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Abstract: Machine learning (ML) has emerged as a central computational paradigm for advancing microbial research in genomics,
metagenomics, microbiome ecology, medical diagnostics, and industrial biotechnology. The growing scale, complexity, and
heterogeneity of microbial datasets generated by high-throughput sequencing, large metagenomic surveys, advanced microscopy,
and multi-omics profiling have exceeded the analytical capabilities of traditional statistical and rule-based methods. This review
synthesizes current ML methodologies applied to microbial data, with emphasis on the types of microbial datasets that require ML-
based analysis—including genomic, metagenomic, imaging, environmental, industrial, and emerging multi-omics data. We examine
supervised learning, unsupervised learning, deep learning, and hybrid multi-view approaches, highlighting their applications in
taxonomic classification, antimicrobial resistance (AMR) prediction, microbial image interpretation, community structure inference,
and functional annotation. Benchmark performance summaries and representative public datasets are provided to contextualize
methodological capabilities.

The review also discusses key challenges limiting ML performance in microbial science, including data noise, sparsity,
batch effects, incomplete reference databases, limited labelled datasets, computational constraints, and the persistent interpretability
gap in complex models. Addressing these challenges is essential for improving generalizability, robustness, and translational
applicability. Future research directions identified in this work include multi-omics data integration, development of scalable and
efficient ML architectures, incorporation of biological priors into model design, improved benchmarking standards, domain-specific
explainable Al (XAI), and responsible governance frameworks for clinical and industrial deployment.

Overall, ML offers transformative potential for understanding microbial diversity, functions, and interactions. As
computational techniques become more interpretable, scalable, and biologically informed, ML-driven analysis is poised to play an
increasingly pivotal role in environmental microbiology, industrial bioprocessing, and clinical diagnostics.

Keywords: Machine learning, microbial genomics, metagenomics, microbiome analysis, deep learning, supervised learning,
unsupervised learning, multi-omics, antimicrobial resistance, microbial imaging, explainable Al, computational biology.

1. INTRODUCTION

Microorganisms represent the most diverse and
abundant forms of life on Earth, occupying nearly every
ecological niche and contributing fundamentally to human
health, agriculture, industry, and global biogeochemical
cycles. Their small size, immense diversity, and the
complexity of microbial communities have historically made
their study challenging using traditional microbiological
techniques such as culturing, staining, and biochemical
characterization. Although these classical approaches laid the
foundation for modern microbiology, they are limited in
scalability, are often biased toward cultivable organisms, and
cannot fully capture the genomic or functional diversity
present in natural microbial populations.

The advent of high-throughput sequencing,
metagenomics, advanced microscopy, and large-scale
environmental and clinical sampling has transformed
microbial science by generating vast quantities of genomic,
ecological, and phenotypic data. However, the scale and
heterogeneity of these datasets present analytical challenges
that exceed the capabilities of conventional statistical tools.
Machine learning (ML), particularly in combination with
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advances in artificial intelligence (Al), has therefore emerged
as a critical computational framework for extracting
meaningful patterns from complex microbial datasets [1], [2].
ML methods now support tasks such as microbial taxonomic
classification, gene function prediction, community structure
analysis, antimicrobial resistance (AMR) detection, microbial
image interpretation, and industrial process optimization.

Supervised learning techniques have demonstrated
strong performance in classification and prediction tasks
involving genomic and phenotypic labels, while unsupervised
approaches have enabled clustering, dimensionality
reduction, and discovery of emergent ecological patterns in
metagenomic and microbiome data [2], [3]. Deep learning
architectures—including convolutional neural networks
(CNNgs), recurrent neural networks (RNNs), and transformer-
based models—have further expanded analytical capabilities
by enabling automated microbial image analysis, sequence
modelling, and representation learning [4]-[6]. Despite these
successes, the application of ML to microbial science remains
constrained by challenges such as data noise, sparsity, limited
labelled datasets, high computational requirements, and the
interpretability of complex models [7]-[9].
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Given the rapid growth of data generation technologies
and increasing reliance on computational methods, there is a
strong need to synthesize current ML strategies used in
microbial analysis, identify their strengths and limitations,
and outline future research opportunities. This review
addresses these needs by providing:

1. an overview of major types of microbial data that
necessitate ML-based analysis;

2. acomprehensive examination of supervised,
unsupervised, and deep learning approaches
applied to microbial datasets;

3. an analysis of key challenges and limitations in
current ML applications; and

4. adiscussion of emerging future directions that will
shape the next generation of microbial
computational research.

Through this synthesis, the paper aims to support
researchers, practitioners, and students by clarifying how
ML methods are transforming microbial science and by
highlighting avenues for future innovation in both
methodology and applications.

Distribution of Reviewed Papers by Category (Total = 81)

Coming to the scope of literature surveyed in this
review, we examined a curated set of peer-reviewed
research  articles, benchmarking studies, and
methodological reviews published between 2015 and 2025
across computational biology, microbiology, machine
learning, and biomedical engineering journals. These papers
were grouped into thematic categories based on the primary
ML techniques employed and the microbial data types
analysed. Table below summarizes this distribution, offering
a concise overview of the methodological and application
spaces covered by the reviewed literature.

Table: ML Technique and Microbial Data Category

Category of Research ML Techniques Microbial Data Types Number of .
. Papers Representative Focus Areas
Papers Emphasized Addressed .
Reviewed
Genomic & Metagenomic |[SVMs, RF, Gradient Shotgun metagenomes, 24 Xﬁglogaicinglﬁign’
Classification Boosting, k-NN WGS, 16S rRNA P i
annotation
Microbial Imaging & CNNs, U-Net, Vision Microscopy images, 15 Morphological classification,
Phenotype Recognition Transformers colony plates segmentation
Microbiome Ecology &  ||Clustering, PCA, Environmental 13 Community clustering,
Community Analysis UMAP, Autoencoders ||microbiome profiles ecological pattern discovery
Multi-view learning, Genomics, Pathway inference. host—
Multi-Omics Integration ||GNNSs, latent factor transcriptomics, 9 . Y C
. microbe interactions
models metabolomics
Industrial Microbiology & ||[LSTMSs, hybrid DL Fermentation time- 6 Yield prediction,
Fermentation Modelling |jmodels series data contamination detection
Clinical Microbiology & ||Logistic regression, RF, ||Clinical isolates, 3 Pathogen identification, AMR
Diagnostics transformers resistome profiles diagnostics
Foundational . .
Benchmarking & A1g0r1.tl.1m comparisons, |\ r. 4 g0 types 6 ML workﬂow standards, .
) scalability tests computational benchmarking
Workflow Studies

2. TYPES OF MICROBIAL DATA REQUIRING
MACHINE LEARNING

Modern microbial research produces heterogeneous,
high-volume, and complex datasets emanating from
sequencing platforms, imaging systems, environmental
monitoring, and industrial bioprocesses. The complexity and
scale of these datasets make traditional manual or purely
statistical analysis insufficient. Recent research demonstrates
that machine learning (ML) offers scalable, robust, and
generalizable tools for extracting biological insights from
such data [10]-[14]. This section classifies major microbial
data types and explains how ML methods have become
indispensable for each.
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2.1. Genomic and Metagenomic Data

High-throughput sequencing (HTS) technologies—
including shotgun metagenomics, whole-genome sequencing
(WGS), and marker-gene (e.g., 16S/18S rRNA)
sequencing—generate massive datasets containing millions
of reads or assembled contigs. Such datasets are typically:

1. high-dimensional (thousands to millions of

features),

2. sparse and compositional,

3. noisy, and

4. incomplete due to uncultured taxa.

Traditional alignment-based approaches often fail when
reference genomes are missing or assemblies are fragmented
[11], [12]. ML-based classifiers and deep learning models
overcome these limitations by learning discriminative
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patterns directly from raw sequence data and generalizing to
novel taxa. MetageNN, for instance, demonstrated robust
long-read classification even in the presence of high error
rates and incomplete databases [10]. Additional deep-
learning frameworks have shown improved taxonomic and
functional annotation across environmental samples [13],
[14].

Thus, ML is essential to manage high dimensionality,
noise, and incompleteness in genomic and metagenomic
datasets.

2.2. Microscopy and Image-Based Data

Microbial research frequently uses microscopy and
colony imaging to study morphology, biofilm structure, or
phenotypic patterns. These data are challenging due to
illumination variability, morphological heterogeneity,
overlapping cells, and large image volumes.

Deep learning methods—especially CNNs—enable
automated segmentation, species or phenotype classification,
and morphological feature extraction with significantly
higher accuracy than classical rule-based methods [15], [16].
ML pipelines handle noise, pixel-level variability, and
complex spatial structures, enabling high-throughput
phenotyping and scalable image analysis.

2.3. Environmental and Ecological Microbial Data

Environmental — microbiology  produces  datasets
combining community composition, functional gene profiles,
physicochemical measurements, temporal sampling, and
geospatial metadata. These datasets present challenges such
as:
high-dimensional feature spaces,
zero-inflation,
nonlinear ecological relationships, and
multi-scale variation.

ML approaches—including clustering, ordination, and
non-linear predictive modelling—effectively capture hidden
ecological structure and reveal environmental drivers of
microbial communities that traditional linear models often
miss [14], [17].

2.4. Industrial Bioprocess and Fermentation Data

Industrial applications generate dynamic, multivariate,
and time-dependent datasets related to microbial growth,
metabolite production, and fermentation conditions. These
data feature:

e non-linear parameter interactions,

®  Sensor noise,

e  high variability, and

e large-scale multistrain screening.

ML models, particularly those for time-series forecasting
and anomaly detection, have shown strong performance in
predicting yields, detecting contamination, optimizing
process conditions, and guiding strain selection [18], [19].

2.5. Multi-Omics Microbial Data (Emerging Category)

Systems microbiology increasingly integrates multiple
omics layers—genomics, transcriptomics, proteomics,
metabolomics—along with environmental or clinical
metadata. Multi-omics datasets are:

1. extremely high-dimensional,

2. heterogeneous in data type,
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3. incomplete or unevenly sampled, and
4. non-linearly interconnected.
Deep learning and multi-view ML approaches handle these
challenges by learning latent feature representations and
integrating multiple data modalities. Reviews highlight the
growing role of ML in multi-omics microbial studies,
supporting phenotype prediction, pathway modelling, and
host-microbe interaction inference [13], [17].
3. MACHINE LEARNING APPROACHES IN
MICROBIAL ANALYSIS

Machine learning (ML) provides powerful
computational frameworks for modelling, classifying,
clustering, and interpreting microbial datasets that are high-
dimensional, heterogeneous, and structurally complex.
Microbial genomics, metagenomics, industrial microbiology,
medical microbiology, and microbial ecology all increasingly
rely on ML to derive meaningful biological insights from data
that cannot be effectively analysed using classical methods.
This section reviews the major ML paradigms — supervised
learning, unsupervised learning, and deep learning — along
with hybrid strategies and best practices relevant to microbial
data analysis. Emphasis is placed on methodological
strengths, limitations, and representative applications
documented in recent microbial ML literature.

3.1. Supervised Learning

Supervised learning algorithms are trained on
labelled datasets in which each sample is associated with a
known output, such as species identity, antimicrobial
resistance (AMR) class, metabolic phenotype, or
environmental category. Because many microbial tasks
involve predicting discrete or continuous biological
outcomes, supervised learning is one of the most widely
adopted approaches in microbial bioinformatics.

3.1.1. Support Vector Machines (SVMs)

SVMs are margin-based classifiers that maximize
separation between classes. Their effectiveness in high-
dimensional spaces makes them suitable for microbial
genomic datasets, where input representations such as k-mer
counts, codon usage vectors, and gene-presence/absence
profiles may include tens of thousands of features. Studies
report strong performance of SVMs in DNA sequence
classification, AMR prediction, and microbial species
discrimination, particularly under sparse data conditions [20],
[21]. Kernelized SVMs further capture nonlinear sequence
motifs and structural dependencies present in microbial
genomes.

3.1.2. Random Forests (RFs) and Ensemble Tree Models

Random Forests are ensembles of decision trees
constructed using bootstrap sampling and random feature
selection. Their robustness to noisy features and nonlinear
relationships makes them powerful for tasks such as AMR
phenotype prediction, virulence-gene discovery, microbial
species  classification, and microbiome biomarker
identification [22], [23]. Feature importance scores produced
by RFs are widely used in microbial ecology and clinical
genomics to identify discriminative taxa or genes.
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3.1.3. Gradient Boosting Machines (XGBoost,
LightGBM, CatBoost)

Gradient boosting methods sequentially construct
decision trees optimized to reduce prediction error. These
models frequently outperform RFs in microbial classification
tasks involving structured tabular data derived from
sequencing, metabolomics, or environmental metadata. They
have been applied to AMR prediction, metagenomic source
tracking, microbial community functional inference, and
clinical microbiology risk modeling [24]. Their inherent
handling of missing data and imbalanced distributions is well-
suited to microbial datasets.

3.1.4. k-Nearest Neighbours (k-NN)

k-NN infers labels of query samples using labels of
nearest neighbours in  feature space. Although
computationally expensive for large datasets, k-NN is
frequently used in microbial colony image classification,
phenotype clustering, and exploratory data analysis due to its
simplicity and interpretability.
3.1.5. Logistic Regression and Linear Models

Despite their simplicity, linear models remain
valuable when interpretability is essential. Logistic
regression, linear SVMs, and LASSO are widely used for
AMR classification, identification of microbial biomarkers,
and modelling associations between microbial features and
clinical/environmental outcomes [25].

Table 1. Representative Performance of Machine Learning Models in Antimicrobial Resistance Prediction

Task / Dataset Type || ML Model || Reported Performance* || Notes
AMR phenotype prediction from Accuracy 0.85-0.92; . .
whole-genome sequencing Random Forest AUROC 0.90-0.96 Widely used baseline [26]
AMR clgss1ﬁcat10n from k-mer SVM Accuracy 0.80-0.89 Strong in high-dimensional
embeddings genomic spaces [27]

. - Gradient Boosting . .
Multi-drug AMR prediction (XGBoost) F1-score 0.78-0.92 Captures complex interactions [28]
Gene presence/absence — AMR Logistic Regression 5 Interpretable biomarker selection
phenotype (LASSO) AUROC 0.75-0.86 [29]

End-to-end genomic AMR prediction Eﬁ;r CNNFRE AUROC 0.90-0.98 Automatic feature extraction [30]
Resistome-level AMR prediction Neural Networks AUROC 0.82-0.90 Effectlve for .com.mumty-level
(metagenomes) (shallow) resistome estimation [31]

*Performance ranges synthesized from representative AMR ML studies.

3.2. Unsupervised Learning

Unsupervised learning discovers structure or latent
relationships in unlabelled datasets. Many microbial datasets
— especially metagenomes containing uncultured or
unclassified microorganisms — lack ground truth labels,
making unsupervised learning essential for taxonomic and
functional discovery.

3.2.1. Clustering Algorithms
Clustering enables exploration of microbial diversity,
ecological gradients, and functional groups.
= k-means: applied to genomic feature vectors (e.g.,
nucleotide composition, k-mer patterns) to cluster
genomes into taxa.
=  Hierarchical clustering: widely used to compare
microbial community  compositions  across
environmental or clinical samples.
= DBSCAN: crucial for contig binning in
metagenomic assembly graphs, especially when
identifying species- or strain-level clusters [32].
These methods are indispensable for characterizing microbial
communities with many unknown taxa.

3.2.2. Dimensionality Reduction (PCA, t-SNE, UMAP)

Dimensionality reduction transforms high-dimensional
microbial datasets into low-dimensional manifolds for
visualization and exploration:
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= PCA identifies dominant gradients in microbial
abundance or genomic feature matrices.

= t-SNE excels at revealing local clusters in colony
images, scRNA-seq microbial datasets, and
microbial phenotypes.

= UMAP, widely adopted in microbiome research,
preserves both global and local data structure and
reveals ecological or phylogenetic patterns [33].

3.2.3. Autoencoders and Latent Variable Models
Autoencoders compress input data into meaningful latent
representations, enabling:
= denoising of metagenomic datasets,
=  contig clustering,
= extraction of latent functional modules, and
= ecological gradient identification using variational
autoencoders (VAEs) [34].

3.3. Deep Learning Approaches

Deep learning models capture hierarchical,
nonlinear, and high-level patterns from large-scale microbial
datasets, including sequences, images, and multi-omics data.

3.3.1. Convolutional Neural Networks (CNNs)

CNNs dominate image-based microbial tasks:
1. Species identification from microscopy images
2. Gram stain classification
3. Colony morphology recognition
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4. Spore detection

5. Biofilm imaging and segmentation
Their ability to learn morphological and textural features
without manual feature engineering results in state-of-the-art
accuracy in microbial imaging [35].

3.3.2. Recurrent Neural Networks (RNNs) and LSTMs
RNNs and LSTMs are well-suited for sequential or temporal
microbial data:

= DNA/RNA sequence modelling

= Microbial growth curve prediction

=  Fermentation bioprocess time-series modelling

= Temporal microbiome dynamics analysis
LSTMs capture long-range biological dependencies and
outperform classical time-series models [36].

3.3.3. Transformers and Large Sequence Models

Transformers employ self-attention mechanisms that
excel in modelling long-range relationships in biological
sequences. Applications include:

L=

microbial gene function prediction,
metagenomic sequence annotation,
antimicrobial peptide discovery,

protein structure inference from environmental

sequences [37].
Transformers outperform RNNs for long genomic sequences
and large protein families.

3.3.4. Autoencoders and Deep Embedding Models

Deep

embedding models,

including VAEs

and

contrastive learning methods, learn compact representations

for:

=  contig clustering,
= anomaly detection in microbial communities,
= dimensionality reduction of multi-omics data [38].

Table 2. Benchmark Performance of Deep Learning Models in Microbial Image Analysis

. Deep Learning Reported

Image Analysis Task Model Dataset Type Performance Notes
Gram stain CNN (VGG-16, L o0, ||CNNs outperform feature-engineered
classification ResNet) Clinical images Accuracy 94-97% models [39]

. i . Precision 0.91—-  |[YOLO achieves real-time detection; U-
Colony detection U-Net, YOLO Digital plate images 0.98 Net excels at segmentation [40]
fdiigt?fg(?: t(;(r; CNN E?C%Ziiln;e Accuracy 88-95% ||[Robust to morphological variability [41]
Microbial cell U-Net, Mask R-  ||Phase contrast / IoU 0.85-0.93 Superior to watershed and thresholding
segmentation CNN fluorescence ’ ’ methods [42]
Biofilm structural CNN + Confocal F1-score 0.80— . ..
analysis Autoencoder microscopy 0.90 Autoencoders improve denoising [43]
ﬁlrétcl;;ztéih ty CNN + Attention ||Time-lapse Accuracy 90-95% Predicts AMR directly from phenotypes

. models microscopy [44]

prediction

3.4. Hybrid, Ensemble, and Multi-View Learning

Hybrid models combine multiple ML approaches
(e.g., CNN feature extraction followed by RF classification).
Multi-view learning integrates diverse microbial data
modalities genomics, transcriptomics, proteomics,
metabolomics, imaging, and environmental metadata —
enabling holistic phenotype prediction and AMR discovery.
Recent studies demonstrate that hybrid and multi-view
approaches outperform single-model strategies in microbial
multi-omics analyses and diagnostic applications [45].

3.5. Model Evaluation and Best Practices
Reliable microbial ML requires rigorous evaluation to
ensure that predictive performance reflects true biological

signal rather than overfitting or technical biases. Best

practices include:

1. cross-validation and proper train/test splits,

2. handling of class imbalance (common in AMR and
rare-taxa datasets),

3. robust preprocessing (detailed in Section IV),

4. feature selection for noise reduction,

5. interpretability methods such as SHAP, Grad-CAM,
or feature-importance scores, and

6. reproducible pipelines with transparent data and
code sharing [46].

Table 3. Computational Cost Characteristics of Common ML Models Used in Microbial Research

.. Memory -
Model Type Training Cost Usage Scalability Notes
Logistic Regression / . Efficient for genome-wide binary tasks
Linear Models Low Low High [47]
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- Memory -
Model Type Training Cost Usage Scalability Notes
k-Nearest Neighbours Vgry Low (training), high High Poor Distance computation expensive for
at inference large datasets [48]
SVM (Linear) Low—Moderate Moderate Moderate— Effective for k-mer data; kernel SVMs
High scale poorly [49]
SVM (Kernel) High High Poor Fig}nbltlve for datasets >50k samples
Random Forest Moderate Moderate— High Parallelizable; robust to noisy features
High [50]
|Gradient Boosting ||Moderateingh ||M0derate ||High ||Strong for large microbial metadata [51] |
. High—Very ||High (with . .

CNN High High GPUs) Necessary for microscopy pipelines [52]

LSTM / RNN High High Moderate Good for time-series and sequence
modeling [53]

. . . Best for long sequences;

Transformers Very High Very High High computationally expensive [54]

Autoencoders / VAEs High High High Useful for chmensmnahty reduction in
metagenomics [55]

Table 4. Representative Public Datasets Commonly Used in Microbial Machine Learning Studies

| Dataset / Resource || Data Type || Scale “ Typical ML Tasks || Notes |
Raw metagenomic/WGS|>14.8M runs; || Taxonomic classification, AMR |[Largest global sequencing
NCBI SRA . .
reads >25 Pbp prediction repository [56]
MGnify (EMBL-EBI) Processed metagenomes,)>2.4B protein Function prediction, clusterin, Curated pipelines [57]
y MAGs sequences p ’ & PP
Earth Microbiome Global microbiome ~27,700 Ecological modelling, diversity  ||Widely used benchmark
Project profiles samples analysis [58]
Human Microbiome | Multi-omics human ~31,000 Disease prediction, biomarker Integrated clinical dataset
Project microbiome samples discovery [59]
Benchmark Simulated + Binning, taxonomy, assembly Gold-standqrd
CAMI Challenge . metagenomic benchmark
metagenomes real data benchmarking [60]
Microbial Imaging . . 5,000-50,000 ||CNN-based .
Collections Microscopy images images classification/segmentation Published per-study [61]
Biofilm Image Sets Confocal microscopy 1 ,000-10,000 Structural modelling Useq in deep biofilm
images studies [62]
Industrial . .
Fermentation Sensor ||Time-series data 1.00_5’090 LSTM modeling, yield prediction Academic datasets limited
Data time-series [63]

4. CHALLENGES AND LIMITATIONS

Machine learning has strengthened microbial data
analysis, yet several methodological and practical challenges
limit its reliability and broad applicability. These challenges
arise from the inherent complexity of microbial systems, the
heterogeneity of datasets, and the limitations of current
computational approaches. This section outlines the major
obstacles—data quality issues, scarcity of labelled datasets,
computational constraints, and model interpretability—and
discusses their implications for microbial ML research.

4.1 Data Quality Issues
Microbial datasets frequently suffer from noise,
sequencing errors, sparsity, and batch effects, all of which

© 2023-2025, ITARCS All Rights Reserved

undermine ML model

performance.

High-throughput

sequencing technologies introduce substitution and indel
errors, which propagate into downstream feature matrices
such as k-mer profiles and gene-abundance tables [64].
Sparse taxonomic and functional profiles, common in
microbiome datasets, complicate statistical modelling and
may lead to unstable predictions [65]. Batch effects resulting
from differences in DNA extraction, library preparation,
sequencing platforms, or imaging conditions can produce
artificial patterns that ML models mistakenly learn as
biological signals [66]. Furthermore, a substantial fraction of
microbial diversity remains uncultured and absent from
reference databases, contributing to ambiguous labels and
misclassification during supervised learning [67].
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These limitations collectively increase the risk of
biased models, reduced generalizability, and unreliable
biological interpretations.

4.2 Limited Labelled Data

Supervised learning relies on well-annotated
datasets; however, labelled microbial data are limited for
several reasons. Most microbial species remain uncultured or
insufficiently characterized, restricting the availability of
taxonomic or functional ground truth data [67]. Phenotype-
specific annotations—such as antimicrobial resistance
(AMR) profiles—require experimentally validated metadata,
which remain scarce in many genomic repositories [68].
Microbial datasets are also high-dimensional relative to their
available sample sizes, increasing the risk of overfitting and
reducing statistical power [65].

In microscopy-based studies, expert annotation of
segmentation masks and phenotypic labels is labour-intensive
and often limited, constraining deep-learning model
development [69].

Because of these limitations, unsupervised, semi-
supervised, and transfer-learning strategies are frequently
employed, although they cannot fully replace well-curated
labelled datasets.

4.3 Computational Cost

Many ML and deep learning approaches require
substantial computational infrastructure. Neural networks
applied to microscopy images or long genomic sequences
demand high memory and specialized hardware such as
GPUs or TPUs, which are not universally available [70].
Metagenomic workflows often involve terabytes of data;
preprocessing, assembly, and feature extraction require
significant storage and runtime [64]. Moreover, classical
algorithms such as kernel SVMs and k-NN exhibit poor
scalability, making them impractical for large sequencing
projects [65].

These computational constraints limit accessibility,
slow experimental cycles, and restrict ML adoption in
resource-limited environments.

4.4 Interpretability

Even when ML models achieve strong predictive
accuracy, understanding the biological rationale behind their
predictions  remains  challenging. @ Deep  learning
architectures—including CNNs, LSTMs, and transformers—
are often treated as black boxes, offering limited transparency
into what features drive predictions [69], [71]. In high-
dimensional microbial datasets, models may rely on statistical
correlations rather than biologically meaningful features,
increasing the risk of spurious associations [72]. Existing
explainability tools (e.g., SHAP, LIME, integrated gradients)
were not designed specifically for microbial data, and their
interpretability remains limited for genomics and
metagenomics tasks [71].

Interpretability is especially crucial in clinical
microbiology, where trust, transparency, and regulatory
requirements demand biologically meaningful and
reproducible model behaviours [68].

5. FUTURE DIRECTIONS
Machine learning continues to reshape microbial
genomics, metagenomics, microbiome ecology, and
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microbial imaging. As datasets become larger, more complex,
and increasingly multi-dimensional, new computational
strategies are required to overcome the limitations described
in Section IV. Emerging directions in microbial ML research
focus on improving data integration, model scalability,
interpretability, and translational applicability. These
developments aim to enhance biological insight, strengthen
predictive reliability, and enable the deployment of ML
models in real-world clinical, environmental, and industrial
settings.

5.1 Integration of Multi-Omics and Contextual Metadata

Integrating ~ multi-omics  datasets—such  as
genomics, transcriptomics, proteomics, metabolomics, and
epigenomics—will be essential for capturing the functional
complexity of microbial systems. Multi-view learning, graph-
based models, and latent factor representations are expected
to play key roles in unifying omics layers with contextual
metadata (e.g., environmental conditions, host factors) [73],
[74]. Such integration can strengthen phenotype prediction,
metabolic pathway inference, and microbe—host interaction
modelling beyond what is possible with single-modality data.
Future research will emphasize standardized multi-omics
integration pipelines and models capable of handling
heterogeneous biological feature spaces.

5.2 Advances in Deep Learning Architectures for
Microbial Data

Recent progress in deep learning—especially
transformer architectures and self-supervised learning—
opens new avenues for modelling microbial sequences and
imaging data. Transformer-based sequence models trained on
billions of environmental or metagenomic reads may serve as
foundational “language models” for microbial biology,
analogous to models used in natural language processing
[80]. These models have potential to generalize across taxa,
functional groups, and environments, thereby reducing
dependence on extensive labeled datasets.

Similarly, vision transformers and 3D convolutional
networks are poised to advance high-resolution microbial
imaging, improving classification, segmentation, and
morphological analysis of microorganisms, biofilms, and
colonies [78]. These architectures will increasingly form the
backbone of microbial ML pipelines.

5.3 Development of Explainable and Interpretable
Models

As ML models grow more complex, improving
interpretability will be essential for scientific credibility and
clinical adoption. Future research aims to incorporate
biological priors—such as gene ontology hierarchies,
metabolic networks, and phylogenetic relationships—directly
into model architectures so that learning reflects biologically
meaningful structure [81]. Explainable Al (XAI) techniques
tailored to microbial data, including interpretable genomic
embeddings and microbiome feature attribution methods, will
enhance transparency and facilitate mechanistic discovery.
Interpretable hybrid models combining symbolic reasoning
with deep learning may further improve explainability,
especially for antimicrobial resistance (AMR) prediction and
diagnostic applications.
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5.4 Scalable and Efficient ML Methods for Large-Scale
Metagenomics

As metagenomic repositories expand into millions
of samples and tens of millions of microbial genomes,
scalable ML frameworks will become essential. Distributed
computing, GPU/TPU acceleration, parameter-efficient fine-
tuning, and compressed feature representations will be
required to manage extremely high-dimensional genomic and
k-mer matrices [79]. Streaming ML algorithms may support
real-time microbial surveillance and outbreak detection.
Future research will also develop memory-efficient methods
for read classification, contig binning, and functional
annotation, addressing scalability limitations discussed in
Section IV [73], [74].

5.5 Standardization, Benchmarking, and Reproducibility

The absence of standardized preprocessing pipelines
and benchmark datasets remains a major challenge in the
field. Future efforts will likely prioritize community-driven
benchmarking suites for taxonomic classification, AMR
prediction, microbial imaging, and multi-omics integration
[75], [77]. Standardized workflows for quality filtering,
normalization, batch correction, and metadata harmonization
will improve reproducibility across studies. Transparent
reporting of model architectures, hyperparameters, training
procedures, and evaluation metrics will further enhance
reproducibility and reliability.

5.6 Functional and Ecological Inference Using ML

ML methods are increasingly applied to infer
ecological interactions, metabolic functions, and community
dynamics rather than merely performing taxonomic
classification. Graph neural networks, ecological network
inference algorithms, and causal ML frameworks hold
promise for uncovering emergent properties of microbial
communities—such as cooperation, competition, stability,
and resilience [74]. These methods may support advances in
environmental  engineering, agricultural microbiome
optimization, and synthetic ecology by enabling predictive
modeling of microbial interactions and ecosystem function.

5.7 Clinical and Industrial Translation of ML Models
Translational applications of microbial ML are
expected to grow significantly. In clinical microbiology, ML
may support rapid pathogen identification, personalized
microbiome-based diagnostics, and precision antimicrobial
therapy [77]. In industrial microbiology, ML is increasingly
used for bioprocess optimization, yield prediction,
contamination detection, and predictive maintenance [74],
[79]. For successful deployment, models must be
interpretable, validated across diverse datasets, and aligned
with regulatory standards, underscoring the importance of
biological knowledge integration and robust evaluation.

5.8 Ethical, Security, and Data Governance
Considerations

As ML becomes more deeply integrated into
microbial science and biotechnology, ethical considerations
must be addressed. Key issues include safeguarding genomic
data, maintaining privacy in clinical contexts, preventing
algorithmic misuse, and developing transparent data-sharing
frameworks. Given the dual-use potential of microbial data
and predictive models, future research must incorporate
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biosecurity safeguards and ethical governance into ML
pipelines [81].

6. CONCLUSION

Machine learning has become an essential component of
contemporary microbial research, offering powerful tools for
analysing genomic, metagenomic, microbiome, imaging, and
industrial process data. As demonstrated throughout this
review, the inherent complexity, scale, and heterogeneity of
microbial datasets necessitate computational approaches
capable of extracting biologically meaningful patterns those
traditional methods cannot efficiently resolve. Supervised
learning techniques have advanced tasks such as
antimicrobial resistance prediction, species classification, and
functional annotation, while unsupervised and deep learning
methods have enabled the discovery of hidden structures in
microbial communities, automated image-based diagnostics,
and representation learning for large-scale sequence data.

Despite these advances, several challenges remain. Data
quality issues—including noise, sparsity, batch effects, and
incomplete reference databases—continue to limit model
robustness. The scarcity of high-quality labeled datasets
restricts the performance of supervised methods, and the high
computational requirements of many ML architectures create
accessibility barriers for laboratories lacking advanced
computing resources. Interpretability remains a significant
obstacle, particularly in clinical and translational settings
where transparent and biologically grounded predictions are
essential. These limitations underscore the need for continued
methodological innovation and deeper integration of
biological knowledge within ML pipelines.

Looking ahead, promising research directions include
multi-omics data integration, scalable deep learning
frameworks, interpretable and biologically informed model
architectures, improved  benchmarking and data
standardization, and application-focused development for
clinical diagnostics and industrial microbiology. Ethical
considerations, data governance, and responsible Al
deployment will also become increasingly important as
microbial ML tools move toward broader adoption.

In summary, machine learning holds substantial potential
to deepen our understanding of microbial diversity, functions,
and interactions. As computational methods mature and
become more widely accessible, ML-driven analysis is
expected to deliver more accurate, interpretable, and
application-ready insights, contributing meaningfully to
advances in environmental, industrial, and clinical
microbiology.
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