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Abstract:

Antimicrobial resistance (AMR) poses a major global health threat, and environmental reservoirs play a
critical role in the dissemination of antimicrobial resistance genes (ARGs). This study proposes a
machine learning (ML) framework to predict environmental ARG dissemination risk using real-world
surveillance data. Gene-level, environmental, spatial, and abundance-related features were integrated
into a supervised learning pipeline. Nine ML models were systematically evaluated, including Logistic
Regression, Random Forest, Gradient Boosting, XGBoost, LightGBM, and neural networks. Ensemble-
based models demonstrated superior performance, with LightGBM achieving the highest accuracy
(98.96%) and F1-score (97.24%). Feature importance and SHAP-based explainability analyses
identified ARG abundance, habitat type, and geographic attributes as dominant drivers of dissemination
risk. The findings demonstrate that ML can effectively capture complex nonlinear ARG-environment
interactions and provide interpretable, risk-oriented predictions. The proposed framework offers a
scalable approach for environmental AMR surveillance and supports integration into digital health

systems within a One Health context.
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Introduction

AMR is widely recognized as one of the most critical global public health challenges of the twenty-first
century, posing severe threats to the effective prevention and treatment of infectious diseases worldwide
(Bengtsson-Palme et al., 2018; Huijbers et al., 2019; Larsson & Flach, 2022). The rapid emergence and
dissemination of antimicrobial resistance genes (ARGs) have substantially reduced the efficacy of
commonly used antibiotics, resulting in increased morbidity, mortality, and healthcare expenditures
worldwide (Manaia, 2020; Singer et al., 2016). Recent global assessments emphasize that AMR is no
longer confined to clinical environments; instead, it is strongly shaped by environmental reservoirs that
promote the persistence, amplification, and spread of resistance determinants beyond healthcare
settings (Murray et al., 2022; World Health Organization, 2024; FAO et al., 2022). Environmental
compartments such as surface water, wastewater, soil, agricultural runoff, and sediments serve as
critical interfaces where human, animal, and industrial activities converge, facilitating horizontal gene
transfer among diverse microbial communities (Ju & Zhang, 2015; Karkman et al., 2019; Zhang et al.,
2021a; Zhang et al., 2021b). These environments function as long-term reservoirs of ARGs and mobile
genetic elements, enabling their dissemination across ecological boundaries and geographic regions.
Within this context, the One Health framework has increasingly highlighted the environment as a pivotal
yet under-monitored component of AMR surveillance systems, particularly in low- and middle-income
countries where environmental monitoring infrastructure remains limited (Bengtsson-Palme et al., 2018;
Huijbers et al., 2019; Larsson & Flach, 2022).

Conventional approaches to environmental AMR surveillance, including culture-based assays and
targeted quantitative PCR, have several important limitations. These methods are often labor-intensive,
time-consuming, and restricted to a predefined subset of resistance genes, thereby failing to capture
the full diversity and dynamics of environmental resistomes. Moreover, traditional analytical approaches
are poorly equipped to model complex, nonlinear interactions among environmental variables, microbial
community structure, and ARG abundance across large spatial and temporal scales. Consequently,
there is a growing demand for predictive, data-driven frameworks that can move beyond descriptive
monitoring toward proactive, risk-oriented assessment of ARG dissemination (Ju & Zhang, 2015;
Karkman et al., 2019; Zhang et al., 2021a; Zhang et al., 2021b)

In recent years, ML has emerged as a powerful analytical paradigm for modelling complex biological
and environmental systems. ML-based approaches have demonstrated strong potential in predicting
antimicrobial resistance phenotypes, identifying key drivers of ARG distribution, and integrating
heterogeneous datasets derived from metagenomics, geospatial information, and environmental
monitoring programs. Tree-based ensemble models, gradient boosting techniques, and other advanced

learning architectures have attracted attention for their ability to handle high-dimensional data and
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capture nonlinear feature interactions. Despite these advances, important gaps persist in existing
literature. Many studies rely on a limited set of algorithms without systematic comparison, report
predictive performance using insufficient evaluation metrics, or lack mechanisms for interpreting model
outputs into actionable environmental risk assessments (Breiman, 2001; Chen & Guestrin, 2016; Ke et
al., 2017; Lundberg & Lee, 2017; Molnar, 2022; Ma et al., 2025)

To address these limitations, the present study proposes a comprehensive ML—driven framework for
predicting the risk of environmental dissemination of antimicrobial resistance genes within a One Health
surveillance context. Rather than focusing solely on algorithmic performance, the framework
emphasizes interpretability, generalizability, and applicability to real-world environmental monitoring
systems. By integrating heterogeneous biological, environmental, spatial, and abundance-related
features with explainable Al techniques, this work highlights an emerging paradigm shift toward
predictive, data-driven, and risk-oriented environmental AMR surveillance. The proposed framework is
intended to inform future surveillance strategies, early warning systems, and policy-relevant decision-
making beyond the scope of the present dataset. By explicitly aligning environmental AMR prediction
with the One Health paradigm, the framework bridges ecological surveillance with public health decision-

making.
Literature Review

Environmental Drivers and Ecological Dynamics of Antimicrobial Resistance

Gene Dissemination

AMR has evolved into a complex ecological crisis that transcends clinical boundaries and extends
deeply into environmental systems. Environmental reservoirs — including wastewater treatment plants,
surface waters, sediments, agricultural soils, and urban runoff — serve as critical nodes in the
amplification and dissemination of ARGs (Bengtsson-Palme et al., 2018; Huijbers et al., 2019; Larsson
& Flach, 2022). These compartments act not merely as passive sinks but as dynamic environments

where microbial communities interact under selective pressures imposed by anthropogenic activities.

The environmental resistome is shaped by antibiotic residues, heavy metals, disinfectants, and nutrient
loading, which collectively create selection gradients that favor resistant organisms (Singer et al., 2016;
Manaia, 2020). Wastewater treatment systems, in particular, represent convergence points for human,
agricultural, and industrial inputs, creating conditions conducive to horizontal gene transfer and ARG
persistence (Ju & Zhang, 2015; Zhang et al., 2021a). Studies demonstrate that ARG abundance in
aquatic systems is strongly associated with fecal pollution, reinforcing the interconnectedness of

environmental contamination and public health risk (Karkman et al., 2019).
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Spatial heterogeneity further complicates ARG dissemination patterns. Geographic variation in
infrastructure, sanitation systems, antibiotic usage practices, and climatic conditions contributes to
regional disparities in environmental AMR prevalence (Larsson & Flach, 2022). The global burden of
bacterial AMR underscores the urgency of incorporating environmental data into surveillance strategies
(Murray et al., 2022). International initiatives such as the Global Antimicrobial Resistance and Use
Surveillance System (GLASS) and the One Health Joint Plan of Action emphasize environmental
monitoring as a foundational pillar of integrated AMR mitigation strategies (World Health Organization,
2024; FAO et al.,, 2022). Despite this recognition, environmental surveillance remains unevenly

implemented and often lacks predictive capacity.

Collectively, these findings suggest that environmental ARG dissemination is governed by nonlinear
interactions among abundance, ecological context, and geographic variation. Modeling such complexity

requires analytical frameworks capable of integrating heterogeneous data domains.
Methodological Constraints of Conventional Surveillance Approaches

Traditional environmental AMR surveillance relies heavily on culture-based isolation and targeted
molecular assays such as quantitative polymerase chain reaction (QPCR). While valuable, these
approaches are limited by their focus on predefined resistance determinants and inability to
comprehensively capture resistome diversity (Manaia, 2020). Culture-dependent methods
underestimate the breadth of environmental microbial communities, and targeted assays may fail to

detect emergent or rare ARG variants.

Metagenomic sequencing has significantly expanded surveillance capabilities by enabling high-
resolution profiling of ARG diversity across environmental compartments (Hendriksen et al., 2019).
However, translating metagenomic datasets into actionable public health insights remains challenging.
Environmental resistome datasets are inherently high-dimensional, often comprising thousands of gene
features interacting with environmental, temporal, and spatial variables. Conventional statistical
methods frequently assume linearity and independence among predictors, limiting their capacity to

model complex ecological dependencies.

Furthermore, many environmental studies remain descriptive, focusing on abundance characterization
rather than predictive risk stratification. While abundance metrics provide valuable ecological insights,
they do not directly quantify the probability of dissemination or anticipate future risk patterns. As
surveillance systems increasingly emphasize early warning and proactive intervention, there is a
pressing need for predictive frameworks that can transform observational data into forward-looking risk

assessments.
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Emergence of Machine Learning in AMR and Environmental Modelling

ML has emerged as a transformative approach for analyzing complex biological and environmental
systems. Unlike traditional statistical techniques, ML algorithms can model nonlinear relationships, high-
order feature interactions, and heterogeneous data types. Ensemble learning methods such as Random
Forest (Breiman, 2001), gradient boosting approaches including XGBoost (Chen & Guestrin, 2016) and
LightGBM (Ke et al., 2017), and neural network architectures have demonstrated strong performance

in high-dimensional prediction tasks.

In the context of AMR, ML has been extensively applied to predict antimicrobial susceptibility phenotypes
from genomic and clinical datasets. More recently, attention has shifted toward environmental
applications. Studies have shown that ML can forecast environmental resistome abundance and identify
ecological drivers influencing ARG distribution (Ma et al.,, 2025; Yang et al., 2024). Integrative
frameworks combining metagenomics and machine learning have demonstrated improved risk
prediction accuracy compared to traditional approaches (Li et al.,, 2024). Additionally, artificial
intelligence tools have enhanced ARG detection and classification from large-scale sequencing datasets
(Wu et al., 2024).

Despite these advances, important methodological concerns persist. Walsh and Toleman (2024) caution
against common pitfalls in ML-based AMR prediction, including data leakage, overfitting, and insufficient
validation strategies. The generalizability of models across geographic and ecological contexts remains
a significant challenge, as highlighted by Nsubuga et al. (2024). Many published studies evaluate only
a limited subset of algorithms and report a narrow range of performance metrics, restricting
comprehensive benchmarking. Furthermore, predictive performance is often prioritized over

interpretability, limiting practical applicability in policy and surveillance contexts.
Importance of Explainable and Interpretable ML

Interpretability has become a central requirement for deploying ML models in environmental health and
public health surveillance systems. Black-box algorithms, while accurate, may fail to provide actionable
insight into the ecological drivers underlying predictions. Explainable Al frameworks address this
limitation by quantifying feature contributions and clarifying model behavior (Lundberg & Lee, 2017;
Molnar, 2022).

SHapley Additive exPlanations (SHAP) provide a theoretically grounded approach for decomposing
model predictions into additive feature contributions (Lundberg & Lee, 2017). Such methods enable both
global and local interpretability, facilitating understanding of how environmental, spatial, and abundance-
related variables influence predicted risk. In digital health contexts, explainability is critical for building

stakeholder trust and supporting decision-making processes (Gootenberg & Turnbaugh, 2025).
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The integration of interpretable ML into environmental AMR surveillance aligns with emerging digital
health strategies that emphasize transparency, scalability, and evidence-based intervention. However,

systematic incorporation of explainable analytics within environmental ML frameworks remains limited.
Research Gaps and Theoretical Positioning

Although the literature demonstrates the promise of ML for AMR prediction, several gaps remain.

First, environmental ARG dissemination risk has not been comprehensively modeled using
systematically benchmarked ML architectures within a unified framework. Many studies focus on single

algorithms or limited comparisons, hindering robust evaluation of methodological suitability.

Second, heterogeneous feature integration, including gene-level attributes, abundance metrics, habitat
type, geographic coordinates, and temporal variables, has rarely been examined collectively within a
predictive modelling pipeline. The ecological complexity of ARG dissemination suggests that multivariate

integration is essential.

Third, explainability techniques are inconsistently applied in environmental ML studies, limiting

translation into surveillance policy and digital health systems.

Fourth, the operational integration of predictive environmental modelling within One Health and digital
surveillance frameworks remains underdeveloped (World Health Organization, 2024; FAO et al., 2022).
Bridging computational prediction with practical risk stratification requires scalable and interpretable

approaches.

Addressing these gaps necessitates a comprehensive, systematically benchmarked, and explainable
machine learning framework capable of predicting environmental ARG dissemination risk using real-

world surveillance data.
Hypothesis Development

Grounded in the reviewed literature, this study advances the following hypotheses:

H1: Ensemble-based machine learning models, including Random Forest and gradient boosting
algorithms, demonstrate superior predictive performance compared to linear and distance-based
classifiers in modeling environmental ARG dissemination risk (Breiman, 2001, Chen & Guestrin, 2016;
Ke et al., 2017).

H2: ARG abundance metrics are significant determinants of dissemination risk due to their association

with selective pressure and microbial community dynamics (Karkman et al., 2019; Manaia, 2020).
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H3: Spatial and habitat-related variables significantly enhance predictive performance, reflecting
geographic heterogeneity and ecological structuring of environmental AMR patterns (Bengtsson-Palme
etal., 2018; Yang et al., 2024).

H4: The integration of explainable artificial intelligence techniques improves the interpretability and
practical applicability of ML-based environmental AMR surveillance systems (Lundberg & Lee, 2017;
Molnar, 2022; Gootenberg & Turnbaugh, 2025).

These hypotheses guide the empirical evaluation and provide a theoretical foundation for developing an
interpretable, scalable, and risk-oriented machine learning framework for environmental AMR

surveillance.

Materials and Methods

Dataset Source and Characteristics

The environmental AMR surveillance data were integrated from the NCBI Sequence Read Archive
(SRA) and the Comprehensive Antibiotic Resistance Database (CARD). These platforms provide
standardized metagenomic sequences and high-quality gene-level annotations. Total Number of
Samples: The study utilized a total of 5,240 unique environmental samples collected from diverse
habitats, including soil, water, and agricultural runoff. Number of ARG Records: The final processed
dataset has 14,850 individual ARG records. Each record shows a specific resistance gene that was
found in its ecological context. Geographic Coverage: The dataset spans across multiple regions in
North America, Europe, and Asia (covering 18 countries). This spatial diversity allows the model to
capture regional variations in ARG dissemination. Time Period: The sampling data span six years, from
2018 to 2024, enabling analysis of temporal trends and seasonal variations. Number of Features: After
preprocessing and feature engineering, 32 predictive features were used. These include Gene-level
attributes (8), Environmental metadata (10), Spatial coordinates (4), Quantitative abundance metrics

(6), and Temporal attributes (4).
Study Design and Analytical Workflow

This study proposes a comprehensive ML—based analytical framework for predicting the dissemination
risk of AMR genes in environmental systems. The framework is designed as an applied artificial
intelligence pipeline that integrates real-world environmental surveillance data with supervised learning
and explainable Al techniques to support intelligent risk prediction and decision support. The dataset is

defined as:

D = {(x;, y)}1. X; € R%,y; €{0,1}
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where x; represents the d-dimensional feature vector for the sample i, and y; denotes the binary
dissemination risk label (O = lower risk, 1 = higher risk). The overall workflow consists of data acquisition,
preprocessing, feature engineering, model training, evaluation, and explainability analysis. This end-to-
end pipeline, illustrated in Figure 1, ensures data integrity, model robustness, and interpretability at each
stage. The workflow enables transparent transformation of raw environmental AMR data into actionable

dissemination risk predictions.
Data Acquisition and Preprocessing

Environmental AMR surveillance data were obtained from a real-world dataset containing gene-level
annotations, resistance mechanisms, abundance measurements, sampling metadata, and geographic
attributes. Each observation corresponds to a detected antimicrobial resistance gene in a specific
environmental sample, enabling gene-centric modeling rather than aggregated site-level analysis. To
ensure analytical reliability, records with missing or inconsistent values in key variables (e.g., abundance
measures or spatial coordinates) were removed. Temporal attributes were standardized by converting

sampling dates into numerical year and month variables to facilitate temporal pattern learning.

Continuous variables, including relative and absolute gene abundance, latitude, and longitude, were

normalized to reduce scale-induced bias during model optimization:

Xij —Hj
Ji

[
xl‘j—

where p; and o; represent the mean and standard deviation of feature j calculated from the training

data.

Categorical features such as gene subtype, resistance mechanism, habitat type, and environmental

source were numerically encoded using an encoding function g(-):
Zi = g(Cir)

This preprocessing ensured that all input variables were harmonized and compatible with supervised

ML algorithms. Normalization was implemented using standard scaling.
Feature Engineering and Representation

Feature engineering was performed to preserve biological and environmental interpretability while
enabling effective ML performance. Rather than aggressive dimensionality reduction, features were
retained in semantically meaningful groups to allow models to learn nonlinear interactions across

multiple domains.
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Gene-level attributes capture molecular identity and resistance behavior, environmental features
represent habitat-specific contexts, spatial variables encode geographic heterogeneity, abundance
metrics reflect selective pressure intensity, and temporal features capture long-term dissemination
trends. The structured integration of these heterogeneous feature domains into a unified input space is
illustrated in Figure 2, demonstrating how biological, environmental, spatial, and temporal information

jointly contribute to dissemination risk modeling.
Outcome Variable Definition

The predictive task was formulated as a binary classification problem to identify antimicrobial resistance
genes with a high risk of dissemination. Health risk annotations were transformed into two outcome

classes:

y; € {0,1}

where y; = 1 denotes higher dissemination risk and y; = 0 denotes lower risk. This formulation aligns
with public health surveillance objectives and enables interpretable risk stratification. Model predictions

are expressed probabilistically as:
pi=Pyi=11x;)

with class labels determined using a decision threshold t (typically T = 0.5).
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Figure 1: Detailed methodological workflow of the proposed machine learning framework.

Figure 1 illustrates the detailed methodological workflow of the proposed machine learning framework.
It provides a clear overview of the sequential, interconnected steps used to predict the risk of

environmental dissemination of antimicrobial resistance genes.
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Figure 2: Feature engineering and domain-wise feature integration

Wohllebe & Ross Publishing, Germany — The Open Access Publisher.

More information and current publishing opportunities at wr-publishing.org



https://doi.org/10.51137/wrp.ijdht.550
https://www.wr-publishing.org/

International Journal of Digital Health and Telemedicine (ISSN: 2944-5582)
an Open Access journal by Wohllebe & Ross Publishing, Germany.

Volume: 02 Issue: 01 Year: 2026

https://doi.org/10.51137/wrp.ijdht.550

Figure 2 shows the feature engineering and domain-wise feature integration. The figure illustrates the
feature engineering process and domain-wise integration of variables, showing how biological,
environmental, geographic, and abundance-related features are transformed and combined into a
unified input space. This integration enables the model to capture complex interactions that influence

the dissemination of antimicrobial resistance genes.
ML Model Development

Multiple supervised ML algorithms were employed to ensure methodological robustness and to capture
diverse data characteristics. The evaluated models represent linear, distance-based, ensemble,
boosting, and neural network paradigms, including Logistic Regression, K-Nearest Neighbors, Support
Vector Machine, Random Forest, Gradient Boosting, Extra Trees, XGBoost, LightGBM, and a multilayer
perceptron neural network. As a representative baseline, Logistic Regression estimates dissemination

probability as:
pi=a(WTXit+h), o(z)=11+e-z

with parameters learned by minimizing binary cross-entropy loss:

N

L—l log(p 1 log(1—p
——N;wNam+<—moa—mn

Tree-based ensemble models aggregate predictions from multiple base learners:

while boosting-based methods construct additive models:

T

Fr(0 = ) 0 he(®)

t=1

where h. () denotes the t-th weak learner and 7 is the learning rate.
Training Strategy and Performance Evaluation

The dataset was partitioned into training and testing subsets using stratified sampling to preserve class

distributions:
P(y= 1] 2)train) ~ P(y= 1 |Dtest)

All models were trained using identical data splits and feature-scaled inputs to ensure fair comparison.

Model performance was evaluated using accuracy, precision, recall, and F1-score, defined as:
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A _ TP +TN
ceuracy = b T TN + FP + FN
Precision = L Recall = i
recision = TP+ FP’ ecall = TP+ FN
Precision - Recall
Fl - 2

"Precision + Recall
Receiver Operating Characteristic (ROC) analysis was conducted by computing:

FpP

TPR “FP+TN

=TPrEN R

across varying probability thresholds. The evaluation pipeline is summarized in Figure 3.
Model Interpretability and Explainability Analysis

To enhance transparency and trust in model predictions, explainable artificial intelligence techniques
were integrated into the framework. Feature importance scores were extracted from ensemble models

to identify dominant drivers of dissemination risk.
Additionally, SHapley Additive exPlanations (SHAP) were used to decompose model predictions:
fX) = ¢o +

J

a
g

=1

where ¢, is the baseline prediction, and ¢; represents the contribution of feature j. This approach

enables both global and sample-level interpretability, linking predictive outcomes to biologically and

environmentally meaningful factors (Figure 4).
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Figure 3: Model training, validation, and evaluation pipeline

Figure 3 illustrates the model training, validation, and evaluation pipeline. The figure depicts the end-to-
end model training, validation, and evaluation pipeline, outlining data splitting, model fitting,
hyperparameter tuning, and performance assessment. It highlights the systematic workflow used to

ensure robust learning, unbiased validation, and reliable comparison of machine learning models.
Computational Environment

All analyses were conducted using Python-based machine learning libraries within a cloud-based
computational environment. Standardized open-source tools were employed for preprocessing, model

training, evaluation, and visualization to ensure reproducibility, scalability, and transparency.
Validation Strategy

We employed a 10-fold Stratified Cross-Validation (SCV) approach. This technique ensures that each
fold maintains the same ratio of high-risk vs. low-risk dissemination classes, providing a robust estimate
of the model’s performance on unseen data. Data Leakage Prevention: To strictly avoid data leakage,
all preprocessing steps — including feature scaling, normalization, and encoding — were fitted
exclusively on the training set and then transformed onto the test set. This ensures that no information

from the evaluation phase influenced the model’s training.

Wohllebe & Ross Publishing, Germany — The Open Access Publisher.

More information and current publishing opportunities at wr-publishing.org



https://doi.org/10.51137/wrp.ijdht.550
https://www.wr-publishing.org/

International Journal of Digital Health and Telemedicine (ISSN: 2944-5582)
an Open Access journal by Wohllebe & Ross Publishing, Germany.

Volume: 02 Issue: 01 Year: 2026

https://doi.org/10.51137/wrp.ijdht.550

Machine Learning SHAP Analysis SHAP-based Interpretation
Model
SHAP Summary Plot key
0 ) Influencing
\ T T e A SHAP Dependency Plot Factors
v —————————
© 10 ARG Dissmination Risk = f =0 g o}
\ E—— g : - Risk
= . ] é; ; Prediction
relative abumance oe ’ =i Map
Input Features
Model
® Insights
® D z
& s m X
S
é @® - SHAP Importance & Impact High vs. Low Risk Rationale

Figure 4: Explainability framework and SHAP-based interpretation

Figure 4 shows the explainability framework and SHAP-based interpretation. The figure illustrates the
explainability framework integrated with SHAP-based interpretation, demonstrating how model
predictions are decomposed into individual feature contributions. It connects global model behavior with
local, sample-level explanations, enhancing transparency and interpretability of machine learning

predictions for antimicrobial resistance gene dissemination.

Results

Overall Model Performance Comparison

The comparative evaluation of supervised ML models reveals consistent and robust predictive patterns
across diverse algorithmic families. These findings underscore the value of ensemble learning as a core
component of next-generation AMR risk prediction frameworks rather than as a tool for isolated model
competition. Among all models, LightGBM achieved the highest predictive accuracy of 98.96% with an
F1-score of 97.24%, followed closely by Random Forest (98.80% accuracy; 96.73% F1-score) and Extra
Trees (98.25% accuracy; 95.17% F1-score). Gradient Boosting and XGBoost also exhibited strong and
stable performance, confirming the suitability of boosting-based learners for complex environmental
AMR data. In contrast, Logistic Regression and K-Nearest Neighbors showed comparatively lower
performance, suggesting limited ability to capture high-dimensional feature interactions. Therefore,
ensemble-based approaches collectively demonstrate superior capability to capture complex, nonlinear
relationships among environmental, biological, and spatial variables, suggesting that ARG dissemination
risk is governed by multivariate, interacting drivers rather than simple linear effects. While performance

metrics confirm the strong classification ability of these models, the broader implication lies in their
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stability and suitability for scalable environmental surveillance applications (Walsh & Toleman, 2024). A
global comparison of accuracy, precision, recall, and F1-score across all models is presented in Figure
5, which clearly illustrates the performance gap between ensemble and non-ensemble approaches.
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Figure 5: Comparative evaluation of nine supervised machine learning models using accuracy,
precision, recall, and F1-score

Figure 5 presents a comparative evaluation of nine supervised machine learning models using accuracy,
precision, recall, and F1-score. Ensemble-based models (LightGBM, Random Forest, and Extra Trees)
demonstrate superior balanced performance across all metrics, while linear and distance-based models
show comparatively lower discriminative ability. The results confirm the advantage of ensemble learning

in modeling nonlinear environmental ARG dissemination dynamics.
ROC-Based Evaluation of Ensemble Model Discriminative Performance

ROC analysis further substantiated the superior discriminative capability of ensemble-based models.
Among all evaluated approaches, LightGBM achieved the highest area under the ROC curve (AUC),
demonstrating strong classification performance across a broad range of decision thresholds. Random
Forest and Extra Trees were closely followed, exhibiting stable, well-balanced sensitivity—specificity
trade-offs. The ROC curves of the top-performing models showed minimal overlap between positive and
negative classes, underscoring their reliability for risk prediction dissemination. In contrast, models with
lower predictive accuracy displayed comparatively flatter ROC profiles, indicative of weaker probability
calibration. Notably, repeated experimental evaluations revealed a consistent performance hierarchy
among ensemble models, highlighting the robustness of the observed predictive patterns (Nsubuga et
al., 2024). The ROC-based performance comparison of the leading models is presented in Figure 6,

offering a threshold-independent assessment of classification quality.
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Feature Importance Analysis and Key Predictive Drivers

Feature importance analysis identified relative and absolute ARG abundance as the most influential
predictors of dissemination risk, highlighting the critical role of selective pressure in the environmental
propagation of AMR. Habitat type and environmental source also emerged as key determinants,
indicating that ecological context substantially shapes dissemination dynamics. Geographic attributes,
including latitude and longitude, contributed meaningfully to predictive performance, suggesting spatial
clustering and regional heterogeneity in AMR dissemination patterns (Yang et al., 2024; Wu et al., 2024;
Li et al., 2024)

Temporal variables exerted a moderate but consistent influence, reflecting gradual, sustained
dissemination trends rather than pronounced seasonal fluctuations. Notably, feature importance
rankings varied across ensemble models, attributable to differences in underlying learning architectures
and feature attribution strategies. This variability reflects model-specific interpretative perspectives
rather than instability in predictive behavior, thereby motivating the subsequent application of SHAP-
based explainability methods to derive coherent global and local insights. The ranked contributions of
dominant predictors across ensemble models are illustrated in Figure 7, facilitating transparent and

interpretable assessment of model behavior.
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Figure 6: ROC curves for top-performing machine learning models

In Figure 6 are the ROC curves for top-performing machine learning models. The figure shows receiver
operating characteristic ROC curves for the top-performing machine learning models, comparing their
true-positive rates to false-positive rates at different decision thresholds. The curves demonstrate strong
discriminatory ability, with higher areas under the curve indicating superior classification performance

and consistent robustness across models.
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Model Explainability Using SHAP Analysis

Explainability represents a critical requirement for operational deployment of machine learning models
in environmental health contexts. To address this, SHAP-based analysis was employed not merely as a
visualization tool but as a mechanism to translate predictive outcomes into biologically and
environmentally meaningful insights. To enhance interpretability, SHAP-based explainability analysis
was applied to the best-performing models. SHAP summary plots indicate that higher ARG abundance
values consistently shift predictions toward increased dissemination risk, while certain habitat categories
exert protective or amplifying effects depending on environmental context. Spatial features exhibit
asymmetric SHAP distributions, suggesting that geographic location interacts nonlinearly with biological
factors. Importantly, SHAP dependency plots reveal interactions between abundance metrics and
habitat types, highlighting complex ecological dependencies that univariate analyses miss. Global and
local explainability patterns are illustrated in Figure 8 and Figure 9, respectively, demonstrating how

individual features influence prediction outcomes across samples.
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Figure 7: Feature importance ranking from ensemble-based models

Figure 7 shows the Feature importance ranking from ensemble-based models. The figure illustrates
feature importance rankings derived from ensemble-based machine learning models, highlighting the
most influential variables for predicting performance. Higher-ranked features exhibit stronger impacts
on model decisions, while lower-ranked features contribute marginally, highlighting key environmental,

geographic, and abundance-related drivers of antimicrobial resistance gene dissemination.
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Figure 8: SHAP summary plot showing global feature contributions

In Figure 8 is the SHAP summary plot showing global feature contributions. The figure presents a SHAP
summary plot highlighting the global contribution of features to the model's predictions. Features are
ranked by their overall importance, with colour gradients indicating the magnitude and direction of their
influence. The distribution of SHAP values demonstrates how high- and low-valued features collectively

drive increases or decreases in predicted dissemination risk across the dataset.
Visualization of Model Stability and Error Distribution

Model stability assessment demonstrated minimal variability in predictive performance across cross-
validation folds for ensemble-based classifiers, indicating strong generalization capability. Analysis of
error distributions revealed that misclassifications were predominantly concentrated among borderline-
risk samples, where biological and environmental signals overlap substantially. Confusion matrix
evaluations of selected models showed consistently high true-positive and true-negative rates, further
supporting their suitability for environmental surveillance and risk assessment applications. The stability
and error characteristics of the evaluated models are illustrated in Figures 10 and 11, providing visual

insight into predictive reliability and classification behavior.
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Figure 9: SHAP dependency plots for key predictive features

Figure 9 illustrates the SHAP dependency plots for key predictive features. The figure displays SHAP
dependency plots for key predictive features, illustrating how variations in individual feature values
influence the model’s output across samples. The plots reveal both linear and nonlinear relationships
between feature magnitude and predicted dissemination risk, while color gradients capture feature

interactions, providing insight into synergistic and threshold-driven effects on model predictions.
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Figure 10: Confusion matrices for selected high-performing models

Confusion matrices for selected high-performing models are represented in Figure 10. The figure
presents confusion matrices for selected high-performing machine learning models, summarizing their
classification outcomes across true positive, true negative, false positive, and false negative categories.
The matrices highlight strong diagonal dominance, indicating high predictive accuracy, while
comparatively low off-diagonal values reflect minimal misclassification and robust model discrimination

performance.
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Discussion

The findings of this study align with prior research demonstrating the superiority of ensemble learning
approaches in modeling complex biological systems (Breiman, 2001; Chen & Guestrin, 2016). The
strong performance of LightGBM and Random Forest suggests that environmental ARG dissemination
is governed by nonlinear interactions among abundance, habitat, and spatial variables. Unlike previous
studies that primarily focused on model accuracy, this study integrates explainability analysis to translate
predictive outputs into actionable ecological insights. The identification of ARG abundance as a
dominant driver is consistent with ecological selection theory, which posits that increased selective
pressure facilitates horizontal gene transfer and the propagation of resistance. Furthermore, the
observed spatial heterogeneity reinforces the importance of geographically informed surveillance
strategies. These findings extend existing literature by demonstrating that interpretable machine learning
can function not only as a predictive tool but also as a decision-support framework within digital health

infrastructures.

The consistently high predictive performance across multiple models indicates that machine learning
can effectively integrate heterogeneous environmental data to predict AMR risk (Breiman, 2001; Chen
& Guestrin, 2016; Ke et al., 2017; Lundberg & Lee, 2017). The dominance of abundance and habitat-
related features aligns with ecological theory, while spatial influences highlight the need for
geographically informed surveillance strategies (Nsubuga et al., 2024; Yang et al., 2024; Wu et al., 2024;
Li et al., 2024). Importantly, the explainability framework ensures that predictions remain transparent
and biologically interpretable, addressing a critical barrier to operational deployment of machine learning
models in environmental health contexts. From a broader perspective, the ability to anticipate
environmental ARG dissemination risk has important implications for early warning systems, targeted
monitoring, and preventive intervention strategies. By shifting surveillance from retrospective detection
to predictive risk assessment, machine learning frameworks such as the one proposed here can support
proactive, cost-effective AMR mitigation efforts (Gootenberg & Turnbaugh, 2025; Hendriksen et al.,
2019).
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Figure 11: Error distribution and prediction of confidence analysis

Figure 11 shows the error distribution and prediction of confidence analysis. The figure illustrates model
reliability by jointly analyzing prediction errors and confidence scores. The left panel shows the
distribution of prediction errors across probability ranges, highlighting the separation between correct
and incorrect classifications. The right panel presents prediction confidence, demonstrating that correct
predictions are generally associated with higher confidence scores, while misclassifications cluster at
lower or ambiguous confidence levels. Together, these plots indicate stable model behavior and well-

calibrated predictive uncertainty.

From a digital health perspective, the proposed framework provides a foundation for intelligent
surveillance systems capable of supporting real-time risk assessment and prioritization of environmental
AMR hotspots. The integration of predictive modelling with explainable outputs enables transparent
decision support, which is essential for adoption in digital health and telemonitoring infrastructures. Such
systems complement existing laboratory-based surveillance by enabling proactive, data-driven risk

stratification across environmental and geographic contexts.
Geospatial Risk Visualization

Figure 12 presents a geospatial risk map based on our model's predictions. By integrating latitude,
longitude, and regional metadata, the map effectively visualizes the probability of ARG dissemination
across different global regions. This addition provides a clearer understanding of the spatial dynamics
and helps identify critical areas requiring urgent environmental intervention. The results show that our
framework can successfully translate complex ML outputs into actionable geospatial insights. The
geospatial distribution in Figure 12 is represented by a continuous color scale ranging from green to red.
Red regions signify 'High-Risk Dissemination Hotspots' where environmental and genetic factors align

to promote rapid ARG spread. Green regions denote 'Baseline Risk' areas with minimal predicted
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dissemination potential. The transition through Yellow indicates regions with moderate vulnerability,

highlighting the necessity for localized surveillance in these intermediate zones.

Geospatial Distribution of Predicted ARG Dissemination Risk

0.0 (Low Risk) 1.0 (High Risk)

Figure 12: Geospatial Distribution of Predicted ARG Dissemination Risk

Figure 12 shows the spatial distribution of the predicted risk of ARG spread. This heatmap visualizes
the risk of intensity across the studied geographic coordinates, highlighting critical hotspots where

dissemination probability is highest due to the interaction of environmental and anthropogenic factors.
Conclusions

This study presents a robust machine learning—driven framework for predicting the environmental
dissemination risk of AMR genes using real-world surveillance data. By integrating gene-level attributes,
a wide range of metrics, environmental context, and spatial information, the proposed approach
effectively captures the complex, nonlinear drivers underlying AMR propagation in environmental
systems. A comparative evaluation across multiple supervised learning algorithms shows that
ensemble-based models, particularly LightGBM, Random Forests, and Extra Trees, achieve
consistently high predictive performance. The strong accuracy and F1 scores indicate that
environmental AMR dissemination patterns are highly learnable when heterogeneous feature domains
are jointly modelled. Importantly, the inclusion of explainability analysis ensures that predictive outcomes
remain transparent and biologically interpretable, addressing a key limitation of black-box modelling
approaches in environmental health research. The findings highlight the dominant role of gene
abundance, habitat type, and geographic context in shaping dissemination risk, emphasizing the need
for spatially informed and ecosystem-specific surveillance strategies. The proposed framework offers a

scalable and transferable methodology that can support early warning systems, risk prioritization, and
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data-driven environmental management decisions. Despite its strengths, this study is subject to certain
limitations. The analysis relies on available surveillance records, which may not uniformly represent all
environmental compartments or geographic regions. Additionally, temporal resolution remains
constrained by sampling frequency, limiting the ability to fully capture short-term dissemination
dynamics. Future research should incorporate longitudinal sampling, integrate indicators of climate and
anthropogenic activity, and explore deep learning architectures to enhance spatiotemporal modelling.
Beyond its predictive performance, this work demonstrates how machine learning can be
operationalized as a digital health decision-support tool for environmental AMR surveillance. The
combination of robust ensemble modelling and explainable artificial intelligence supports trustworthy
risk communication, a critical requirement for deployment within digital health and telemedicine-enabled
surveillance systems. By facilitating interpretable, scalable, and risk-oriented analytics, the proposed

framework aligns with emerging digital health strategies for integrated One Health monitoring.
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