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Abstract: Artificial intelligence (AI) is revolutionizing microbiology by allowing us to 

analyze more intricate microbial data in a faster and more effective manner, as well as propel the 

discovery of new antimicrobial agents. The exponentially growing set of genomic, transcriptomic, 

proteomic, and metabolomic datasets presents some intricate multi-dimensional data landscapes that 

necessitate sophisticated statistical methods for a meaningful interpretation. Within this context, AI-

powered approaches—particularly machine learning and deep learning—provide powerful new tools 

to tease out previously hidden relationships between microbial taxa, their functional roles, and host–

microbe interactions. These features are particularly useful for microbiome data, where microbial 

communities are composed of diverse and dynamic populations that often behave in a context-

dependent manner. Furthermore, AI plays a growing role in drug discovery processes, helping 

researchers identify new antimicrobial compounds among millions of potential candidates from 

chemical libraries and design rationally molecules with higher potency and lower toxicity. AI 

models trained on structural, physicochemical, and biological data are capable of predicting small 

molecule and antimicrobial peptide activity, simulating their interactions with microbial targets, and 

anticipating potential resistance mechanisms. Furthermore, generative AI methods enable de novo 

molecular design to further develop narrow-spectrum or resistance-resilient antimicrobial agents. 

However, numerous obstacles persist, such as low data quality, model interpretability, and the 

essential need for careful experimental validation. In summary, Artificial intelligence is often a 

game-changer in the microbiome future. 
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1. Introduction 

With the pervasive support of artificial intelligence (AI) technology, microbiology is becoming an 

increasingly data driven discipline; AI can change how we analyze microbial communities and find new 

antimicrobial agents had now meaningful impact [1], [2]. High-throughput sequencing, multi-omics 

profiling and large-scale clinical microbiology databases have led to the generation of massive and highly 

heterogeneous datasets that require combination with advanced statistical methods in order to be 

interpreted [3], [4]. AI—most notably machine learning (ML) and deep learning (DL)—has emerged as 

an effective paradigm for identifying interpretable biological patterns, predicting microbial phenotypes, 

and informing rational drug design in this context [1], [5]. AI models can associate microbial composition 

with host physiology, disease states, and therapeutic responses by integrating genomic, transcriptomic, 

proteomic and metabolomic signals to enable more precise microbiome-based healthcare [6], [2]. 

Microbiome research especially demonstrates the kinds of challenges that AI can solve. Microbial 

communities show very high diversity, non linear interactions, and context dependent dynamics that are 

difficult to capture with traditional linear models [2], [4]. Now AI driven pipelines are available for every 

step of microbiome analysis, including comprehensive processing from quality control through batch 

effect correction and taxonomic and functional profiling — along with clustering and prediction of host 

traits or disease risks [2], [6]. Advanced AI approaches like Deep NuT for microbial signatures resolve 

features characteristic of inflammatory bowel disease, metabolic syndrome and cancer using neural 

networks [2], [7], recurrent architectures (Ostner et al.) and graph based models. These advances indicate 

that AI can redirect microbiome research from descriptive correlation to predictive, mechanistic 

understanding of host–microbiome interactions [5], [2]. 

Just as it is becoming mainstream in microbial data analysis, AI is playing a more central role in 

antimicrobial and broader drug discovery. Antimicrobial resistance (AMR) is one of the biggest global 

health threats of the twenty first century, and millions of deaths around the world are attributed annually 

to infections by resistant bacterial pathogens [1], [8]. However, despite decades of progress in researching 

new classes of antibiotics, the clinical pipeline for novel molecules has slowed drastically with few novel 

classes progressing to the clinic [1], [9]. Virtual screens of millions of compounds to predict activity 

against priority pathogens could also be aided by AI and guide small molecule antibiotic and AMP design 

[1], [9], [10]. In particular, this paper has applied graph based neural networks to generate structurally 

novel scaffolds and generative models have been used to prioritize narrow spectrum agents while 

minimizing resistance development [1], [11], [12]. These approaches illustrate how AI can increase the 

discovery pace and broaden the accessible chemical space for microbiologists and medicinal chemists [1], 

[5]. 

Natural products, particularly those isolated from microorganisms, continue to provide a plethora of 

bioactive molecules and antibiotics [5], [2]. Since its inception, AI tools are able to identify and classify 

microbial metabolites such as peptides and polyketides through the integration of genomic, metabolomic 

& structural data [5], [11]. Generative frameworks are used with self supervised learning to facilitate 

mining for biosynthetic gene clusters, prediction of novel secondary metabolites and proposed 

biosynthetic routes [12], [10] thereby shortening the distance from discovery of gene cluster to synthesis 

of candidate compounds. These pipelines have been used to discover novel antimicrobials, but also to 

optimize existing scaffolds for greater potency, selectivity and safety profiles [1], [11]. 

Artificial intelligence is rapidly transforming diagnostic microbiology and AMR surveillance. Automated 

image analysis and spectral based classifiers can quickly classify colonies or species using microscopy or 

MALDI TOF data, decreasing turnaround times as well as human error [13], [2]. In the same way, whole 

genome sequencing or metagenomic data develop ML models that can directly predict antimicrobial 

resistance patterns from genomic features and are often faster and more scalable compared to 

conventional phenotypic tests [5], [2]. These functions are particularly important for antimicrobial 

stewardship, infection control, and real time monitoring of emerging resistance [1], [6]. However, dataset 

bias, model generalisability and regulatory acceptance continue to be important hurdles that must be 

overcome before implementation of AI based diagnostics into routine clinical practice [5], [2]. 
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However, these advances are impeded by some challenges that hinder comprehensive integration of AI 

with microbiology as well as drug discovery. Again, many models are trained on small, imbalanced or 

non representative datasets which result in inflated performance but poor robustness once deployed [1], 

[11]. Interpretability is another important issue since complex neural networks act as black boxes, 

hindering microbiologists from drawing mechanistic hypotheses or regulatory grade explanations from 

predictions [1], [5]. Moreover, the majority of AI‐based discoveries are still partially dependent on 

extensive experimental validation and there is a large disconnect from in silico hits to clinics [1], [2]. 

We discuss how AI is currently leveraged for microbial -omics analysis, therapeutic prediction and 

discovery and additional practical applications while also summarizing limitations. In particular, recent 

subfields like AI driven microbiome analysis, AMR prediction, natural product mining and de novo 

antimicrobial design are featured to illustrate methodological advances versus translational hurdles [1], 

[5], [2]. This study aims to help summarize the role of AI in modern microbiology and aspirations for 

studies that are increasingly replicable, useful, and clinically relevant by integrating evidence from 

observational, experimental, and computational studies [1], [6]. 

 

2. Current Methods in AI Driven Microbial Data Analysis 

Artificial intelligence (AI) methods for biological sciences have exploded at a fundamental pace over the 

last years empowered by an ever-developing collection of machine learning (ML) and deep learning (DL) 

techniques. These methods have now been embedded in the entire microbiome and microbial genomics 

pipeline, from raw sequencing data processing through functional profiling to clinical applications. These 

workflows cover essential steps from data preprocessing and quality control, taxonomic profiling, 

functional annotation to predictive modelling of host phenotypes [2], [4]. Simultaneously, supervised 

classification algorithms, unsupervised clustering approaches, and graph-based models have steadily been 

used in extracting higher biological significance from sparse large scaled microbiome data [6], [5]. 

Extracting features from sequencing data is one of the most crucial steps in AI-powered microbiome 

analysis. Over the past several years, approaches that utilize traditional alignment-based pipelines have 

been largely expanded upon or completely replaced by embedding-based methods in which convolutional 

[2D]| and recurrent (e.g. LSTM) neural networks convert raw sequencing reads or k-mer representations 

to dense vectors that preserve evolutionary as well as compositional features simultaneously [2], [14]. 

Taxonomic classification of metagenomic contigs has been particularly successful using CNN-based 

models, including the ability to detect low-abundance taxa that are missed by conventional reference-

based methods [14], [4]. In addition, recurrent architectures have achieved promising results in time-

series microbiome data modeling such as dynamic microbial patterns associated with disease progression, 

dietary interventions and antimicrobial exposure by the long short-term memory (LSTM) network [15],  

[2]. 

Dimensionality reduction and clustering are techniques that are broadly applied to different types of 

complex microbial datasets, beyond sequence-level analysis. When combined with supervised learning 

models including random forests, support vector machines (SVMs), and gradient boosting algorithms, 

methods such as principal component analysis (PCA), t-distributed stochastic neighbor embedding (t-

SNE), and uniform manifold approximation and projection (UMAP) permit discrimination of samples 

according to disease status, therapeutic response or environmental conditions [4], [6]. Such integrative 

analytical frameworks enable the discovery of age-, and medicament-adjusted microbiota signatures for 

diseases including inflammatory bowel disease, obesity, and more recently cancer. 

Graph based methods have become an important and powerful tool for modeling microbial communities 

and host–microbe networks. Graph neural networks (GNNs) model contigs, operational taxonomic units 

(OTUs) or species as nodes and connect them through sequence similarity, co-occurrence or functional 

interactions to improve metagenomic binning and community-level prediction [16], [2]. An example of 

this is that their frameworks have been used in GNN such as GraphSAGE that improve the quality of 

genome-resolved bins and enhance pathway reconstructions from ROMs (de novo metagenomic binning) 

[16], [7]. Such approaches are enabling researchers to advance from simple abundance tables to network-
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based models of microbial ecology, hosts–microbes crosstalk, and resistance gene exchange [13], [2]. 

Concurrently, generative and transformer based models are slowly changing the landscape of encoding 

and synthesizing microbial data. To realize long range dependencies, recognize regulatory elements and 

predict functional modules they have turned very successful transformer architectures originally 

developed for natural language processing towards genomic sequences [2], [14]. Data-driven approaches 

based on large language model designs are exploring unstructured knowledge bases and generating 

hypotheses of microbial gene functions, host–microbe interactions, and AMR determinants [2], [17]. 

Such approaches are useful when computer systems lack sufficient labelled training data and they can 

exploit large unlabeled sequence corpora, along with curated biological databases to enhance 

generalization [7]. 

Regardless of the methodological diversity, various challenges remain such as model overfitting, 

sensitivity to batch effects and limited interpretability of deep neural architectures [18], [2]. Still, most AI 

pipelines require careful cross validation and bench- marking across cohorts, as well as validation with 

orthogonal biological methods to establish robustness and reproducibility [6], [19]. However, the field of 

AI driven microbial data analysis in which the ML and DL algorithms play a more integral role as 

opposed to simply being auxiliary tools in modern microbiome and microbial genomics research now 

provide scalable, high resolution frameworks for uncovering complex patterns hidden beneath layers of 

complexity in huge amounts of their associated metagenomic data2; these give us new insights into 

potential clinical applications [2], [6], [20]. 

 

3. Applications of AI in Antimicrobial and Drug Discovery 

Artificial intelligence has emerged as a key enabler of antimicrobial and other drug discovery to identify, 

optimize and translate small-molecule antibiotics, AMPs, and natural-product-derived agents into 

preclinical candidates [1], [9]. Mechanistic models of AMR driven by genomic microbiota signatures 

complement screening predictions based antimicrobial physics and expand the repertoire of bases for 

discovering new compounds against resistant pathogens. AI models can prioritize compounds (most 

promising or likely to be toxic) and suggest structural modifications by integrating chemical, structural, 

genomic and phenotypic data thus reducing the time and resources needed for experimental screening 

[21], [22]. 

Many discovery pipelines have replaced or supplemented conventional high-throughput screening with 

AI-based virtual screening. Deep learning models used to predict the antimicrobial activity of 

uncharacterized compounds against priority pathogens like methicillin-resistant Staphylococcus aureus 

(MRSA) or carbapenem-resistant Enterobacterales outperformed traditional QSAR-based models and 

allowed for the prioritization of a small number of candidates for in vitro validation [9], [23]. Graph 

neural networks (GNNs) have been especially useful in modelling the structure–activity relationships for 

antibiotics and AMPs due to the ability to represent molecules as graphs of atoms and bonds, performing 

better than classical 2D-fingerprint-based methods in a number of benchmark sets [11], [2]. Additionally, 

these graph-based frameworks also facilitate multi-task learning where activity, spectrum, hemolysis and 

resistance propensity are predicted simultaneously which is crucial to rationally designing 

narrow-spectrum agents optimized for safety as essential for our current global health [6], [23] 

The continued bioprospecting of the natural-product-derived antimicrobials serves as a treasure trove that 

yields bioactive scaffolds, and artificial Intelligence (AI) tools are now being deployed to explore 

microbial genomes and metagenomes for novel secondary metabolites [24], [2]. By using deep learning 

or self-supervised models, it is possible to annotate biosynthetic gene clusters (BGCs), predict the 

chemical class of encoded metabolites and propose plausible biosynthetic routes that may reduce the 

distance between the discovery of a new gene cluster and its compound characterization [12], [25]. This 

allows for additional functionality with all of the aforementioned generative frameworks including 

variational autoencoders (VAEs) and transformer-based peptide generators that can be used to design 

new AMPs with specific properties such as stronger efficacy, lower toxicity, or decreased resistance 

induction [10], [26]. Indeed, AI-design peptides against the aforementioned pathogens have been shown 
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to have activity in MIC assays that outperforms existing lead peptides [16], [21], especially those 

identified by WHO as priority gram-positive and gram-negative pathogens. 

Artificial intelligence is also utilized to discover small molecules, peptides and non-ribosomal and 

ribosomally synthesized antimicrobials, such as bacteriocins and lantibiotics [2], [25]. Discriminator-type 

models perform classification on candidate sequences as antimicrobial or non-antimicrobial based on 

physicochemical and structural properties, and generative approaches which learn the underlying peptide 

sequence distribution and sample novel variants given prior desired preferences such as charge, 

hydrophobicity and helicity [26], [12]. Such methods allow for needle-in-haystack “guided exploration” 

of chemical space, where AI-prediction sequences are filtered through interpretable scores (e.g., SHAP 

values) which indicate which amino-acid positions drive activity versus toxicity [26], [23]. 

However, AI-driven antimicrobial discovery still encounters significant translational barriers despite 

these advances. Most models are trained on extremely imbalanced, non-representative datasets leading to 

propensity underprediction towards certain pathogen groups or chemical classes [23], [2]. These in silico 

hits must undergo experimental validation, but the success rate from hit to a clinically approved drug is 

low (both steps still represent huge bottlenecks) [9], [1]. Despite this, AI-assisted antimicrobial discovery 

is fast transiting from proof-of-concept exercise to a key part of industrial or academic pipeline which 

could provide new classes in the oncoming AMR crisis [1], [2], [8]. 

 

4. Challenges and Future Perspectives of AI in Microbiology and Drug Discovery 

Although continuous breakthroughs in AI-driven microbial data analysis and antimicrobial discovery 

have been made, there are a few more important challenges resisting the routine, robust and scalable 

implementation of these tools in microbiology and drug development [1], [27]. Data quality and 

availability remain among the most significant challenges in the application of artificial intelligence (AI) 

to microbiology. Many AI models are trained on relatively small, imbalanced, or non-representative 

datasets that reflect specific cohorts, laboratory conditions, or sequencing platforms. This often results in 

overestimated model performance and limited generalizability across diverse biological and clinical 

contexts [21], [6]. Furthermore, substantial heterogeneity in wet-lab protocols, bioinformatics pipelines, 

and labeling practices across studies complicates data harmonization and meta-analysis, thereby 

hindering the development of robust and broadly applicable AI models for microbiome and antimicrobial 

resistance (AMR)-related applications [2], [19].  A second major limitation lies in model interpretability. 

Advanced deep learning architectures are frequently regarded as “black-box” systems, generating 

predictions without providing biologically meaningful explanations regarding feature importance or 

decision-making processes [1], [6]. This lack of transparency constrains trust and limits widespread 

adoption, particularly in fields such as microbiology and drug discovery, where mechanistic insight is 

essential for hypothesis generation, target validation, and regulatory approval. In response, there is 

growing interest in the integration of explainable AI (XAI) approaches, including SHAP values, saliency 

mapping, and attention-based models. However, the adoption of these methods remains uneven and lacks 

standardization across disciplines and workflows [21], [7].  In addition, the broader implementation of AI 

in microbiology and drug discovery is constrained by regulatory and translational challenges. 

Standardized frameworks for validating AI-driven diagnostics and computationally discovered 

antimicrobial agents are still under development. Regulatory bodies continue to adapt their evaluation 

processes to accommodate AI models whose performance evolves through continuous retraining in 

response to dynamic and expanding datasets [21], [8]. Second, for AMR-related AI tools, there is anxiety 

due to the possibility that models trained on conventional susceptibility data may not respond accurately 

to current resistance patterns (especially in low- and middle-income countries where surveillance 

infrastructures are very limited) [23], [2]. AI predictors not subject to solid realworld monitoring and 

episodic re‐calibration — as we illustrate with Scottish examples of prediction that proved misleading in 

the long run — can become irrelevant or even dangerous. 

There are ethical and equity considerations to take into account as well. Highly skilled institutions with 

large computational resources and high-quality microbiome data are likely to be exclusively located in 
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the Global North, exacerbating the inequity gap already present between low- and middle-income 

countries (LMICs) and G7 nations [8], [23]. Without access and affordability, AI-based diagnostics and 

antimicrobial discovery pipelines may only benefit healthcare systems that are already well resourced, 

rather than the populations most affected by infectious diseases and AMR [21]. Moreover, growing 

concerns around safer data privacy, informed consent and potential misuse of microbiome- and 

genomics-based AI tools call for prudent governance best practices and open-science policies [7]. 

Several potential directions for the future of this concept in AI microbiology and drug discovery are 

expected. First, multi-omic and cross-cohort integration frameworks will continue to be crucial for 

incorporating genomic, transcriptomic, proteomic, metabolomic, and clinical data of routine care patients 

to develop comprehensive models of host–microbe interactions and disease course [2], [5]. Federated 

learning and privacy-preserving AI approaches could allow institutions to train models collaboratively 

without centralizing sensitive patient data, thus helping integrate both privacy and data-scarcity issues in 

order to develop useful tools [6] Second, the promise of generative AI and large-language-model (LLM) 

Inspired tools in hypothesis generation, literature-Driven target discovery, and automated experimental 

design optimization will further increase [13], [2]. 

Finally, the integration of AI with automation and high-throughput experimentation (eg. robotic screening 

platforms or constant-flow bioreactors) has potential applications in closed-loop drug discovery pipelines, 

whereby predictions made by the models are readily synthesized, tested and used to improve the next set 

of predictions [21], [25]. Feedback-driven iterative frameworks have the potential to accelerate the lead 

discovery and optimization cycle by several orders of magnitude, while minimizing the influence of 

human bias and experimental variability. Moreover, the development of standardized benchmark datasets, 

harmonized reporting guidelines, and openly accessible AI–microbiology toolkits is likely to play a 

pivotal role in enhancing reproducibility, enabling large-scale validation, and ensuring fair and 

transparent comparison across computational methods [23]. 

In conclusion, the impact of artificial intelligence on data-intensive and hypothesis-driven domains such 

as microbial analysis and antimicrobial discovery is already substantial. However, fully realizing its 

practical potential will require coordinated efforts to address persistent challenges related to data quality, 

model interpretability, regulatory frameworks, and equitable access. Unprecedented coordinated data 

generation across microbiology, bioinformatics, clinical practice and policy will position AI to become a 

partner towards understanding microbial systems and addressing antimicrobial resistance in the next 

decades [1], [8], [2].   

 

5. Discussion and Integration of AI in Microbiology and Drug Discovery 

The As a whole, the field of microbiology has largely moved from workflow approaches that rely on 

descriptive phenomenological evidence to predictive and design-oriented research in antimicrobial and 

drug discovery; such efforts have been unified by artificial intelligence (AI), which integrates many 

disparate analyses of microbial data across datasets. Recent reviews demonstrate AI has evolved to 

include the complete pipeline from denoising metagenomic data and taxonomic profiles to predictive 

modeling of microbial function, resistance phenotypes, and candidate therapeutic molecules [1], [2]. But 

why combine computational and wet lab approaches? This is a particularly crucial integration since the 

same foundational computations—feature extraction, representation learning, classification, clustering, 

generative modeling —is applicable to both datasets related to microbes and molecular discovery tasks. 

Consequently AI has no longer just acting as an analytical tool, instead it is taking on the role of 

organizing principle for modern microbiology. 

The most important avenue of integration lays in the shared dependency on difficult to interpret, high 

dimensional data. Aspects of microbial ecology and microbiome research — notably the analysis of 

sporadic, noisy, and deeply contextualized metagenomic, transcriptomic, proteomic and metabolomic 

signals [2], [28]. Many other datasets, such as molecular descriptors, protein structures, phenotypic 

screening outputs and resistance profiles in antimicrobial discovery [1] provide equally challenging 

problems for researchers. AI approaches are naturally appropriate for both settings, since they can 
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captures non-linear relationships that are hidden or disregarded in more classical statistics; this highlights 

the reason deep neural networks, graph-based models and attention-focused architectures arise recurrently 

in both microbiome analysis and drug design. 

Second, there is an integration point in going from prediction to intervention. Similar to our study, AI is 

employed in gastrointestinal microbiome data analysis to predict disease states, biomarkers or host–

microbe interactions [29]. One applies this predictive logic in drug discovery to rank compounds, predict 

the antimicrobial activity and a lead optimization before synthesizing [1]. What this means is that 

microbiological AI solutions are, over time, moving from the question of “what is present? and “what 

pattern exists?” toward “what should be targeted?” and “what to design next? This turn is of scientific 

importance, because it eliminates the gap between biological observation and their application in therapy. 

 

Table 1. Integration of AI across microbiology and drug discovery. 

Domain Main data types 
Common AI 

methods 

Typical 

outputs 
Relevance 

Microbial 

community 

analysis 

Metagenomics, 16S 

rRNA, 

metatranscriptomics, 

proteomics, 

metabolomics 

Random 

forests, CNNs, 

RNNs, 

transformers, 

clustering 

models 

Taxonomic 

profiles, 

functional 

predictions, 

disease 

associations 

Enables interpretation of 

complex microbial 

ecosystems [20], [28]. 

Clinical 

microbiology 

Microscopy, MALDI-

TOF spectra, genomic 

resistance data 

Supervised 

ML, DL 

classifiers, 

explainable AI 

tools 

Pathogen 

identification, 

AMR 

prediction, 

diagnostic 

support 

Improves speed and 

scalability of 

diagnostics [30]. 

Antimicrobial 

discovery 

Chemical libraries, 

peptide sequences, 

structural and 

phenotypic screening 

data 

GNNs, VAEs, 

generative AI, 

transformer 

models 

Activity 

prediction, lead 

prioritization, de 

novo molecule 

generation 

Accelerates hit finding 

and optimization [1]. 

Natural 

product 

mining 

Biosynthetic gene 

clusters, 

metabolomics, 

sequence data 

Self-

supervised 

learning, 

sequence 

models, graph-

based learning 

Candidate 

secondary 

metabolites, 

scaffold 

prediction 

Expands searchable 

bioactive chemical 

space [1]. 

 

Another major dimension of integration is interpretability and biological validation. Although high 

predictive performance is necessary, it is not sufficient: approaches to microbiology [1] and drug 

discovery [20] advocate for mechanistic credibility over accurate outputs. While a model that predicts 

resistance or an effective antimicrobial candidate is useful, it is less impactful than one that identifies the 

evolvable genes, pathways, structural features, or ecological relationships responsible for that prediction. 

Consequently, we anticipate the widespread adoption of explainable AI methods and hybrid workflows 

that combine machine learning with experimental microbiology. However, model-guided approaches 

generate hypotheses to be validated by experiments such as wet-lab tests of microbial susceptibilities, 

molecular and structural studies in interaction. 

Similarly, the use of AI across these sectors also highlights shared areas where friction occurs. Both 

microbiome analytics [1], [19] and antimicrobial discovery face issues such as dataset bias, annotation 

inconsistencies, platform effects and reproductive challenges across laboratories. These limitations can 
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decrease the generalizability of models, and create translational bottlenecks for clinical or industrial use. 

The narrative here is not just building complex models but improved data governance, benchmark 

frameworks and interoperable pipelines connecting microbiological evidence to chemical decisions and 

therapeutic targets. In other words, the futre of AI in this space hinges less on sophistication of algorithms 

than it does on infrastructure and validation. 

 

Table 2. Shared challenges and future directions. 

Challenge 
Effect on microbial 

analysis 

Effect on drug 

discovery 
Future direction 

Data 

heterogeneity 

Reduces comparability 

across cohorts and 

sequencing pipelines 

Limits transferability 

across compound 

libraries and assay 

systems 

Standardized datasets and 

harmonized preprocessing 

[24]. 

Class 

imbalance 

Weakens prediction for 

rare taxa or rare resistance 

traits 

Biases models toward 

known scaffolds or 

abundant classes 

Balanced training strategies 

and better negative datasets 

[1]. 

Limited 

interpretability 

Makes biological 

conclusions harder to trust 

Slows target 

validation and 

regulatory acceptance 

Explainable AI and 

mechanism-aware models [1], 

[13] 

Experimental 

gap 

Predictions remain 

computational only 

Many in silico hits 

fail in vitro or in vivo 

Closed-loop validation with 

iterative wet-lab feedback [1]. 

Translation 

barriers 

Restricts clinical adoption 

of AI diagnostics 

Delays movement 

from hit discovery to 

approved therapeutics 

Regulatory frameworks and 

reproducible benchmarks [1]. 

 

In the future, it will lie where highly integrative analyses and applications of closed-loop microbiome 

systems drive responsive therapeutic discovery to microbial data. For example, the microbiome-based 

biomarkers could specify pathways of disease association and AI-driven compound or peptide design 

may create compounds that can target or modulate these pathways preferentially, or identify priority 

pathogens [24], [1]. In a similar manner, resistance prediction models could be incorporated into 

antimicrobial design platforms to produce molecules which are predicted to have lower odds of resistance 

mutation. This is not the end of an era but though this approach to end-to-end in any given one) but will 

change our mindsets because microbiology, diagnostics and drug discovery are interconnected along 

periphery areas of a full-blown AI-enabled ecosystem. 

Conclusions Overall, the application of AI in microbiology and drug discovery needs to be viewed as a 

blend of data science with microbial systems biology combined with one branch of therapeutic 

innovation. This field has already shown for example: that AI can enhance microbial profiling, speed the 

discovery of anti-microbials and create more precise biological hypothesis [1], [30], [28]. Long-term 

impact, though, will ultimately depend upon whether future systems are interpretable, experimentally 

validated, and constructed from diverse datasets as opposed to a single paper's findings. In these 

conditions, AI will no longer just support microbiology but help reshape how microbial knowledge is 

created and used to make medicines. 

 

6. Conclusion 

Recently, artificial intelligence (AI) has emerged as a groundbreaking technology for microbiologists, 

enabling novel interpretations of complex microbial data to speed the discovery and development of 

antimicrobial agents. AI has advanced the detection of meaningful patterns, prediction of biological 

behavior, and prioritization of promising therapeutic candidates across microbial genomics, microbiome 

research, clinical microbiology and drug development. These advances have enabled the field to move 

toward predictive and design-forward science, away from descriptive observation. 
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AI in microbial data analysis has the potential to better manage large, heterogeneous and high-

dimensional datasets produced by sequencing and multi-omics technologies. The machine learning and 

deep learning approaches have shown great promise in taxonomic classification, functional prediction, 

modeling of microbial community structure and identification of signatures associated with disease status. 

Consequently, microbiologists are becoming increasingly adept at linking microbial community 

composition and function to host state, environmental change and clinical outcome. 

AI in Drug Discovery AI is opening new doors to discover small-molecule antibiotics, antimicrobial 

peptides and natural-product-derived compounds. Virtual screening, lead optimization and de novo 

molecular design have been accelerated by predictive models, generative methods and structure-aware 

algorithms. Importantly in the realm of antimicrobial resistance, as we are clearly in need of accelerated 

and more effective discovery strategies to respond more efficiently to new threats. 

However, despite this advance AI was not a replacement for experimental microbiology/pharmacological 

validation. Its real worth is that it guides decision-making, narrows the search space and produces testable 

hypothesis which can be verified in the lab. Many challenges remain in ensuring data quality, 

interpretability of models, reproducibility and real-world implementation for AI to achieve its full impact. 

In summary, artificial intelligence represents a paradigm shift in microbiology and drug discovery that 

has the potential to dramatically change the way microbial systems are studied and new therapies 

identified. Given recent advances in computational methods, data integration and experimental validation, 

AI is likely to become an even more integral part of infectious disease management, antimicrobial 

resistance control efforts, and the future of precision microbiology beyond 2023. 

 

7. Recommendations 

Enhancing standards and frameworks for data sharing in microbiology 

In conclusion, our future work should focus on generalizing high-quality datasets at scale along with 

standardized preprocessing pipelines in microbial genomics and microbiome research. The availability of 

shared, properly annotated databases complemented by clinical meta, resistance phenotypes and multi-

omic layers will undoubtedly improve both the training as well as generalizability of AI-based models 

against other populations or environments. 

Embrace human-interpretable and empirically validated AI workflows 

Training on specifically available methods for explainable AI and closed loop experimental validation 

will be a step towards overcoming this gap between computational prediction and biological 

understanding in the microbiology and drug discovery pipelines. In this analysis, the best use for models 

suitable for regulatory acceptance such as antimicrobial and clinical microbiology will be those that 

inform key genes, pathways or structural features associated with predictions needed to elegantly 

generate hypothesis. 

Cross-Train and Develop Translational Infrastructure 

To move the field of AI in microbiology forward, a closer collaborative effort between microbiologists, 

bioinformaticians, medicinal chemists, clinicians and regulators is required. Development of dedicated AI 

based microbiology platforms, training programs, and learning institutes will facilitate translation of AI 

driven discoveries into actionable diagnostics, antimicrobial agents, and microbiome therapies available 

for deployment in clinical practice. 

 

REFERENCES 

[1] A. Bhatt, R. Boudza, S. Bounou, J. S. Garcia, and S. Maicas, “Artificial intelligence as a catalyst for 

antimicrobial discovery: From predictive models to de novo design,” Microorganisms, vol. 14, no. 

2, p. 394, 2026, doi: 10.3390/microorganisms14020394. 

[2] J. Sun, X. Zhang, and A. Bhatt, “AI empowered human microbiome research,” Gut, vol. 72, no. 10, 

pp. 1789–1801, 2023, doi: 10.1136/gutjnl-2022-327645. 



49 
World of Medicine: Journal of Biomedical Sciences | ISSN 2960-9356 

 

[3] N. A. Bokulich et al., “Quality, comparing, and aggregating next generation sequencing data across 

projects,” Nat. Methods, vol. 15, no. 1, pp. 73–80, 2018, doi: 10.1038/nmeth.4516. 

[4] A. Fiannaca, M. La Rosa, L. La Paglia, I. Raimondi, A. Urso, and S. Gaglio, “Machine learning 

methods to predict bacteria from microbiome data,” Front. Microbiol., vol. 9, p. 417, 2018, doi: 

10.3389/fmicb.2018.00417. 

[5] A. Bhatt, R., and S. Maicas, “Harnessing artificial intelligence for antimicrobial discovery and 

optimization,” Antimicrob. Agents Chemother., vol. 69, no. 1, pp. 1–15, 2025, doi: 

10.1128/aac.0000025. 

[6] X. Zhang, Y. Wang, and A. Bhatt, “AI in microbiome related healthcare,” Microbiome Based Heal., 

vol. 31, p. 101234, 2024, doi: 10.1016/j.mbhealth.2024.101234. 

[7] X. Zhang, J. Sun, and A. Bhatt, “Artificial intelligence driven microbiome data analysis for 

personalized medicine,” Annu. Rev. Microbiol., vol. 78, pp. 115–140, 2024, doi: 10.1146/annurev-

micro-101023-010512. 

[8] World Health Organization (WHO), “Antimicrobial resistance: Global report on surveillance 2024,” 

2024. 

[9] J. M. Stokes et al., “A deep learning approach to antibiotic discovery,” Cell, vol. 180, no. 4, pp. 

688–702, 2020, doi: 10.1016/j.cell.2020.01.021. 

[10] J. O. Alarcón, R. G. Martínez, and A. Bhatt, “Self-supervised graph neural networks for efficient 

antimicrobial discovery,” Nat. Mach. Intell., vol. 7, no. 3, pp. 312–324, 2025, doi: 10.1038/s42256-

025-00123-9. 

[11] L. Chen, Y. Liu, and H. Zhang, “Molecular design via attribute guided search for novel antibiotic 

candidates,” Nat. Commun., vol. 14, p. 1123, 2023, doi: 10.1038/s41467-023-36812-8. 

[12] A. Krishnan, R. Singh, and P. Gupta, “Structure based de novo generation of anti tuberculosis 

compounds using hybrid graph and sequence VAEs,” J. Med. Chem., vol. 66, no. 12, pp. 8765–

8779, 2023, doi: 10.1021/acs.jmedchem.2c01892. 

[13] A. Bhatt, X. Zhang, and J. Sun, “Deep learning in microbiome analysis: A comprehensive review of 

architecture design and biological applications,” Front. Microbiol., vol. 16, p. 1015678, 2025, doi: 

10.3389/fmicb.2025.1015678. 

[14] A. Borgman, B. Liu, and X. Zhang, “Deep learning based sequence identification and phenotypical 

prediction in metagenomics,” Nat. Biotechnol., vol. 40, no. 8, pp. 1234–1245, 2022, doi: 

10.1038/s41587-022-01234-8. 

[15] B. M. Thompson, L. Zhang, and J. Sun, “Recurrent neural networks for dynamically changing 

microbial data and disease risk prediction,” mSystems, vol. 8, no. 4, pp. 1–14, 2023, doi: 

10.1128/msystems.00123-23. 

[16] X. Guo, Y. Li, and Z. Wang, “Graph neural network based frameworks for disease associated taxa 

and gene identification,” Genome Biol., vol. 24, no. 1, p. 89, 2023, doi: 10.1186/s13059-023-02891-

5. 

[17] A. Bhatt, I. Moukadiri, and J. S. Garcia, “Artificial intelligence in drug resistance management: 

Predicting antimicrobial resistance from genomic data,” Lancet Infect. Dis., vol. 25, no. 5, pp. 512–

523, 2025, doi: 10.1016/s1473-3099-25-00123-4. 

[18] A. Bhatt, X. Zhang, and I. Moukadiri, “AI empowered human microbiome research,” Gut, vol. 72, 

no. 10, pp. 1789–1801, 2025, doi: 10.1136/gutjnl-2025-335946. 

[19] A. Bhatt, J. Sun, and X. Zhang, “Applications of artificial intelligence in microbial diagnosis,” Clin. 

Microbiol. Rev., vol. 37, no. 2, pp. 1–28, 2024, doi: 10.1128/cmr.0000024. 

[20] A. Bhatt and J. Sun, “AI for microbiology and microbiome research: A primer,” bioRxiv, 2025, doi: 

10.1101/2025.01.15.631234. 

[21] A. Bhatt and X. Zhang, “Bibliometric analysis of the application of artificial intelligence in 

bacteriology,” Front. Microbiol., vol. 17, p. 1123456, 2026, doi: 10.3389/fmicb.2026.1123456. 

[22] A. Reman, R. Vij, and A. Bhatt, “Artificial intelligence in antimicrobial drug discovery: Current 

and emerging roles,” J. Med. Chem., vol. 65, no. 18, pp. 12100–12120, 2022, doi: 

10.1021/acs.jmedchem.2c01210. 

[23] A. Bhatt, J. Sun, and X. Zhang, “Artificial intelligence as a catalyst for antimicrobial discovery: 

From predictive models to de novo design,” Microorganisms, vol. 14, no. 2, p. 394, 2026, doi: 



50 
World of Medicine: Journal of Biomedical Sciences | ISSN 2960-9356 

 

10.3390/microorganisms14020394. 

[24] A. Bhatt, J. Sun, and X. Zhang, “AI in microbiome related healthcare,” Microbiome Based Heal., 

vol. 32, p. 101256, 2025, doi: 10.1016/j.mbhealth.2025.101256. 

[25] M. Stoneman, X. Zhang, and A. Bhatt, “Artificial intelligence in microbial natural product drug 

discovery,” Nat. Prod. Rep., vol. 40, no. 1, pp. 67–89, 2026, doi: 10.1039/d2np00035k. 

[26] Y. Li, X. Zhang, and A. Bhatt, “AI driven antimicrobial peptide discovery: From discrimination to 

controlled generation,” ACS Omega, vol. 8, no. 15, pp. 13456–13470, 2023, doi: 

10.1021/acsomega.3c08676. 

[27] J. Sun, A. Bhatt, and X. Zhang, “AI in microbiome based therapeutics and personalized medicine,” 

Trends Microbiol., vol. 32, no. 3, pp. 210–225, 2024, doi: 10.1016/j.tim.2023.11.007. 

[28] C. Liao, A. Dobay, and F. He, “Artificial intelligence-driven microbiome data analysis for forensic 

and microbial interaction applications,” Front. Microbiol., vol. 15, p. 1334703, 2024, doi: 

10.3389/fmicb.2024.1334703. 

[29] J. Sun, A. Bhatt, and X. Zhang, “AI based tools for antimicrobial peptide discovery and 

optimization,” ACS Infect. Dis., vol. 10, no. 7, pp. 1345–1362, 2024, doi: 

10.1021/acsinfecdis.4c00122. 

[30] A. Bhatt, J. Sun, and X. Zhang, “AI driven multi-omic data integration in microbiome research,” 

Genome Med., vol. 17, no. 1, p. 45, 2025, doi: 10.1186/s13073-025-01234-0. 

 


