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ABSTRACT

Zoonotic diseases -- infections that transmit between animals and humans -- account for approximately 60% of all human

infectious diseases and 75% of emerging infectious disease events, including the three most consequential pandemics of

the 21st century: SARS (2003), influenza H1N1 (2009), and COVID-19 (2019). Despite their outsized burden, zoonotic

disease surveillance remains fragmented between human and veterinary health systems, with minimal operational

integration at the critical animal-human interface where spillover events originate. We analysed epidemiological patterns

of 14 zoonotic diseases across 28 European countries from 2010 to 2022 using data from ECDC, EFSA, OIE/WOAH,

and national veterinary and public health surveillance systems, encompassing 2.4 million human cases and 18.6 million

animal surveillance records. We compared five surveillance and analytical frameworks: traditional separate

human-animal reporting, integrated One Health surveillance, environmental sentinel monitoring, genomic

phylogeographic tracking, and ML-driven spillover risk prediction. Our Zoonotic Surveillance Effectiveness Score (ZSES)

integrates spillover detection timeliness, source attribution accuracy, outbreak prediction capability, cross-sectoral data

integration, and prevention impact. ML-driven spillover prediction achieved the highest ZSES (0.926) by identifying

high-risk geographic-temporal windows for spillover events with AUROC 0.84, while genomic phylogeographic tracking

(ZSES 0.912) provided the most accurate source attribution, linking 78% of human outbreaks to specific animal

reservoirs within 14 days.
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1. Introduction
1.1 The Zoonotic Threat Landscape
COVID-19 demonstrated with devastating clarity
that zoonotic spillover -- the transmission of a
pathogen from an animal host to humans -- can
trigger a global catastrophe. But COVID-19 was
not an aberration; it was the latest in a long series
of zoonotic emergences: HIV from chimpanzees
(1920s-1980s), Ebola from bats (1976-present),
SARS-CoV from civets (2003), H5N1 avian
influenza (2003-present), MERS-CoV from camels
(2012-present), and Zika from forest mosquitoes
(2015-2016). Jones et al. (2008) analysed 335
emerging infectious disease events between 1940
and 2004 and found that 60.3% were zoonotic,
with wildlife origin events increasing significantly
over time. The drivers are well characterised:
deforestation and habitat encroachment bring
humans into contact with wildlife reservoirs,
intensive livestock farming creates amplification
environments, global travel distributes pathogens
within hours, and climate change shifts vector and
host ranges poleward (Morse et al., 2012). In
Europe specifically, established zoonotic diseases
-- Salmonella, Campylobacter, Listeria, VTEC,
brucellosis, Q fever, West Nile virus, tick-borne
encephalitis -- cause an estimated 380,000
reported human cases annually, with actual
incidence likely 10-100 times higher due to
underreporting (EFSA/ECDC, 2022).

1.2 The Surveillance Fragmentation Problem
The fundamental challenge in zoonotic disease
surveillance is institutional fragmentation. Animal
health is monitored by veterinary authorities
(typically under agriculture ministries), human
health by public health agencies (under health
ministries), and environmental contamination by
food safety and environmental agencies. These
sectors operate with different mandates, data
systems, regulatory frameworks, and professional
cultures. A Salmonella outbreak linked to poultry
may be investigated simultaneously by three
agencies that do not share data in real time. The
One Health concept -- recognising the
interconnection of human, animal, and
environmental health -- has been endorsed by
WHO, FAO, and OIE since 2010 but
operationalised in fewer than 30% of European
countries as an integrated surveillance system
rather than a rhetorical aspiration (Ruegg et al.,
2018). Our study evaluates which surveillance
frameworks best detect, attribute, and prevent
zoonotic disease. Section 2 reviews the literature,
Section 3 methods, Section 4 results, Section 5

discussion, Section 6 conclusions.

2. Literature Review
2.1 Established and Emerging Zoonoses in
Europe
Europe faces both endemic foodborne zoonoses
and emerging vector-borne and wildlife zoonoses.
Campylobacteriosis remains the most reported
zoonosis (220,000 confirmed cases in 2021),
followed by Salmonellosis (60,000), VTEC (6,000),
and Listeriosis (2,100 with 14% case fatality)
(EFSA/ECDC, 2022). Emerging threats include:
West Nile virus, which expanded from the
Mediterranean to Central Europe with cases in
Germany, Netherlands, and Czech Republic by
2022; tick-borne encephalitis, with a 74% increase
in cases between 2012 and 2021 driven by
climate-mediated tick range expansion; avian
influenza H5N1, which caused unprecedented
epizootics in 2021-2022 with mammalian spillover
events raising pandemic concern (Adlhoch et al.,
2022); and monkeypox (mpox), which
demonstrated in 2022 that a previously tropical
zoonosis could establish sustained
human-to-human transmission in European
populations.

2.2 Genomics and Source Attribution
Whole-genome sequencing has transformed
zoonotic outbreak investigation. WGS-based
source attribution -- comparing human isolate
genomes against databases of animal and food
isolates to identify the source -- has become the
gold standard for foodborne outbreak
investigation. Denmark's genomic surveillance
system routinely sequences all Salmonella and
Listeria isolates from human, animal, and food
sources, enabling real-time source attribution
(Hendriksen et al., 2019). The COMPARE project
built a European platform for cross-border
genomic outbreak detection. For emerging
zoonoses, phylogeographic analysis can trace
transmission chains from animal reservoirs
through intermediate hosts to humans, as
demonstrated for MERS-CoV from camels and
SARS-CoV-2 from potential wildlife sources
(Worobey et al., 2022). ML approaches to spillover
prediction use environmental, climatic, and
biodiversity data to identify geographic hotspots
where novel zoonotic emergence is most likely
(Allen et al., 2017). Table 1 maps the evidence.

2.3 The Integration Gap
No study has compared traditional separate
surveillance, integrated One Health,
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environmental monitoring, genomic tracking, and
ML prediction across the full spectrum of zoonotic
diseases in Europe using standardised
performance metrics.

Table 1: Key Studies in Zoonotic Disease
Epidemiology
Study Y

e
a
r

Focus Scope Key Finding

Jones et
al.

2
0
0
8

EID
origins

335
events (
1940-20
04)

60.3% zoonotic,
wildlife increasing

EFSA/E
CDC

2
0
2
2

EU zoon
oses
report

EU/EEA
annual

220K
Campylobacter,
60K Salmonella

Hendrik
sen et
al.

2
0
1
9

Genomi
c survei
llance

Denmar
k

Real-time WGS
source attribution

Allen et
al.

2
0
1
7

Spillove
r hotspo
ts

Global
mappin
g

ML predicts
high-risk zones

Worobey
et al.

2
0
2
2

SARS-C
oV-2
origins

Phyloge
ography

Market-linked early
transmission

Adlhoch
et al.

2
0
2
2

H5N1
in
Europe

EU/EEA Unprecedented
epizootics +
mammal spillover

Morse et
al.

2
0
1
2

EID
drivers

Review Deforestation,
farming, climate,
travel

Ruegg
et al.

2
0
1
8

One
Health
EU

Europe
an
survey

Under 30% have
integrated
surveillance

Carlson
et al.

2
0
2
2

Climate
+ zoono
ses

Global
modelli
ng

Climate drives new
host-virus
encounters

Lam et
al.

2
0
2
2

AMR
One
Health

EU/EEA Shared resistance
genes across
sectors

EID = Emerging Infectious Disease; WGS =
Whole-Genome Sequencing; AMR = Antimicrobial
Resistance; EU/EEA = European Union/European
Economic Area.

3. Methodology

3.1 Data Sources
We compiled zoonotic disease data for 28
European countries from 2010 to 2022 using:
ECDC TESSy (human case surveillance for 14
notifiable zoonotic diseases), EFSA Zoonoses
Monitoring (animal and food chain data),
OIE/WOAH WAHIS (animal disease notifications),
national veterinary laboratory surveillance from 12
countries with WGS-based pathogen typing, and
environmental monitoring data from 8 countries
with sentinel programmes (wastewater, wildlife
mortality, vector abundance). The dataset
encompassed 2.4 million reported human zoonotic
cases and 18.6 million animal surveillance records
across 14 zoonotic diseases: Campylobacter,
Salmonella, VTEC, Listeria, brucellosis, Q fever,
leptospirosis, West Nile virus, tick-borne
encephalitis, rabies, avian influenza, bovine
tuberculosis, echinococcosis, and trichinellosis.

3.2 Five Surveillance Frameworks
Framework Z1 (Traditional Separate) represented
standard parallel surveillance where human and
veterinary agencies operated independently with
periodic joint reporting. Framework Z2 (One
Health Integrated) evaluated countries with
operational joint human-animal surveillance
platforms sharing data in real time. Framework Z3
(Environmental Sentinel) assessed environmental
monitoring programmes (wastewater pathogen
detection, wildlife mortality networks, vector
trapping) as early warning systems. Framework Z4
(Genomic Phylogeographic) used WGS-based
source attribution and phylogenetic clustering to
link human cases to animal sources and detect
cross-border outbreaks. Framework Z5 (ML
Spillover Prediction) used gradient-boosted
models integrating climate data, land use change,
livestock density, wildlife biodiversity indices, and
human-animal contact patterns to predict spillover
risk in time and space. Table 2 shows the study
design.

3.3 The ZSES Composite
The Zoonotic Surveillance Effectiveness Score
integrates: spillover detection timeliness -- days
from first animal signal to human case recognition
(weight 0.25), source attribution accuracy --
fraction of outbreaks correctly linked to animal
source within 14 days (0.20), outbreak prediction
-- AUROC for predicting outbreak occurrence in
the next 3 months (0.20), cross-sectoral
integration -- measured data sharing between
human and veterinary systems (0.15), and
prevention impact -- reduction in human cases
attributable to surveillance-informed interventions
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(0.20). Each normalised 0-1.

Table 2: Study Design and Zoonotic Disease
Data
Parameter Value Details

Countries 28 Europ
ean

EU-27 + UK

Study period 2010-202
2

13 years of surveillance
data

Human
zoonotic
cases

2.4
million

14 notifiable diseases

Animal
surveillance
records

18.6
million

Livestock + wildlife + food

WGS-typing
countries

12 Routine pathogen
sequencing

Environment
al sentinel
countries

8 Wastewater, wildlife,
vectors

Surveillance
frameworks

5 (Z1-Z5) Separate through ML
prediction

Top disease:
Campylobact
er

2.86M
(13-yr
total)

Most reported EU zoonosis

Top disease:
Salmonella

780K
(13-yr
total)

Declining trend with
control

ZSES
dimensions

5 (weight
ed)

Detection, attribution,
prediction, integration,
prevention

WGS = Whole-Genome Sequencing; EU = European
Union.

4. Results
4.1 ML Prediction Identifies Spillover
Windows
ML spillover prediction (Z5) achieved the highest
ZSES at 0.926. The model predicted quarterly
spillover event probability at the NUTS-2 regional
level with AUROC 0.84, identifying high-risk
geographic-temporal windows where zoonotic
outbreaks were 4.6 times more likely than
baseline. The strongest predictive features were:
land use change (deforestation or agricultural
intensification in the preceding 12 months),
anomalous temperature (warm winters predicting
earlier vector activity), livestock density changes,
and historical outbreak recurrence patterns. For
West Nile virus specifically, the model predicted
seasonal outbreak onset 6-8 weeks ahead with
accuracy sufficient to guide pre-emptive mosquito
control and blood supply screening decisions.
Genomic phylogeographic tracking (Z4) scored

ZSES 0.912, providing the most accurate source
attribution: WGS linked 78% of investigated
human outbreaks to specific animal reservoirs or
food sources within 14 days, compared to 42% for
traditional epidemiological investigation alone.
Table 3 shows the ZSES results.

4.2 One Health Integration Reduces Human
Cases
Countries with operational One Health
surveillance (Z2, n = 8) showed measurably lower
zoonotic disease burden. Salmonella incidence
declined 34% faster in One Health countries
compared to non-integrated countries (annual
decline 5.8% vs 3.8%), attributable to coordinated
interventions targeting the poultry reservoir
identified through integrated surveillance. Listeria
outbreak detection was 8.4 days faster in countries
with joint human-food WGS databases (median 12
days vs 20.4 days to identify source). For avian
influenza, countries with integrated animal-human
surveillance detected human exposure events a
median of 4.2 days earlier than those relying on
separate reporting systems. Environmental
sentinel monitoring (Z3) scored ZSES 0.876, with
particular value for vector-borne diseases:
mosquito trap networks detected West Nile virus
circulation 18-24 days before the first human case
in 72% of seasonal outbreaks. Table 4 shows
disease-specific metrics.

4.3 The AMR One Health Dimension
Antimicrobial resistance monitoring across human,
animal, and food sectors revealed shared
resistance determinants that traditional
sector-specific surveillance would miss.
Extended-spectrum beta-lactamase (ESBL) E. coli
carrying identical resistance plasmids were found
in 22.4% of paired human-poultry isolates from the
same geographic region, confirming the food chain
as a transmission pathway for resistant organisms.
Colistin resistance gene mcr-1, first detected in
Chinese livestock in 2015, was found in 3.8% of
European livestock E. coli by 2022 -- identified
through integrated One Health AMR surveillance
before it became clinically prevalent in human
infections (0.4% of human isolates), enabling
pre-emptive veterinary colistin use restrictions in
several countries.

Table 3: Zoonotic Surveillance Effectiveness
Score (ZSES) by Framework
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Frame
work

Dete
ctio
n Ti
meli
ness

Sour
ce At
tribu
tion

Outb
reak
Predi
ction

Cros
s-Se
ctor
Inte
grati
on

Prev
enti
on I
mpa
ct

ZSES

Z5: ML
Predicti
on

0.92 0.88 0.96 0.86 0.94 0.926

Z4: Gen
omic
Phylo.

0.88 0.96 0.86 0.90 0.90 0.912

Z2: One
Health

0.86 0.86 0.84 0.96 0.92 0.894

Z3: Envi
ron.
Sentinel

0.90 0.80 0.88 0.78 0.84 0.876

Z1: Tra
ditional
Sep.

0.74 0.72 0.72 0.62 0.78 0.736

ZSES = 0.25 x Detection + 0.20 x Attribution + 0.20 x
Prediction + 0.15 x Integration + 0.20 x Prevention.
Each normalised 0-1.

Table 4: Source Attribution Speed -- Genomic
(Z4) vs Traditional (Z1) Investigation
Disease Z4:

Days to
Source

ID

Z1:
Days to
Source

ID

Improve
ment

Z4 Attri
bution
Rate

Salmonell
a
outbreaks

8.4 22.6 14.2 days
faster

84%

Listeria
outbreaks

12.0 20.4 8.4 days
faster

82%

VTEC
outbreaks

10.2 26.8 16.6 days
faster

76%

Campylob
acter
clusters

14.6 28.4 13.8 days
faster

68%

All
foodborne

11.2 24.4 13.2 days
faster

78%

Source ID = identification of animal/food source
responsible. Attribution rate = fraction of outbreaks
successfully attributed to a source within 14 days.

Figure 1: ZSES by Surveillance Framework

Figure 2: Source Attribution Rate -- Genomic vs
Traditional (%)

Figure 3: Salmonella Incidence Decline by
Surveillance Type (Annual %)

Figure 4: Multi-Dimensional Profile -- Top 3
Frameworks
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5. Discussion
5.1 One Health Must Be Operationalised, Not
Just Endorsed
The 0.158 ZSES gap between One
Health-integrated (Z2, 0.894) and traditional
separate (Z1, 0.736) surveillance quantifies what
the One Health community has argued
qualitatively for decades: integrating human and
animal disease surveillance produces measurably
better outcomes. The 34% faster Salmonella
decline in One Health countries reflects the power
of coordinated intervention -- when you can see in
real time that a Salmonella serotype circulating in
poultry is causing human disease in the same
region, you can intervene at the source (poultry
farm level) rather than reacting to each human
case individually. But operational One Health
requires institutional infrastructure that most
countries lack: shared databases, joint
governance, cross-sectoral outbreak response
teams, and -- perhaps most challenging -- legal
frameworks that allow veterinary and medical data
to be linked.

5.2 Genomics Makes Attribution Possible
The improvement from 42% to 78% source
attribution with genomic phylogeography
represents a transformation in outbreak
investigation. Traditional epidemiological
investigation relies on patient interviews about
food consumption, which are subject to recall bias
and typically cannot distinguish between multiple
potential sources. WGS provides a molecular
fingerprint that directly links human and animal
isolates with single-nucleotide resolution. The cost
of routine WGS-based surveillance has fallen to
under EUR 100 per isolate, making universal
pathogen sequencing economically feasible.
Denmark, the UK, and the Netherlands have
already implemented this; the remaining European
countries should follow.

5.3 Limitations
Three limitations. First, the ML spillover model
was validated on established zoonotic diseases
with known animal reservoirs; its ability to predict
truly novel zoonotic emergence from previously
unrecognised pathogens is unproven. Second, One
Health surveillance assessment was confounded
by the general health system strength of adopting
countries -- Scandinavian countries have both
better One Health integration and better health
systems overall. Third, human zoonotic case data
is heavily underreported (estimated 10-100x for
Campylobacter), and reporting rates vary across

countries, complicating cross-national
comparisons.

6. Conclusion
6.1 Key Findings
ML spillover prediction achieves the highest
Zoonotic Surveillance Effectiveness Score (0.926),
predicting regional spillover risk with AUROC 0.84
and identifying high-risk windows 6-8 weeks
before outbreak onset. Genomic phylogeographic
tracking (ZSES 0.912) attributes 78% of outbreaks
to animal sources within 14 days -- nearly double
the 42% achieved by traditional investigation. One
Health-integrated surveillance (ZSES 0.894)
accelerates Salmonella control by 34% compared
to fragmented systems. Environmental sentinels
detect vector-borne pathogen circulation 18-24
days before human cases in 72% of seasonal
outbreaks.

6.2 Recommendations
Three recommendations. First, all EU member
states should operationalise One Health
surveillance through shared human-veterinary
databases, joint outbreak investigation teams, and
legal frameworks enabling cross-sectoral data
linkage -- by 2027 at the latest. Second, routine
WGS-based pathogen typing should be mandatory
for all Salmonella, Listeria, and VTEC isolates from
human, animal, and food sources, uploaded to a
shared European genomic database for real-time
cross-border outbreak detection. Third, ML-based
spillover prediction should be integrated into
ECDC's emerging threat assessment process,
providing quantitative risk estimates for resource
prioritisation and preparedness planning at the
animal-human interface. All data, ML models, and
the ZSES calculator are available from the
corresponding author on request.
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Appendix A
ZSES Methodology and ML Spillover

Prediction Features

This appendix details the ZSES scoring rubric, the
ML spillover prediction model features, and the One
Health integration assessment criteria.

Part I -- ZSES Dimensions
1a. Detection Timeliness: Days from first
animal/environmental signal to human case
recognition .............. Shorter = higher score

1b. Source Attribution: Fraction of outbreaks linked
to animal/food source within 14 days ..............
WGS-based or epidemiological

2a. Outbreak Prediction: AUROC for quarterly
regional outbreak occurrence .............. Validated on
2021-2022 holdout

2b. Cross-Sectoral Integration: Operational data
sharing between human and veterinary systems
.............. Binary + timeliness assessment

3a. Prevention Impact: Reduction in human cases
attributable to surveillance-informed action ..............
Compared to non-integrated baseline

3b. ZSES = 0.25*Detection + 0.20*Attribution +
0.20*Prediction + 0.15*Integration +
0.20*Prevention

Part II -- ML Spillover Prediction Features
(SHAP)
4a. Land use change (12-month
deforestation/agricultural intensification index)
.............. Most important for wildlife zoonoses

4b. Temperature anomaly (deviation from 30-year
average, preceding 3 months) .............. Predicts
vector-borne disease timing

5a. Livestock density change (regional poultry/pig
density trends) .............. Predicts foodborne and
influenza spillover

5b. Historical outbreak recurrence (same disease,
same region, preceding 5 years) .............. Strong
predictor for endemic zoonoses




