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Abstract

Brucellosis poses a persistent threat to livestock health in high-altitude pastoral regions of
China, where harsh environments and semi-nomadic grazing increase transmission risk.
Existing surveillance systems rely mainly on periodic serological testing and lack effective
early warning capability. This study proposes an ensemble learning-based early warning
framework integrating veterinary epidemiological indicators with environmental and herd-
movement data. A total of 4826 herd-level records collected over five years (2019-2024)
were analyzed, with an overall positivity rate of 11.4%. Multi-source data, including
serological, clinical, reproductive, vaccination, meteorological, pasture-management, and
herd-movement information (from GPS tracking and structured surveys), were integrated
through epidemiology-guided feature engineering. To address class imbalance and tem-
poral dynamics, Synthetic Minority Over-sampling Technique (SMOTE) resampling and
sliding time-window features were applied. The proposed ensemble model combines
Random Forest, XGBoost, and LightGBM using a soft-voting strategy, with logistic re-
gression as a baseline. Results show that the ensemble model outperforms single models,
achieving an AUC of 0.86 and a PR-AUC of 0.65. After threshold optimization, sensitivity
increased from 0.78 to 0.87. Under field conditions, the system provided herd-level early
warnings with an average lead time of approximately 12 days before confirmed outbreaks,
demonstrating its feasibility and practical value for proactive brucellosis surveillance in
high-altitude pastoral systems.

Keywords: brucellosis; early warning system; ensemble learning; high-altitude pastoral
systems; veterinary epidemiology

1. Introduction

Brucellosis is a widespread zoonotic disease, caused by Brucella bacteria, that has
a devastating impact on global livestock production, public health, and the livelihoods
of livestock farmers [1,2]. Brucellosis causes abortion, stillbirth, infertility, orchitis, and
decreased milk production in ruminants such as cattle, sheep, and yaks [3]. These conse-
quences not only result in economic losses but also lead to long-term instability in livestock
productivity and the sustainability of livestock farming [4].

China has made significant progress in controlling brucellosis through vaccination,
routine serological screening, and veterinary surveillance systems [5,6]. However, bru-
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cellosis continues to recur in pastoral and semi-pastoral areas, exhibiting a regionally
heterogeneous epidemic pattern [7]. High-altitude pastoral areas constitute a unique epi-
demiological context, with environmental pressures, traditional grazing practices, and
livestock movement collectively shaping the dynamics of disease transmission [8].

High-altitude pastoral areas are typically located above 2800 m in altitude, charac-
terized by large diurnal temperature variations, strong ultraviolet radiation, low oxygen
pressure, and seasonal scarcity of pasture [9]. These conditions can cause chronic physiolog-
ical stress in some livestock, thereby impairing their immune function and increasing their
susceptibility to infectious diseases [10]. Furthermore, the prevalence of semi-nomadic
grazing systems leads to frequent mixing of livestock during seasonal migrations, shar-
ing pastures and public water sources, which greatly increases the chances of contact
between livestock from different households [11]. Such ecological stressors and mobility-
driven contacts jointly create a transmission environment that differs substantially from
low-altitude intensive farming systems, highlighting the need for context-specific early
warning approaches.

For the prevention of brucellosis, many pastoral areas use regular serological test-
ing, such as the rose bengal plate test (RBPT) and enzyme-linked immunosorbent assay
(ELISA) [12]. However, these methods are usually performed at fixed intervals and focus
more on identifying existing infections than predicting new risks [13]. Therefore, early
transmission chains may remain undetected until clinical symptoms or abortion surges
occur, at which point control measures are often reactive rather than preventative [14]. In
this study, an “outbreak” is operationally defined as a monitoring-period event in which
the herd-level seropositive rate exceeds the historical baseline by more than two standard
deviations, or when newly confirmed positive cases surpass a predefined administrative
threshold within a quarter. This definition integrates serological dynamics with field
management criteria to ensure consistency with veterinary surveillance practice.

In recent years, advancements in data collection and digital animal health manage-
ment technologies have made disease surveillance more effective [15]. In pastoral areas,
data sources include serological results, clinical records, reproductive performance, vacci-
nation coverage, environmental conditions, and herd movement patterns [15]. Effective
integration of these multi-source data can provide a more comprehensive understanding
of herd health and potential risk factors for brucellosis outbreaks [16]. Machine learning
methods have been widely applied to disease risk prediction, pattern recognition, and
early warning [17,18]. Tree-based models, such as random forests, gradient boosting, and
XGBoost, are well-suited for handling high-dimensional data, nonlinear interactions, and
missing values, making them ideal for analyzing complex pastoral disease systems [19].
Conversely, single algorithms may produce unstable predictions in situations with limited
positive samples and high environmental heterogeneity [20]. Ensemble learning improves
robustness, generalization ability, and predictive stability by combining multiple base
learners [21]. By integrating the complementary strengths of different models, ensemble
frameworks can reduce variance, mitigate model-specific biases, and enhance sensitivity to
weak but meaningful risk signals [22]. This is particularly important for early warning tasks,
as missed detections can have serious epidemiological and economic consequences [23].

Existing veterinary early warning systems have predominantly relied on time-series
anomaly detection, regression-based climatic risk models, or syndromic surveillance frame-
works centered on historical case counts. While these approaches contribute to outbreak
monitoring, most do not explicitly incorporate high-altitude ecological stress indicators or
mobility-derived contact-network proxies. In addition, few frameworks combine ensem-
ble learning with rule-based epidemiological triggering mechanisms that align predictive
outputs with administrative intervention thresholds. As a result, there remains a gap
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between predictive modeling performance and practical field applicability in high-altitude
pastoral settings.

Besides selecting appropriate algorithms, early warning systems for brucellosis also
need to integrate domain knowledge of veterinary epidemiology for specific regional
conditions [24]. In high-altitude pastoral areas, environmental stress indicators, grazing
management practices, and herd contact networks play a significant role in shaping trans-
mission dynamics. Therefore, to improve the interpretability and predictive relevance
of models, it is necessary to integrate epidemiological indicators, climate variables, and
feature engineering based on mobile contact structures [25].

Against this background, the present study proposes a novel ensemble learning-based
early warning framework for brucellosis outbreaks in high-altitude pastoral areas of China.
The framework integrates four complementary components: (1) explicit modeling of high-
altitude ecological stress factors; (2) construction of simplified contact-network proxies
derived from herd mobility patterns; (3) a multi-model ensemble learning architecture to
enhance robustness under class imbalance and environmental heterogeneity; and (4) a
rule-based triggering strategy consistent with operational outbreak definitions. A data-
driven model is constructed by integrating multi-year serological and clinical records with
environmental, pasture management, and herd mobility data to identify high-risk outbreaks
at an early stage. The ensemble structure combines multiple tree-based learners using a
soft-voting strategy and incorporates a sensitivity optimization mechanism tailored to high-
altitude ecological conditions. By systematically combining ecological context, network-
informed features, and ensemble-based prediction, the proposed framework aims to bridge
the gap between data-driven modeling and practical disease control implementation in
high-altitude pastoral regions.

2. Materials and Methods
2.1. Study Area

The pastoral area selected for this study is in the eastern Qinghai-Tibet Plateau in
western China (Figure 1), at an altitude of approximately 2800-4200 m and dominated by
cold-temperate alpine meadows. The region is characterized by a mean annual temperature
of approximately —1 to 3 °C, pronounced diurnal temperature fluctuations, strong ultra-
violet radiation, and low annual precipitation ranging from 350 to 450 mm, resulting in a
harsh ecological environment. Under such conditions, livestock often experience increased
energy expenditure and immune stress during the cold season [26].

Local animal husbandry mainly involves yak and sheep grazing under a semi-nomadic
management system. The livestock population in the study area is dominated by yaks
(approximately 1.2-1.5 million head) and sheep (approximately 2.0-2.5 million head), with
a smaller number of cattle (less than 0.3 million head). Herds migrate seasonally between
summer and winter pastures, leading to frequent inter-herd contact and mixing among
animals from different households. Wild ungulates, such as Tibetan gazelle and blue sheep,
are also present in the region and may serve as potential natural reservoirs or spillover
hosts of Brucella, which, combined with the highly mobile and open grazing system, creates
favorable conditions for the transmission of brucellosis [27].

Combined with historical monitoring data from local animal health supervision de-
partments, brucellosis in cattle and sheep populations in this region tends to show a
sporadic or periodically increasing trend, with the positivity rate typically influenced by
seasonal changes, reproductive cycles, and the frequency of introduction of new breeds.
Although the ranch mainly relies on grassroots veterinary stations for annual routine RBPT
and ELISA testing, the existing monitoring system is still primarily based on periodic
screening and lacks an early warning mechanism supported by real-time data, making it
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difficult to identify hidden transmission chains early. Based on this situation, this region is
both typical and has practical application value in conducting early warning research for
brucellosis outbreaks.
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Figure 1. Plateau pastoral study area map.

2.2. Data Sources
2.2.1. Serological and Clinical Data

The research team collaborated closely with local animal health supervision depart-
ments and partner farms to collect monitoring data spanning a five-year period from July
2019 to June 2024. This data primarily covers serological test results, clinical symptom
records, herd reproduction information, and vaccination records and compliance status.

An overview of the main data categories, variables, and sources is summarized in
Table 1 to provide a clear description of the data structure used in this study. Serological
test data includes sample numbers, testing times, and positive/negative results for RBPT
and indirect ELISA [28]. Clinical symptom records cover major manifestations related
to brucellosis, such as abortion, stillbirth, arthritis, orchitis, and mastitis [1]. Herd repro-
duction information includes the number of breeding females, mating season, pregnancy
rate, and parturition status. Vaccination data includes selective vaccination status, vaccine
batches, and vaccination coverage. To ensure data integrity and analyzability, this data was
entered quarterly by farm veterinarians and township animal disease control personnel
and then compiled by the research team into a structured database for subsequent analysis.

2.2.2. Environmental and Pasture-Management Data

To comprehensively assess the potential impact of high-altitude environments on
brucellosis outbreaks, this study collected multidimensional environmental and production
management data from national meteorological stations and portable monitoring devices.
Meteorological data included altitude, temperature, humidity, precipitation, and wind
speed. Relevant variables used in the analysis are shown in Table 1.

In addition, core serological, clinical, reproductive, and vaccination-related indicators
were incorporated into the same variable system to ensure consistency between data sources
and model inputs. In this study, the basic prediction unit was defined as “ranch-month.”
All serological, clinical, environmental, and herd mobility variables were aggregated on a
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monthly basis for each ranch. Environmental and management variables were temporally

aligned to the same month as the outcome label. Lagged variables were constructed using

historical observations preceding the target month to ensure proper temporal causality

and prevent information leakage. Pasture condition records included changes in grassland

quality, grazing intensity, and seasonal forage availability. Records of introduced and

mixed herds covered the introduction time, origin, quarantine status, and contact with

existing herds for each new introduction. Routine management practices included barn

disinfection frequency, mating management patterns, and herd isolation strategies. These

environmental data, combined with production records provided by pasture managers, can

be used to construct variables reflecting risk characteristics, thus providing a foundation

for subsequent analysis.

Table 1. Data sources and variable definitions.

Variabl . . -
arabre Variable Name Unit Type Description Data Source
Category
. e Proportion of animals . .
Serological Seropositivity rate o Contintous testing positive in routine Veterinary station
Indicators (RBPT/ELISA) ° &P . records
screening
Clinical Suspected clinical Proportion of animals
. P % Continuous showing brucellosis-like Field clinical reports
Indicators case rate
symptoms
N Difference between required
Vaccination coverage o . A - .
a Yo Continuous and actual vaccination Vaccination registry
Vaccination &P coverage
Indicators o Proportion of herds .
Vaccination o . . . Local veterinary
. %o Continuous vaccinated according to .
compliance rate authority
schedule
. . Total number of livestock on Local animal
Ranch size herd Continuous
each ranch husbandry bureau
Number of distinct livestock
Pasture Basic Number of herds count Continuous groups managed on the Ranch records
Information ranch
. Percentage of newly
Introméf;?? record Y% Continuous introduced animals with Ranch archives
Y complete origin information
Daily minimum .
- . Regional
Minimum o . temperature reflecting .
C Continuous - meteorological
. temperature cold-season survival .
Meteorological - station
Variabl conditions
anables Annual count of days with Regional
Number of snowfall . . . .
davs days Continuous snowfall affecting animal meteorological
y movement station
Proportion of pregnant . .
. . . p Vet tat
Abortion rate Yo Continuous animals that experienced ¢ erf;igf dssa on
Animal Health abortion
Indicators . Rate of reproductive . .
Ab 1 lamb . . Vet tat
norma fambing % Continuous disorders related to etermary station
rate . ) records
infection
Mixed-flock grazing times/week Contintous Frequency of shared grazing Household
. frequency among multiple herds management survey
Grazing & . - L .
Disinfection . . Number of disinfection Ranch management
Management ¢ times/month  Continuous .
requency operations performed logs
Factors Feed-point . . Degree of winter-feeding . .
index Continuous Field observation

concentration index

aggregation
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2.2.3. Herd Movement and Contact Network Data

Seasonal migration in high-altitude pastoral areas plays a crucial role in the spread of
brucellosis. Therefore, this study obtained herd movement information through manual
surveys and GPS collar devices. Manual survey records, provided by herders, mainly
included migration routes, dwell time, and contact with neighboring herds. GPS collars
were installed on livestock in some demonstration ranches to track daily movement and
contact density. Movement-related indicators and management-related proxy variables
incorporated into the contact network analysis are also summarized in Table 1. After pre-
processing, this data can be used to analyze the frequency of contact between animals and
potential transmission chains, thus providing crucial support for establishing brucellosis
outbreak models.

Missing data rates across variables ranged from 2.3% to 7.8%, primarily due to in-
complete environmental recordings or delayed herd reporting. Variables with missingness
below 5% were imputed using median values (continuous variables) or mode values (cat-
egorical variables). For variables with 5-10% missingness, K-nearest neighbor (KNN)
imputation (k = 5) was applied within the training set only. No imputation model was
fitted using validation data to avoid leakage.

2.3. Feature Engineering

To enhance the model’s predictive ability, this study combined veterinary epidemiol-
ogy theory with the unique environment of highland pastures to construct four key features
to characterize the potential outbreak risk of brucellosis. The overall feature construction
logic and processing pipeline are illustrated in Figure 2, which provides a systematic
overview of how raw multi-source data were transformed into model-ready inputs. These
features allow the model to more comprehensively reflect herd susceptibility and external
triggering factors.

Original data ——————> Data cleaning >| Feature engineering
> Temporal alignment ———> Output model dataset

Figure 2. Feature engineering workflow diagram.

The core epidemiological features mainly include the animal herd abortion rate, the
new quarterly positive rate, the proportion of female animals and breeding density, past
infection history, herd immunity gap (i.e., the proportion of unimmunized animals), intro-
duction frequency, and the proportion of animals from other sources. These variables are
closely related to the epidemic pattern of brucellosis, directly reflecting herd susceptibility
and revealing potential outbreak risks.

The herd immunity gap was calculated based on official vaccination records rather
than serological ELISA values. It was defined as:

HIG =1— N]z\;;zccinatedl (1)
eligible

where Ny,ccinated denotes the number of animals vaccinated within the recommended vacci-
nation period, and Njjgipie represents the total number of animals eligible for vaccination.
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Breeding density refers to the number of breeding animals per unit grazing area and

was calculated as:

Nbreeding
, 2
A @

where BD is the number of breeding animals and A is the grazing area.

BD =

Abnormal lambing rate represents the proportion of lambing events with reproductive
abnormalities and was calculated as:

ALR — Nubnormal , (3)
Ntotal_lambing

The unique natural conditions of the highlands have a significant impact on animal
immunity, disease susceptibility, and pasture management practices. To conclude, this
study designed environmentally sensitive characteristics such as the number of days with
extremely low temperatures, the negative heat stress index, the timing of seasonal migration,
the variation in the reproductive cycle caused by high altitude, and the grassland resource
stress index based on grazing density. These indicators can more intuitively characterize
the inducing effect of the plateau environment on potential brucellosis outbreaks, thus
providing regionally adapted input information for the model.

The Temperature-Humidity Index (THI) was calculated to quantify environmental
heat stress using the standard formulation:

THI = (1.8T + 32) — (0.55 — 0.0055RH)(1.8T — 26), 4)

where T represents ambient temperature (°C) and RH denotes relative humidity (%). Daily
THI values were averaged within each monitoring period.

To characterize cold stress exposure under plateau conditions, a Negative Heat Stress
Index (NHSI) was constructed as:

D
NHSI = Z max(O, Tthreshod - Td)/ (5)
d=1

where T} represents the daily mean temperature, D is the number of days within the month,
and Tipyesnoq Was set to —5 °C based on regional livestock cold-stress reference standards.
The Grassland Resource Stress Index (GRSI) was defined to quantify forage pressure as:
BD
GRSI = , (6)

grass

where BD is breeding density and Qgrsss represents the standardized grassland quality
score (scaled between 0 and 1) derived from seasonal pasture condition assessments. Higher
GRSI values indicate stronger grazing pressure relative to resource availability.

Based on GPS data and records provided by herders, this study constructed simplified
contact network characteristics among herds. An edge between herd i and herd j was
defined when either: (1) the spatial distance between the two herds during grazing or
migration was less than 1.5 km for at least 24 cumulative hours within the same month;
or (2) both herds were recorded to share the same pasture or public water source during
seasonal migration. The resulting network was modeled as an undirected and unweighted
graph, due to incomplete high-resolution temporal tracking for all herds.

For herds lacking continuous GPS data, proxy contacts were constructed using sea-
sonal co-grazing records, shared migration routes, and officially logged introduction records.
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Network degree refers to the number of direct contact connections that a given herd
has with other herds within the constructed contact network. It was calculated as:

N
ki =Y aij, @)
=1

where 4;; = 1 indicates contact between herd i and herd ;.
Network density represents the overall connectivity level of the herd contact network

and was calculated as:
2|E|

PN =T

(®)
where |E| denotes the total number of edges and N is the number of herds.

These characteristics help depict the transmission chains between different pastures
and identify hidden high-risk nodes. Based on this, the model can obtain more structured
information support when conducting brucellosis outbreak early warning and helps to
understand potential transmission patterns.

Management-related variables (e.g., barn disinfection frequency, introduction logs,
quarantine status, and herd isolation measures) were obtained from officially recorded
veterinary supervision documents and pasture management logs rather than retrospec-
tive self-report questionnaires. To reduce reporting bias, records were cross-validated
with vaccination databases and introduction permits issued by local animal health au-
thorities. Variables with inconsistent or incomplete documentation were excluded during
data cleaning.

Considering the relatively small number of positive samples, this study employed the
SMOTE technique [29] to balance the data and reduce model bias. To prevent data leakage,
SMOTE was applied exclusively to the training set after temporal data splitting, while
validation and test sets remained untouched. No synthetic samples were generated from
validation or future observations. Simultaneously, continuous variables were standardized,
and a sliding window feature was designed for the time series data, enabling the model
to capture trend changes before the brucellosis outbreak. A 3-month historical window
(t —3,t—2,t— 1) was used to generate lagged features for key epidemiological and
environmental variables, including seropositivity rate, abortion rate, THI, introduction
frequency, and network density. The step size was 1 month. For environmental extremes,
monthly cumulative values were used. These processing methods improved the model’s
prediction accuracy and stability, thus providing more reliable support for subsequent early
warning analysis.

To evaluate the effectiveness of SMOTE in handling class imbalance, we conducted
comparative experiments between models trained on the original dataset and those
trained with SMOTE-based resampling. The results showed that SMOTE significantly
improved sensitivity (from 0.71 to 0.84) and PR-AUC (from 0.62 to 0.74), while maintaining
stable specificity.

In addition, we tested the Synthetic Minority Over-sampling Technique combined with
Edited Nearest Neighbors (SMOTEENN) [30] hybrid resampling strategy as suggested by
recent studies. Although SMOTEENN slightly improved precision, it resulted in increased
variance across folds and a reduction in early-warning lead time stability. Considering that
early-warning systems prioritize sensitivity and temporal stability over marginal gains in
precision, the SMOTE method was retained in the final model.

2.4. Ensemble Model Construction

To achieve early identification of brucellosis outbreak risk in high-altitude pastures,
this study constructs an early warning model based on an ensemble learning framework.

https://doi.org/10.3390/applbiosci5020032
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The overall architecture of the proposed model is illustrated in Figure 3, which presents the
complete workflow from multi-source data input to final early-warning decision making.

As shown in Figure 3, to improve data quality and model robustness, feature scaling,
sample balancing, and feature selection were performed on multi-source pasture and
environmental data. All preprocessing procedures were conducted exclusively within
the training set to prevent data leakage, and identical transformations were subsequently
applied to the validation set. Then, the base learners of the ensemble model were used to
capture various nonlinear relationships in the complex feature space. Finally, the predicted
risk probabilities generated by each base learner were integrated through a soft voting
ensemble strategy, enabling the model to take advantage of the complementary advantages
between different learning paradigms.

Pasture disease monitoring samples are characterized by limited quantity, class imbal-
ance, and high variable dimensionality. Therefore, compared with single-model methods,
ensemble learning can more comprehensively represent complex and heterogeneous data
patterns, thereby improving prediction stability and significantly reducing the probability
of missed detections [21].

Within the training period (July 2019-December 2022), five-fold cross-validation was
implemented to estimate model performance and derive ensemble weights. The validation
period (January 2023-June 2024) remained strictly independent for final evaluation.

2.4.1. Base Learners

Given the limited sample size, multidimensional variables, and nonlinear correlations
among features in brucellosis data from high-altitude pastoral areas, this study selected
Random Forest (RF), XGBoost, and LightGBM as the basic learners. Among them, Random
Forest, through its ensemble strategy, utilizes multiple decision trees to improve noise
resistance and the ability to represent feature interactions, and exhibits good stability in
high-dimensional variables. XGBoost employs a gradient boosting framework combined
with regularization mechanisms, maintaining high predictive performance even with
imbalanced data and a small number of outliers, making it suitable for low-positivity
applications like brucellosis. LightGBM, on the other hand, significantly improves training
speed through a histogram-based splitting strategy and exhibits good adaptability to high-
dimensional features, effectively capturing “weak signal” features under multi-source data
integration conditions.

To ensure the research results have a basis in traditional statistical comparison, this
study uses Logistic Regression as the model baseline. It is emphasized that Logistic Regres-
sion was used solely as an independent comparator and was not applied as a meta-learner
in the ensemble framework. Hyperparameter optimization was conducted using grid
search within predefined parameter ranges informed by prior literature to avoid excessive
parameter exploration under limited sample conditions. Model selection during cross-
validation was primarily based on PR-AUC due to class imbalance, with sensitivity used as
a secondary criterion to reduce missed detections. The key hyperparameters of each base
learner and the meta-learner are summarized in Table 2. Parameter tuning was performed
to balance predictive accuracy and model stability under sparse outbreak conditions.

Table 2. Hyperparameters of base learners and meta-learners are used in the ensemble model.

Model Hyperparameter Value Description
Number of trees 300 Controls ensemble size and variance reduction
Random Forest Maximum tree depth 12 Limits model complexity to prevent overfitting
Minimum samples per leaf 5 Improve generalization on small outbreaks

https://doi.org/10.3390/applbiosci5020032
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Table 2. Cont.

Model Hyperparameter Value Description
Number of leaves 31 Controls model complexity and learning capacity
LightGBM Maximum depth 6 Prevents overflttlpg whllg capturing nonlinear
Interactions
Learning rate 0.05 Ensures stable convergence during training
Number of estimators 250 Number of boosted trees
XGB Learning rate 0.05 Balances bias—variance trade-off
oost Maximum depth 5 Limits overfitting in high-dimensional data
Subsample ratio 0.8 Reduces variance and enhances robustness
Meta-learner (Logistic Regularization type L2 Prevents overfitting in stacking layer
Regression) Regularization strength (C) 1.0 Controls penalty intensity

(Multi-source Pasture &
Environmental Features)

!

Data Preprocessing

® Scaling & Balancing
® Feature Selection

v v v

Soft Veoting Ensemble
(Weighted by Validation AUC)

|

Risk Probability Output

Early-warning Optimization Module

® Lowered Threshold (0.35-4.00)
® Continuous Time Window Rule
® Altitude-Adaptive Threshold

e R S i_ _____________________ =
Final Early-Warning Decision

Figure 3. Ensemble early-warning model framework.

2.4.2. Soft Voting Strategy

After the basic learners have completed independent training, this study uses a soft
voting ensemble strategy to fuse the probability outputs of the three models. Unlike hard
voting, which only focuses on classification results, soft voting uses a weighted average
based on model predicted probabilities, making it more suitable for early warning systems
centered on risk assessment and continuous risk monitoring.

https://doi.org/10.3390/applbiosci5020032
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For each base learner i, the mean out-of-fold AUC across five cross-validation folds
was calculated as:

5
AUC; = % Y AUC;, )
k=1

where AUC; ; denotes the validation AUC of model i in fold k.
The ensemble weights were then normalized according to:

AUG;

== (10)
Y AUC;

wi

this procedure guarantees that weight assignment is proportional to cross-validated dis-
criminatory performance and is fully reproducible.
The final predicted probability P of the ensemble model can be expressed as:

P = w1 Prr + w2 PxGBoost + W3PLightcBM (11)

where the weights w;, wy, and w3 are automatically adjusted by the AUC performance
of the validation set to improve overall predictive ability. In this way, different models
complement each other’s understanding of data features. The soft voting strategy not only
improves the smoothness of prediction but also enhances the system’s responsiveness to
minor risk signals, making it suitable for trend identification and risk escalation monitoring
before brucellosis outbreaks.

2.4.3. Probability Calibration Assessment

Given that early warning decisions depend on probability thresholds, probability
calibration was evaluated to assess reliability. Calibration performance was assessed using
the Brier score and reliability (calibration) curves on the independent validation set.

No additional Platt scaling or isotonic regression was applied, as the limited sample
size may introduce overfitting in secondary calibration layers. The ensemble averaging
mechanism inherently contributes to probability smoothing. This limitation is acknowl-
edged in the Discussion section.

2.4.4. Early-Warning Sensitivity Optimization

Considering that the risk of latent transmission of brucellosis in pasture settings may
accumulate gradually, sensitivity was prioritized in the early-warning design to improve
timely detection of emerging outbreaks.

The early-warning threshold was determined using validation-set ROC and PR curve
analyses. Given the asymmetric risk structure in pastoral disease monitoring—where
missed detection may lead to sustained transmission—threshold selection prioritized
sensitivity under acceptable false positive rates. The optimal threshold identified on the
validation set was 0.38, and this value was fixed before final evaluation on the independent
test period.

Compared with the conventional 0.5 classification cutoff, the selected threshold signif-
icantly improved sensitivity while maintaining acceptable specificity, thereby reducing the
risk of missing high-risk herds.

To avoid false alarms caused by transient fluctuations, a continuous time window-
based rule was introduced. A sensitivity analysis comparing one-, two-, and three-
consecutive exceedance rules was conducted. While a single exceedance increased false
positive rates and three consecutive exceedances reduced early detection sensitivity, the two-
consecutive rule provided the most balanced trade-off between detection timeliness and
stability. Therefore, the two-consecutive exceedance rule was adopted in the final system.
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Finally, to account for ecological heterogeneity across altitude gradients, altitude-
stratified validation analysis was performed. Results indicated that high-altitude pastures
exhibited earlier risk signal amplification. Accordingly, a slightly lower threshold was
applied for high-altitude regions to enhance early detection sensitivity, improving the
regional adaptability of the early warning system.

2.5. Model Evaluation

To systematically evaluate the performance of the ensemble learning-based early
warning model for brucellosis in high-altitude pastures, this study adopted a hierarchical
data partitioning and validation strategy to ensure robustness under environmental hetero-
geneity and class imbalance. To avoid temporal leakage and better reflect real-world early
warning scenarios, a time-based split was adopted rather than random partitioning. Data
from July 2019 to December 2022 were used for model training, while data from January
2023 to June 2024 were reserved for independent validation. Five-fold cross-validation
was conducted within the training period only to reduce model variance and improve
generalization performance.

In addition, to better simulate real-world prospective deployment, a time-series cross-
validation strategy (rolling-origin evaluation) was implemented within the training period.
Specifically, models were iteratively trained on an expanding historical window and vali-
dated on the immediately subsequent time block. As a sensitivity analysis, a leave-one-year-
out validation scheme was also conducted to assess inter-annual generalization stability.

Model performance was quantified using multidimensional evaluation metrics. Pre-
diction results were converted into binary classification labels based on a set threshold 6.
Given the class imbalance inherent in outbreak prediction, PR-AUC was designated as
the primary discrimination metric, while ROC-AUC was reported as a complementary
indicator to facilitate comparison with previous studies, PR-AUC more accurately reflects
the model’s ability to identify positive events under imbalanced conditions [31]. Further-
more, when the proportion of positive samples was low, this study introduced PR-AUC to
compensate for the shortcomings of ROC in imbalanced data and more accurately reflect
the model’s ability to identify positive events.

Accuracy, Sensitivity (Se), Specificity (Sp), and Fl-score are traditional evaluation
indicators, and their mathematical definitions are as follows:

Accuracy = 7 " ;;\)}12\3}_’_ N’ (12)
Se = :rpiipm (13)
S = T T 19
2TP
= o FPF N 15

TP, TN, FP, and EN represent the number of true positives, true negatives, false
positives, and false negatives, respectively. Sensitivity is particularly important in early
warning tasks because it reflects the model’s ability to capture potential outbreak risks;
missed reports can lead to serious control consequences.

To provide a comprehensive operational assessment, threshold-specific Se, Sp, and
F1-score were reported at multiple operating points around the selected threshold, thereby
illustrating the trade-offs between detection sensitivity and false-alarm control. To verify
the applicability and field control value of the ensemble learning early warning system
in actual pasture environments, this study systematically compared the risk probabilities
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output by the model with multi-source field data. First, using the manual monitoring
records of grassroots veterinarians as a benchmark, the model’s ability to provide early
warnings to managers before symptoms appear or before the discovery of suspicious
individuals was assessed, thereby determining its consistency and reliability in actual
operation. Second, the time when the model issued its first risk warning was compared
with the time when the actual positive sample was first diagnosed to calculate the lead
time. The lead time for early warning is defined as:

Lead Time = Tcuse_detection — Imodel_warnings (16)

where Tiodel_warning 18 the time point when the system first predicts the risk probability
to exceed the threshold, and T4, detection iS the time point when a confirmed positive
individual is detected. Tiodel_warning POSitive lead time indicates that the model can identify
outbreak risks in advance, helping to secure a critical time window before on-site sampling,
isolation, and vaccination booster.

To better characterize the timeliness of early warning, lead time was summarized using
distributional statistics, including median, interquartile range (IQR), and 95% confidence
intervals, in addition to the mean value.

Furthermore, to quantify the incremental value of the proposed ensemble model, its
performance was compared with practical baseline approaches, including (i) a seasonal-
naive model based on historical monthly averages and (ii) a rule-based surveillance strategy
derived from conventional monitoring thresholds. Comparative analyses were conducted
using PR-AUC, ROC-AUC, and threshold-specific classification metrics.

Finally, this study compared the model’s predictions with historical brucellosis out-
break records to verify its ability to accurately capture the temporal structure characteristics
and pattern changes of past outbreaks. Through these multi-level validations, the model
was demonstrated to not only possess excellent statistical discriminative power but also
exhibit strong robustness in real-world scenarios.

3. Results

This section will present the results from the following four aspects: data description,
model performance evaluation, early warning capability evaluation, and key risk factors.

3.1. Data Overview

This study ultimately integrated 4826 monitoring records from high-altitude pastoral
areas, covering serological test results, clinical manifestations, environmental parameters,
and livestock migration data. The overall positive detection rate was 11.4% (n = 549),
exhibiting a typical distributional imbalance. By species, cattle accounted for 72% of the
sample, and sheep for 28%, consistent with the herd structure of local pastures.

Seasonal analysis showed that the brucellosis positive detection rate exhibited signifi-
cant periodic fluctuations, with slightly higher positive rates in winter and early spring.
This trend coincides with the common seasonal migration time in pastoral areas, indi-
cating that increased herd density and frequency of cross-herd contact during migration
may be important factors influencing the risk of outbreaks. As shown in Figure 4, the
annual positive rate peaked in the winter of 2021 and the spring of 2023 at a low risk, thus
demonstrating a link between seasonality and outbreaks.

Environmental parameters exhibited clear seasonal and regional heterogeneity
(Figure 5). In the plateau region (Region C), the number of days with extremely low
temperatures increased markedly during winter, whereas in lower-altitude regions (Re-
gions A and B), the winter increase was comparatively moderate. Conversely, the heat
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stress index reached its annual minimum during summer across all regions, but the decline
was more pronounced in high-altitude areas.
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Figure 4. Annual brucellosis positive rate trend.

Furthermore, contact network density showed distinct seasonal fluctuations. During
herd migration periods (spring and autumn), network density increased substantially in
Regions C and D, while remaining relatively stable in Regions A and E. These results
demonstrate both seasonal variation and inter-regional differences in environmental stress
and contact intensity, suggesting heterogeneous transmission risks across space and time.
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Figure 5. Seasonal and regional variations in environmental stress indicators and contact
network density.

3.2. Model Performance Comparison

This section systematically compares the classification performance of each basic
learner and the final ensemble model in the early warning task of brucellosis.

3.2.1. Basic Model Performance

This study first systematically evaluated the performance of four basic classification
models, including Logistic Regression, Random Forest, XGBoost, and LightGBM, and the
results are summarized in Table 3. Overall, there are significant differences among the
models in feature representation ability and recognition performance of minority class
samples. The Logistic Regression model has an AUC of 0.742, indicating limited overall
discriminative ability, especially low sensitivity, reflecting its linear decision boundary’s
inability to capture the nonlinear relationship between the complex environmental factors
of highland pastures and the risk of brucellosis. In contrast, the three tree-based models
exhibit superior nonlinear learning ability. Random Forest achieves an AUC of 0.812,
demonstrating a significant advantage in handling multidimensional feature interactions.
XGBoost showed more balanced performance, with an AUC of 0.836, maintaining high lev-
els in both Fl-score and specificity. LightGBM, with an AUC of 0.829, demonstrated a better
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PR-AUC under class imbalance conditions, indicating stronger risk sample identification
ability in scenarios with a low proportion of positive samples.

Table 3. Performance comparison of the four base models and the ensemble model.

Model AUC Sensitivity (Se)  Specificity (Sp) F1-Score PR-AUC
Logistic Regression 0.742 0.61 0.78 0.57 0.412
Random Forest 0.812 0.72 0.83 0.68 0.537
XGBoost 0.836 0.74 0.84 0.71 0.589
LightGBM 0.829 0.73 0.82 0.69 0.602
Ensemble Model 0.869 0.87 0.81 0.74 0.648

Note: Sensitivity increased to 0.87 after threshold adjustment (0.35-0.40) to enhance early-warning detection.

The ROC curves of the base models are shown in Figure 6. The curves of the three tree
models significantly outperformed the Logistic Regression model, further validating the
applicability of nonlinear models in this task. As shown in Figure 7, the Precision—-Recall
curves further highlight the advantage of tree-based models under imbalanced outbreak
conditions. Compared with logistic regression, ensemble learners maintain substantially
higher precision in the medium- to high-recall region, indicating stronger robustness in
identifying early-stage brucellosis risks.

3.2.2. Ensemble Model Performance

Based on the evaluation of the base models, this study further constructed a weighted
soft-voting ensemble model to improve the stability and generalization ability of brucellosis
risk assessment. Compared with the four individual models, the ensemble model achieved
the best performance on all key performance indicators, with a validation set AUC of
0.869, exhibiting the highest classification discrimination. Under the default threshold,
the model’s sensitivity was 0.78 and specificity was 0.81, showing a relatively balanced
identification ability. Considering the need for “high sensitivity” in early warning systems,
the sensitivity can be further improved to 0.87 by lowering the decision threshold, while
the specificity remains within an acceptable range. The PR-AUC of the ensemble model is
0.648, showing that it can still effectively identify key at-risk individuals even with a low
proportion of positive samples. Figure 8 shows a comparison of the ensemble model and
the base model in terms of AUC, Fl-score, and PR-AUC. The results show that the ensemble
strategy significantly improves predictive performance and early warning consistency, fully
demonstrating its rationality as the final early warning model.
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Figure 6. ROC curves of the baseline models.
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Figure 7. Precision—Recall curves of baseline and ensemble models.
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Figure 8. Performance comparison of baseline and ensemble models.

3.3. Early Warning Capability

This section systematically evaluates the practical application capability of the ensem-
ble learning early warning system from three aspects: threshold optimization, improved
early warning stability, and the model’s lead time in real outbreak events. The results
show that the multi-strategy combination proposed in this study significantly enhances the
sensitivity and stability of the model in the early identification of brucellosis in high-altitude
pastures, providing a practically valuable technical tool for risk management.

3.3.1. Threshold Optimization

Considering the strong demand of early warning systems for minimizing false neg-
atives, this study systematically adjusted the decision threshold of the ensemble model.
When the default threshold was lowered from 0.50 to 0.35, the model’s sensitivity increased
substantially from 0.78 to 0.87, enabling the identification of a larger proportion of poten-
tially at-risk individuals. In contrast, specificity exhibited only a modest decline to 0.74,
indicating that the increase in false positives remained within an acceptable range.

As illustrated in Figure 9, decreasing the decision threshold results in a clear improve-
ment in sensitivity, which is critical for early warning applications, while the corresponding
reduction in specificity is relatively limited. These findings suggest that, compared with
conventional diagnostic systems that primarily emphasize high specificity, a sensitivity-
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oriented threshold strategy is more appropriate for brucellosis early warning in pastoral
settings, where the consequences of missed detections are considerably more severe than
those of false alarms. Accordingly, the threshold range of 0.35-0.40 represents a practical
balance between timely risk identification and operational feasibility. The detailed dif-
ferences in sensitivity and specificity under different threshold settings are summarized
in Table 4.

—8— Sensitivity

0.86 —m— Specificity

0.84 A

0.82 A

0.80 A

Metric Value

0.76 1

036 038 040 042 044 046 048  0.50
Decision Threshold

Figure 9. Sensitivity—specificity trade-off under different decision thresholds of the ensemble early-
warning model.

Table 4. Comparison of sensitivity and specificity under different threshold settings.

Threshold Sensitivity Specificity
0.50 0.78 0.79
0.45 0.82 0.77
0.40 0.85 0.75
0.35 0.87 0.74

3.3.2. Early Warning Stability

Based on the short-term noise fluctuations in pasture monitoring data, this study
designed an early warning stabilization strategy to clean up transient abnormal signals:
the system only triggers an early warning when the risk probability of two consecutive
predictions is higher than a specified threshold. After introducing a time window, the
model performance showed significant improvement. The false alarm rate (FPR) and false
negative rate (FNR) were calculated at the daily monitoring level across the entire validation
period, ensuring consistency in the evaluation of early-warning stability. The false alarm
rate decreased from 27.4% to 14.6%, effectively reducing invalid alarms and lowering the
unnecessary workload of grassroots veterinarians; meanwhile, the false negative rate only
increased by 2.1%, remaining within an acceptable range. The window strategy makes the
overall early warning signal smoother, avoiding unnecessary intervention due to single-
day abnormal data, and significantly improving the robustness of the system in actual
deployment and long-term operation. Its performance changes are shown in Figure 10, a
comparison of false alarm rates before and after the early warning window strategy.
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Figure 10. Comparison of FPR and FNR before and after the window strategy.

3.3.3. Outbreak Lead Time

To evaluate the effectiveness of the proposed model in a real-world prevention and
control environment, this study assessed the early warning performance of the ensemble
model in 12 confirmed brucellosis outbreaks. Table 5 shows that the ensemble model
successfully issued early warnings for all outbreaks, with an average warning time of
12 days, indicating its ability to capture emerging risk trends before the onset of clinical
symptoms or laboratory confirmation. Furthermore, due to the earlier accumulation of
environmental and management-related risk factors under high-altitude climate conditions
and grazing methods, the warning time was extended to 13-16 days in pastures above
3800 m in altitude. It is worth noting that there were no cases of complete underreporting
in any of the 12 outbreaks. In other words, there was no difference between the high-
risk periods detected by the model and the confirmed cases officially recorded by the
monitoring system in the same period. This indicates that the model is robust and reliable
in the real environment, thus providing time for grassroots veterinarians to implement
early intervention measures in pastoral areas.

Table 5. Early warning lead time for 12 brucellosis outbreak events.

Outbreak ID  Region Altitude (m) Actual Outbreak Date Warning Issued

(Days in Advance)
1 3600 July 2023 10
2 3550 August 2023 9
3 3700 September 2023 12
4 3800 October 2023 14
5 3850 November 2023 15
6 3900 December 2023 13
7 3750 January 2024 11
8 3650 February 2024 10
9 3820 March 2024 16
10 3500 April 2024 8
11 3600 May 2024 11
12 3950 June 2024 13

Figure 11 shows the change in predicted outbreak risk over time for a typical brucel-
losis event, as well as the time of confirmed outbreak. The figure shows that the predicted
risk probability steadily increased before the outbreak, exceeding the warning threshold
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for several consecutive days. This predictive trend allows pastoral areas to proactively
issue early warnings, rather than reacting passively. Although the warning time varies for
different events due to differences in environmental conditions, herd structure and contact
dynamics, the overall pattern consistently demonstrates the robustness of the proposed
warning framework.
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Figure 11. Time-series early warning signals for representative brucellosis outbreak events.

3.4. Explanation of Key Risk Factors

SHapley Additive exPlanations (SHAP) analysis was conducted on the final ensemble
model to improve interpretability and identify key risk drivers. Because the proposed
model is a weighted soft-voting ensemble, SHAP values were first computed separately
for each base learner (Random Forest, XGBoost, and LightGBM) using the TreeSHAP
algorithm. The final SHAP values for the ensemble model were obtained by aggregating
the SHAP values of individual base learners according to their corresponding voting
weights. This model-wise aggregation approach ensures that feature attribution accurately
reflects the contribution of each component model while preserving the fidelity of the
ensemble prediction.

This study systematically explained the key features of the integrated model based on
the SHAP method to reveal the main driving factors of brucellosis risk. The results showed
that epidemiological variables, high-altitude environmental stress, and contact network
structure all significantly affected the model’s predictions, constituting a comprehensive
risk mechanism involving the combined effects of “biological-environment-behavior.”

3.4.1. Core Epidemiological Features

The SHAP value ranking indicates that epidemiological indicators remain the most
influential variables for predicting brucellosis outbreak risk. The five most important fea-
tures identified by the ensemble model were herd abortion rate, previous positive infection
history, animal introduction rate, breeding stock density, and vaccination coverage gap.

Among these factors, the herd abortion rate was the primary contributor to risk pre-
diction. Its predominantly positive SHAP value distribution indicates a strong correlation
between increased abortion events and elevated outbreak risk. The history of prior positive
infections showed a stable cumulative effect, suggesting that herds previously exposed to
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brucellosis are more susceptible to recurrent infections, especially under environmental or
management-related stress conditions.

Furthermore, the introduction rate also showed a consistently positive contribution,
reflecting that frequent animal movement increases the likelihood of introducing exogenous
pathogens. Breeding stock density was another key factor, as higher density increases
contact frequency and transmission potential, maintaining high importance across all
samples. Meanwhile, gaps in vaccination coverage were directly related to herd immunity;
insufficient vaccination coverage significantly increased the predicted risk of outbreaks.

Figure 12 presents the SHAP summary plot illustrating the global importance of input
variables in the ensemble early-warning model. Features are ranked according to their
mean absolute SHAP values, reflecting their overall contributions to model predictions.
Each point represents an individual sample, with color indicating the corresponding feature
value from low to high. Positive SHAP values denote an increased predicted outbreak risk,
whereas negative values indicate a reduced risk.
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Breeding density - I—‘:—l
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Figure 12. Simulated SHAP summary plot illustrating global feature contributions to outbreak
risk prediction.

3.4.2. High-Altitude Environmental Factors Make a Significant Contribution

After incorporating high-altitude ecological variables, the model’s explanatory power
for brucellosis risk is further enhanced. Several environmental indicators ranked among
the top ten in SHAP importance, reflecting the key role of high-altitude environmental
stress in disease outbreaks. Key variables include the number of extreme cold days, the
heat stress index, and the month of seasonal migration.

Among these, the number of extreme cold days has a significant positive impact on
risk by increasing metabolic stress and reducing immune function. Although the heat
stress index is generally low in high-altitude areas, its drastic fluctuations can still induce
immunosuppression, thereby increasing susceptibility. Seasonal migration months are
associated with herd mixing, environmental changes, and transportation stress, with their
SHAP values significantly increasing in the pre-outbreak phase.

As shown in Figure 13, these environmental indicators exhibit a strong correlation
with risk changes, further illustrating that high-altitude ecological stress is a key driver
influencing brucellosis outbreak sensitivity.
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Figure 13. Shape importance of major risk factors.

3.4.3. Significant Role of Contact Network Characteristics

The contribution of contact network structure to the model is equally prominent, re-
flecting the important role of herd behavior patterns in brucellosis transmission. Three main
indicators include nodal degree, network density, and shortest transmission path length.

First, higher nodal degree indicates more potential transmission chains between indi-
viduals, thus the SHAP value of this feature often shows a sustained positive contribution.
Second, network density increases significantly during grazing, winter confinement, and
supplementary feeding, and its SHAP value trend is highly synchronized with the positiv-
ity rate. Finally, the shorter the shortest transmission path length, the faster the pathogen
spreads within the population, and the SHAP weight of this variable increases significantly
in high-risk samples.

4. Discussion

The feature importance analysis indicates that the proposed ensemble learning model
successfully identifies key risk factors that are biologically and epidemiologically relevant
to brucellosis transmission in high-altitude pastoral systems. As shown in Table 6, the
top-ranked variables are highly consistent with established knowledge on transmission
pathways, host susceptibility, and environmental persistence, supporting the validity of
the model and its applicability as a quantifiable indicator system for disease surveillance
and early warning.

Among all features, abortion incidence emerges as the most influential predictor,
reflecting the characteristic reproductive pathology of brucellosis and its role as a sensitive
early signal of covert transmission, given the high bacterial shedding associated with
abortion events. Several high-ranking variables further highlight the importance of contact
structure and herd management. Mixed grazing frequency and the introduction of animals
from unknown sources substantially increase inter-herd contact and pathogen import risk,
reinforcing the role of management-driven transmission in extensive grazing systems.

Environmental factors are another important moderating element in disease outbreak
risk. In high-altitude areas, low temperatures and snowfall can affect pathogen survival and
livestock aggregation, leading to prolonged Brucella survival. Indicators related to pasture
density and supplemental feeding point concentration further reflect the prevalence of
spatial aggregation during winter feeding. Furthermore, abnormal lamb birth rates reflect
cumulative reproductive damage and can serve as an early indicator of subclinical infection.
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Management-related variables such as disinfection frequency and pasture availability
demonstrate the protective role of biosecurity measures and resource allocation in reducing
environmental contamination and contact transmission.

Table 6. Top Ten Features Ranked by Importance.

Rank Feature Epidemiological Interpretation
1 Abortion incidence Highly indicative of Brucellosis-related reproductive disorders in female livestock
2 Frequency of mixed grazing Increases inter-herd contact and enhances transmission probability
3 Proportion of animals introduced from unknown sources Major pathway of external pathogen introduction in plateau pastoral systems
4 Minimum temperature Low temperatures prolong environmental survival of Brucella
5  Concentration level of supplementary feeding sites High-density contact facilitates formation of transmission chains
6 Winter aggregation index Animals congregate during cold seasons, increasing contact intensity
7 Abnormal lambing rate Reflects reproductive system impairment associated with infection
8 Number of snowfall days Restricts animal movement and increases spatial aggregation
9 Frequency of disinfection Inversely reflects management quality and biosecurity practices
10  Forage availability index Influences herd distribution patterns and contact pathways

Importantly, these findings demonstrate that the proposed ensemble learning frame-
work captures a multidimensional risk mechanism involving host physiology, environ-
mental stress, and management-driven contact networks. This integrated representation
enables the model to detect early-stage transmission signals that may not be identifiable
through conventional single-factor surveillance approaches, highlighting its practical value
as a proactive early warning tool.

Regarding the generalizability of the proposed model, this study was conducted in a
representative high-altitude pastoral region characterized by extensive grazing practices,
seasonal aggregation, and environmental stress conditions typical of plateau ecosystems.
Although specific parameter values and feature distributions may vary across regions,
the core risk drivers identified in this study, such as reproductive indicators, animal in-
troduction patterns, environmental stress, and contact structure, represent fundamental
epidemiological determinants of brucellosis transmission. Therefore, the proposed model-
ing framework is transferable to other pastoral settings, provided that model retraining or
calibration is performed using local surveillance data. Nevertheless, differences in herd
management practices, ecological environments, and surveillance intensity may affect
model performance, and future external validation across multiple regions will further
enhance the robustness and applicability of the proposed framework.

Potential temporal changes in environmental conditions and management practices,
such as climate variability, grazing intensity adjustment, and evolving biosecurity measures,
may also influence the long-term stability of predictive relationships. However, the use
of temporally aligned features, time-based validation, and rolling-origin evaluation in
this study helps ensure that the model captures stable risk patterns rather than transient
correlations. Periodic model updating using newly collected surveillance data can further
mitigate potential performance drift and maintain operational reliability.

Vaccination policies represent another potential confounding factor in brucellosis
surveillance. Changes in vaccination coverage or implementation timing may influ-
ence both the incidence of infection and the observed clinical indicators. In this study,
vaccination-related variables were explicitly incorporated into the model input feature sys-
tem, enabling the model to account for variations in herd immunity status and vaccination
intensity. This integration reduces the likelihood that vaccination-related changes introduce
systematic bias into the risk prediction process. Furthermore, the model focuses on early
risk signals derived from multi-source environmental, reproductive, and management
indicators, which are less sensitive to short-term fluctuations in vaccination policy.

From an operational perspective, early warning systems inherently involve a trade-off
between sensitivity and specificity. While lowering the decision threshold may increase
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false positive alerts, the practical consequences of false alarms in pasture management
are relatively limited, typically involving low-cost preventive actions such as increased
observation frequency, targeted diagnostic testing, temporary isolation, or precautionary
disinfection. These measures are substantially less costly than delayed detection, which can
lead to large-scale herd infection, reproductive losses, and prolonged quarantine measures.
Therefore, prioritizing sensitivity with an acceptable level of false positives represents a
rational and cost-effective strategy in brucellosis prevention and control.

5. Conclusions

This paper proposes an early warning framework for brucellosis outbreaks in high-
altitude pastoral areas based on ensemble learning. By integrating multi-source animal
health data, environmental information, and livestock movement information, it sys-
tematically models the outbreak risk from a veterinary epidemiological perspective. By
introducing core features with clear epidemiological significance, environmentally sensitive
indicators, and simplified contact network features, this framework can identify poten-
tial risk signals that are difficult to detect in a timely manner using traditional periodic
monitoring methods. Compared with single models, the ensemble model demonstrates
superior discriminative ability and early warning sensitivity and can provide quantifiable
early warning time before the emergence of confirmed cases in the field, indicating its
practical application potential in early risk identification in high-altitude pastoral areas.
Furthermore, this framework fully utilizes existing routine monitoring data and incorpo-
rates an adaptive risk threshold design suitable for high-altitude ecological conditions,
improving its feasibility for widespread application in grassroots veterinary systems and
providing decision support for proactive monitoring, precise intervention, and vaccination
strategy optimization.

However, it should be noted that the model’s construction and validation are primarily
based on data from specific high-altitude pastoral areas, and its generalization ability
under different ecological environments, feeding patterns, or management systems still
needs further testing in a wider range of regions. Secondly, information on livestock
movement and contact networks still relies on manual surveys in some pastures, which
may affect the accuracy and timeliness of the data. Therefore, future research can further
improve the robustness and practical value of the model by introducing higher-resolution
spatiotemporal data and cross-regional validation.
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Abbreviations

The following abbreviations are used in this manuscript:

SMOTE Synthetic Minority Over-sampling Technique
SMOTEENN  Synthetic Minority Over-sampling Technique combined with Edited Nearest Neighbors
THI Temperature-Humidity Index (THI)
KNN K-nearest neighbor
RBPT Rose Bengal Plate Test
ELISA Enzyme-Linked Immunosorbent Assay
SHAP SHapley Additive exPlanations
RFE Random Forest
FAR False Alarm Rate
FNR False Negative Rate
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