligning agroecological transitions with public health strategies and regional food
policies allows for the creation of pathways that simultaneously safeguard biodiversity, reduce disease
risks, and enhance human well-being. The potential payoffs are considerable. By identifying and
managing coexistence parameters to reduce ecological impacts while securing food and health, Central
American countries can transition from reactive crisis management towards proactive resilience-
building. Moreover, these lessons offer a scalable model for other tropical landscapes where

biodiversity, agriculture, and health intersect.

Methods

Study area and data sources
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The study was conducted across six Central American countries (Belize, Costa Rica, El Salvador,
Guatemala, Honduras, and Nicaragua) forming a biologically rich and environmentally heterogeneous
region. This area spans tropical lowlands, intensively cultivated agricultural landscapes, densely
populated urban corridors, and mountainous forested ecosystems. The climate is predominantly tropical,
with marked wet and dry seasons shaped by altitudinal gradients and the contrasting influences of the
Caribbean Sea and the Pacific Ocean. Land use patterns vary widely across the region, ranging from
expanding croplands and peri-urban settlements to protected forests and coastal wetlands. This mosaic
of ecological and socio-economic conditions creates a dynamic interface between human, livestock, and
wildlife populations, making Central America an ideal setting for investigating the environmental
drivers of zoonotic disease emergence.

To capture this complexity, the study integrates a broad set of spatially and temporally explicit covariates
derived from multiple open-access data sources (see Supplementary Information 1). These include
socio-demographic indicators (NASA SEDAC, WCS) (Wildlife Conservation Society 2025) (Center
For International Earth Science Information Network-CIESIN-Columbia University 2017), land cover
and vegetation metrics (Sentinel-2) (Land Cover 2020 (raster 10 m), global, annual - version 1 2025),
dominant crop distributions (MapSPAM) ((IFPRI) et (IIASA) 2015) (International Food Policy
Research Institute (IFPRI) 2019) (International Food Policy Research Institute (IFPRI) 2024), livestock
densities (Global Livestock of the World) (Gilbert, et al. 2018), climatic variables (NASA POWER)
(Sparks 2018), and wildlife richness layers (IUCN 2021). Together, these datasets provide a
comprehensive representation of the environmental, agricultural, climatic, and biological gradients
shaping disease risk across the region.

Spatial distribution of zoonotic cases were collected from the OMSA-WAHIS database (see
supplementary information SI1) and included a total of 21 pathogens over a 21 years period (2005-
2025). These data enable a regional assessment of environmental correlates of zoonotic emergence
across multiple pathogen systems.

Within this broader comparative framework, we conducted a focused analysis of the New World
screwworm fly (Cochliomyia hominivorax) as a model parasitic system linking environmental change,

host availability, and human activity. All emergence records reported in the OMSA—-WAHIS database
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and classified as C. hominivorax cases were extracted and used to characterize its spatial and
environmental distribution across the study region. This species represents a well-suited case for spatial
epidemiological analysis due to its strong dependence on climatic conditions, livestock distribution, and
land-use patterns, as well as its major veterinary and public health relevance in Central America.
Historically targeted by large-scale eradication programs, its recent re-emergence highlights the
dynamic and often unpredictable nature of zoonotic threats in rapidly changing landscapes. By modeling
the spatial distribution of C. hominivorax alongside broader zoonotic disease patterns, we provide a
biologically grounded example of how environmental and socio-ecological drivers identified at the
regional scale translate into risk for a specific, high-impact parasite affecting livestock systems, food
security, and rural livelihoods. Hereafter, we refer to the model built using the full multi-pathogen
dataset as the “all-zoonoses model,” and to the species-specific analysis based on C. hominivorax

records as the “C. hominivorax model.”

Modeling framework

To investigate the spatial and temporal determinants of zoonotic disease occurrence, we implemented a
spatial hierarchical model using the Integrated Nested Laplace Approximation (INLA) framework. The
analysis was conducted on a regular grid of 10 X 10 km cells covering the study area, providing a
consistent spatial unit for integrating outbreak data and environmental covariates. Each grid cell was
evaluated for every year of the 21-year study period, producing a complete spatio-temporal panel of
cell-year observations used for model fitting.

Reported animal outbreak locations were spatially aggregated within each grid cell and year. For each
cell, we computed the number of distinct outbreaks. Cells with no recorded outbreaks were considered
as pseudo-absences and retained in the analysis to represent background conditions. This grid-based
approach allows accounting for spatial heterogeneity in surveillance intensity and environmental drivers
while ensuring comparability across the study area.

Environmental and socio-demographic covariates were extracted for each grid cell by overlaying the
spatial layers with the grid. For continuous predictors (e.g., temperature, rainfall, population density,
livestock densities, land cover proportions), we computed the mean value within each cell. All covariates

7
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were standardized (z-scores) to ensure comparability of model coefficients and reduce scale-related
effects (see Table 1).

Spatial dependence among neighboring cells was modeled using the Stochastic Partial Differential
Equation (SPDE) approach implemented in R-INLA, which approximates a continuous spatial random
field through a triangular mesh constructed over the study area. Temporal dynamics were incorporated
through a yearly random effect (RW1), allowing the model to capture interannual fluctuations in
emergence risk across the 21-year period beyond what is explained by fixed covariates. Posterior means
and 95% credible intervals were used to quantify the magnitude and uncertainty of associations between
covariates and emergence risk.

To avoid multicollinearity, we retained only one representative variable for temperature, precipitation,
and wind based on variance inflation factor (VIF) analysis. Mean temperature and precipitation were
selected to represent overall climatic conditions, while maximum wind speed was retained to capture

gust events relevant to transmission and to limit multicollinearity.

Bayesian spatial negative binomial model. To investigate the spatial determinants of zoonotic disease
occurrence, we implemented a Bayesian hierarchical spatial model using the Integrated Nested Laplace
Approximation (INLA) framework. The analysis was conducted on a regular grid of 10 x 10 km cells
covering the study area, which provided a consistent spatial unit for integrating outbreak data and
environmental covariates.

Let Y;denote the observed number of reported cases in grid cell i(i = 1, ..., N). Given the count nature
of the data and the presence of overdispersion, Y;was assumed to follow a negative binomial distribution:
Y; ~ Negative Binomial(4;, k),
where 4;is the expected number of cases in grid cell i, and kis the dispersion parameter accounting for

extra-Poisson variability.
The expected number of outbreaks was modeled on the logarithmic scale as:

14
1Og(/11) =a+ Zﬁ] XU + 4] + 14 + U(ti),
j=1
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where a is the intercept, X;;denotes the value of covariate jin grid cell i, B;are the corresponding

regression coefficients, and p is the total number of covariates included in the model.

The term r; represents an unstructured random effect capturing residual heterogeneity across grid cells,
while v;denotes the spatially structured random effect accounting for residual spatial autocorrelation.
The spatial effect v; was modeled as a Gaussian random field with a Matérn covariance structure,
estimated using the stochastic partial differential equation (SPDE) approach implemented in R-INLA.
This approach approximates the continuous spatial field through a triangular mesh constructed over the
study area. Finally, u(t;)is the RW1 temporal effect.

Priors for the SPDE range and marginal variance, as well as the RW1 precision, were specified using
penalized complexity (PC) priors, which shrink toward simpler (smoother) representations unless
strongly supported by the data.

Mesh construction and spatial modeling: The observed number of cases was modeled as a spatially
continuous process using Gaussian random fields (GRFs). To account for spatial dependence and
overdispersion, we employed a negative binomial regression framework combined with a spatially
structured latent field. Spatial effects were incorporated using the stochastic partial differential equation
(SPDE) approach implemented in the R-INLA package (version 23.04.24), which enables efficient
Bayesian inference for latent spatial models.

The SPDE approach provides a continuous representation of the GRF, which is approximated
numerically using the finite element method (FEM). In this framework, the spatial domain Dis
discretized into a triangulated mesh, over which the spatial field is represented through basis functions
defined at the mesh vertices. The structure and resolution of the mesh play a critical role in accurately
capturing spatial autocorrelation while maintaining computational efficiency.

Mesh construction followed a two-step procedure. First, mesh vertices were placed at the sampling
locations to ensure adequate resolution of the spatial field in areas with observed data. Additional
vertices were subsequently added to cover the entire spatial domain and to support spatial prediction in

unsampled regions, including near domain boundaries to reduce edge effects.
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An initial spatial range of 400 km was selected as a reasonable scale for representing broad regional
patterns of zoonotic emergence across Central America. This distance captures large-scale spatial
continuity without over smoothing differences between ecological zones. The maximum edge length in
the inner mesh was set to one-fifth of this range (100 km) to ensure sufficient resolution within the study
area, following common practical guidelines for SPDE models. For the outer mesh, the maximum edge
length was set equal to the assumed spatial range (400 km), creating a buffer that reduces boundary
effects and allows the spatial field to taper smoothly.

To evaluate the robustness of this mesh structure, we also constructed models using smaller (100 km)
and larger (700 km) spatial ranges, applying the same proportional rules for inner and outer edge lengths.
Results across the 100 km, 400 km, and 700 km meshes were highly consistent, confirming that the
400 km configuration provided a balanced and computationally efficient representation of spatial
dependence for subsequent inference, with results summarized in Table 3.

Cross-validated predictive performance. We evaluated predictive performance using a 5-fold
cross-validation scheme. In each fold, 80% of the data were used for model training and the remaining
20% for testing, allowing assessment on unseen data while preserving the spatial and temporal
dependence structure. Predictive performance was first assessed using all recorded emergence events,
regardless of etiology, providing a global evaluation of the model’s ability to identify areas prone to
zoonotic disease emergence.

Because the study also aimed to characterize and predict emergence events specifically attributable to
Cochliomyia hominivorax (New World screwworm), we additionally repeated the cross-validated
evaluation after restricting the test data to emergence observations involving this species only. This
species-specific assessment ensures that model performance directly reflects the ability to detect and
prioritize high-risk locations for screwworm outbreaks, without being diluted by emergence events
arising from unrelated pathogens. Evaluating both the full dataset and the C. hominivorax subset
therefore provides a comprehensive understanding of the model’s behavior: a broad assessment across
all etiologies, and a targeted analysis focused on a species of major epidemiological relevance.

For each fold, we computed the log pseudo-marginal likelihood (LPML) derived from the conditional
predictive ordinates (CPO), which provides a leave-one-out predictive score. LPML was preferred over
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information criteria such as DIC or WAIC because it directly measures out-of-sample predictive
accuracy. We summarize results as the mean LPML per observation and its variability across the five
folds. In addition, discriminative ability was evaluated on aggregated cross-validated predictions using
the Area Under the Receiver Operating Characteristic Curve (AUROC) and the Area Under the
Precision—Recall Curve (AUPRC), the latter being particularly appropriate given the extreme rarity of
emergence events (in the dataset ~0.53% of all observations). Both metrics were complemented with
bootstrap 95% confidence intervals (2000 bootstraps).

Finally, we evaluated model performance under realistic operational constraints by examining decision
thresholds based on ranked risk, rather than absolute predicted probabilities. Surveillance programs
typically operate under limited resources and can only inspect a fraction of all locations. Therefore, we
reported performance at two interpretable thresholds: Top 1% highest-risk locations (=10 alerts per
1,000), and Top 5% highest-risk locations (=50 alerts per 1,000). For each threshold, we computed:
True/false positives and negatives (TP, FP, TN, FN), Precision (PPV) and Recall, Lift (PPV divided by
the prevalence), True positives per 1,000 inspected units, and bootstrapped 95% Cls.

This workload-centric formulation provides a surveillance-relevant summary of how many emergence
events the model can detect for a given inspection effort.

Regression coefficients for fixed covariates were estimated for each model. As INLA is a Bayesian
inference framework, results are reported using posterior means and 95% Bayesian credible intervals
(BCIs). To facilitate interpretation, we derived relative risks (RRs) by comparing the posterior mean of

the expected number of cases at a given covariate value, p(x), to that at a reference value, p(ref):

X
PO
p(ref)
Conservative 95% BClIs for the relative risks were computed as:
‘u;ower ‘Ll;pper

R Rlower = "upper’ R Rupper = lower®
ref Hyef

An association was considered statistically significant when the 95% Bayesian credible interval (BCI)
of the regression coefficient did not include zero and the corresponding 95% BCI of the relative risk did

not include one.
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Results

Model performance was evaluated separately for two complementary modeling frameworks: (i) the
all-zoonoses model, which integrates emergence data across all pathogens to identify broad
environmental drivers of zoonotic risk, and (ii) the C. hominivorax model, a species-specific analysis
designed to capture the ecological and livestock-related determinants of emergence for this focal
parasite.

For the all-zoonoses framework, model performance was compared across spatial configurations using
neighborhood radii of 100, 400, and 700 km, with year included as a fixed covariate in all cases (Table
2). Across these scales, predictive performance was highly consistent, with comparable LPML and
discrimination metrics (AUROC = 0.89; AUPRC = 0.12). The 400 km spatial configuration was selected
for inference, as it provided the most stable LPML estimate and represented a balanced spatial structure
for capturing regional continuity in zoonotic emergence. This model is used to infer general
environmental and socio-ecological drivers of zoonotic risk across pathogens.

For C. hominivorax, predictive performance improved markedly when cattle density was modeled as a
non-linear RW2 effect. The 400 km RW2 model achieved the highest predictive accuracy among all
species-specific configurations (AUROC = 0.97-0.98; AUPRC = 0.26), reflecting its ability to capture
the sharp density-dependent patterns underlying screwworm emergence. Because this model was fitted
to a restricted dataset of laboratory-confirmed cases, its LPML values are not directly comparable to
those of the all-zoonoses models; however, its high discrimination metrics indicate excellent predictive
performance for this pathogen.

Together, these models serve complementary purposes: the all-zoonoses model identifies generalizable
drivers of zoonotic emergence at the regional scale, while the C. hominivorax model provides a
biologically grounded, pathogen-specific assessment of how these drivers translate into risk for a high-
impact parasitic system. All subsequent analyses—including fixed-effect estimates, spatial risk maps,
and temporal patterns—are therefore based on the selected 400 km configurations for each modeling
framework.

Fixed covariates
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Fixed covariates analysis revealed that climatic and ecological factors were the strongest predictors of
zoonotic disease emergence across livestock systems, whereas socio-demographic and most land-cover
variables displayed weak or uncertain effects (Table 3-4). In the all-zoonoses model, temperature
showed a clear negative association with emergence risk (posterior mean =—0.35; RR =0.71, 95% BCI:
0.68—0.74), indicating reduced suitability in cooler environments. Precipitation exhibited a strong
positive effect (posterior mean = 0.25; RR = 1.29, 95% BCI: 1.18-1.41), suggesting that wetter
conditions promote environmental suitability for a broad set of zoonotic pathogens or vectors. Wind
speed had a weak and uncertain effect (posterior mean = 0.05; RR = 1.05, 95% BCI: 0.82-1.36).
Mammal-bird richness was strongly and positively associated with emergence risk (posterior mean =
0.76; RR = 2.13, 95% BCI: 1.43-3.18), highlighting the role of diverse wildlife communities in
sustaining reservoir host availability and pathogen circulation. Among anthropogenic variables,
cropland showed a modest negative association (posterior mean = —0.21; RR = 0.81, 95% BCI: 0.67—
0.97), while built-up and water areas showed non-significant effects. Human population density did not
influence emergence risk (posterior mean = —0.08; RR = 0.92, 95% BCI: 0.78-1.10), but the Human
Footprint Index displayed a strong positive association (posterior mean = 0.78; RR = 2.19, 95% BCI:
1.61-2.99), suggesting that human-modified landscapes may indirectly facilitate zoonotic spillover or
detection through intensified livestock—wildlife interactions or surveillance biases.

The pathogen-specific C. hominivorax model (see Table 4) exhibited broadly similar patterns but with
stronger effect sizes for several key covariates. Temperature had a more pronounced negative effect
(posterior mean = —0.55; RR =0.57, 95% BCI: 0.53-0.62), consistent with the species’ requirement for
warm environments for larval development and adult activity. Precipitation also showed a stronger
positive association (posterior mean = 0.28; RR = 1.32, 95% BCI: 1.18-1.49), reinforcing the
importance of humid conditions for this obligate parasitic fly. Mammal-bird richness had an even
stronger effect in the C. hominivorax model (posterior mean = 1.01; RR =2.75, 95% BCI: 1.52-5.06),
suggesting heightened sensitivity to host community structure. In contrast, socio-demographic and
land-cover variables generally showed weak or uncertain effects, with the exception of cropland, which

retained a negative association (posterior mean = —0.23; RR =0.79, 95% BCI: 0.63-0.99). The Human
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Footprint Index also showed a positive but more moderate effect (posterior mean = 0.59; RR = 1.81,
95% BCI: 1.14-2.88).

Across both models, warm temperatures, high precipitation, and rich wildlife communities emerged as
the dominant drivers of zoonotic risk, though the species-specific model for C. hominivorax showed
sharper and more pronounced effect sizes. This pattern suggests that while general environmental
suitability governs broad zoonotic emergence processes, C. hominivorax responds more strongly to
climatic and ecological gradients, reflecting its biology as a highly temperature-dependent, host-seeking

parasitic fly.

Identifying emergence risk

Across the study region, both the all-zoonotic emergence model and the Cochliomyia hominivorax—
specific model revealed similar large-scale spatial patterns, with elevated mean emergence risk
concentrated in southern Mexico, Guatemala, Honduras, and Nicaragua (Figure 1-2). For both
outcomes, these high-risk zones coincided with areas of low spatial uncertainty and narrow 95% credible
intervals, indicating strong model support. However, notable differences emerged in the spatial extent
and sharpness of the predicted hotspots. The all-zoonoses model produced a broader distribution of
elevated risk and greater uncertainty in peripheral areas, whereas the C. hominivorax model yielded
more spatially focused hotspots with clearer boundaries, reflecting a stronger and more localized signal
in pathogen-specific emergence events. In both models, combining predicted risk with uncertainty
identified reliable hotspots in southern Mexico and northern Central America, as well as uncertain
hotspots in regions where elevated risk was accompanied by wider credible intervals. Areas outside
these hotspots showed low predicted emergence risk and limited spatial structure. These spatial patterns
are consistent with the performance profiles obtained from threshold-based classifications (Table S1),
where the top 1% risk cutoff identified a small set of high-precision hotspots, while the broader top 5%

cutoff captured more diffuse but less certain emergence signals.

Non-linear trends in cattle density: livestock emergence risk exhibited a pronounced non-linear
relationship with cattle density across all models (Figure 3). When considering all reported zoonotic
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events collectively (Figure 3A), the posterior effect rose steeply at low cattle densities and reached a
maximum at intermediate densities (approximately 80,000—100,000 animals). Beyond this point, the
predicted emergence risk declined steadily, accompanied by wider credible intervals reflecting increased
uncertainty in areas with very high cattle concentrations. The pattern was stronger when focusing
specifically on emergence events associated with Cochliomyia hominivorax (Figure 3B). In this
pathogen-specific model, the rise toward the peak was sharper and the subsequent decline at high
densities was more pronounced, suggesting a heightened density-dependent response for this particular
zoonotic agent. Overall, these results indicate that intermediate cattle densities are most strongly
associated with elevated emergence risk, while both sparse and extremely dense livestock systems
exhibit substantially lower likelihoods of zoonotic disease occurrence.

Temporal effect

Temporal patterns revealed contrasting emergence dynamics between the all-zoonoses model and the
C. hominivorax—specific model (Figure 4). In the all-zoonoses model (Figure 4A), the temporal random
effect displayed moderate year-to-year variability but followed a broadly increasing trajectory across
the study period. After a low baseline around 2006—2008, the effect rose steadily with small oscillations,
and a marked acceleration appeared after 2020, when the posterior mean increased sharply and credible
intervals narrowed. This consistent upward trend indicates a gradual intensification of zoonotic
emergence processes in livestock, potentially driven by long-term environmental shifts, expanding
livestock—wildlife interfaces, and enhanced detection capacity.

In contrast, the C. hominivorax model (Figure 4B) showed a markedly different temporal structure
reflecting the species’ near-absence in Central America before its recent resurgence. From 2005 through
approximately 2018, the temporal random effect remained close to zero with wide credible intervals—
patterns consistent with very few or no recorded cases, corresponding to the near-extinction of C.
hominivorax from Central America during this period. A slight fluctuation occurred around 2010, but
overall the trajectory remained flat and uncertain until the late 2010s. Beginning around 2018-2020, the
temporal effect increased abruptly, followed by an exceptionally sharp rise in the final years of the

series, accompanied by narrowing credible intervals. This pattern indicates the emergence of a robust
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and well-supported signal of re-establishment or spread, aligning with field observations of renewed C.
hominivorax detections after a prolonged period of regional disappearance.

Taken together, these results show that while all-zoonoses emergence increased gradually over time, C.
hominivorax displays a distinct signature characterized by near-absence for more than a decade,
followed by a sudden and rapid increase in emergence probability. This contrast underscores the value
of species-specific models in distinguishing broad epidemiological trends from pathogen-specific

resurgence dynamics.

Discussion

Our results provide empirical support for the conceptual expansion of the food-biodiversity nexus, which
now frames biodiversity, food security, and health as interdependent dimensions of a single coexistence
nexus rather than as parallel or competing policy domains (Konig, et al. 2020), (Fiasco et Massarella
2022) (Massarella, et al. 2022). By integrating zoonotic emergence into the agroecological systems
model of coexistence, this study moves beyond trade-off narratives and demonstrates that the drivers
shaping food-biodiversity relations also dictate the geography of health risk in Central America.
Across the region, zoonotic risk did not appear randomly scattered across the landscape. Instead, it
tended to concentrate in specific places where human activity, livestock presence, and wildlife diversity
overlap. The consistent links we observed between the Human Footprint Index, cattle density, and
mammal and bird richness point to these human-animal-environment interfaces as recurring sites where
emergence is more likely to occur (Mancini, et al. 2024) (Palmeirim, Barreto et Prist 2025). In practice,
these areas correspond closely to what we describe in Box 1 as the animal health and environmental
health dimensions of the One Health axis. Where livestock systems are intensified, the number of
potential hosts and contacts inevitably increases (Perfecto, et al. 2023) (Klous, et al. 2016). At the same
time, biodiverse landscapes can act as long-term reservoirs in which pathogens persist and circulate.
Together, these processes define a subset of the coexistence niche where food production, biodiversity

conservation, and health risks intersect most sharply.
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Importantly, our findings also reveal asymmetries among coexistence parameters. Some pressures
clearly push systems in one direction, while others seem to work in the opposite sense. This divergence
is particularly evident in the opposing roles of landscape pressure and agricultural management. While
intensified human activity (captures by the Human Footprint Index) acts as a primary destabilizer by
more than doubling zoonotic risk (RR = 2.19), not all anthropogenic modifications lead to the same
outcome. In contrast, specific agricultural configurations like cropland cover appear to offer a modest
buffer (RR = 0.81), suggesting that the ‘quality’ of land use, rather than just its extent, determines the
system’s trajectory. This dynamic is further complicated by a ‘biodiversity paradox’ that we observe in
the region: while mammal and bird richness remains a primary conservation objective, it inherently
increases emergence risk (RR = 2.13) by sustaining the reservoir communities required for pathogen
circulation.

Navigating these contradictory forces is essential for identifying the precise leverage points (such as
managing land-use intensity and livestock density thresholds) needed to nudge a landscape toward a
stable basin of coexistence. Ultimately, acknowledging these asymmetries allows for a more proactive
approach to transboundary health security, ensuring that a regional development does not inadvertently
trigger the next spillover event.

What also stands out is how little explanatory power some land-use or crop-specific variables seem to
carry on their own. This suggests that zoonotic emergence is probably not something that can be traced
back to a single cause or pressure (Chaves, et al. 2022). In practice, emergence originates through
particular constellations of factors acting concurrently, sometimes subtly, across scales (Jagadesh,
Combe et Gozlan 2022). Viewing the system through this lens reveals coexistence not as a static
outcome, but as dynamic position within a complex, multidimensional space (Combs, et al. 2021)
(Crespin et Simonetti 2020). Local systems may drift, gradually or abruptly, toward more stable or more
fragile states. From this angle, zoonotic outbreaks are less an anomaly than a signal, a sign that
accumulated pressures on animal and environmental health are beginning to spill over, with
consequences for food security and the system’s ability to absorb future shocks (Perfecto, et al. 2023).
The cattle sector plays a pivotal role in the economies of numerous Latin American and Caribbean
countries, and our results show that cattle density is also a key ecological and epidemiological
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determinant of emergence risk in the region (Sandoval, et al. 2024). In both models, risk increased
sharply at low to intermediate cattle densities and then declined at higher densities, but the pattern was
far steeper and more tightly structured for C. hominivorax. This species-specific response is consistent
with its biology as an obligate parasitic fly that depends on the availability of warm-blooded hosts for
larval development (Long, et al. 2026). At intermediate densities, livestock abundance and management
practices likely create favorable conditions for wound exposure, host attraction, and fly reproduction,
producing a clear peak in predicted risk. At very high densities, however, the predicted decline in risk
may reflect the shift toward more intensive production systems, where improved animal handling,
wound care, and vector control reduce opportunities for infestation. The all-zoonoses model showed the
same overall hump-shaped pattern, but with a shallower slope and broader uncertainty, suggesting that
the strong density dependence observed for C. hominivorax is a major contributor to the general
emergence signal. Together, these results indicate that cattle density is not simply a linear driver of
disease risk, but a factor whose influence is shaped by host availability, husbandry practices, and the
ecological requirements of C. hominivorax, which remains a key component of the broader zoonotic
emergence landscape.

Temporal dynamics reinforce this interpretation. The all-zoonoses model displayed a gradual regional
increase over time, whereas the C. hominivorax model showed near-absence for more than a decade
followed by a sharp resurgence after 2018-2020—consistent with historical near-eradication and
renewed expansion in Central America (Valdez-Espinoza, et al. 2025). These patterns underscore that
coexistence is inherently dynamic. Even without dramatic land-use changes, shifts in climate, pathogen
movement, or surveillance intensity can progressively erode system stability (Mulieri et Patitucci 2019).
From a One Health perspective, temporal early-warning indicators may therefore be as critical as spatial
hotspot detection in anticipating future crises.

By operationalizing the coexistence nexus through integrated vulnerability mapping, our approach
provides a concrete pathway for translating theory into action. Overlaying biodiversity erosion, food
insecurity indicators, and zoonotic risk allows the identification of socio-ecological hotspots where
targeted interventions are likely to yield the greatest benefits. In these areas, managing a small number
of key coexistence parameters (such as livestock density, landscape connectivity, or forest cover) could
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simultaneously reduce disease risk, enhance food stability, and preserve biodiversity (Prist, et al. 2023)
(Mancini, et al. 2024).

At the policy level, the results argue strongly against uniform surveillance or disease-management
strategies (Combs, et al. 2021). The risk maps clearly show that zoonotic emergence is highly spatially
clustered, with reliable hotspots concentrated in southern Mexico and northern Central America, and
large surrounding areas displaying consistently low or highly uncertain risk. This spatial heterogeneity
means that blanket interventions would be inefficient and potentially waste limited resources. Instead,
the mapped patterns of mean risk, uncertainty, and hotspot classification point toward context-specific
interventions tailored to the local configuration of coexistence pressures. Aligning agricultural,
environmental, and public health policies—particularly through coordinated cross-ministerial
planning—can help embed disease-mitigation strategies within broader sustainability agendas, rather
than treating zoonotic emergence as an episodic crisis requiring reactive responses (Clifford Astbury, et
al. 2023). In practice, this implies prioritizing intensified surveillance and preventive measures in
reliable hotspots, strengthening environmental buffers in uncertain zones, and adopting lighter-touch
strategies in low-risk areas.

More broadly, Central America provides a compelling illustration of how local drivers (environmental
degradation, agricultural practices, and socioeconomic vulnerability) can generate risks with regional
and global implications (Obura, et al. 2021). While the specific coexistence parameters identified here
are context-dependent, the underlying framework is transferable (Mahon, et al. 2024). Applying the
coexistence nexus to other tropical and subtropical regions could help uncover generalizable trajectories
of zoonotic emergence, even when the proximate drivers remain locally specific.

To conclude, this study demonstrates that the food—biodiversity challenge cannot be addressed without
explicitly integrating a One Health perspective. Moving beyond a two-dimensional trade-off between
production and conservation, we propose a three-dimensional coexistence framework in which
environmental health underpins both human well-being and disease prevention. Our findings from
Central America show that socio-ecological vulnerability hotspots are not inevitable outcomes, but

emerge from specific interactions among agricultural expansion, biodiversity loss, and governance gaps.

19



502

503

504

505

506

507

508

509

510

511

512

513

514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538

Identifying and managing key coexistence parameters—particularly thresholds in human footprint and
livestock density—offers a proactive pathway toward regional resilience. As climate disruption
accelerates, this integrated framework provides a scalable approach for other tropical regions facing the
competing demands of food production, biodiversity conservation, and public health. Sustainability,
therefore, is not simply about balancing food and nature; it is about safeguarding the conditions of
coexistence that sustain ecosystem integrity, livelihoods, and health.
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672  Table 1: Standardized covariates used in the model including mean, quartiles, Median and variance
673 inflation factor (VIF).

674
Covariate Mean Q2.5% Q97.5% Median VIF value
Socio- Population 0.001 -0.305 -0.003 -0.201 1.801
demographic density
(From NASA (persons/km2)
SEDAC's and HFI (/10km) -0.025 -0.756 0.533 -0.053 2.882
WCS)
Forest (Ha) -0.051 -0.473 -0.089 -0.373 1.294
Land cover area Water (Ha) 0.009 -0.201 -0.176 -0.199 1.309
(from sentinel 2) Built up (Ha) -0.018 -0.557 0.131 -0.339 2.543
Crops (Ha) -0.016 -0.267 -0.252 -0.267 1.883
Banana (Ha) -0.016 -0.135 -0.131 -0.135 1.204
Beans (Ha) 0.055 -0.516 0.086 -0.390 1.369
Dominant crops Maize (Ha) 0.059 -0.488 0.110 -0.315 1.785
(from Coconut (Ha) 0.003 -0.140 -0.029 -0.140 1.054
MapSPAM) Palm Oil (Ha) -0.009  -0.288 -0.195 -0.288 1.237
Rice (Ha) -0.026 -0.175 -0.161 -0.174 1.308
Sugar cane (Ha) 0.009 -0.206 -0.152 -0.203 2.072
Cattle 0.017 -0.714 0.386 -0.258 1.431
Livestock’s (from (Nb/10km)
Global Livestock Chicken -0.007 -0.279 -0.042 -0.223 1.398
of the World, (Nb/10km)
GLW) Sheep (Nb/10km) 0.014 -0.111 -0.073 -0.097 1.960
Goat (Nb/10km) 0.025 -0.297 0.000 -0.180 2.224
Pig (Nb/10km) 0.004 -0.156 -0.043 -0.113 1.206
Temperature (°C) 0.000 -0.609 0.755 0.213 1.771
Climatic Precipitation 0.000 -0.739 0.736 -0.299 1.485
variables (from (mm)
Nasa Power) Wind speed 0.000 -0.831 0.555 -0.166 1.804
(knots)
Wild animal Mammal bird -0.052 -0.645 0.624 0.132 1.635
richness richness
675
676
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Table 2: Comparison of spatial model performance based on the logarithmic pseudo-marginal
likelihood (LPML) and predictive accuracy metrics. For each model, LPML, AUROC, and AUPRC
values are reported as medians with their associated ranges across repeated model fits. All-zoonoses
models were fitted using neighborhood radii of 100, 400, and 700 km to assess sensitivity to spatial
structure. The C. hominivorax models were fitted on a subsampled dataset restricted to confirmed C.
hominivorax cases and are therefore not directly comparable to the all-zoonoses models. Two
specifications are shown: one including cattle density as a fixed effect, and one modelling cattle density

using a non-linear RW2 effect.

MODEL LPML AUROC (IC95) AUPRC(IC95) PREVALENCE
ALL-ZOONOTIC  -0.03 (0.0008) 0.89(0.88;0.91) 0.12(0.10;0.14) 0.53
400

ALL-ZOONOTIC  -0.03 (0.0008) 0.89 (0.87;0.91) 0.12(0.10;0.15) 0.53
100

ALL-ZOONOTIC  -0.03 (0.0008) 0.89(0.87;0.91) 0.12(0.10;0.15) 0.53
700

C.HOMINIVIRAX  -0.03(0.02) 0.96 (0.96;0.97) 0.12(0.10;0.16) 0.38
(+ CATTLE FIXED

EFFECT)

C.HOMINIVIRAX  -0.017 (0.0004) 0.98 (0.97;0.98) 0.26(0.23; 0.38
(+ CATTLE RW2 0.30)

EFFECT)
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Table 3: Posterior mean estimates, 95% Bayesian credible intervals (BCI), and corresponding relative

risks (RR) for socio-demographic, land-cover, livestock, climatic, and wildlife covariates included in

the final spatial model. Relative risks were obtained by exponentiating posterior mean coefficients and

represent the multiplicative change in prevalence associated with a one-unit increase in each

standardized covariate, holding all other variables constant. Covariates were classified as having a

were considered non-significant otherwise.

positive or negative effect when their 95% BCI did not overlap zero (or RR did not overlap 1); effects

Covariate Posterior Q025 Q975 RR (95% Significative
mean BCI) effect
Socio- Population -0.08 -0.25 0.09 0.92(0.78; -
demographic density 1.10)
HFI 0.78 0.48 1.09 2.19(1.61; Positive
2.99)
Land cover Built up -0.06 -0.31 0.19 0.94(0.73; -
area 1.21)
Cropland -0.21 -0.40 -0.02 0.81(0.67; Negative
0.97)
Water -0.17 -0.40 0.05 0.84 (0.67 ; -
1.05)
Temperature -0.35 -0.39 -0.30 0.71(0.68; Negative
Climatic 0.74)
variables Precipitation 0.25 0.17 0.34 1.29(1.18; Positive
1.41)
Wind speed 0.05 -0.20 0.31 1.05(0.82; -
1.36)
Wild animal Mammal- 0.76 0.36 1.16 2.13(1.43; Positive
richness bird 3.18)
richness
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Table 4: Posterior mean estimates, 95% Bayesian credible intervals (BCI), and corresponding relative

risks (RR) for socio-demographic, land-cover, livestock, climatic, and wildlife covariates included in

the final spatial model for the C. hominivorax case study. Relative risks were obtained by exponentiating

posterior mean coefficients and represent the multiplicative change in prevalence associated with a one-

unit increase in each standardized covariate, holding all other variables constant. Covariates were

classified as having a positive or negative effect when their 95% BCI did not overlap zero (or RR did

not overlap 1); effects were considered non-significant otherwise.

Covariate Posterior Q025 Q975 RR (95% Significative
Mean BCI) effect
Socio- Population -0.24 -0.59 0.03 0.79(0.55; -
demographic density 1.12)
HFI 0.59 0.13 1.06 1.81(1.14; Positive
2.88)
Land cover Built up 0.14 -0.29 0.57 1.15(0.75; -
area 1.77)
Cropland -0.23 -0.46 -0.005 0.79(0.63; Negative
0.99)
Water -0.16 -0.44 0.12 0.85 (0.64; -
1.13)
Temperature -0.55 -0.63 -0.48 0.57 (0.53; Negative
Climatic 0.62)
variables Precipitation 0.28 0.16 0.40 1.32(1.18; Positive
1.49)
Wind speed 0.12 -0.22 0.46 1.13(0.80; -
1.58)
Wild animal Mammal- 1.01 0.42 1.62 2.75(1.52; Positive
richness bird 5.06)
richness
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Captions

Figure 1: Spatial predictions of all zoonotic emergence risk and associated uncertainty. Panels
show (top left) the posterior mean of emergence risk estimated using the INLA model, (top right)
the spatial uncertainty expressed as the standard deviation of the latent field, (bottom left) the
width of the 95% credible interval, and (bottom right) the resulting hotspot classification
combining risk and uncertainty, distinguishing reliable hotspots (high risk and low uncertainty),

uncertain hotspots (high risk and high uncertainty), and areas with no detected hotspot.
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Figure 2: Spatial predictions of Cochliomyia hominivorax emergence risk and associated
uncertainty. Panels show (top left) the posterior mean of emergence risk estimated using the INLA
model, (top right) the spatial uncertainty expressed as the standard deviation of the latent field,
(bottom left) the width of the 95% credible interval, and (bottom right) the resulting hotspot
classification combining risk and uncertainty, distinguishing reliable hotspots (high risk and low
uncertainty), uncertain hotspots (high risk and high uncertainty), and areas with no detected

hotspot.
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Figure 3: Nonlinear effect of «cattle density on zoonotic occurrence risk.
(A) Posterior smooth effect of cattle density on the probability of zoonotic diseases (all etiologies
combined), estimated using a second-order random walk (RW2) model. (B) Corresponding effect
estimated only for Cochliomyia hominivorax cases. Solid lines represent the posterior mean and

shaded regions show the 95% credible intervals.
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Figure 4. Temporal random effects for zoonotic emergence models (RW1). (A) Posterior temporal
random effect for the all-zoonoses emergence model, showing moderate inter-annual fluctuations and a
gradual long-term increase across the study period, with a sharp rise beginning around 2020. (B)
Posterior temporal random effect for the Cochliomyia hominivorax-specific model, characterized by
near-zero and highly uncertain effects prior to 2018-2020—reflecting the species’ historical
near-extinction in Central America—followed by an abrupt and well-supported increase in recent years.
Shaded bands represent 95% Bayesian credible intervals (BCls). Both models were estimated using a

first-order random walk (RW1), allowing flexible, data-driven reconstruction of temporal trends.
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Box 1: From trade-offs to coexistence: A three-dimensional sustainability framework
Reconciling biodiversity conservation with food security is a key sustainability challenge, traditionally
framed as a trade-off requiring optimization (Fischer, et al. 2017). Crespin & Simonetti (2021)
introduced the concept of coexistence parameters, which are the social and ecological factors that can
be managed to reduce conflict and shift systems toward states where food security and biodiversity
conservation are simultaneously achieved. Such framework conceptualizes the coexistence niche as an
n-dimensional space located at the intersection of food security and biodiversity components (Crespin
et Moreira-Arce 2026).

However, this two-axis model remains incomplete because it lacks a critical third dimension. related to
health. As demonstrated by recent global crises, the drivers of biodiversity loss and food insecurity are
inextricably linked to zoonotic risk and public health (Hirst et Halsey 2023). Including zoonotic
dynamics within the coexistence model thus highlights a key frontier for sustainability science. This
manuscript proposes a theoretical expansion of the Agroecological Systems Model of Coexistence by
formally integrating a third orthogonal axis-health-aligned with the One Health (OH) paradigm (WHO
2022).

Adopting the comprehensive OH definition, the new Health axis is deconstructed into three
interdependent components that interact with the original two axes: Human health, Animal health, and
Environmental health. Human health encompasses physical health (e.g., free from zoonotic diseases)
and mental well-being, the latter often derived from "nature's contributions to people" (NCP) (Diaz, et
al. 2018). This component interacts directly with food security access (socioeconomic stability) and
biodiversity structure (exposure to green spaces). Animal health integrates the physical health and
welfare of both domestic and wild animals, recognizing that high stress in animal populations (driven
by habitat fragmentation or intensive agriculture) can compromise immunity and increase pathogen
shedding (Hayek 2022). Environmental health refers to the integrity of the physical and biological
matrix (e.g., soil, water, air) that acts as the foundational "system context" for human and animal health
outcomes. For a complete breakdown of the conceptual components, their specific interactions, and
potential parameters within the nexus, see Table 1.

Identifying the points of intersection between these three axes (see Fig.1) allows us to pinpoint the
specific coexistence parameters that simultaneously reduce biodiversity impacts, secure food supplies,
and mitigate disease risks. For example, managing connectivity through biological corridors is a key
coexistence parameter, it restores environmental health and buffers human health risks by regulating
vector populations (Ortiz, et al. 2021) (Prist, et al. 2023), while maintaining crop pollination services
(food security). Similarly, diversified agroecological systems act as a coexistence parameter by
providing stable food while conserving ecological relations that dilute pathogen prevalence among
wildlife reservoirs, thus safeguarding animal health (Crespin et Simonetti 2020).

To operationalize this framework, we propose a pragmatic approach grounded in integrated vulnerability
mapping. By superimposing data layers for each axis, such as deforestation rates (biodiversity),
availability and access indicators (food insecurity) (Sibrian, et al. 2021), and zoonotic risk interfaces
(disease burden) (Charles, et al. 2021), we can identify socio-ecological vulnerability hotspots where
risks converge geographically. This mapping allows us to determine where intervention is most needed
to push the local system towards a basin of coexistence, a dynamic attractor in phase space where the
system remains stable in a state of coexistence despite external shocks (Crespin et Moreira-Arce 2026).
By treating human, animal and environmental health as integral components of the coexistence niche,
this integration transforms the framework into a comprehensive instrument for regional resilience.
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Description

Identity and variety of
genes, species, and
populations (e.g.,
pathogen reservoirs,
crop varieties).

Physical arrangement
of habitats (e.g., forest
connectivity, patch
size, fragmentation).

Ecological processes
(e.g., nutrient cycling,
pollination, predation,
water filtration).

The supply of food
(calories) dependent
on production systems
and land use.

Nutritional value, food
safety, and diet
diversity required for
healthy metabolism.

Physical/economic
access to food and the
stability of that access
over time.

Table 1. Conceptual axes that interact to create the human-nature coexistence nexus.
Interactions within the nexus can give way to potential coexistence parameters.

Interactions within the Nexus

— Food Security: Genetic diversity serves as a buffer
for crop resilience (Quantity) and dietary diversity

(Quality).

— Animal Health: Wild populations act as reservoirs;
high diversity can dilute pathogen prevalence
(dilution effect).

— Human Health: Zoonotic spillover risk increases
when compositional balance is disrupted (e.g., loss of
predators).

— Environmental Health: Intact structures prevent
erosion and regulate microclimates.

— Human Health: Fragmentation increases "edge
effects," heightening human exposure to vectors like
ticks/mosquitoes.

— Food Security: Landscape structure determines
arable land availability and water retention

(Quantity).

— Food Security: Pollination and soil fertility are
critical ecosystem services for crop yields (Quantity).

— Environmental Health: Water filtration and air
purification directly support the "system context" for
health.

— Animal Health: Predation regulates reservoir
populations, preventing disease outbreaks.

— Biodiversity: Expansion of production often
degrades Structural biodiversity (deforestation).

— Animal Health: Intensification (crowding)
increases stress and pathogen transmission in
livestock.

— Environmental Health: Agrochemical use can
degrade soil and water quality.

— Human Health: Adequate nutrition supports
immune function (Physical); nutritional deficiencies
increase vulnerability to disease.

— Biodiversity: Demand for diverse diets encourages
the conservation of agrobiodiversity (Compositional)
rather than monocultures.

— Human Health: Poverty and food insecurity drive
stress (Mental Health) and reliance on unsafe foods.

— Biodiversity: Instability drives coping strategies
like bushmeat hunting, impacting wildlife
populations (Compositional).

— Animal Health: Unregulated trade or hunting
compromises wildlife welfare and health.
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Health

1. Human Health

2. Animal Health

3. Environmental
/ Ecosystem
Health

Physical: Freedom
from disease/injury.
Mental: Well-being
and resilience.

Physical: Disease
status of
domestic/wild
animals. Welfare:
Freedom from distress
(Five Freedoms).

Integrity of the
physical environment
(soil, water, air) that
sustains life.

— Biodiversity: "Nature’s contributions to people"”
(NCP) support mental well-being (Structural).

— Food Security: Healthy populations are
economically productive, ensuring stable food access
(Access).

— Biodiversity: Disease outbreaks in wildlife (e.g.,
chytrid, distemper) can cause extinction events
(Compositional).

— Food Security: Healthy livestock ensures stable
protein supplies; sick animals threaten food safety

(Quality).

— Biodiversity: A healthy matrix supports functional
ecosystem processes (Functional).

— Food Security: Degraded environments (e.g.,
salinized soil) collapse production systems
(Quantity).
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Term
Agroecological Systems
Model of Coexistence

Box 2. Glossary of concepts for the expanded Coexistence Nexus Framework. The
following terms are fundamental to the expanded conceptual model presented in Box 1 and
detailed in Table 1.

Definition
The original conceptual framework that established the Food-Biodiversity
nexus, composed of two multidimensional axes (Food Security and
Biodiversity), which this manuscript expands upon (Crespin & Simonetti 2021).

Coexistence Niche

A multi-dimensional subspace where both food production and biodiversity
conservation needs are met. It is an n-dimensional space located at the
intersection of various components of food security and biodiversity (Crespin
& Moreira-Arce 2026).

Coexistence Parameters

Coexistence Nexus

One Health (OH)

Human Health

Animal Health

Social and ecological factors that can be actively managed to reduce conflict
and shift a social-ecological system toward a state where food security and
biodiversity are simultaneously achieved (Crespin & Simonetti 2021).

The expanded conceptual framework resulting from formally integrating the
third orthogonal axis of Health (One Health) into the original Food-Biodiversity
nexus (Crespin & Moreira-Arce 2026).

A comprehensive approach recognizing that the health of humans is inextricably
linked to the health of animals and the environment (One Health High-Level
Expert Panel et al. 2022).

A component of the Health axis encompassing both physical health (e.g.,
freedom from zoonotic diseases) and mental well-being, the latter often derived
from "nature's contributions to people" (NCP) (Diaz et al. 2018).

A component of the Health axis that integrates the physical health and welfare
of both domestic and wild animals, including their disease status and freedom
from distress and fear (One Health High-Level Expert Panel et al. 2022).

Environmental/Ecosystem
Health

Socio-ecological
vulnerability hotspots

Basin of Coexistence

A component of the Health axis referring to the integrity of the physical and
biological matrix (e.g., clean water, soil stability) that acts as the foundational
"system context" for all other health outcomes (One Health High-Level Expert
Panel et al. 2022).

Specific geographic locations identified by integrated vulnerability mapping
where critical risks from biodiversity erosion, food insecurity, and disease
burden converge, requiring targeted intervention.

Not a physical place, but a dynamic attractor in phase space where a social-
ecological system remains stable in a desired state of coexistence despite
external shocks or perturbations (Crespin & Moreira-Arce 2026).
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