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Abstract

Purpose: This study present the evolution of the alert generation framework of the Brazil-
ian Wildlife Health Information System (SISS-Geo), a citizen science platform supporting
wildlife health surveillance and zoonosis prevention.

Methods: Three complementary alert strategies were investigated: (i) a rule-based
approach based on predefined expert criteria, (ii) an index-based approach that combines
multiple cluster attributes through multi-objective optimization, and (iii) an anomaly-based
approach that employs unsupervised machine learning to identify atypical spatiotemporal
clusters. The methodologies were evaluated using two real-world case studies. The first
focused on Yellow Fever surveillance using non-human primate records and official data
from the Brazilian Ministry of Health, while the second addressed Avian Influenza surveil-
lance using bird records and outbreak data from the World Organisation for Animal Health
(WOAH).



Results: The findings indicate that the three strategies offer complementary capabilities
for identifying records and clusters of interest, supporting risk assessment, facilitating
detection and early warning in potential health and biodiversity emergencies.
Conclusion: Integrating these strategies can strengthen wildlife disease surveillance by
supporting the prioritization of field investigations and resource allocation. The framework
contributes to scalable, data-driven decision support within the One Health approach.

Keywords: Early warning system, disease surveillance, spatiotemporal clustering, index-based,
anomaly detection

1 Introduction

Early alert systems for zoonotic diseases play a critical role in enabling timely detection and
response to emerging outbreaks, thereby reducing detection delays and strengthening pre-
paredness and response in public health. Zoonoses, defined as infectious diseases naturally
transmitted between vertebrate animals and humans, represent a major and growing threat
to global health. It is estimated that approximately 60% of emerging infectious diseases
(EIDs) are zoonotic, and nearly 72% of these events originate from wildlife reservoirs [1].
This trend is largely driven by pressures resulting from human activities, including land-use
change, urban expansion, globalization, and climate change, which intensify interactions at
the human—animal—environment interface and foster the emergence of pathogens [2].

In this context, enhancing disease surveillance and reporting mechanisms through inno-
vative, data-driven approaches has become imperative. Integrating digital technologies,
analytical methods, and signal detection through community-based surveillance is essential to
build more resilient and proactive surveillance systems capable of anticipating EID threats [3].
These efforts increasingly align with the One Health paradigm, which recognizes the intrinsic
interdependence among human, animal, and environmental health and promotes coordinated
surveillance across these domains [4, 5].

The One Health perspective is especially pertinent in biodiverse countries such as Brazil,
where complex ecological dynamics, extensive wildlife—human interactions, and envi-
ronmental heterogeneity pose significant challenges to zoonotic disease surveillance [6].
Effective early warning systems require the integration of environmental drivers of dis-
ease emergence and heterogeneous epidemiological data, demanding flexible, scalable, and
adaptable surveillance strategies [7, 8].

The need for innovative approaches to enhance surveillance and reporting mechanisms,
integrating technology and community involvement are crucial to build a more resilient and
proactive global defense against EIDs threats [3]. These systems are moving toward a “One
Health” approach, recognizing that the health of humans, animals, and the environment are
interconnected [4, 5]. This integrated perspective is particularly relevant in Brazil, where the
interplay between environmental and epidemiological factors as well as the reliance on health
data demands comprehensive and adaptive strategies for disease surveillance systems [7, 8].

Despite recent advances, significant challenges remain in designing and implementing
wildlife and public health surveillance systems that effectively capture relevant data across



diverse ecological and socio-political contexts [9, 10]. Key knowledge gaps include lim-
ited methodologies of data collection and systems integration, low quality, inconsistent and
fragmented data, limited laboratory infrastructure, and a lack of adoption of emerging tech-
nologies such as artificial intelligence and mobile platforms [11, 12]. These gaps hinder the
capacity to detect zoonotic pathogens early and to understand transmission dynamics com-
prehensively, with consequences including delayed outbreak responses and increased public
health risks [13], contributing to higher morbidity and mortality from zoonotic diseases in
Brazil.

Global public health strategies have emphasized the development of structured systems
for the early detection and response to health threats. Early Warning and Response (EWAR)
systems are designed to support timely action in situations that require analysis, risk assess-
ment, and monitoring of responses to acute public health events and emergencies [14]. In
Brazil, EWAR activities are coordinated through the integration of Indicator-Based Surveil-
lance (IBS) and Event-Based Surveillance (EBS), supported by the National Network of
Strategic Health Surveillance Information Centers (CIEVS). The IBS relies on the system-
atic collection and analysis of structured data from formal health information systems, while
EBS focuses on the rapid detection and assessment of unstructured, informal information
or unconventional data sources, regarding potential public health threats. The CIEVS net-
work, established in accordance with the International Health Regulations (IHR 2005), is a
decentralized network of units distributed across states, municipalities, and strategic regions,
including international borders, operating continuously to support timely detection and coor-
dinated response to public health emergencies [15]. In Brazil, CIEVS are present across
all Brazilian states, with a total of 190 units located in national and regional reference
laboratories, border regions, Indigenous districts, and other strategic areas.

Within the Brazilian EBS framework, surveillance activities include the monitoring of
rumors, unofficial reports, media sources, email notifications, and other informal communi-
cation channels that may indicate unusual epidemiological events or signs of potential public
health emergencies. In this context, participatory platforms such as the Brazilian Wildlife
Health Information System (SISS-Geo) contribute to the EBS ecosystem by incorporating
citizen-generated wildlife observations as potential signals of zoonotic threats, complement-
ing traditional surveillance mechanisms based on formal health notifications and other EBS
strategies.

SISS-Geo [16, 17] is a Brazilian platform developed by the Institutional Platform for
Biodiversity and Wildlife Health (Pibss) at the Oswaldo Cruz Foundation (Fiocruz) to monitor
the health of wild animals in their natural environments. As a citizen science initiative, it
supports both the prevention and control of zoonoses and the conservation of biodiversity. The
records of both dead and alive animals support EBS investigations into causes of death and
potential human influence, while also provide data for monitoring population dynamics. Its
applications are multidimensional: beyond supporting the investigation of events potentially
associated with infectious agents, SISS-Geo also supports the monitoring of pathogens of
public health significance and wildlife movements across ecological corridors, contributing
to the forecasting of disease transmission scenarios, the anticipation of prevention and control
measures, and the conservation and preservation of ecosystems.

Building on this foundation, the alert system within SISS-Geo has been evolving through
successive methodological stages to enhance its ability to detect potential zoonotic threats.



The current stage relies on fixed rules, designed to identify risk situations based on predefined
rules and expert-defined conditions. Although this rule-based approach provided a clear and
transparent framework for initial analyses, it was limited in flexibility and unable to represent
the complex spatial-temporal dynamics that characterize wildlife health data.

To address these limitations, the proposed framework advances toward two data-driven
approaches for alert generation. The first one is an attribute-based index, referred to as the
Z-Alert [18]. This index combines multiple attributes derived from spatiotemporal clusters
to quantify the level of attention associated with each cluster. By weighting and integrating
multiple cluster attributes, the Z-Alert enables finer risk assessments and customizable alert
criteria for specific epidemiological or ecological contexts. This transition from fixed rules to
a continuous index of attention expanded the analytical capacity of the platform, supporting
a more adaptive and evidence-based decision process.

In the second approach, the alert framework incorporates unsupervised anomaly detection
techniques to identify atypical patterns directly from the data [19]. This data-driven approach
operates without predefined labels or expert rules, allowing the detection of unusual events
that may indicate emerging threats. By integrating spatial and temporal dimensions with
machine learning-based anomaly detection, SISS-Geo advances toward a more autonomous
and adaptive tool capable of supporting EWAR in the context of zoonotic disease monitoring.

Taken together, these three methodological stages (rule-based, index-based and anomaly-
based) represent a progressive evolution in the design of alert mechanisms within SISS-Geo,
transitioning from static rule-based detection to adaptive, data-driven intelligence. Each
approach contributes distinct and complementary advances to wildlife health surveillance.
The proposed methodology aims to support wildlife health surveillance by enabling proactive
identification of critical regions and efficient resource prioritization. The main contributions
of this study are as follows:

* The integration of complementary alert strategies within a coherent analytical framework
in SISS-Geo, combining fixed rules, the attribute-based Z-Alert index, and unsupervised
anomaly detection to enhance early detection, support decision-making, and improve
responsiveness to emerging zoonotic threats.

* The comparative evaluation of alert methodologies, assessing their performance, inter-
pretability, and limitations to characterize their respective strengths, limitations, and
complementary roles in identifying areas of concern.

* The advancement of participatory surveillance, reinforcing the role of SISS-Geo as a cit-
izen science platform capable of supporting community-based surveillance strategies by
integrating expert knowledge, environmental data, and machine learning for proactive
wildlife health monitoring.

Together, these contributions establish a conceptual and methodological foundation for
the integration of traditional, unconventional, and data-driven surveillance strategies. This
work is structured to facilitate the incorporation of surveillance data, where animal-related
reports are systematically processed to generate different types of alerts. These alerts sup-
port surveillance activities contributing to the EWAR process. The following sections present
related works, followed by the description of SISS-Geo, materials and methods employed,
computational results obtained, and conclusions.



2 Related works

A survey of PubMed, SciELO, Elsevier, Medline, WHO LIS, and the Cochrane Library iden-
tified varying levels of alignment with SISS-Geo’s alert system, particularly in the use of
territorial information for health surveillance.

First, we conducted a search in the aforementioned databases using the descriptors “early
detection of zoonoses through smart alerts”, “early detection of zoonoses by artificial intel-
ligence”, and their Portuguese equivalents, within the time frame from 2005 to 2025. We
then carried out an initial screening of abstracts to select studies that were closest to SISS-
Geo’s scope. Among the selected works, we highlight “The evolution of Kenya’s animal
health surveillance system and its potential for efficient detection of zoonoses” [20], which
directly relates to the SISS-Geo proposal by emphasizing the importance of structured surveil-
lance systems, intersectoral integration, and the One Health approach. Although its focus
is institutional and oriented toward animal-health surveillance, it presents principles such
as systematic data organization, risk-based surveillance, and support for decision-making.
In this review, the authors identified 21 relevant papers and highlighted the use of Epicol-
lect, a mobile technology that allows the creation of forms for data collection, analysis,
and feedback, with data stored on the server of Kenya’s Directorate of Veterinary Services
(DVS). In addition to Epicollect, the study discusses mDharura, a system designed to sup-
port event-based surveillance in which signals from both sectors are collected by community
members and shared across sectors, both implemented within the Kenya Animal Biosurveil-
lance System (KABS) and the Kenya Health Information System (KHIS). This is therefore
similar to the set of tools that make up SISS-Geo, whether through direct public participa-
tion (participatory surveillance) or through the generation of event-based alerts via automatic
email notifications that the platform sends to health authorities based on the analysis of
received reports. These tools are used by veterinarians, researchers, forest rangers, and other
professionals who interact with sick wildlife.

Another study aligned with SISS-Geo is “Modern technologies and solutions to enhance
surveillance and response systems for emerging zoonotic diseases” [3], as it advocates the
use of geoprocessing, geographic information systems, and the integration of environmental,
epidemiological, and territorial data. The study provides a theoretical basis for using georef-
erenced tools to support planning, prioritization of actions, and health risk management. In
this review, the authors provide valuable information on how technological innovations can
be leveraged to prevent, detect, and control outbreaks of emerging zoonotic diseases, and they
point to several technologies and computational solutions that can improve surveillance and
response systems (such as artificial intelligence and machine learning), citing the BlueDot Al
algorithm which, according to the authors, provided an early alert for the COVID-19 outbreak
by analyzing news reports.

The paper “Early warning diagnostics for emerging infectious diseases in develop-
ing into Late-Stage Pandemics” [21] presents a chronological literature review of various
early-detection technologies according to disease progression, from the pre-human phase
(prediction and monitoring in animals) to the late stages of pandemics (large-scale rapid
diagnostics). It emphasizes the need for early warning systems for emerging diseases and
shows that detection delays compromise public-health response. Although its focus is on
diagnostics and laboratory technologies, the proposal indirectly reinforces the role of sys-
tems such as SISS-Geo, which can support anticipatory surveillance strategies by identifying



priority territories for intensified monitoring. The article also cites BlueDot’s Al algorithm
as a promising emerging method for identifying diseases with outbreak potential, but con-
cludes that there is no single technology capable of preventing future pandemics; rather, an
integrated, multi-phase surveillance system is needed, combining environmental prediction,
animal monitoring, population-level analysis (wastewater and air), and rapid diagnostics in
humans.

Conversely, “Transmissibility of emerging viral zoonoses” [22] makes a relevant con-
tribution to biological-risk prioritization through machine-learning models. However, its
application is predominantly biological and predictive, with no direct interface with territorial
management or epidemiological surveillance systems based on georeferenced information,
which limits its practical adherence to the scope of SISS-Geo. In that study, a machine-
learning predictive model was used to identify specific viral species with potential for
human-to-human transmission. The analysis employed gradient-boosted regression trees,
and the normalized relative influence of each predictor variable across the 40 tree mod-
els was calculated using Friedman’s algorithm (the modeling framework was based on
published data/observed viral characteristics—genome segmentation, lipid envelope, among
other attributes).

Complementarily, the review “Innovative applications of artificial intelligence in zoonotic
disease management” [23] broadens the discussion by presenting Al applications in spatial
modeling, outbreak prediction, and integrated data analysis, specifically in epidemiologi-
cal diseases. The article points to possible pathways for the evolution of such systems by
incorporating more advanced analytical layers without undermining their role as a structural
basis for territorial surveillance. The review discusses contact tracing (in short, its goal is
to identify and monitor individuals who may have been in contact with an infected person,
thereby preventing transmission; Al methods can help improve the process and speed it up),
using the COVID-19 pandemic as an example and highlighting the challenge of identify-
ing asymptomatic cases. When an individual is diagnosed with COVID-19, the application
promptly sends automated and anonymous risk notifications to close contacts, accompanied
by a request to self-isolate. The rapid issuance of contact alerts and isolation recommenda-
tions reduced the spread of the pandemic. Another system mentioned in the same study is
COVICT, proposed by Wahid et al., which is a COVID-19 detection and monitoring system
based on the Internet of Things (IoT). It uses real-time personal symptom data and contact
tracing, employing device-to-device (D2D) communication and gradient-boosting algorithms
to determine proximity and contact duration. In addition, the authors argue that the effec-
tiveness of Al-based contact-tracing solutions depends on their widespread adoption and
use.

Finally, the study “Risk predictive models of healthcare-seeking delay among imported
malaria patients” [24] presents a relevant use of Al in the context of clinical epidemiological
surveillance and access to health services. However, its contribution to the scope of SISS-Geo
is limited because it does not address the territorial dimension of health surveillance nor the
planning of regulatory actions. Although it is a relevant study, it focuses heavily on the risk of
delayed care seeking among imported malaria patients in Jiangsu Province, and the authors
point out several limitations: the exclusive use of treatment within 24 hours as the criterion for
delayed treatment, limited sample size, and the lack of external validation of the constructed
model.



The analyzed papers show that the progressive incorporation of Al together with
advanced analytical techniques can enhance georeferenced information systems, strengthen-
ing surveillance as a strategic instrument for preventing and protecting public health. Early
detection of zoonotic diseases can help control outbreak spread and, consequently, reduce the
damage caused. Despite these advances, none of the reviewed studies integrates citizen sci-
ence, wildlife and public health surveillance, spatiotemporal clustering, alert prioritization,
anomaly detection, and integration with official health surveillance systems into a unified
framework.

3 SISS-Geo

The Wildlife Health Information System (SISS-Geo) is a free platform available for smart-
phones and on the web!. Tt enables the monitoring of wildlife health across natural, rural,
and urban environments, supporting the investigation of disease-causing agents that can
affect both humans and animals. As a citizen science initiative, it engages ordinary citizens,
health and environmental professionals, researchers, and specialists to contribute by pro-
viding records, fostering actions for zoonosis prevention, disease control, and biodiversity
conservation in Brazil.

Since its launch in March 2014, SISS-Geo has been downloaded more than 10,000
times from the Google Play Store. By March 2026, it had accumulated over 65,000 records
worldwide, approximately 32,000 of which were taxonomically validated by experts, with
contributions from more than 20,000 users, including citizens, specialists, and institutional
partners. Figure 1 presents the geographic distribution of georeferenced observations recorded
by SISS-Geo until March 2026. Brazil accounts for the highest number of records, but entries
have been registered in over 20 other countries.

SISS-Geo contributes to wildlife health surveillance and zoonosis prevention in multiple
ways. It begins by generating real-time alerts whenever abnormalities in wild animals are
detected. In this scheme, alerts are automatically triggered when predefined conditions are
met. For example, whenever a report of a sick or dead non-human primate (NHP) is submit-
ted to the platform, an email notification is immediately sent to registered health managers,
including the details of the occurrence. This mechanism is simple and ensures rapid commu-
nication of potentially zoonotic events. In practice, this means that dead or diseased NHPs
must be located and reported so that biological samples can be collected and sent for diag-
nosis as quickly as possible, as carcass decomposition can obscure important lesions and
compromise the effectiveness of surveillance.

The system also enhances the flow of information across different sectors. By connecting
citizens, professionals, decision-makers, and researchers, it ensures that knowledge circulates
quickly and efficiently, enabling the identification of priority areas and the implementation of
integrated responses. Monitoring is another essential contribution. With the active participa-
tion of the public, the system collects photos and georeferenced data of wildlife observations
and local features. Experts validate these records, identify the species involved, and provide
the resulting information to health services, environmental agencies, research institutions, and
society. As such, SISS-Geo’s curated records and alerts further enhance the measures against

IThe system is accessible at https://sissgeo.fiocruz.br
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Fig. 1: Geographic distribution of SISS-Geo’s records around the world until March 2026.
Source: SISS-Geo’s Map (https://sissgeo.fiocruz.br/mapaRegistrosInicial. xhtml)

the (re)emergence of zoonoses, supporting strategies and public policies focused on preven-
tion, species management, and biodiversity conservation in Brazil. Table 1 presents the fifteen
most frequently reported animal types in SISS-Geo up to March 2026.

SISS-Geo has become an essential resource for supporting decision-making during major
wildlife health events in Brazil, such as Yellow Fever (YF) outbreaks [25-27]. By accelerating
information dissemination, providing precise geographic data, and facilitating coordinated
response efforts, the platform has significantly strengthened national surveillance capacity.
Building upon this trajectory, a technical note issued by the Brazilian Ministry of Health
(BMoH) in 2025 [28] formally adopted the use of SISS-Geo for registering all reports of sick
or dead NHP for epidemiological surveillance purposes. This official endorsement consoli-
dates the system’s position as an institutional tool for early detection and rapid response to
YF and other zoonotic threats in Brazil.

Tools such as SISS-Geo and the environmental suitability models developed by Fiocruz
Institutional Biodiversity and Health Platform (Pibss) in partnership with the BMoH [29],
play an increasingly important role in anticipating areas of elevated risk, informing vaccina-
tion and surveillance strategies, and supporting the identification of ecological transmission
corridors and enabling more accurate risk prediction. In this context, ongoing efforts to
strengthen surveillance strategies focus on the progressive improvement of the alert system,
through the integration of regional information, aiming to enhance the accurate identification
of risk events and support timely public health responses.
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Table 1: Fifteen most frequently reported animal
types in SISS-Geo until March 2026.

Animal: Type Number of records %
Bird 8626 15.38
Bat 6417 11.44
Monkey 5507 9.82
Marmoset 5178 9.23
Bird: Other 3574 6.37
Other 3168 5.65
Snake/Serpent 2204 3.93
Bird: Bird of Prey 2063 3.68
Bird: Aquatic/Marine 2048 3.65
Bird: Pigeon 1699 3.03
Opossum 1628 2.90
Amphibian 1566 2.79
Bird: Macaw/Parrot/Parakeet 1201 2.14
Dog 1199 2.14
Capybara 931 1.66

4 Materials and Methods

This study explores three approaches for generating early warning alerts within the SISS-
Geo platform. Each method reflects a distinct stage in the evolution of surveillance systems,
ranging from simple rule-based mechanisms to more sophisticated, data-driven techniques.
At present, only the rule-based alert system is operational and routinely used for surveillance
activities. The index-based and anomaly-based approaches have reached research maturity
and are currently undergoing deployment within the platform to improve alert-generation
capabilities. Figure 2 illustrates the conceptual differences between the three alert generation
strategies explored in this study. Each approach represents a distinct mechanism for trans-
forming wildlife observation records into epidemiological alerts, differing in their level of
automation, reliance on prior knowledge, and analytical complexity.

The rule-based approach corresponds to the most straightforward strategy for generating
alerts. In this case, notifications are triggered whenever predefined conditions are satisfied,
such as reports of NHP deaths, sick animals, or confirmed cases of diseases of interest. Other
types of alerts may include the appearance of a specific animal species, threatened with extinc-
tion, or any animal presence in designated areas. These rules are defined by domain experts
and reflect established surveillance protocols by the Brazilian government, commonly used in
public health systems. Although this approach is transparent, easy to implement, and is oper-
ationally useful for rapidly mobilizing the local teams responsible for collecting biological
samples and the subsequent steps of the investigation, it is inherently limited by its depen-
dence on explicitly defined criteria, which may fail to capture emerging patterns that do not
fit predefined rules. In contrast, index- and anomaly-based approaches offer more flexibility
for detecting novel behaviors.

The index-based approach extends this logic by combining multiple attributes from a set
of records (clusters) into a single quantitative measure, indicating the level of attention asso-
ciated with each cluster. Following spatial-temporal clustering of wildlife records, several
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Fig. 2: Conceptual illustration of the three alert generation strategies explored in this study.
The illustration was generated using Canvas.

cluster-level attributes are extracted and integrated through a weighted aggregation process.
The relative importance of these attributes is calibrated using a multi-objective optimization
technique, allowing the alert index to better reflect the defined optimization objectives. Clus-
ters with higher index values represent situations with greater attention and are therefore
recommended to be prioritized for analysis and response by surveillance authorities [18].

Finally, the anomaly-based approach adopts a data-driven perspective by focusing on the
detection of unusual patterns rather than predefined signals. After the clustering and fea-
ture extraction stages, unsupervised machine learning models are applied to identify clusters
that deviate from typical patterns observed in the dataset. Methods such as One-Class Sup-
port Vector Machine, Isolation Forest, and Local Outlier Factor estimate anomaly scores
that indicate how atypical a cluster is relative to the overall distribution of observations.
Clusters identified as anomalies are interpreted as potential early warnings of emerging
epidemiological events [19].

Together, these three approaches form a complementary framework for alert genera-
tion. While rule-based alerts ensure immediate detection of well-known epidemiological
signals, the index-based system enables systematic prioritization of clusters based on multi-
ple attributes, and the anomaly detection models expand surveillance capacity by revealing
unexpected or unknown patterns.

4.1 Rule-based Alert System

The rule-based approach constitutes the initial stage of the SISS-Geo alert system. In this
scheme, alerts are automatically triggered whenever predefined conditions are met, and an
email notification is automatically sent to registered managers, with details of the occurrence.
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Figure 3 presents examples of email notifications sent to health managers, including details
of the reported record and the location of the event.

Yellow Fever, West Nile Virus, and Rabies Alerts

Based on the technical criteria of the Brazilian Ministry of Health
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Fig. 3: Alert generated by the rule-based system, providing information to health manager.
Source: Institutional Platform for Biodiversity and Wildlife Health (Pibss)/Fiocruz.

The rule-based alert system relies on predefined rules that evaluate the characteristics
of each record submitted to the SISS-Geo platform. Each rule represents a specific condi-
tion of interest and is designed to identify records that meet predefined epidemiological or
surveillance criteria. When a new record satisfies the conditions associated with a rule, the
corresponding alert is triggered. A single record may satisfy multiple rules simultaneously,
resulting in the activation of multiple alerts.

The relationship between records, rules, and email notifications is therefore not one-
to-one. A given record can trigger several rules, while each triggered rule can generate
alerts to multiple recipients. This structure allows the same observation to be communicated
simultaneously to different managers, health professionals, specialists, or other stakeholders
according to the purpose and scope of each rule. Figure 4 presents a scheme of the current
rule-based alert system generation.

For example, the registration of a dead bat may satisfy more than one surveillance crite-
rion. The same record may trigger the rule “Alert: Bat, anteater, armadillo, or sloth recorded
in SISS-Geo” and the rule “Alert: Dead or sick bat in the State of Goids”. Each of these
rules may, in turn, be associated with multiple email recipients. Consequently, a single record
can activate multiple rules and can trigger several email notifications, potentially reaching
different stakeholders with an interest in the event.

Despite the SISS-Geo system has been generating alerts since 2019, their systematic mon-
itoring began in April 2024. Between April 2024 and July 2026, SISS-Geo had 334 active
rules. In this period, 48,473 alerts were triggered by 16,055 records, resulting in 114,738
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Fig. 4: Scheme of the rule-based alert system.

emails sent. Figure 5 shows the number of emails triggered for each animal type, while Figure
6 presents the number of records that activated at least one rule for each animal type. It is
interesting to note that, although a larger number of bat-related records activated rules, the
number of emails triggered for monkeys and marmosets is considerably higher than that asso-
ciated with bat-related records. This difference can be explained by Brazil’s long-standing
history of YF surveillance, which has led to more intensive monitoring of NHPs. Particularly
in the context of YF surveillance, all reports of sick or dead NHPs registered in SISS-Geo
must be notified to health authorities. As a result, records involving NHPs can generate a
higher number of email notifications, reflecting the greater relevance of these observations to
ongoing disease surveillance. This high volume of email notifications raises the question of
whether all alerts can be effectively investigated.

Although effective for generating basic alerts and signaling potential risks—including the
possible detection of exotic species—this system provides limited prioritization among trig-
gering alerts and can generate a large volume of notifications. Because all triggering alerts
are treated equivalently, the system does not distinguish their relative level of importance,
which may place a substantial overload on surveillance teams. Consequently, some alerts
may receive delayed attention or remain unassessed, highlighting the need for more selec-
tive strategies to support the prioritization and efficient allocation of surveillance resources,
particularly before the confirmation of zoonotic pathogens.

Nevertheless, these alerts play a fundamental role in surveillance, as they direct field
investigations and the collection of biological material, which provide the basis for generating
subsequent alerts. This feature is particularly important given the integrated and hierarchical
network of the Brazilian Unified Health System (SUS), especially during large-scale events
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Fig. 5: Emails sent by SISS-Geo system per animal type.

affecting multiple territories, as it supports decision-making by government entities regard-
ing the responses to significant health and biodiversity conservation events at the municipal,
regional, and national levels.

To leverage data from the SISS-Geo platform to improve surveillance strategies, two
complementary data-driven frameworks were proposed: the index-based and the anomaly-
based models. Those models are designed to incorporate multiple attributes, capture complex
patterns in the data, and generate more prioritized alerts to support decision-making and
the sensitivity of epidemiological surveillance in detecting signs of potential emergencies
involving biodiversity and public health.

4.2 Data-driven Alert Systems

The index-based and the anomaly-based models rely on a common initial pipeline that ensures
data consistency and enables the identification of meaningful epidemiological patterns. This
pipeline comprises two essential steps: (i) collection and preprocessing of records from
the SISS-Geo platform, and (ii) performing spatial-temporal clustering on the preprocessed
records to generate cluster-level attributes, thereby enabling the detection of health-related
phenomena. These steps serve as the basis upon which each methodology builds its alert-
generation logic, enabling more robust and interpretable epidemiological insights. The
following subsections describe these steps in detail.
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Fig. 6: Records that triggered alerts per animal type.

4.2.1 Data preprocessing and Clustering

A. Data collection

For both models, the first step involves the collection and preprocessing of SISS-Geo’s
data. This step is essential for clustering the records and extracting cluster attributes to support
subsequent analyses.

Table 2 presents the data collected from the SISS-Geo platform. The selection of these
attributes was guided by their relevance to the data-driven approaches. Spatial descriptors
(longitude, latitude, location source, and precision) enable the structuring of spatial clusters
and the identification of geographic patterns. Temporal and contextual record information
supports the characterization of event dynamics, while record status attributes ensure data reli-
ability and quality control. Animal-related fields (type, observed quantity, situation, behavior,
physical condition, and cause of death) provide biologically and epidemiologically mean-
ingful signals associated with abnormal morbidity and mortality patterns. Finally, the final
classification fields (disease and classification) offer a validated reference layer for validation,
and performance assessment. Together, these attributes support the development of a general-
izable alert index and the detection of statistically and epidemiologically relevant anomalies
across different zoonotic and environmental health surveillance contexts.

Although the public SISS-Geo interface provides access to a limited subset of the data,
such as location, date, and animal species, the full dataset used in this study contains addi-
tional information, including disease outcomes, and confirmed cases, accessible only to
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Table 2: Data collected from SISS-Geo’s platform.

Field Descriptor field

Record Identifier, Longitude, Latitude, Observation date, State, Municipality, Source of location
and Precision.

Record status “Checking with experts” (records verified by the SISS-Geo internal team and awaiting

validation by a taxonomist), “Audited” (records verified by the SISS-Geo internal team),
and “Valid” (records validated and approved by taxonomist).

Animal Identifier, Type, Observed quantity, Animal condition (alive or dead), and Behavior (if
alive, normal or sick).

Final classification ~ Disease (disease under investigation) and Classification (positive or negative for the tested
disease).

authorized institutional users due to legal and privacy constraints.

B. Spatiotemporal Clustering

The clustering stage was applied in both the index-based and anomaly-based frameworks.
Clustering techniques group data with shared characteristics, enabling the identification of
instances that likely belong to the same phenomenon. For dynamic processes, such as disease
outbreaks, records often exhibit spatial and temporal patterns [27]. Clustering therefore helps
to identify groups of records that follow similar dynamics, supporting a more refined analysis
of disease spread.

Clustering of SISS-Geo records was performed using the DBSCAN algorithm [30, 31],
due to its ability to identify clusters of arbitrary shape, handle noise, and the relatively small
number of parameters required for configuration. A spatio-temporal formulation with a pre-
computed distance matrix was adopted, combining spatial and temporal components under
user-defined constraints. It allows DBSCAN to identify meaningful clusters that reflect the
dynamics of disease occurrence while preserving the integrity of isolated but relevant records.
Detailed descriptions of construction and normalization of the spatial and temporal distance
matrices are provided in [18, 19].

To illustrate the clustering stage, Figure 7 shows two clusters generated from tur-
tle records in SISS-Geo platform using different spatial-temporal parameters. The selected
parameter values were chosen solely to illustrate the behavior of the clustering algorithm
under different configurations and should not be interpreted as biologically or epidemiolog-
ically meaningful thresholds. In 7a clusters were obtained with a maximum spatial distance
of 1 km and temporal limit of 30 days, while in 7b a distance of 500 m with temporal limit of
10 days were used as threshold. Each polygon represents a cluster, and red triangles represent
unit clusters (noise) corresponding to records that did not meet the minimum density required
to form a cluster.

As the spatial and temporal thresholds are reduced, a larger number of records fail to
meet the minimum density criteria, resulting in an increased number of unit clusters and
more fragmented groupings. This effect reflects a stricter clustering condition, in which
only records that are closer in both space and time are grouped. However, it is important
to note that these thresholds are applied for pairs of points, meaning that clusters are not
strictly bounded by the initial limits. Through a chaining effect, records can be connected via
intermediate points, for example, if record A is close to B, and B is close to C, all three may
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belong to the same cluster even if A and C are distant in space and time. This property allows
DBSCAN to capture the continuity of spatiotemporal patterns, enabling the identification of
clusters that reflect the spread or persistence of epidemiological events while maintaining
sensitivity to emerging or isolated signals.
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Fig. 7: lllustrative examples of clusters formed by DBSCAN.

C. Cluster characterization

After the clustering step, each cluster is enriched with complementary information that
serves as the foundation for building the data-driven alerts. The set of extracted attributes,
summarized in Table 3, captures different perspectives of the phenomenon under study,
including epidemiological patterns (e.g., number of dead animals, frequency of reports), tem-
poral dynamics (e.g., how concentrated or dispersed the events are in time), and spatial
characteristics (e.g., the geographic extension of the cluster). By combining these attributes,
the characterization process transforms raw groupings of records into structured units of
analysis that can be meaningfully compared.

After this enrichment stage, the clusters become suitable for further analysis using the two
complementary data-driven methodologies. The index-based model relies on the extracted
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Table 3: New attributes extracted from clustering.

Attribute Description

n_death Number of dead animals.

n_animal Total number of animals involved; sum of live, sick and dead animals.
ini_date Cluster start date, corresponding to the oldest record.

end_date Cluster end date, corresponding to the most recent record.

interval Time interval (in days); difference between the dates of the earliest and most recent records.
n_rec Number of records.

freqrec Frequency of records; number of records divided by interval.

freq-death Frequency of dead animals; number of dead animals divided by interval.
freq.animal  Frequency of total animals; number of animals involved divided by interval.
perc_death Percentage of dead animals; number of dead animals divided by n_animal.
extention Maximum distance between all points in the cluster.

n_conf Number of animals confirmed to have a disease of interest.

geocode Cluster geocode.

attributes to construct an alert index, allowing clusters to be ranked according to their rele-
vance, whereas the anomaly-based approach applies machine learning techniques to detect
unusual patterns in the data that may indicate early signs of risk. These two techniques are
presented in the following subsections.

4.2.2 Index-based Alert System

The Multi-Attribute Zoonotic Alert Index (Z-Alert) [18], represents an advancement over
rule-based alerts by integrating clustering analysis with multi-objective optimization. In this
approach, the spatial and temporal clustering is first performed and then a set of attributes is
extracted, capturing epidemiological, temporal, and spatial dimensions.

To transform these attributes into a single, interpretable measure, a multi-objective opti-
mization procedure is applied. This optimization assigns weights to the attributes in a way
that maximizes the mean alert score of critical clusters (clusters with confirmed cases of dis-
ease) while minimizing their variance, ensuring both sensitivity and stability of the indicator.
The aim is not to optimize a generic mathematical function, but to calibrate the relative impor-
tance (weights) of cluster attributes so that the resulting index better reflects epidemiological
relevance.

As a result, each cluster is assigned a continuous alert score, the Z-Alert index, which
represents its level of attention. Rather than predicting the occurrence of a specific disease,
the index is designed to prioritize clusters according to their relevance, identifying those
that may warrant closer monitoring or further investigation. Its utility is particularly rele-
vant when a high level of attention is assigned to a cluster before disease confirmation is
available, as this may support the early prioritization of surveillance and investigative efforts.
When the alert follows a confirmed diagnosis, the index can still support the prioritization
and characterization of relevant events.

Once the index has been constructed, the next step is to establish how it should be
interpreted in practice. The threshold level parameter directly affects the number of alerts
generated and ensures that only the most relevant situations are reported to the manager. It
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establishes a threshold criticality used to determine which clusters generate alerts. Proper cal-
ibration of the threshold level reduces the risk of overreacting to low-risk events while still
capturing emerging patterns that might not be evident from individual reports.

A detailed description of the methodology is presented in [18], providing a comprehen-
sive view of each step. Figure 8 illustrates such approach. To summarize, the index-based alert
system provides health managers with a clear and interpretable way to prioritize alerts associ-
ated to clusters. By transforming raw surveillance data into a continuous score and allowing
thresholds to be adjusted to local contexts, it ensures that decision-making is both flexible
and grounded in epidemiological evidence. This methodology strengthens the ability to focus
resources where they are most needed, offering a transparent and systematic framework for
public health action.
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Fig. 8: The Z-Alert Index approach. The illustration was generated using an Al-assisted tool
and subsequently refined by the authors.

4.2.3 Anomaly-based Alert System

The anomaly-based approach [19] aims to enhance surveillance by identifying atypical clus-
ters without requiring predefined rules or disease-specific calibration. Following the same
spatiotemporal clustering and feature extraction steps used in the index-based approach,
unsupervised machine learning models are applied to the resulting cluster-level attributes.
Unlike the index-based approach, which is calibrated using clusters associated with con-
firmed cases of the disease of interest, anomaly detection does not require disease-specific
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reference data to identify unusual patterns. Instead, it learns the distribution of the clus-
ter attributes directly from the available data. This reduces dependence on confirmed cases,
which may be scarce or unavailable, and allows the approach to identify atypical patterns that
are not necessarily represented in previously characterized disease events.

The number of clusters flagged as anomalous is controlled by the contamination rate
parameter, which specifies the expected proportion of anomalies in the dataset. This parameter
directly affects the number of alerts generated and therefore plays a role analogous to the
threshold level in the index-based approach. Its calibration is important for controlling the
trade-off between detecting unusual patterns and limiting the number of potentially spurious
alerts.

When integrated with the rule-based and the index-based alert systems, the anomaly-
based approach provides a complementary data-driven perspective, contributing to a more
proactive, flexible and comprehensive public health response. A detailed illustration of the
methodology is given in Figure 9.
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5 Case Studies

5.1 Epidemiological Scenarios and Datasets

SISS-Geo has evolved into a broader wildlife health surveillance platform, supporting the
monitoring of multiple zoonotic diseases nationwide. To evaluate the proposed alert genera-
tion strategies, two case studies were conducted using real data collected from the SISS-Geo
platform, each addressing a different epidemiological context and animal group.

As SISS-Geo was originally developed to support the surveillance of NHPs in the context
of endemic YF in Brazil, the first case study focuses on NHP records as potential signals of
YF circulation. In this case study, the rule-based, index-based, and anomaly-based approaches
were applied to a set of NHP records. The index-based and anomaly-based methods used
the same spatiotemporal clusters and cluster-level attributes, ensuring that their results could
be compared under identical spatial and temporal criteria. The results were validated by
comparing them with official YF records from the Brazilian Ministry of Health (BMoH)
dataset. In addition to evaluating their ability to identify clusters associated with YF-related
events, the approaches were compared in terms of the number of alerts generated, providing
a complementary assessment of their alerting behavior and degree of selectivity.

The second case study focuses on bird records in the context of avian influenza (Al)
surveillance. Unlike the YF scenario, in which SISS-Geo supports the Brazilian public health
surveillance system, Al surveillance in Brazil is primarily under the responsibility of the Min-
istry of Agriculture and Livestock (MAPA), and SISS-Geo is not currently part of the official
Al surveillance system. Although SISS-Geo includes fixed-rule alerts for other diseases of
interest, such as West Nile virus, it does not currently provide dedicated surveillance support
for AL

As SISS-Geo contains a limited number of confirmed Al cases that could be used to
calibrate the Z-Alert index, the index-based alert could not be constructed for this sce-
nario. Instead, only the anomaly-based approach was applied to identify atypical patterns
in bird-related observations. This scenario was therefore selected not only to evaluate the
anomaly-based approach in a setting with limited disease-confirmed data, but also to explore
the potential of SISS-Geo as a complementary source of information for wildlife disease
surveillance. In particular, the analysis investigates whether unsupervised models can identify
atypical spatial and temporal patterns in bird observations that may be relevant to diseases
not currently covered by the platform’s surveillance framework.

To provide an external reference for evaluating the anomaly-based alerts, SISS-Geo
records were compared with confirmed Al cases reported by the World Organisation for Ani-
mal Health (WOAH). The WOAH data were not used for model training; rather, they served
as an independent reference to assess whether clusters flagged by the anomaly-based approach
showed spatial and temporal correspondence with confirmed Al cases.

In both case studies, the data consist of georeferenced wildlife observations reported by
users of the SISS-Geo platform, including information on species, number of individuals,
and health condition (e.g., alive, sick, or dead). For the data-driven approaches, the records
were preprocessed to ensure data quality and subsequently grouped into clusters using the
spatiotemporal clustering procedure, as described in Subsection 4.2.1. These clusters form
the basis for the application and comparison of the data-driven alert generation strategies.
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5.2 Case Study 1: Yellow Fever surveillance

In these experiments, the approaches were validated using NHP records, specifically monkeys
and marmosets, from SISS-Geo covering the period from 01 January 2025 to 31 December
2025.

5.2.1 Comparison of cluster identification strategies

We first analyze the performance of index-based and anomaly-based approaches to evaluate
their ability in identifying clusters associated with YF-related events. Data for these analyses
were extracted from SISS-Geo on 26 June 2026, considering the fields described in Table
2, resulting in 2,297 wildlife records. After filtering the records to retain only observations
acquired via GPS or with coordinates explicitly provided by the user, and with a maximum
positional uncertainty of 100 m, 1,401 records remain for analysis.

Using a spatial limit of 1 km and a temporal limit of 30 days, the clustering phase resulted
in 1,037 clusters. Among those, 848 were unit clusters, accounting for approximately 81%
of the total. Because unit clusters provide limited spatial-temporal context on the analyzed
attributes compared to clusters with multiple records, the two approaches were evaluated
only for non-unit clusters whose municipalities and event periods matched the corresponding
information in the BMoH database. We used a 30-day validation window to confirm an alert.
After this filtering, 66 clusters containing 174 records remained for evaluation.

For calibrating the alert index parameters and training the unsupervised anomaly detec-
tion models, we used historical data covering the period from 5 May 2014 to 31 December
2024, as described in previous works [18, 19]. The records from 2025 were then used as an
independent dataset to assess the performance of both approaches on unseen data.

To assess the performance of the approaches by comparing the generated alerts with the
observed occurrence of YF cases, we classified the results into four categories: True Positive
(TP), when the system generates an alert and the corresponding municipality has a confirmed
YF case within the same period; False Negative (FN), when the system does not generate an
alert but the corresponding municipality has a confirmed YF case within the same period;
False Positive (FP), when the system generates an alert but the corresponding municipality
has no confirmed YF cases within the same period; and True Negative (TN), when the system
does not generate an alert and the corresponding municipality also has no confirmed YF cases
within the same period.

Based on this classification, Figures 10 and 11 present the performance metrics (pre-
cision, sensitivity, specificity, F1 score and accuracy) obtained for the index-based and
anomaly-based approaches under different threshold levels TL (0.8,0.95, and 0.99) and con-
tamination rate n (0.5,0.3, and 0.1), respectively. We also present the number of alerts
(Alert) and detected anomalies (Anom.) for each method. For the index-based approach, we
report the solution that provided the best balance among the optimization objectives, and for
the anomaly-based approach, we present the results for three anomaly detection methods:
One-Class SVM (OCSVM), Isolation Forest (IF), and Local Outlier Factor (LOF).

In Figure 10, the results show a consistent trade-off between sensitivity and specificity
as the alert selection criteria become more restrictive. For the index-based approach, increas-
ing the threshold from T'L = 0.8 to T'L = 0.99 reduced the number of alerts from 47 to 3
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and the number of true positives from 26 to 2. At the same time, the number of false nega-
tives increased from 10 to 34, resulting in a decrease in sensitivity from 0.72 to 0.06. This
increase in missed alerts is particularly relevant in wildlife disease surveillance, where failing
to detect a condition associated with an emerging event may have consequences not only for
wildlife populations and the environment, but also for human health. The intermediate thresh-
old (T'L = 0.95) provided a different balance, with 21 alerts, the highest precision (0.76), and
a specificity of 0.83. The T'L = 0.8 configuration yielded the highest sensitivity (0.72) and
Fl-score (0.63), whereas T'L = 0.95 resulted in the highest accuracy (0.62). These results
indicate that the threshold directly influences the selectivity of the alert system, with lower
thresholds favoring the identification of a larger proportion of municipalities associated with
confirmed YF cases, while higher thresholds substantially reduce the number of alerts and
increase the number of false negatives.

A similar pattern was observed in Figure 11 for the anomaly-based approaches as the
contamination parameter 1 decreased. For all three algorithms, reducing 7 resulted in fewer
detected anomalies and higher specificity, but also substantially lower sensitivity. For exam-
ple, in OCSVM, the number of anomalies decreased from 29 to 4 as n decreased from 0.5
to 0.1, while sensitivity decreased from 0.50 to 0.06 and specificity increased from 0.63 to
0.93. The same trend was observed for IF and LOF. Among the anomaly-based configura-
tions, n = 0.5 consistently resulted in the highest F1-score for each algorithm, with values
of 0.55, 0.63, and 0.58 for OCSVM, IF, and LOF, respectively. These results suggest that
TL and n act as mechanisms for controlling the selectivity of the alert generation process.
In the context of wildlife disease surveillance, this flexibility may allow the approaches to
be configured according to the intended surveillance objective, balancing the identification of
potentially relevant events against the volume of alerts requiring subsequent investigation.
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5.2.2 Comparison of alert generation strategies

In this section, we evaluate the three approaches by comparing the number of alerts generated
in order to assess their alerting behavior and degree of selectivity. To compare the number of
records associated with alerts generated by each method, we used a Venn diagram showing
the number of records involved in the alerts triggered by the three approaches.

For the rule-based system, we used a database of logs generated from email notifications
sent during the study period. This dataset was then filtered by animal type to retain only
alerts associated with records involving NHPs. The resulting dataset comprised 12,869 alerts
triggered by 2,715 records, generating a total of 32,362 emails sent.

For the index-based approach, we selected the clusters that generated alerts at a threshold
level of T, = 0.8, resulting in 47 clusters containing 128 records. For the anomaly-based
approach, we selected the anomalous clusters identified by the three anomaly detection meth-
ods using a contamination level of n = 0.5. This resulted in 19 clusters comprising 71
records.

The overlap among the records involved in alerts generated by the three approaches is
shown in Figure 12. The rule-based approach involved the largest number of records (2,715),
with 2,592 records (95.5%) being unique to this approach. In contrast, only 1 record was
unique to the index-based approach, while 18 records were unique to the anomaly-based
approach. Forty-three records were identified by all three approaches, indicating a common
subset of events consistently flagged regardless of the alerting strategy.

The index-based and anomaly-based approaches shared 50 records, including the 43
records also identified by the rule-based system. The index-based approach shared 120
records with the rule-based approach, whereas the anomaly-based approach shared 46 records
with the rule-based system. Overall, the three approaches involved 2,741 distinct records,
with the large majority associated exclusively with the rule-based system.

The overlap observed among the three approaches highlights their complementary behav-
ior. While the rule-based system identifies a broad set of records according to predefined
surveillance criteria, the index-based and anomaly-based approaches provide more selective
mechanisms for highlighting subsets of records based on their attributes and patterns. The
fact that each approach also identifies records that are not selected by the others suggests
that combining these strategies may increase the diversity of events brought to the attention
of surveillance teams. Rather than representing competing alternatives, the three approaches
can therefore be viewed as complementary mechanisms that operate at different levels of
selectivity and may jointly support a more comprehensive surveillance process.

An additional analysis of the records identified exclusively by the index-based and
anomaly-based approaches provided further evidence of their complementary behavior. The
records unique to these approaches corresponded to observations of live NHPs with normal
behavior, and therefore would not be expected to trigger rules based on reports of sick or dead
animals. Nevertheless, the sole record identified exclusively by the index-based approach and
8 of the 18 records identified exclusively by the anomaly-based approach coincided with con-
firmed YF cases reported in the BMoH database within the 30 day-window following the
initial observation. Thus, although these records did not present characteristics that would
directly trigger the rule-based system, their inclusion in clusters identified by the index-based
or anomaly-based approaches indicates that they occurred in temporal contexts associated
with confirmed YF events.
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Fig. 12: Venn diagram showing the number of records involved in the alerts triggered by the
three approaches.

This finding highlights an important distinction between the approaches. The rule-based
system primarily evaluates individual records against predefined conditions, whereas the
index-based and anomaly-based approaches consider records jointly within spatial and tem-
poral clusters. Consequently, a record involving a live animal with no reported abnormal
behavior may still contribute to a cluster whose overall characteristics warrant increased
attention. In this sense, the proposed approaches do not replace rule-based alerts but can
complement them by identifying patterns that are not necessarily detectable from the
characteristics of an individual record alone.

5.3 Case Study 2: Avian Influenza surveillance

In contrast to the YF scenario, the surveillance of avian influenza presents additional chal-
lenges due to the limited availability of confirmed cases within the SISS-Geo dataset. During
the data export period of the experiment, there was only one confirmed case. As a result, the
index-based approach could not be reliably applied, and the analysis relied exclusively on
anomaly detection methods to identify atypical patterns in bird-related observations.

In this study [32], we analyzed bird records from the SISS-Geo platform using the
anomaly-based approach, and compared the results with official data on Al outbreaks pro-
vided by the WOAH [33], between October 2020 and June 2025. Avian influenza is a highly
contagious viral zoonosis with a high mutation rate and has the ability to adapt to new
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hosts, making early detection essential to prevent its spread to commercial poultry farms and
mitigate economic and food security risks [34]. Figures 13a and 13b illustrate the spatial dis-
tribution of 1,171 outbreaks (red points) aggregated into 37 epidemiological events (orange
polygons), according to WOAH.
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Fig. 13: Spatial distribution of H5N1 outbreaks in South America provided by WOAH.

The spatial and temporal thresholds employed in the clustering analysis were empirically
derived from the outbreak grouping structure provided in the WOAH database, also adopted
in Brazil. According to the WOAH Terrestrial Animal Health Code [35], an event is defined
as a single outbreak or a group of epidemiologically related outbreaks associated with the
same disease occurrence, reported from the initial notification through the final report. There-
fore, outbreaks sharing the same report identifier (reportID) are considered epidemiologically
linked by reporting authorities, although no explicit spatial or temporal criteria are specified
by WOAH for this grouping. In this study, these reportIDs were used as reference clusters to
infer the typical spatial and temporal extent of epidemiologically related outbreaks.

For each reportID, spatial and temporal distances between neighboring outbreaks were
calculated, and the maximum distance observed within each group was extracted. This pro-
cedure generated distributions of cluster-specific maximum spatial and temporal distances.
Since some reportIDs exhibited exceptionally large maximum distances (1372.36 km), poten-
tially reflecting reporting gaps, under-detection of intermediate outbreaks, or other reporting
inconsistencies, the absolute maximum values were considered unsuitable for parameter-
ization. Instead, the median of the cluster-specific maximum distances was adopted as a
robust measure of central tendency. The resulting thresholds (303 km and 17 days) were then
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used as the maximum spatial and temporal criteria in the clustering procedure. Thus, rather
than reproducing an explicit WOAH classification rule, the proposed thresholds represent
an empirical approximation of the spatial and temporal scales commonly observed among
outbreaks considered epidemiologically related within the WOAH reporting system. Using
these parameters, 7,228 SISS-Geo records of birds were grouped into 568 clusters during the
clustering phase. These clusters were subsequently characterized and classified as anomalous
or non-anomalous using three unsupervised models: One-Class SVM (OCSVM), Isolation
Forest (IF), and Local Outlier Factor (LOF).

As illustrated in Figure 14, the anomaly level of each cluster was determined based on the
proportion of unsupervised models that identified it as anomalous. Clusters are represented by
polygons, whereas their associated records are displayed as points. An anomaly level of 0%
corresponds to clusters not identified as anomalous by any model (green polygons and points),
33% corresponds to clusters identified by a single model (yellow polygons and points), and
66% corresponds to clusters identified by two different models (red polygons and points).

A total of 536 clusters were classified as non-anomalous (0%), corresponding to 2,043
records; 25 clusters were classified as anomalous by a single unsupervised model (33%),
totaling 82 records; and 7 clusters were classified as anomalous by two unsupervised models
(66%), comprising 5,103 records. The results indicate a high concentration of records within
anomalous clusters, totaling 5,185 records (71.7%).

A strong spatial association was observed between anomalous clusters and confirmed
avian influenza outbreaks. Approximately 92.7% of the outbreaks (152 cases) were located
near at least one SISS-Geo record, considering the same spatial and temporal limits used for
the clustering stage. It was identified that 77% of the outbreaks (126 cases) were associated
with anomalous clusters, while 16% (26 cases) were linked to non-anomalous clusters, and
7% (12 cases) showed no association with SISS-Geo data.

These findings suggest that anomaly detection methods can identify spatiotemporal pat-
terns associated with avian influenza outbreaks, even in scenarios with limited labeled data,
since there is a strong correlation between anomalous clusters and outbreaks. The ability to
detect clusters that deviate from expected behavior makes this approach particularly suitable
for emerging diseases or in underreported conditions.

However, it is important to acknowledge certain limitations in the validation process. The
definition of outbreaks provided by WOAH does not fully capture the underlying epidemi-
ological dynamics, which may affect the spatial and temporal alignment between observed
clusters and reported events. Additionally, the low frequency of SISS-Geo records and the
underreporting of causes of death in bird observations may reduce the sensitivity of the
models. Despite these limitations, the results reinforce the potential of anomaly detection
as a valuable tool for supporting avian influenza surveillance, particularly in data-scarce
environments where traditional, label-dependent methods are not feasible.

5.4 Strengths and Limitations

Each alert generation strategy presents inherent limitations when applied in isolation.
Table 4 summarizes the main differences between the alert generation strategies, highlight-
ing their complementary characteristics in terms of interpretability, flexibility, and detection
capabilities.
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Fig. 14: Association of SISS-Geo records into groups and anomaly classification.

Index-based alerts provide a structured representation of levels of attention by integrating
multiple cluster attributes through calibrated weights. However, relying solely on predefined
attributes and calibrated weights, considering clusters with a given disease of interest, may
not capture all relevant signals. Moreover, the optimization procedure depends on the avail-
ability of confirmed disease cases to guide the calibration of attribute weights. When such
information is unavailable or incomplete, the optimization process may become less discrimi-
native, reducing the ability of the index to clearly distinguish between critical and non-critical
clusters.

On the other hand, anomaly detection methods identify atypical patterns directly from
the data without relying on predefined assumptions, providing an additional layer of sensi-
tivity, and helping to detect early warnings. Nevertheless, some detected anomalies may not
correspond to epidemiologically relevant events.
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Table 4: Comparison between rule-based, index-based, and anomaly-based approaches.

Aspect Rule-based Index-based Anomaly-based
Method type Fixed rules Optimization-based Unsupervised  learning-
based
Output Binary alert (alert/no alert)  Continuous alert index  Binary classification
(level of attention) (anomalous vs normal)
Interpretability Highly interpretable and  Explicit contribution of  Model-dependent and less
transparent clusters attributes via  intuitive
weights
Labeled data Not required Requires confirmed cases  Not required

Domain knowledge

Flexibility

Sensitivity to parame-
ters

Detection capability

Risk of false negatives

Operational use

Fully defined by expert
rules

Rules must be manually
updated

Effective for predefined
events

May miss events not cov-
ered by predefined rules

Routine surveillance and
automatic notification.
Supports decision-making

for optimization

Objective functions and
attributes are domain-
driven

Requires recalibration for
new diseases or contexts

Mainly influenced by opti-
mization setup and thresh-
old level

Effective in identifying
known relevant patterns
Increases with  higher

threshold level

Supports prioritization and
decision-making

Relies primarily on data
distribution

Adaptable to different
datasets and diseases

Strongly affected by con-
tamination rate and model
parameters

Effective in detecting
atypical or unexpected
patterns

Increases with lower con-
tamination rates

Supports early warning
and exploratory analysis

To highlight the complementary roles of the proposed alert generation strategies, Table 5
summarizes their main characteristics, benefits, and limitations.

The integration of rule-based, index-based, and anomaly-based alert mechanisms offers
complementary perspectives for identifying records and clusters of interest, supporting risk
assessment and enhancing the robustness, sensitivity, and adaptability of the surveillance sys-
tem. Although these models operate at the record or cluster level, public health managers often
need to interpret their outputs at broader territorial scales, such as municipalities, regions, and
operational areas, where surveillance priorities and interventions are defined. By providing
complementary information to guide this process, such an integrated approach can strengthen
decision-making and support preventive actions before zoonotic pathogens are confirmed,
potentially reducing the time between emergence and response.

30



Table 5: Strengths and limitations of each alert generation strategy.

Alert Strategy

Main Characteristics

Benefits

Limitations

Rule-based

Index-based

Alerts generated from pre-
defined criteria (e.g., animal
deaths and physical symp-
toms).

Alerts generated from a com-
posite index combining mul-
tiple cluster attributes with
calibrated weights.

Simple interpretation, trans-
parent decision rules, and
aligned with established
surveillance protocols.

Combines multiple attributes
into a single quantitative
measure of cluster criticality,
enabling ranking and prioriti-

Limited flexibility. It may fail
to detect unusual or emerging
patterns that fall outside pre-
defined rules.

Depends on selected vari-
ables and calibrated weights,
which require confirmed
cases whose availability may

zation of clusters. depend on the time required
for diagnosis.

May generate alerts that are
not epidemiologically rele-
vant and is sensitive to data
distribution.

Anomaly-
based

Alerts generated by identi-
fying atypical patterns using
unsupervised machine learn-
ing methods.

Detects  unexpected  or
emerging patterns, it is
independent of predefined
assumptions, and supports
the search for complemen-
tary signals.

6 Conclusion

This study presented the evolution and integration of three complementary alert generation
strategies within the SISS-Geo platform for wildlife disease surveillance: rule-based alerts,
index-based, and anomaly-based approaches. Together, these methodologies provide com-
plementary alert strategies that operate under different conditions, temporal scales, disease
contexts, and levels of selectivity. They complement each other and support improved health
surveillance actions.

The rule-based system demonstrated the importance of simple and transparent mecha-
nisms for the rapid communication of known outbreak events. However, the large number of
generated notifications and the absence of a systematic prioritization mechanism highlighted
the limitations of relying exclusively on fixed criteria. To address these issues, the index-based
approach introduced a continuous and interpretable measure of cluster relevance, allowing
clusters (group of records) to be ranked and prioritized according to multiple spatial, tem-
poral, and cluster-level attributes. The results obtained in the YF case study demonstrated
that the Z-Alert index can effectively support surveillance teams by balancing sensitivity and
operational workload through adjustable thresholds.

In parallel, the anomaly-based approach expanded the surveillance capacity by detect-
ing atypical patterns directly from the data without depending on predefined assumptions or
labeled datasets. The experiments conducted with YF and avian influenza data showed that
unsupervised models are capable of identifying clusters associated with relevant events, par-
ticularly in scenarios where confirmed cases are scarce or unavailable. The strong spatial
association observed between anomalous bird clusters and official avian influenza outbreaks
reinforces the potential of anomaly detection as a proactive surveillance tool for emerging
diseases.

The comparative analyses demonstrated that each strategy provides distinct and com-
plementary contributions to wildlife health surveillance. Rule-based alerts offer operational
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simplicity and alignment with established protocols; index-based alerts provide structured
prioritization and interpretability; and anomaly detection methods contribute exploratory and
adaptive capabilities for identifying unexpected events. Their integration therefore establishes
a multi-layered surveillance framework that combines expert knowledge, epidemiological
evidence, and machine learning techniques to improve the detection and monitoring of
potential zoonotic threats.

Despite the promising results, some limitations remain. The effectiveness of the index-
based approach depends on the availability of confirmed cases for model’s calibration, while
anomaly detection methods are sensitive to parameter selection and may generate alerts
that are not epidemiologically relevant. Additionally, underreporting and inconsistencies in
wildlife surveillance data may affect model performance. Future work includes the incor-
poration of additional environmental and climatic variables and investigation on models’
parameters, to better understand their impact on the model’s sensitivity. Expanding valida-
tion across different diseases and ecological contexts will also be essential to strengthen the
generalizability of the proposed framework.

This work highlights the potential of integrating traditional surveillance strategies with
intelligent, data-driven approaches to advance wildlife disease monitoring. By combining
rule-based, index-based, and anomaly-based alert mechanisms, the proposed framework pro-
vides complementary information for identifying records and clusters of interest, supporting
the development of more proactive and scalable surveillance systems. Although the opera-
tional benefits of translating model outputs into territorial priorities and management actions
remain to be evaluated, these complementary approaches offer a methodological foundation
for future decision-support tools aimed at guiding surveillance efforts at municipal, regional,
and operational levels. By combining technological innovation with public participation
and citizen science, this framework contributes to strengthening wildlife health surveillance
within the One Health perspective.
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