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Abstract 
A comprehensive understanding of how the human gut microbiome impacts 
systemic health and metabolic regulation necessitates advancing from tradi-
tional marker gene sequencing to sophisticated, data-driven systems biology 
approaches. The interpretation of high-dimensional datasets in nutritional 
microbiome research is often impeded by substantial genetic variability, sta-
tistical noise, and inherent compositional bias. This review provides an anal-
ysis of the current meta-omics technologies—covering metagenomics, meta-
transcriptomics, metaproteomics, and metabolomics—and their correspond-
ing bioinformatic pipelines that convert raw biological samples into clinically 
meaningful nutritional information. We assess established analytical frame-
works such as QIIME 2, bioBakery 3, and MaAsLin 3, together with multi-
omics integration tools including DIABLO and MOFA+, which address com-
positional data complexities. Furthermore, this manuscript discusses innova-
tive methodologies transforming the discipline, including single-cell meta-
genomics (SiC-seq), telomere-to-telomere (T2T) long-read sequencing, spa-
tially resolved microbiomics, and the use of artificial intelligence through 
foundational large language models (LLMs). Through clinical case studies in-
volving pediatric irritable bowel syndrome, epilepsy, and pharmacomicrobi-
omics (with a focus on GLP-1 agonists), the practical value of data-driven di-
etary intervention is demonstrated. Ongoing enhancement of analytical tech-
niques and adherence to standardized reporting practices remain fundamental 
for resolving reproducibility challenges and progressing towards the clinical 
implementation of precision nutrition and the development of in silico digital 
twins for individualized healthcare. 
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1. Introduction 

The well-known saying, “we are what we eat”, has become increasingly significant 
as scientific discoveries highlight the influence of gut microbes on human physi-
ology. Within the human gastrointestinal tract exists a vibrant ecosystem made 
up of trillions of microorganisms, including bacteria, fungi, parasites, and viruses. 
These diverse microbes are essential for stimulating the immune system, main-
taining metabolic balance, and shaping our susceptibility to chronic diseases [1]. 

1.1. Impact of Macronutrients on Microbiome Composition 

In our previous review, Human Gut Microbiome in Relation to Food, Nutrition, 
Health and Disease, we described the influence of daily macronutrient intake on 
the structure of microbial communities. That work clarified the mechanisms at 
the host-microbiome interface: dietary fibers support saccharolytic bacteria that 
generate beneficial short-chain fatty acids (SCFAs), whereas high-fat diets, espe-
cially those high in saturated fats, promote intestinal dysbiosis. This pathological 
shift—often indicated by reduced Bacteroidetes and increased Firmicutes and 
Proteobacteria—contributes to insulin resistance, increases gut permeability, and 
intensifies adipose tissue inflammation. 

Turning observations into medical therapies is difficult, largely due to the vast 
genetic and biochemical variety found within the human microbiome [2]. Nutri-
tion research produces huge, complex data sets that require advanced computa-
tional tools to filter out statistical noise. As a result, scientists face the critical chal-
lenge of reliably interpreting these detailed biological responses to various diets. 
This complexity is further compounded by inter-individual differences in micro-
biome composition, environmental influences, and dietary habits, which can ob-
scure direct cause-and-effect relationships between nutrition and health outcomes. 
Moreover, the dynamic nature of the gut microbiome—constantly shifting in re-
sponse to both short-term dietary changes and long-term lifestyle factors—neces-
sitates longitudinal studies and integrative analytical frameworks to capture mean-
ingful patterns. Addressing these challenges calls for collaborative efforts encom-
passing multi-omics data integration, standardized protocols, and machine learn-
ing approaches to translate raw data into actionable insights for personalized nu-
trition therapies.  

Building upon our earlier clinical overview, this manuscript explicitly centers 
on the analytical methodologies driving nutritional microbiome studies and their 
clinical translation. Rather than providing a broad dietary background, we pro-
vide a comprehensive methodological guide detailing how advanced data analysis 
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tools, meta-omics technologies, and robust bioinformatics pipelines transform 
raw biological samples into actionable, personalized nutritional insights. 

1.2. Omics Science in Nutritional Microbiome Research 

To accurately determine the effects of specific diets on the gut ecosystem, re-
searchers in modern systems biology rely on a suite of “omics” sciences. These 
specialized fields are designed to collect and analyze extensive datasets that reflect 
the molecular complexity of the gut environment at multiple levels. By leveraging 
these omics approaches, scientists can systematically study how dietary changes 
influence the composition, function, and interactions of microbial communities 
within the gastrointestinal tract [3]. Integrating these large-scale datasets enables 
a comprehensive understanding of the molecular mechanisms that link nutrition 
to gut microbiome dynamics and, ultimately, to human health. From a nutrition 
perspective, these methods enable scientists to follow food as it is eaten, processed 
by microbes, and eventually used by cells: 
• Genomics: Maps the structural blueprint of the community, revealing which 

microbes possess the genetic capacity to digest incoming food [4]. 
• Proteomics: Catalogs the actual enzymes expressed by microbes to actively 

break down complex dietary macronutrients [5]. 
• Metabolomics: Studies the ultimate biochemical breakdown products, differ-

entiating between metabolites derived directly from the diet (the exposome) 
and those synthesized by our microbial symbionts [6]. 

• Transcriptomics: Captures how microbial genes are turned on or off in real-
time following a sudden dietary shift [7]. 

• Interactomics: Investigates the complex physical and biochemical relation-
ships between dietary molecules, microbial receptors, and host immune sen-
sors [8]. 

Despite generating vast amounts of data that pose storage and interpretation 
challenges, these technologies are essential for advancing from broad dietary ad-
vice to truly personalized nutrition. 

1.3. The End-to-End Microbiome Analytical Workflow:  
From Clinic to Computation 

In nutrition science, researchers commonly devise and adhere to standardized 
protocols for sample collection, processing, and data analysis to ensure con-
sistency and reliability. By following a structured workflow, computational anal-
yses are better positioned to reflect authentic biological interactions among diet, 
the microbiome, and the host. 

1) Study Design and Metadata Acquisition The foundation of robust micro-
biome analysis lies in strict cohort selection and comprehensive clinical pheno-
typing. Studies rely on careful age- and environment-matching while rigorously 
excluding confounding factors, such as the use of antibiotics, probiotics, or ster-
oids in the months preceding the study. Because dietary responses are highly in-
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dividualized, capturing granular metadata is critical. Researchers heavily rely on 
validated clinical tracking, such as two-week symptom diaries, Bristol stool form 
charts, structured dietary intake logs, and continuous metabolic monitoring (e.g., 
tracking blood glucose and ketones) to pair with the microbial data. 

2) Sample Collection and Preservation Capturing a true snapshot of the gut 
ecosystem requires rapid and sterile collection protocols to prevent post-defeca-
tion microbial overgrowth or degradation. Depending on the cohort, non-inva-
sive collection ranges from using sterile stool “hats” and transfer cups in older 
children and adults to direct diaper swabs in pediatric populations. Once col-
lected, samples must be immediately frozen and stored at ultra-low temperatures 
(e.g., −80˚C) to suspend biological activity and preserve both the microbial DNA 
and highly volatile metabolites for downstream extraction. 

3) DNA Extraction and Processing Before sequencing can occur, the physical 
microbial cells within the fecal matrix must be broken open to release their genetic 
material. This is typically achieved using validated commercial DNA isolation kits 
that employ chemical and mechanical lysis (bead-beating). This standardized ex-
traction is crucial for ensuring that the DNA recovered represents the true diver-
sity of the sample, overcoming the tough cell walls of certain bacterial species 
without degrading the nucleic acids. 

4) Library Preparation and High-Throughput Sequencing With purified DNA 
isolated, researchers target specific genetic markers to identify the microbial com-
munity. For broad taxonomic profiling, specific hypervariable regions of the bac-
terial 16S rRNA gene (such as V1-V3 or V3-V5) are amplified using barcoded 
primers. These uniquely tagged samples are multiplexed together and loaded onto 
high-throughput sequencing platforms, generating tens of thousands of high-
quality sequence reads per sample that act as molecular “fingerprints” for the mi-
crobes present. 

5) Bioinformatic Processing and Statistical Modeling The final and most 
computationally heavy stage involves translating millions of raw sequencing reads 
into actionable clinical insights. Advanced bioinformatics pipelines, such as QIIME, 
are utilized to filter out low-quality reads, align the sequences to established phy-
logenetic databases, and group them into defined taxonomic units (OTUs or 
ASVs). Once the data is normalized into relative abundance tables, data scientists 
calculate alpha and beta diversity metrics. Finally, powerful machine learning al-
gorithms (such as Random Forest models) and non-parametric statistical tests are 
applied to the dataset. These models integrate the microbial profiles with the clin-
ical metadata to identify robust biomarkers capable of stratifying disease subtypes, 
predicting dietary responsiveness, or evaluating the bidirectional relationships of 
clinical therapies like GLP-1 agonists. 

1.4. Bioinformatics and the Mathematics of Microbiome Data 

Bioinformatics bridges biology and computing, helping researchers interpret 
DNA from stool samples. This supports nutrition studies by revealing microbial 
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profiles, pinpointing health-linked genes, and shaping personalized diet plans ac-
cording to each person’s unique microbial DNA. 

1.5. Overcoming Compositional Bias 

A major mathematical hurdle in meta-omics data analysis is overcoming statistical 
noise, most notably compositional bias [9]. Next-generation sequencing (NGS) in-
struments yield an arbitrary number of total sequence reads per sample, deter-
mined by the sequencer’s technical capacity rather than the absolute microbial 
cellular load of the original biological sample. As a result, microbiome sequencing 
data is inherently compositional, representing relative proportions rather than ab-
solute counts. Because these proportions must always sum to 100%, a true biolog-
ical increase in a single bacterial taxon mathematically forces an artificial decrease 
in the relative abundance of all others [10]. If data scientists naively apply stand-
ard, compositionally unaware statistical tests to this relative data, the false discov-
ery rate inflates dramatically, leading to inaccurate correlations. 

1.6. Beyond Compositionality: Addressing Additional Analytical  
Biases 

As compositional bias poses a significant mathematical challenge in microbiome 
research, it is also very important for nutritional microbiome studies to address 
several other confounding factors to ensure reliable and reproducible results. One 
key consideration is the management of batch effects, which are systematic, non-
biological variations that can be introduced by differences in sequencing runs, re-
agent lots, or extraction protocols. These batch effects can obscure or distort gen-
uine dietary signals, ultimately leading to misinterpretation of the data. 

It is also essential to rigorously control host DNA contamination during sample 
processing and data analysis. Without this, the presence of human genetic mate-
rial can interfere with microbial profiling, potentially masking true associations 
between diet and the gut microbiome. Researchers must also meticulously ac-
count for relevant clinical covariates—such as participant age, baseline metabolic 
health, and concurrent medication use—when performing statistical modeling. 
Careful adjustment for these variables is critical to distinguish authentic interac-
tions between diet and the microbiome from extraneous environmental or physi-
ological influences. 

1.7. New Disciplines in Omics Research 

Advanced data analysis and nutritional science now combine to form new disci-
plines focused on the host-diet relationship. 
• Foodomics: Applies multi-omics data to clearly map how food components, 

microbial activity, and human health are interconnected. 
• Nutrigenomics: Serves as the foundation for personalized nutrition. Using 

transcriptomics, proteomics, and metabolomics, it helps predict how a per-
son’s genetics and microbiome affect their metabolic response to certain diets. 
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1.8. Meta-Omics Technologies for Characterizing Dietary  
Responses 

Researchers employ meta-omics methods to gain a comprehensive understanding 
of how food impacts the gut, examining all molecular products from the complete 
microbial community all at once rather than just focusing on individual strains. 
Because dietary metabolism is an ongoing biological process rather than a solitary 
occurrence, revealing its intricacies involves investigating the ecosystem across 
several molecular levels. 

The following subsections cover: the microbiome’s genetic makeup (meta-
genomics), gene activity (metatranscriptomics), digestive enzyme deployment 
(metaproteomics), and fermentation end-products (metabolomics). Integrating 
these layers enables researchers to trace a nutrient’s path from ingestion to host 
effect. 

1.9. Metagenomics: Mapping the Nutritional Blueprint 

Metagenomic analysis enables highly accurate assessments of the gut’s functional 
composition. Whole-genome shotgun (WGS) sequencing offers a comprehensive 
examination by sequencing all fragmented DNA present in a sample, providing 
an in-depth look at microbial communities. By aligning these sequences to large 
reference databases, researchers can confidently identify specific strains and eval-
uate the actual genetic capacity of the gut microbiome to degrade complex carbo-
hydrates or synthesize specific metabolites. However, WGS is both computation-
ally demanding and financially costly, and its effectiveness is limited when refer-
ence databases are incomplete, leaving many uncultured gut microbes unidenti-
fied. 

In contrast, 16S rRNA marker gene sequencing remains the primary, cost-ef-
fective methodology for broad investigations into dietary trends across larger co-
horts. Historically, 16S data analysis relied on clustering sequences into Opera-
tional Taxonomic Units (OTUs) based on an arbitrary 97% similarity threshold, 
an approach that frequently obscured functionally distinct but genetically similar 
microbes. Modern bioinformatics pipelines have largely replaced OTUs with Am-
plicon Sequence Variants (ASVs). Utilizing advanced statistical error-correcting 
algorithms—such as DADA2—this approach successfully distinguishes true bio-
logical variation from sequencing errors, providing exact sequence resolution 
down to the single-nucleotide level [11]. 

However, while ASV-based analysis yields a highly refined taxonomic profile 
compared to traditional clustering, it presents crucial limitations that must be 
acknowledged in nutritional research. Because the short hypervariable regions of 
the 16S gene (e.g., V3-V4) are highly conserved, distinct bacterial species—or even 
entirely different strains with distinct dietary metabolic capabilities—may share 
identical 16S sequences. Furthermore, individual bacterial genomes frequently 
contain multiple, heterogeneous copies of the 16S gene. Therefore, while ASVs 
provide exact DNA sequences, true species- and strain-level taxonomic resolution 
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is inherently limited in these datasets. Consequently, interpreting specific bacte-
rial shifts in response to diet using 16S data generally requires restricting confi-
dent taxonomic assignment to the genus level, reserving definitive strain-level 
functional mapping for WGS approaches. 

1.10. Metatranscriptomics: Real-Time Dietary Reactions 

Metagenomics helps us understand the potential functions of a microbial com-
munity, whereas metatranscriptomics identifies which microbes are actually re-
acting to what we eat. By sequencing microbial messenger RNA (mRNA), com-
putational biologists can determine which bacterial operons become more or less 
active after food is consumed. 

This process is technically challenging because it requires the precise removal 
of abundant ribosomal RNA to isolate the scarce and short-lived mRNA signals 
that reflect changes in dietary metabolism. 

1.11. Metaproteomics: Tracking Digestive Enzymes 

Metaproteomics uses liquid chromatography-tandem mass spectrometry (LC-
MS/MS) to examine the actual enzymes produced by the microbiome. Analyzing 
this data is extremely challenging because undigested host and dietary proteins 
present in stool samples create significant “background noise” that can easily 
overwhelm the mass spectrometer’s ability to detect signals. To overcome this is-
sue, researchers have developed advanced methods. One approach involves using 
artificial food particles—tiny paramagnetic glass beads coated with specific die-
tary fibers—that can be magnetically pulled from intestinal contents [12]. This 
technique cleanly isolates the bacterial enzymes working to break down specific 
carbohydrates. 

1.12. Metabolomics: Decoding the Biochemical End-Products 

Metabolomics captures a real-time snapshot of gut biochemistry by measuring all 
small molecules in a biological sample. In nutrition research, this technique is 
used to monitor metabolic products from microbial fermentation, including ben-
eficial short-chain fatty acids (SCFAs). A major bioinformatics challenge in un-
targeted metabolomics is accurately distinguishing between metabolites originat-
ing from the host, those consumed directly through the diet, and compounds pro-
duced exclusively by gut bacteria—a process that requires analysts to meticulously 
cross-reference multiple spectral databases. 

1.13. Selecting the Appropriate Meta-Omics Approach 

Researchers must carefully consider different options depending on their biolog-
ical goals when planning a nutritional study. 16S rRNA sequencing offers an af-
fordable way to broadly profile taxa across large groups, but it doesn’t provide 
functional information or high taxonomic detail. Whole-genome shotgun (WGS) 
metagenomics delivers deep insights into functional potential, though it’s both 
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expensive and requires substantial computing power. Metatranscriptomics and 
metaproteomics reveal which genes are actively expressed and which enzymes are 
actually produced, giving genuine functional knowledge; however, these ap-
proaches struggle with problems like RNA instability and contamination from 
host proteins. Lastly, metabolomics can show the actual biochemical products in-
fluencing the host. However, it also introduces the challenge and complexity of 
pinpointing the origins of these molecules, which requires sophisticated bioinfor-
matic techniques. 

1.14. Multi-Omics Integration 

Metabolites, proteins, and RNA transcripts together form the chemical language 
of host-microbiome interactions. Analyzing only single-omics datasets provides 
an incomplete view of biology; future nutritional data analysis depends on com-
putational methods for thorough multi-omics integration. 

DIABLO (Data Integration Analysis for Biomarker discovery using Latent 
cOmponents), which uses sparse Generalized Canonical Correlation Analysis, en-
hances the correlation across multiple data types—such as 16S profiles, host tran-
scriptomics, and metabolomics—to pinpoint molecular signatures strongly linked 
to clinical dietary responses [13]. In contrast, unsupervised models like MOFA+ 
(Multi-Omics Factor Analysis) use powerful variational inference techniques to 
uncover hidden factors driving biological differences. These approaches are par-
ticularly effective at integrating sparse datasets and revealing personalized pat-
terns in long-term clinical dietary studies [14]. 

1.15. Current Bioinformatics Tools and Processing Pipelines 

The raw, unstructured data generated by sequencing instruments require highly 
specialized software suites. The following tools represent the current standard for 
processing nutritional microbiome data: 
• QIIME 2: This open-source, versatile platform is commonly used to monitor 

longitudinal shifts in gut microbiota within dietary intervention studies [15]. 
• The bioBakery 3 Suite: Featuring a unified analysis workflow, this suite em-

ploys MetaPhlAn 4.0 for precise taxonomic classification through clade-spe-
cific marker genes, and HUMAnN 4.0 to translate those findings into func-
tional insights by quantifying key metabolic pathways [16]. 

• MaAsLin 3: As an advanced statistical tool for large-scale epidemiological re-
search, MaAsLin 3 innovatively models both abundance and prevalence (pres-
ence/absence) simultaneously, effectively addressing compositional data chal-
lenges via absolute abundance benchmarks or sophisticated median-based 
methods [17]. 

• PICRUSt2: This tool offers an efficient way to predict microbial metabolic 
functions straight from 16S rRNA gene data, providing a cost-effective solu-
tion [18]. 

• MicrobiomeAnalyst 2.0: Serving as a user-friendly web resource, Microbi-
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omeAnalyst 2.0 streamlines intricate analyses and incorporates the LinDA al-
gorithm [19]. LinDA mitigates compositional bias with a centered log-ratio 
transformation and precision-weighted corrections, making it highly suitable 
for extensive datasets [20]. 

• MMvec: Leveraging neural networks akin to those used in natural language 
processing, MMvec estimates conditional probabilities of microbe-metabolite 
associations [21]. 

• SIAMCAT: Integrating stringent machine learning techniques, cross-valida-
tion, and predictive analytics, SIAMCAT is designed for reliable host-micro-
biome biomarker identification [22]. 

1.16. Emerging Trends in Nutritional Data Analysis 

The physical technologies behind data generation and the computational models 
used to analyze them are rapidly evolving, offering new levels of understanding. 
• Single-cell Metagenomics (SiC-seq): Traditional bulk metagenomics often 

fail to connect mobile genetic elements with their microbial hosts. SiC-seq 
uses droplet microfluidics to isolate single microbial cells within semi-per-
meable hydrogels, making it possible to map specific metabolic genes di-
rectly to unculturable bacterial hosts and avoid errors from chimeric assem-
blies [23].  

• Long-read Sequencing (T2T): Short-read sequencing methods cannot ade-
quately span highly repetitive regions in genomes. Third-generation platforms 
from Pacific Biosciences and Oxford Nanopore Technologies provide ultra-
long reads, ushering in the Telomere-to-Telomere (T2T) era and greatly im-
proving comprehensive and circularized genome assemblies [24]. 

• Spatially Resolved Microbiomics: The gut’s structure resembles a complex 
biogeographical ecosystem. Advanced FISH-based spatial imaging platforms, 
such as 10x Xenium and NanoString CosMx, now enable researchers to exam-
ine samples at true subcellular resolution [25]. These innovations allow scien-
tists to visualize and measure how dietary metabolites change local microen-
vironments at the host-microbe interface [26]. 

• AI and Large Language Models (LLMs): With meta-omics datasets growing 
in complexity and size, traditional modeling techniques are falling short. AI 
classifiers like DeepMicrobes significantly boost taxonomic prediction accu-
racy [27]. Microbial General Model (MGM) are foundational language models 
which are pre-trained on hundreds of thousands of unlabeled microbiome 
samples [28]. These advanced LLMs can learn intricate contextual relation-
ships within whole ecosystems, speeding up the progression from raw data to 
precise nutritional insights. 

• Metagenomically Assembled Genomes (MAGs): Reconstructing complete 
genomes from environmental samples requires sophisticated mathematical 
binning tools, including MetaBAT 2 [29], MaxBin 2 [30], and CONCOCT 
[31]. These are commonly combined into consensus pipelines like metaWRAP 
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[32] for improved performance. 

2. Case Studies: Data-Driven Dietary Management of Disease 

Applying these advanced bioinformatic theories to clinical practice strengthens 
the real-world impact of meta-omics data analysis. 

2.1. Irritable Bowel Syndrome (IBS) in Children 

Functional bowel disorders, such as pediatric IBS, are notoriously difficult to di-
agnose but can frequently be treated with focused carbohydrate-restricted diets 
like the low-FODMAP regimen. Determining which patients will benefit from this 
approach relies on complex algorithms that analyze patterns in the data. In a 
groundbreaking computational study, researchers used 16S sequencing, whole-
genome sequencing (WGS), and high-throughput untargeted metabolomics, in-
tegrating these datasets into machine learning models such as Random Forest and 
Support Vector Machines (SVM). Their analysis was able to distinguish pediatric 
IBS subtypes from healthy subjects with an impressive accuracy of 98.5% [33]. The 
findings showed that baseline microbial profiles can reliably predict whether a 
child has the saccharolytic capacity needed to respond positively to these dietary 
therapies [34]. 

It is important to emphasize that these predictive models have been developed 
using particular pediatric cohorts, and substantial external validation is necessary 
before their high classification accuracy can be regarded as universally applicable 
in standard clinical practice.  

2.2. Epilepsy and the Ketogenic Diet 

The microbiota-gut-brain axis demonstrates how drastic dietary changes, like the 
Ketogenic Diet for pediatric epilepsy, affect systemic disease [35]. Metagenomics 
reveals major shifts in gut microbes, while metabolomics shows that the KD in-
creases production of neuroactive chemicals such as SCFAs and GABA, which 
help reduce neuro-inflammation. Integrating these data confirms a link between 
dietary lipids and improved neurological stability. 

Similar to the IBS models, these encouraging metabolic changes were found 
under strict clinical trial conditions, highlighting the importance of validating 
these results with larger and more diverse groups before applying them widely in 
clinical practice.  

2.3. Pharmacomicrobiomics and GLP-1 Agonists 

An emerging field in clinical bioinformatics is pharmacomicrobiomics, which ex-
plores how gut microbiota and GLP-1 receptor agonists—used to treat obesity and 
Type 2 Diabetes—interact with each other [36]. The body’s natural GLP-1 secre-
tion depends greatly on the individual’s microbiome: certain bacteria break down 
dietary polysaccharides into short-chain fatty acids (SCFAs), which then activate 
receptors on intestinal L-cells to stimulate GLP-1 release. On the other hand, 
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multi-omics research shows that GLP-1 medications can alter the composition of 
the gut microbiome, often increasing levels of beneficial bacteria like Akkerman-
sia muciniphila, known for supporting gut barrier health and reducing systemic 
inflammation [36]. 

Although these pharmacomicrobiomic interactions are very promising, further 
validation in larger, multi-center adult groups is still needed to confirm their long-
term clinical usefulness and predictive accuracy. 

3. Conclusions 

In the last ten years, microbiome research has changed dramatically. The field 
moved beyond using basic marker gene sequencing—once mainly used to find 
broad connections between diet and gut bacteria—and has become highly precise 
and data-driven. Thanks to advances like meta-omics, single-cell sequencing, and 
spatial mapping, scientists now collect vast, complex datasets. This shift has pushed 
research from simple observation toward discovering clear, causal relationships 
[37]. Meta-omics technologies are now essential tools that let researchers examine 
the details of dietary metabolism on a molecular level. 

Translating the extensive biological complexity of microbiome research into 
clinical application presents considerable computational challenges. The imple-
mentation of advanced bioinformatics platforms, complemented by rigorous sta-
tistical tools such as MaAsLin 3 and MicrobiomeAnalyst 2.0, has enabled re-
searchers to effectively address compositional bias and statistical noise—factors 
that previously impeded reproducibility. To sustain this progress, it is essential for 
the scientific community to consistently follow standardized reporting guidelines, 
including the STORMS [38] and STREAMS [39] checklists, thereby fostering the 
generation of harmonized, machine-actionable data in future multinational co-
hort studies. 

Artificial intelligence and machine learning are revolutionising precision nutri-
tion by forecasting how individuals metabolise food, thanks to their unique mi-
crobiome data. Soon, “digital twins” of microbiomes may form the backbone of 
personalised healthcare, allowing virtual models to connect dietary choices with 
metabolic outcomes [40]. As analytical methods advance, biotherapeutic strate-
gies are evolving—from general faecal transplants towards specifically engineered 
microbial communities [41]. With better computational tools and multi-omics 
integration, we are moving closer to customized dietary and microbial treatments 
for managing chronic diseases. 
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