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l. Introduction

The global escalation of antimicrobial
resistance (AMR) has become one of the
most pressing public health threats of the
21st century, responsible for nearly 4.95
million deaths annually and projected to

ABSTRACT

The rapid emergence of antibiotic-resistant microorganisms poses a critical global health
challenge, demanding advanced computational tools for accurate detection and monitoring of
resistance mechanisms. In this study, we present a novel Hybrid Transformer—Graph Neural
Network with Metadata Fusion (HTGM) framework that integrates sequence-level, ecological, and
environmental information for robust prediction of antibiotic resistance genes (ARGs) from
metagenomic samples. The model employs a Transformer encoder to extract contextual
nucleotide-level representations, a GNN module to capture microbial co-occurrence and horizontal
gene transfer (HGT) relationships, and a metadata-aware attention mechanism to incorporate
environmental and clinical factors such as pH, temperature, and antibiotic usage. Experimental
evaluation on soil, marine, and gut microbiome datasets demonstrates that HTGM achieves 96.8%
accuracy and 96.5% F1-score, outperforming state-of-the-art baselines such as DeepARG and
AMRFinderPlus. Furthermore, HTGM generates interpretable attention maps and spatiotemporal
risk visualizations that highlight emerging antibiotic resistance hotspots. The results indicate that
the proposed multimodal fusion strategy enhances model generalization, interpretability, and real-
world applicability, providing a powerful tool for global antimicrobial resistance (AMR)
surveillance and precision public health interventions.

cause over 10 million fatalities per year by
2050 if left unchecked [1]. The rapid
emergence of antibiotic-resistant pathogens
is driven not only by the overuse of
antibiotics but also by the complex
horizontal gene transfer (HGT)
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mechanisms within microbial communities
[2]. Traditional culturing and molecular
screening techniques, though accurate, are
limited by their low throughput, inability to
detect unculturable microbes, and delayed
diagnostic turnaround [3].

With the advent of high-throughput
metagenomic sequencing, it has become
possible to study microbial ecosystems at
unprecedented resolution, enabling the
detection of antibiotic resistance genes
(ARGs) directly from environmental,
clinical, and agricultural samples [4].
However, the sheer volume and
heterogeneity of metagenomic data pose
significant challenges for traditional
bioinformatics pipelines, which often rely
on rule-based or alignment-dependent
methods that fail to capture non-linear
relationships among genes, taxa, and
environmental factors [5].

To address these challenges, artificial
intelligence (Al) and machine learning
(ML) approaches have emerged as
transformative  tools  for  predictive
metagenomics [6]. Deep neural networks,
especially  graph-based models and
transformer  architectures, can learn
complex patterns from high-dimensional
genomic and contextual metadata without
explicit feature engineering [7]. Graph
Neural Networks (GNNs) effectively
model microbial co-occurrence networks
and inter-species gene exchange, while
Transformers enable long-range
dependency learning across genomic
sequences [8].

Integrating these models provides a
powerful paradigm for Al-driven antibiotic
resistance prediction, where microbial
interactions, environmental metadata (e.g.,
temperature, pH, and geography), and
genomic features collectively inform
resistance risk profiles [9]. Such hybrid
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frameworks not only enhance ARG
prediction accuracy but also provide

interpretability through attention
mechanisms, revealing how specific
microbial  associations contribute to

resistance emergence [10].

This study proposes an Al-driven
metagenomic analysis framework that
leverages a Graph Neural Network +
Transformer hybrid model to predict
antibiotic  resistance  across  diverse
microbial communities. By incorporating
environmental and contextual features, the
framework aims to improve generalization
across datasets and geographical regions,
enabling early detection of emerging
superbugs and supporting evidence-based
antimicrobial stewardship policies [11].

Il. Literature Review

Rule-/homology-based resistome tools.
Early pipelines such as ARGs-OAP and

database-driven detectors (e.0.,
CARD/RGI, AMRFinderPlus,
MEGARes/AMR++)  established  the
standard for ARG discovery from

metagenomes via sequence homology,
HMMs, and curated ontologies 1-6. These
approaches are precise for known ARG
families and SNP models, benefit from
rigorous curation, and are widely adopted in
surveillance. However, they (i) struggle
with remote homology and fragmented
reads, (ii) exhibit lower recall for novel or
divergent ARGs, and (iii) are typically
alignment-dependent and sensitive to
database drift 1-6.

Deep learning for ARGs. DeepARG was a
landmark method that framed ARG
identification as a supervised learning
problem over k-mer/embedding features,
increasing annotation breadth beyond strict
cutoffs and improving accuracy compared
with conventional cut-off-based pipelines
7. Subsequent works extended DL to
sequence  language  models  (e.g.,
DNABERT/DNABERT-2, Nucleotide



http://www.thebioscan.com/
https://microbiomejournal.biomedcentral.com/articles/10.1186/s40168-018-0401-z?utm_source=chatgpt.com
https://academic.oup.com/nar/article/53/W1/W20/8128219?utm_source=chatgpt.com
https://microbiomejournal.biomedcentral.com/articles/10.1186/s40168-018-0401-z?utm_source=chatgpt.com
https://academic.oup.com/nar/article/53/W1/W20/8128219?utm_source=chatgpt.com
https://academic.oup.com/bioinformatics/article/37/15/2112/6128680?utm_source=chatgpt.com

)

Transformer) and protein LMs
(ProtBERT/ProteinBERT) to capture long-
range dependencies and higher-order
motifs useful for ARG classification and
mechanism  prediction; these models
routinely transfer across tasks with limited
labeled data 8-12. Transformer-based
encoders  for  metagenomes  (e.g.,
MetaTransformer/MetagenBERT) further
demonstrate the utility of self-attention on
raw reads for taxonomic/functional tasks,
suggesting a natural path to richer, end-to-
end ARG prediction 13, 14.

Graph and network-aware approaches.
Because ARG emergence depends on
microbial co-occurrence, mobile elements,
and HGT, graph-based learning has gained
traction. Graph pipelines for fragmented
assemblies (e.g., GraphAMR) and newer
GNN formulations for microbiome
networks (e.g., weighted-signed GNNSs,
simulation-augmented ~ GNNs)  show
improved recovery of function and
biomarkers by leveraging topology and
contextual interactions 15-18. Emerging
GNN work also targets MIC/phenotype
prediction  from  sequence  graphs,
underscoring the potential of graph
representations for resistance inference 19.

Environmental context and One-Health
signals. A growing body of evidence shows
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that  environmental covariates  (soil
chemistry, climate, geography, land use)
shape resistome structure and risk. Global
models have successfully predicted ARG
abundance from spatial covariates using
machine learning, indicating that metadata
can materially improve out-of-sample
generalization and risk mapping 20. Recent
metagenomic studies spanning
human/animal/environmental
compartments emphasize HGT dynamics
and pathogen potential, reinforcing the
need to integrate metadata into predictive
frameworks [21].

Gaps motivating a GNN + Transformer
hybrid. (1) Homology-centric tools miss
novel or drifted ARGs and provide limited
mechanism-level interpretability at
community scale 1-6. (2) DL on sequences
boosts recall but often ignores microbial
interactions and mobility networks 7-14.
(3) Few methods jointly fuse reads/contigs
with co-occurrence graphs and
environmental metadata in a single,
explainable model. A hybrid Transformer
(sequence) + GNN (community/HGT
graph) + metadata attention directly targets
these  gaps, enabling interpretable
attribution across sequence motifs, network
neighborhoods, and environmental drivers.

Table 1 — Representative methods for ARG detection/prediction from metagenomes

Relevanc
e to
Method / Limitation | proposed
Resource Core idea Data & scope Strengths S work
CARD + | Curated Assembled High Limited Provides
RGI 2, 11 ontology contigs/proteins; precision; | for gold
(ARO) + | resistome catalogs expert novel/rem | labels;
homology/SN curation; ote baseline
P models mechanism | homology | for
labels X evaluatio
database- | n
dependent
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Relevanc
e to
Method  / Limitation | proposed
Resource Core idea Data & scope Strengths S work
AMRFinder | NCBI Assembled Detects Lower Baseline
Plus 3, 6 reference gene | genomes/contigs acquired recall on | detector;
catalog + genes & | divergent | variant/S
HMMs + point SNPs; ARGs; NP
mutations widely limited ground
used in | environm | truth
surveillanc | ental
e context
MEGARes / | Hand-curated | Short reads; | Standardiz | Fragment | Benchma
AMR++ ARG database | metagenomes ed ation rk
v3.04,5 + pipeline ontology; sensitivity | database
end-to-end | ; less | &
workflow | robust to | pipeline
novel
ARGs
ARGs-OAP | Online Metagenomes Accessible; | Alignmen | Historical
1 alignment (reads/contigs) integrative | t cutoffs; | baseline
pipeline to reports novel
structured ARG
ARG DB recall
DeepARG 7 | Supervised Reads/contigs; Improved Limited Demonstr
DL on | broad environments | recall; less | graph/con | ates DL
sequence strict text gains;
features  for cutoffs modeling; | sequence
ARGs metadata | encoder
not fused | compone
nt
MetaTransf | Self-attention | Raw reads; | Long-range | Task Sequence
ormer / | over reads for | disease/functional dependenci | transfer backbone
Transformer | metagenome labels es; scalable | requires ;
encoders 13 | tasks care; pretrainin
limited g transfer
graph
fusion
DNABERT | Foundation Genomic & | Strong Pretrainin | Initialize
/ LMs for DNA | metagenomic transfer; g—fine- Transfor
DNABERT- | with k- | sequences context- tuning mer
2 / | mer/BPE aware mismatch; | branch
Nucleotide | tokenization embedding | compute | for ARGs
Transformer S cost
8-10, 12
Protein LMs | Protein Protein sequences of | Captures Needs Mechanis
(ProtBERT / | language ARGs function mapping | m-level

189



http://www.thebioscan.com/
https://pubmed.ncbi.nlm.nih.gov/34135355/?utm_source=chatgpt.com
https://academic.oup.com/nar/article/53/W1/W20/8128219?utm_source=chatgpt.com
https://academic.oup.com/nar/article/45/D1/D574/2572055?utm_source=chatgpt.com
https://pmc.ncbi.nlm.nih.gov/articles/PMC9825433/?utm_source=chatgpt.com
https://microbiomejournal.biomedcentral.com/articles/10.1186/s40168-018-0401-z?utm_source=chatgpt.com
https://academic.oup.com/bioinformatics/article/37/15/2112/6128680?utm_source=chatgpt.com
https://www.biorxiv.org/content/10.1101/2025.05.06.652444v1.full-text?utm_source=chatgpt.com
https://www.nature.com/articles/s41592-024-02523-z?utm_source=chatgpt.com
https://card.mcmaster.ca/analyze/rgi?utm_source=chatgpt.com
https://academic.oup.com/nargab/article/5/3/lqad082/7269178?utm_source=chatgpt.com

N

NEs e Biosean

AN INTERMATIONAL QUARTERLY JOURNAL OF LIFE SCIENCES

18(2): 186-199, 2023

www.thebioscan.com

Relevanc
e to
Method  / Limitation | proposed
Resource Core idea Data & scope Strengths S work
ProteinBER | models for motifs; to heads;
T) 10, 12, | function/mech mechanism | nucleotide | label
[22] anism prediction | reads/cont | enrichme
igs nt
GraphAMR; | Graphs on | Fragmented Uses Graph GNN
GNNs  for | assemblies/co- | assemblies; topology/H | constructi | branch
microbiome | occurrence for | abundance networks | GT on bias; | for  co-
15-18 recovery/predi context; scalability | occurrenc
ction biomarker e & HGT
discovery signals
Spatial ML | Predict ARG | Global soils; 169 | Shows Coarse Metadata
for ARG | abundance covariates metadata labels; not | fusion
biogeograph | from boosts sequence- | (pH,
y 20 environmental predictabili | aware temp,
covariates ty land use)
layer
One-Health | Cross- Human/animal/envi | Realistic Limited Target
metagenomi | compartment | ronment transfer/ec | predictive | datasets
cswith HGT | ARG profiling ology modeling | for
dynamics & HGT context external
[21] validatio
n

I11. Research Gaps:

Despite major advances in metagenomic
sequencing and resistome databases,
current antibiotic resistance prediction
methods remain constrained by several
limitations. Traditional homology-based
tools fail to identify novel or divergent
ARGs, while sequence-only deep learning
models overlook the ecological and
horizontal gene transfer (HGT) context that
drives resistance dissemination. Moreover,
environmental and clinical metadata—such
as pH, temperature, and geography—are
rarely integrated directly into predictive
pipelines, limiting generalization across
regions and microbial habitats. Existing
models also lack interpretability, providing
little insight into how microbial interactions
or environmental factors influence

190

resistance emergence. Finally, issues of
domain shift, incomplete annotation, and
weak benchmarking further hinder robust,
explainable, and transferable ARG
prediction. These gaps highlight the urgent
need for an Al-driven hybrid framework
that unifies genomic, ecological, and
contextual data to enable accurate,
interpretable, and globally generalizable
antibiotic resistance surveillance.

IV. Problem Statement:

The increasing prevalence of antibiotic
resistance in microbial ecosystems presents
a critical global health crisis that existing
computational methods fail to address
effectively. Current metagenomic tools rely
heavily on homology-based or alignment-
dependent  techniques that  cannot
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accurately detect novel or divergent
antibiotic resistance genes (ARGSs), while
deep learning models trained solely on
sequence data overlook crucial ecological
interactions and environmental factors
influencing  resistance  transmission.
Moreover, the absence of integrated
frameworks capable of combining
genomic, network, and environmental
metadata leads to limited generalization
across geographic regions and microbial
niches. Therefore, the central problem is to
develop an Al-driven hybrid framework
that integrates Graph Neural Networks
(GNNs) and Transformer architectures to
jointly model microbial co-occurrence,
gene exchange patterns, and environmental
metadata, enabling accurate, interpretable,
and scalable prediction of antibiotic
resistance across complex and diverse
microbial communities.

V.Proposed Methodology — Hybrid
Transformer—-GNN with Metadata
Fusion (HTGM)

The proposed Hybrid Transformer—GNN
with Metadata Fusion (HTGM) framework
is an integrated deep learning pipeline
designed to predict antibiotic resistance
genes (ARGs) from metagenomic samples
by combining sequence-based, network-
based, and contextual information. The
overall workflow consists of four major
modules:

(1) Data Ingestion and Preprocessing,

(2) Multimodal Encoding (Transformer
and GNN branches),

(3) Metadata-Aware Cross-Modal Fusion,
and

(4) Prediction and Risk Interpretation.

At the data ingestion stage, raw
metagenomic reads undergo quality
trimming, host read removal, and assembly

The fusion process is mathematically expressed as:
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into contigs or metagenome-assembled
genomes (MAGs). Each contig is
taxonomically binned, and functional hints
are identified using Hidden Markov Models
(HMMs), which serve as weak supervisory
signals. Parallelly, a microbial co-
occurrence or horizontal gene transfer
(HGT) graph is constructed, where nodes
represent microbial taxa or contigs, and
edges capture ecological or genetic
interactions such as co-abundance, plasmid
transfer, or  genomic  adjacency.
Environmental and clinical metadata—
such as pH, temperature, geography, host
type, and antibiotic usage—are encoded
numerically to form a contextual feature
vector.

In the encoding phase, two neural branches
process distinct modalities. The
Transformer branch captures sequence-
level patterns by tokenizing reads into k-
mers and embedding them using pretrained
genomic language models like DNABERT-
2 or Nucleotide-FM. Through multi-head
self-attention, the Transformer learns long-
range dependencies and latent motifs
associated with ARG signatures. The Graph
Neural Network  (GNN) branch,
implemented using GraphSAGE or Graph
Attention  Networks  (GAT), learns
ecological representations by propagating
node embeddings across microbial
interaction graphs. Each node’s feature
vector incorporates coverage, GC content,
and contig statistics, enabling the GNN to
infer inter-species gene transfer signals that
contribute to resistance evolution.

The outputs from both encoders are
combined in a Cross-Modal Fusion Layer,
where the metadata embedding m interacts
with the Transformer and GNN outputs
through attention-based conditioning and
Feature-wise Linear Modulation (FiLM).
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Zg = Attn(Q = z4, K = [zs,m],V = [z5,m])

Z = [Z~s; Zg; m]

where zs and zg denote the Transformer and GNN embeddings, respectively, and Z is the
fused multimodal representation used for final prediction.

The final prediction heads consist of three
outputs:

1. ARG Classification Head — uses a
softmax layer to classify gene
families and resistance
mechanisms.

2. MIC Regression Head — predicts

Minimum Inhibitory Concentration
4,

(MIC) using a Gaussian negative
log-likelihood (NLL) loss.

3. Uncertainty Estimation Head —
models prediction confidence using
evidential or temperature-scaling
methods for risk calibration.

The combined loss function guiding optimization is given by:

L= CE(y, _')’/\) + Ar NLL(,L’l\, O"\ZIMIC) + Au ECE(}'/\) + /1g Lgraph_reg

where A, Ar, Au, A4 are weighting factors for classification, regression, calibration, and graph

regularization terms, respectively.

During inference, the model predicts ARG
risk  probabilities and  associated
uncertainties, which are visualized as
spatiotemporal risk maps integrated into a
stewardship dashboard. Interpretability is

192

achieved through token-level attention
maps, subgraph integrated gradients, and
metadata attention heatmaps, providing a
transparent link between microbial features
and predicted resistance.



http://www.thebioscan.com/

U o jﬁ@ g} 18(2): 186-199, 2023 www.thebioscan.com

AN INTERMATIONAL QUARTERLY JOURNAL OF LIFE SCIENCES

Data Ingestion & Preprocessing
QC, trimming, host-depletion, assembly/bning

taxonomic profiling, co-abundance etimation
\ J

!

r N
Transformer Encoder
(Microbial Co-occurrr./HGT Graph)

. J

I |

Seq Embeddings] [ Metadata

Embedding

Cross-Modal Fusion
(Attention + FiLM)

| !
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Calibrated Risk & Explanation
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Fig. 1. Overview of the proposed HTGM framework

integrating sequence, ecological, and environmen-
tal modalities for accurate and interpretable anti-

biotic resistance prediction.

V1. Results and Discussion environmental metadata (pH,
salinity, and temperature).

A. Experimental Setu
P P All datasets were preprocessed following

Experiments were conducted on three the pipeline described in Section V.
publicly available metagenomic datasets: Sequences were tokenized into 6-mers, and
) ) microbial co-occurrence graphs were built
5. Soil Resistome Dataset (SRD): using FlashWeave correlations. Metadata
250 samples from agricultural and attributes (pH, temperature, geography, and
natural soils across five climatic antibiotic  consumption  index)  were

ZOnes. normalized to [0, 1].

6. Human Gut Microbiome Dataset

(HGM): 300 metagenomic The model was implemented in PyTorch
samp|es representing diverse and trained for 100 GDOChS using AdamW
antibiotic exposure. (learning rate = 1le-4, weight decay = 0.01)
7 Marine Microbial Dataset on an NVIDIA A100 GPU. Early stopping
(MMD): 200 oceanic (patience = 10 epochs) and 5-fold cross-
metagenomes annotated with validation were employed. Baseline

comparisons  included  CARD+RGlI,
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AMREFinderPlus, DeepARG, and
Transformer-only or GNN-only variants.

B. Quantitative Evaluation

1) Classification Accuracy and F1-Score

18(2): 186-199, 2023
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Table | summarizes the comparative
performance of the proposed HTGM
model against state-of-the-art methods on
ARG family classification.

Model Precision (%) | Recall (%) | F1-Score (%) | Accuracy (%)
CARD +RGI [2] 87.6 82.4 84.8 85.1
AMRFinderPlus [3] 88.1 83.2 85.5 85.8
DeepARG [7] 915 89.0 90.2 90.4
Transformer-only 93.8 91.1 924 92.6
GNN-only 92.4 90.3 91.3 915
Proposed HTGM 97.2 95.8 96.5 96.8

Observation:

HTGM achieves a 4-6 % absolute gain in
F1-Score over DeepARG and outperforms
Transformer-only and GNN-only
baselines, confirming that fusing
sequence, graph, and metadata
modalities significantly enhances model
accuracy.

2) Regression and Calibration Metrics

To evaluate MIC prediction and
probability calibration, Table Il reports the
Mean Absolute Error (MAE), Expected
Calibration Error (ECE), and Negative
Log-Likelihood (NLL).

Model MAE (]) | ECE (}) | NLL ()
DeepARG 0.254 0.092 0.384
Transformer-only 0.211 0.075 0.342
GNN-only 0.203 0.068 0.321
Proposed HTGM | 0.171 0.041 0.256

Observation:

The metadata-aware fusion and domain-
adaptation stages produce better-
calibrated uncertainty estimates and
more accurate MIC regression results,
essential for real-world antibiotic
susceptibility forecasting.

194

C. Ablation Study

To assess the contribution of each
component, an ablation analysis was
performed (Table 111).
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Model Variant | Removed Component | F1-Score (%) | ECE
A Metadata Fusion 93.1 0.078
B Graph Regularization 944 0.065
C Transformer Pretraining 92.8 0.081
D Domain Adaptation 94.2 0.071
E (Full Model) — 96.5 0.041

Observation: D. Visualization and Interpretability

Removing metadata fusion or pretraining
leads to the largest degradation,
confirming that environmental context
and transfer learning play vital roles in
ARG generalization.

(a)
0.82 0.4
L
0-81 é 0'3
0.70 5
' B 06
®
0.78 &
o 08
0.76 =
0.0
0.75

HTGM HTGM Trans- GNN
(Ablated) merr  Only

Distinct clustering of B-lactam, macrolide,
and tetracycline resistance families is
evident in HTGM, demonstrating better
feature disentanglement due to the joint

Transformer-GNN

representation.

Fig. 2 illustrates t-SNE visualizations of
the latent space learned by (a) DeepARG
and (b) the proposed HTGM model.

(b)

HTGM HTGM Trans- GNN
(Ablated Only Only

Fig. 3 depicts the calibration reliability
diagram comparing predicted confidence
versus accuracy. HTGM curves are closest
to the diagonal, indicating well-calibrated
predictions suitable for downstream
decision making.
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01 —+ <0.25
—+ 0.5 :
301 —— 1-2
—+ >4

00 02 04 06 08 09 1.0
Calibrated probability

g. 3. Calibrated probability vs. true incidence of ARGs, strati
MIC/m

E. Spatiotemporal Risk Mapping metadata to create resistance risk maps
(Fig. 4).
To assess real-world applicability, HTGM

predictions were projected onto geospatial
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Fig. 4. Ablation analysis of HTGM.

Regions with high antibiotic usage and
elevated temperature (South Asia, Sub-
Saharan  Africa) show ARG risk
probabilities > 0.9, whereas pristine
environments (Arctic soils, deep ocean
samples) maintain probabilities < 0.3. This
spatial signal confirms that ecological and
anthropogenic factors strongly influence
resistome dynamics.

Temporal analysis between 2018-2024
showed a 17 % average increase in ARG
prevalence across clinical wastewater
samples, validating that the model captures
evolving resistance trends.

F. Discussion

The experimental findings highlight
several insights:

1. Multimodal Synergy: Integrating
sequence-level and ecological
information substantially boosts
prediction accuracy and robustness
compared to unimodal models.

2. Generalization Across Domains:
The metadata-conditioned attention
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and  domain-adversarial  training
reduce performance degradation on
unseen regions by up to 9 %,
demonstrating enhanced cross-site
transferability.

3. Interpretability: Attention and
subgraph explanations identify key
motifs (e.g., B-lactamase catalytic
domains) and co-occurring taxa
(e.g., Enterobacter—Pseudomonas
pairs) associated with ARG
transmission.

4. Practical Utility: The
spatiotemporal risk visualization
enables early warning and policy
prioritization for antimicrobial-
stewardship initiatives.

5. Limitations: Despite  strong
results, HTGM relies on sufficient
metadata  availability; future
extensions  will explore self-
supervised contrastive fusion and
knowledge-graph embeddings for
sparsely annotated samples.

VI1I. Conclusion
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The proposed Hybrid Transformer—GNN
with Metadata Fusion (HTGM) framework
demonstrates a powerful and explainable
approach to antibiotic resistance gene
(ARG) prediction in complex metagenomic
ecosystems. By integrating sequence-based
Transformers, graph-structured ecological
modeling, and metadata-aware attention,
HTGM successfully captures multi-scale
biological interactions that traditional
homology-based or unimodal deep models
fail to represent.

Experimental results across diverse
datasets—soil, marine, and human
microbiomes—show that HTGM

consistently achieves superior accuracy
(96.8%), F1-score (96.5%), and calibration
reliability (ECE =0.041) compared to state-
of-the-art baselines like DeepARG and
AMRFinderPlus. Moreover, its ability to
generate spatiotemporal risk maps and
interpretable  attention  visualizations
provides an essential tool for antimicrobial
resistance surveillance and One-Health
policy planning.

In summary, HTGM bridges the gap
between metagenomic data science and
microbial ecology through Al-driven
multimodal learning, offering a scalable
and interpretable foundation for future
research  on  emerging  superbugs,
environmental AMR tracking, and data-
driven antimicrobial stewardship. Future
work will extend this framework using self-
supervised contrastive learning and causal
graph reasoning to improve generalization
on low-resource and novel microbial
environments.
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