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Abstract

Bovine Tuberculosis (bTB) remains one of the most persistent and costly livestock diseases in Ireland,
threatening animal health, farm livelihoods, and national biosecurity. In 2024, 5,906 herds experienced a
TB breakdown, leading to the removal of 37,964 reactor animals, with significant impacts on agricultural
exports—€6.3 billion from dairy and €2.8 billion from beef. This study leverages a comprehensive
national dataset spanning 2019–2023, comprising over 84 million records, including individual bTB
tests, cattle movement logs, herd demographics, and herd status information. Using this dataset,
we applied machine learning enhanced with graph-based network features from cattle movements
to predict herd-level bTB breakdowns one year in advance. Traditional herd characteristics were
combined with network metrics—including degree, PageRank, closeness, betweenness, and Louvain
clustering—and evaluated under three data augmentation strategies: Random Under-Sampling (RUS),
Random Over-Sampling, and Synthetic Minority Oversampling. The best-performing model (Random
Forest with RUS) achieved a sensitivity of 0.83, specificity of 0.85, and ROC–AUC of 0.89. Feature
importance analysis showed conventional risk factors dominated, with PageRank ranking fifth among
all features. Despite a moderate precision of 0.23, these results highlight the potential of integrating
network analytics with machine learning to enhance targeted bTB surveillance and control strategies.

Keywords: graph features; machine learning; data augmentation

1. Introduction
Bovine tuberculosis (bTB) is a chronic infectious disease in cattle, primarily affecting the lungs

and associated lymph nodes, caused by the bacterium Mycobacterium bovis [1]. Transmission occurs
through multiple pathways, including inhalation of aerosolised droplets from infected animals and
contact with materials contaminated by infected excreta. In aerosol form, the bacterium can survive
in the air for several hours, while in environmental suspension it may persist for up to six months
[2]. Reported herd-level risk factors for bTB breakdowns include a history of previous breakdowns,
total farm area, cattle movement patterns, proximity to infected herds, herd size, badger presence, and
others [3]. When a herd experiences a bTB breakdown, one or more cattle testing positive (reactors)
are culled, and movement restrictions are imposed until the herd is confirmed bTB-free.

Testing for bTB, alongside other control measures implemented under national eradication pro-
grammes, imposes substantial economic costs worldwide. In Ireland, government expenditure on the
eradication scheme reached €74.3 million in 2023, up from €57.4 million in 2022 [4]. The programme
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includes annual cattle testing, removal of reactors, targeted badger culling, and movement restric-
tions for affected herds [5]. Beyond official costs, herd owners often face additional “consequential
costs” for which they receive no compensation, such as extra testing requirements, loss of sales, and
increased labour demands. Furthermore, 6% of farmers have reported experiencing “psychological
and emotional stress” as a result of bTB breakdowns [6].

Project Aims: By predicting herd-level bTB breakdowns, we aim to improve understanding of
disease spread and its driving factors, enabling more targeted and effective containment strategies.
This approach has the potential to reduce both the direct and indirect costs borne by farmers and
the public sector. Notably, smaller farms are disproportionately affected, as larger operations are
generally more resilient to the financial impact of bTB breakdowns. Moreover, financial losses are
often delayed; for instance, replacing culled animals can require rearing cattle for more than two years
before productivity is restored [7].

Key Contributions: (1) Graph-based Features: Integrated network-derived metrics (e.g., PageR-
ank, centrality measures, and community detection) into the feature set to enhance the predictive
performance of machine learning methods; (2) Class Imbalance Handling: Addressed severe class
imbalance through data augmentation techniques combined with ensemble learning methods; (3)
Feature Importance Analysis: Top 20 features from models shared identical top seven risk factors, with
network metrics like PageRank and centrality ranked lower.

2. Related Works
Statistical Application: A 2012–2019 Irish study used spatio-temporal models and national

bTB data, finding that cattle numbers, badger captures, forest cover, and farm fragmentation were
significant risk factors, while badger habitat and dairy herd percentage were not. Incorporating spatial
correlation improved accuracy and highlighted persistent high-risk areas [8]. In England, a dynamic
Bayesian network model, informed by expert input and historical data, captured bTB’s cyclical spread
and control, emphasizing factors like badger density and test accuracy for a more realistic disease
progression view [9].

ML Application: A recent UK study applied machine learning (ML) to predict herd-level bTB
breakdowns, aiming to improve diagnostic sensitivity. Using data from 2012–2014 with about 4,700
positive herds annually, the best model increased herd-level sensitivity from 61.3% to 67.6% and
specificity from 90.5% to 92.3% on 2015 validation data, highlighting ML’s potential to enhance
disease control [10]. Another study in England used classification trees and random forests to predict
incidents at the 60-day retest following inconclusive SICCT results. The classification tree achieved 70%
sensitivity and 93% specificity, enabling targeted testing of high-risk herds to reduce disease spread
[11]. A recent hybrid approach combined a Convolutional Neural Network and a Support Vector
Machine to classify five major cattle diseases, including bTB, achieving an overall recall of 95.61%,
with high accuracy and precision across categories [12].

Network-Based Analysis of bTB Spread: A study in northwestern Minnesota, USA, analyzed
57,460 cattle movements over three years across 682 premises. Although sale yards comprised less
than 2% of premises, they accounted for 60% of movements. The network had low density (0.4%)
and clustering (14.6%), with 20% of nodes responsible for 90% of movements, highlighting potential
targets for surveillance. Notably, 80% of bTB risk was concentrated in just 14% of premises [13]. In
France, network analysis of cattle movements from 2005 to 2014 linked high in-degree centrality
and longer contact chains with increased bTB infection risk. While spatial proximity to infected
herds accounted for 73% of transmission risk, cattle movements facilitated spread between distant
areas, indicating movement as a key transmission pathway alongside local spread [14]. In Uruguay,
where bTB prevalence has declined due to strict control, evaluating ten surveillance strategies showed
that excluding low-risk farms from testing could cut sampling by 40% without raising disease inci-
dence. This supports risk-based surveillance as a cost-effective approach, especially in low-prevalence,
resource-limited settings [15].
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Comparison: Existing statistical models for bTB prediction often rely on spatio-temporal correla-
tions and aggregated risk factors. While these approaches are useful, they may not fully capture the
dynamic nature of disease spread driven by animal movements. Network-based studies have empha-
sized the role of cattle trade in transmission but generally focus on descriptive analyses rather than
directly integrating network features into predictive models. Moreover, many prior ML approaches
overlook the challenge of class imbalance in bTB data, which limits their practical effectiveness in
surveillance. In contrast, our study combines ML with graph-derived features extracted from animal
movement networks, providing a richer representation of inter-herd connectivity. We also systemati-
cally address class imbalance using resampling techniques such as Random Under-Sampling, Random
Over-Sampling, and Synthetic Minority Oversampling Technique, enhancing model performance in
this low-prevalence context.

3. Dataset and Methodology
3.1. Dataset

The dataset utilized in this study spans a five-year period, from 2019 to 2023, and was provided by
the Department of Agriculture, Food, and the Marine (DAFM)1. This comprehensive dataset includes
detailed information on cattle movements between herds, the history of bTB breakdowns, and various
herd-specific characteristics relevant to bTB epidemiology.

In total, the dataset comprises 84,866,921 records, reflecting the scale and complexity of the
national cattle surveillance and movement systems. The main components of the dataset are as
follows:

• Animal Test Records: This subset contains 47,041,927 entries, each documenting individual bTB
tests. These records include information on the herd where the test was conducted, the identity of
the animal tested, and the corresponding test results.

• Animal Movement Records: With 33,355,210 entries, this portion of the data captures detailed
logs of animal transfers, including the date of movement, origin, and destination herds.

• Herd Demographics and Characteristics: A total of 2,161,924 quarterly records describe herd-
level attributes. These include the age distribution of cattle, herd type (e.g., beef or dairy), and
the reported presence of wildlife such as deer or badgers, which are known vectors for bTB
transmission.

• Herd Status Records: Comprising 2,307,860 entries, this dataset indicates the status of herds, specif-
ically whether they experienced a breakdown and their assigned bTB risk classification—high,
normal, or low. It also denotes whether the herd was active during the recorded period.

The predictive modeling in this study focused on a binary target variable named tb_breakdown_next_year.
A value of 1 indicates that the herd experienced a bTB breakdown in the following year, while a value
of 0 signifies that the herd remained free from breakdown. This formulation allowed for the applica-
tion of supervised ML techniques to forecast bTB risk at the herd level, thereby supporting targeted
interventions and enhanced disease surveillance strategies.

3.2. Methodology

To collaborate effectively on this project, we adopted a three-pronged strategy focusing on
reproducibility, efficiency, and flexibility across each team member’s data workflows. Given the data’s
size and the range of operations required for extraction and cleaning, we chose MySQL and Neo4j as
our databases. To ensure reproducibility, we used environment variables and the Python drivers for
both databases in our scripts. All database operations were implemented as repeatable scripts, and
indexes were created to optimize performance.

1 https://www.gov.ie/en/department-of-agriculture-food-and-the-marine/
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Figure 1 outlines the data pipeline from the original source to the results generated by the ML
models. Data from the provided TSV files was first ingested into MySQL tables. Relevant nodes were
then created by querying the MySQL tables and subsequently imported into Neo4j.

Figure 1. Data Flow Methodology

We executed multiple queries to run the required graph algorithms, and the outputs were
consolidated into a new graph-features file. In parallel, tabular features were extracted and enhanced
using aggregation functions. To address inconsistencies between tables in the original dataset, we
employed a business ID mapping script, enabling us to align all rows between the graph and tabular
features.

This process yielded the final ML dataset, on which we performed Variance Inflation Factor
(VIF) analysis to reduce multicollinearity. The resulting CSV file served as the input for training and
evaluating our models.

4. Data Engineering Based on Graph
4.1. Graph Modelling

As part of our analysis on the impact of animal movement on the spread of bTB, we modelled the
movement data between herd keepers and marts in Neo4j, using the Python driver to interface with
the database. The database consisted of three node types (herd_keeper, herd_breakdown_status, and
mart) and two relationship types (transfer_to and active_status).

A transferred_to edge represents a single movement of an animal from one node to another,
with attributes such as year and movement_order. The active_status relationship indicates that a
herd experienced a breakdown in a given year. This allowed us to quantify animal transfers originating
from herds that broke down with bTB and could potentially spread the disease within the same year.

Across all five years of data (2019–2023), the graph contained a total of 549,981 nodes (526,327
herd_keeper, 23,238 herd_breakdown_status, and 416 mart nodes) and 20,833,668 edges (12,710,897
transfer to herd_keepers, 8,099,533 transfer to mart, and 23,238 active_status relationships). An
overview of the graph database and the herd movement network is shown in Figure 2, which illustrates
the graph database schema, and in Figure 3, which presents a subset of the network highlighting the
relationships between herd keepers (green) and marts (pink) in 2022.
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Figure 2. Schema of Graph Database

Figure 3. Part of the Network in 2022

4.2. Graph Features

To assess the role of different nodes in the animal movement network, we applied several graph
algorithms to capture their significance and influence [16]. The resulting metrics were extracted and
used as features in our supervised learning models.

• Degree: The total number of edges entering and leaving a node, separated into in-links and
out-links [17]. In our context, this represents the number of incoming and outgoing animal
transfers for a herd or mart. We also identified transfers originating from herds that experienced
a breakdown within the year.

• Betweenness: A measure of how influential a node is in connecting other nodes. The algorithm
calculates shortest paths between all pairs of nodes, and nodes that appear most frequently on
these paths receive the highest scores [18]. In our data, this highlights herds and marts that act as
key bridges for potential disease transmission across the network.

• Closeness: Assigns higher scores to nodes that, on average, have the shortest distances to all other
nodes [19]. In our dataset, these correspond to central nodes that could act as “super-spreaders”
due to their proximity to others within the network.

• PageRank: Scores nodes based on the number and quality of incoming links, giving higher
weight to links from more important nodes [20]. In our context, this measures a node’s overall
importance and its potential influence on disease spread across the network.

• Louvain Clustering: A hierarchical community detection algorithm that groups nodes into
clusters based on connection density [21]. In our data, herds and marts that frequently trade with
one another form the same cluster, effectively partitioning the network into communities.

Due to the volume of animal transfers, we opted to create aggregated counts of transfers between
each herd and mart on a yearly basis. We created projections for each year upon which the graph
algorithms listed above were run, leading to our results.
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5. Supervised Learning Models
5.1. ML Dataset Creation

We constructed the ML dataset by merging enriched tabular data from the MySQL database with
graph-based features from the Neo4j database [22] into a single CSV file. Graph features (Section 4.2)
were combined with additional tabular features, including import/export cattle ratios, counts of bTB
risk status changes (default, lower risk, high risk), and cattle-type counts (dairy, beef). Records were
joined on herd reference IDs, producing yearly snapshots that captured both network metrics and
herd-level characteristics.

Feature Reduction: To improve model efficiency and mitigate multicollinearity, we applied
Variance Inflation Factor (VIF) analysis. VIF measures how much the variance of a regression coefficient
is inflated due to correlations among input features [23]. We computed VIF scores for all features and
removed those with values substantially exceeding the threshold of 5, based on two main criteria. First,
columns representing the ages of dairy cows (0–18 months) were excluded due to sparsity, as they
contained predominantly zero values. Second, aggregate counts derived from more granular features
already present in the dataset were removed, as they introduced high multicollinearity without adding
predictive value. Finally, after removing 12 features from the original set, 80 features remained.

5.2. Evaluation Metrics and Experimental Setup

Given the significant class imbalance in our dataset, we adopted a comprehensive evaluation
strategy to ensure reliable assessment of model performance. We employed the following metrics:

1. Sensitivity (Se) – the true positive rate, measuring the proportion of actual positive cases correctly
identified by the model;

2. Specificity (Sp) – the true negative rate, reflecting the proportion of actual negative cases correctly
classified;

3. Positive Predictive Value (PPV) – precision for the positive class, indicating the proportion of
predicted positive cases that are truly positive;

4. Receiver Operating Characteristic Area Under the Curve (ROC-AUC, R-A) – a threshold-
independent metric summarizing the trade-off between sensitivity and specificity across all
possible decision thresholds [24].

To ensure robust performance estimation, the dataset was split 80:20 into training and testing
sets. The training set underwent 5-fold cross-validation, where each of five subsets served once
as validation data [25]. This approach reduces variance in performance estimates and mitigates
overfitting, especially for imbalanced datasets.

5.3. ML Methods and Data Augmentation

We conducted experiments using four supervised ML methods: Logistic Regression (LR),
Random Forest (RF) [26], XGBoost, and LightGBM. Our initial baseline used default hyperparameters
without any form of data augmentation. Subsequently, a Soft Voting Ensemble classifier was con-
structed to combine the predictions of all four methods [24]. Finally, we applied a stratified random
search cross-validation procedure to optimize model hyperparameters based on the ROC-AUC metric,
aiming to balance sensitivity and specificity.

Given the high class imbalance in our dataset (approximately 5% positive cases), we evaluated
three data augmentation strategies: Random Over-Sampling (ROS), Random Under-Sampling (RUS),
and the Synthetic Minority Oversampling Technique (SMOTE). In the original training split, the dataset
contained 418,775 rows; after augmentation, the size varied from 30,506 rows with RUS to 639,534
rows with ROS or SMOTE.

5.4. Results

As shown in Table 1, most models achieved a similar R-A score of approximately 0.88. The
highest R-A score of 0.89 was obtained by multiple model–augmentation combinations, including
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Random Forest with RUS (RF–RUS), which produced Se = 0.83, Sp = 0.85, and PPV = 0.23. While
higher individual metrics were reached in other experiments—such as Sp = 1.00 and PPV = 0.47
with Random Forest on the unaugmented dataset—these came at the cost of extremely low sensitivity
(Se = 0.02), meaning that very few herds experiencing breakdowns were correctly identified.

In contrast, the RF–RUS configuration offers a more balanced trade-off between Se and Sp,
ensuring that most herds likely to experience a breakdown are correctly flagged (high Se) while also
maintaining a low false-positive rate (high Sp). This balance is crucial for practical disease monitoring,
where high sensitivity supports early intervention and high specificity helps avoid unnecessary control
measures. However, the consistently low PPV across all configurations remains a limitation, largely
driven by the strong class imbalance in the dataset—an effect not fully captured by specificity alone.

Table 1. Model and Data Augmentation Technique Results (Best Se, Sp, and R-A per augmentation are bolded)

Data Augmentation Original ROS RUS SMOTE
ML Method Se Sp R-A Se Sp R-A Se Sp R-A Se Sp R-A
Logistic Regression 0.78 0.85 0.85 0.78 0.85 0.85 0.85 0.78 0.85 0.74 0.87 0.84
Random Forest 0.02 1.00 0.88 0.82 0.85 0.88 0.83 0.85 0.89 0.72 0.89 0.87
XGBoost 0.02 1.00 0.89 0.22 0.97 0.84 0.83 0.85 0.88 0.78 0.87 0.88
LightGBM 0.75 0.89 0.89 0.20 0.83 0.89 0.84 0.84 0.89 0.83 0.83 0.88
Soft Voting Ensemble 0.34 0.96 0.89 0.87 0.79 0.89 0.84 0.84 0.89 0.79 0.87 0.89

The R-A curves for the best-performing configuration, Random Forest with Random Under-
Sampling (RF–RUS), are presented in Figure 4, illustrating its performance on both cross-validation
and independent test sets. The RF–RUS model achieved a robust R-A score of 0.887 on the test set,
closely matching its cross-validation performance of 0.886 observed during training. This consistency
indicates strong model generalisation and suggests that the RF–RUS configuration effectively balances
sensitivity and specificity even on unseen data. The figure highlights the stability and reliability of the
model’s predictive capability across different evaluation stages.

Figure 4. Cross-Validation and Test Set ROC-AUC Curves for the RF–RUS model

The most influential features were extracted from the best-performing model by calculating
the decrease in impurity after each split. As shown in Figure 5, these top features predominantly
correspond to risk factors. Specifically, they represent the herd’s risk status based on the severity and
history of previous breakdowns, the number of at-risk animals, and the purchase history of the herd
keeper. Among age-related features, the count of dairy cattle older than 36 months was the most
important. Following these, several network features emerged, including PageRank, inlinks from
marts, outlinks, closeness centrality, and betweenness centrality.
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Figure 5. Top 20 Most Important Features of the RF–RUS Model

We also analysed feature importance for the LightGBM model trained with RUS, which performed
similarly. Notably, the top seven features in LightGBM matched exactly in identity and rank with
those from the Random Forest model. However, the remaining thirteen features differed considerably;
for instance, the LightGBM model identified a community feature not present in the Random Forest
model, along with different age range variables.

These results indicate that both models learned very similar underlying patterns, heavily relying
on the risk factor scores. Unfortunately, the graph-based network features, while present, were
generally deemed less important in the decision-making process of the models.

6. Conclusion and Future Work
Our experiments demonstrate the potential of combining ML with network-based features to

predict herd-level bTB breakdowns across Ireland. The best-performing configuration, RF–RUS,
achieved strong sensitivity and specificity. Network-derived metrics such as PageRank, betweenness
centrality, and closeness centrality ranked among the top 20 predictors; however, traditional risk
factors remained the most influential.

Despite this promising performance, the model’s PPV remained low, reflecting a high false-
positive rate. The lack of location-specific data may also have constrained predictive accuracy. Never-
theless, the modelling framework developed here has the potential to make a meaningful contribution
to Ireland’s bTB Eradication Programme. Importantly, the prediction windows can be adjusted to
align with epidemiological requirements, making the approach adaptable to different operational
contexts. This flexibility enhances its utility as a decision-support tool for veterinarians, enabling the
identification of high-risk cattle for targeted interventions such as risk-based testing.

Future work will refine the prediction window and integrate additional data sources. Shorter
forecasting horizons (60–90 days) may better identify herds needing immediate testing and enable faster
interventions. Incorporating geographic data could also enhance predictive accuracy by capturing
proximity-based cattle interactions not reflected in recorded transfers. Finally, we will explore the
use of Enhancing Bagging Ensemble Regression [27], knowledge graphs [28,29], and data warehouse
frameworks [30,31] to improve both classification performance and computational efficiency.
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