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Water kefir as a paradigm for multi-omics
and genome-scale metabolic modelling in
fermented food

Check for updates

Anik Khan1,2,3 , Samuel Breselge1,2,4, A. Kate O’Mahony1,2, Orla O’Sullivan1,2,4,5, Paul D. Cotter1,2,4,
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Water Kefir is a plant-based fermentedbeverage, traditionally producedona small scale by fermenting
a sucrose solution with fresh or dried fruits, using water kefir grains as inoculum. The grains are
relatively simple communities that consist of both eukaryotes and prokaryotes, rendering them a
paradigm for studying microbial ecology and interspecies interactions. Recently, water kefir has
attracted growing research and industrial interest due to its potential and perceived health benefits.
Owing to its increasing popularity, there is a growing demand for controlled and standardised
production on an industrial scale. However, industrial-scale production remains a challenge due to the
limited knowledge of the biological interactions of the microbial consortia and the lack of defined
starter cultures. This review examines the current understanding of microbial and metabolic
complexity of water kefir obtained from various omics studies. It further investigates the potential of an
integrated multi-omics approach to elucidate mechanisms of microbial interactions and provides a
roadmap for conductingmulti-omics studies on fermented foods usingwater kefir as an example. This
review also explores the potential application of genome-scale metabolic modelling in the
development of functional and defined microbial communities for food fermentation. It identifies key
challenges associated with such modelling and provides perspectives to address them. Finally, this
review briefly discusses the regulatory challenges associated with the use of defined communities in
food systems.

Microbes exist in communities nearly everywhere on earth, where they
interact with each other and with their environment to maintain the eco-
system functions and dynamics. These interactions help to maintain
microbial diversity, influence metabolic phenotypes, and shape the com-
munity functionalities. Advancements in omics, particularly in meta-omics
approaches have enhanced our understanding of diversity, assembly,
organization, and functions of these communities in recent decades, gen-
erating vast datasets such as metagenomics, metatranscriptomics, meta-
proteomics, and metabolomics data1. Taken together, these large datasets
provide a comprehensive insight into microbial community function and
dynamics by revealing their composition, gene expression, protein pro-
duction, and metabolite profiles2. The magnitude and complexity of data

necessitate the development of systems biology tools to elucidate underlying
mechanisms involved in complexmicrobial communities, such asmicrobial
interactions, metabolic pathways, and community-level functional
dynamics3.

Genome-Scale Metabolic Modelling (GSMM) is a systems biology
approachwith thepotential tomodel themetabolismof individual species as
well as complex microbial communities, and host-microbiome
interactions4–6. The modelling approach involves construction of
Genome-scalemetabolicmodel (GEM),which is amathematicalmodel that
describes all the metabolic reactions that an organism can perform and
allows quantitative prediction of its metabolic genotype-phenotype
relationships7. More recently, individual GEMs have been combined to
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model the metabolism of microbial communities, allowing the study of
mechanistic connections between genotypes and community-level
phenotypes8,9. Since the development of the first GEM of Haemophilus
influenza10, the technique has been successfully applied to a variety of
applications including metabolic engineering11–13, prediction of enzyme
function14, drug development14, human diseases15, understanding complex
microbial community interactions16–19, and more recently, in the design of
synthetic microbial communities (SynComs)20,21. SynComs are deliberately
constructed communities of multiple well-characterized microbes that are
less complex than their natural counterparts but retain their key functional
features22.

Recent advances in meta-omics technologies, have significantly
advanced our understanding of the genetic, functional, and metabolic
characteristics of traditional fermented food microbial communities23.
However, reproducible industrial scale production of these traditional fer-
mented foods remains a challenge. The lack of defined starter cultures and
optimised fermentation parameters often leads to inconsistent production
across fermentation cycles in the industrial setting24. To meet the growing
consumer demand for healthy and sustainable fermented foods, industrial
scale production and the development of defined starter cultures have
become increasingly attractive25. GSMM has emerged as a promising
approach to developing defined starter cultures for traditional fermented
foods. Among these fermented foods, water kefir (WK) serves as an ideal
paradigm for GSMM-guided SynCom development and analysis, due to its
relatively simple community and substrates which nevertheless offer rich
ecological interactions and recently established extensive multi-omics
insights on WK microbial community.

In this review, the state-of-the-art understanding of WK microbial
communities obtained through various omics studies is summarized. The
potential of WK as a model system for microbial ecology research is high-
lighted and a roadmap for an integrated meta-omics study is provided. The
likely challenges of such a multi-omics study are identified, and possible
circumvention strategies are discussed. The potential application of GSMM
is explored in the formulation of robust, functional microbial communities
for novel fermented fooddevelopment usingWKas an example. Finally, the
regulatory challenges associated with the use of these newly formulated
microbial communities in the food system are briefly discussed, with a focus
on safety and consumer acceptance.

Introduction to water kefir
Water kefir is a traditional, plant-based fermented beverage produced
through themetabolic activity of a symbioticmicrobial community residing
within water kefir grains (WKGs). These grains are microbially produced
polysaccharide matrices, primarily composed of the exopolysaccharide
dextran26,27. WKGs host a diverse consortium of bacteria and yeasts,
including lactic acid bacteria (LAB), acetic acid bacteria (AAB), various
yeasts, and often Bifidobacterium species and Zymomonas mobilis28. Tra-
ditionally, WK fermentation is initiated by inoculating 5–10% (w/v) sugar
water with 5–10% (w/v) WKGs and adding dried or fresh fruits. Over the
course of one to several days, WK fermentation yields a mildly acidic,
effervescent, and slightly alcoholic beverage containing organic acids,
ethanol, carbon dioxide, and volatile aroma compounds24. The microbial
community structure varies significantly across different grains and fer-
mentation practices. However, a recent pan multi-omics study of global
WKGs that enabled the identification of core genera and functional
redundancies within these ecosystems29.

Earlier studies primarily focused on taxonomic composition using
culture-based methods, amplicon sequencing, and targeted metabolite
analysis of compounds such as organic acids, sugars, and ethanol30–36. More
recent researchhas employedmulti-omics approaches to gainnovel insights
into WK ecology.

Insights from omics studies
Omics-based investigations have greatly enhanced our understanding of
WK ecology. The first shotgun metagenomics study of WK was conducted

in 2019, which analysedmicrobial composition in both the liquid and grain
fractions at 24-h and 72-h timepoints of fermentation and provided key
insights into WK ecology37. Since then, several studies used shotgun
metagenomics to study WK microbial communities, enabling detailed
characterisation of microbial communities, including comparative analyses
of bacterial and fungal composition, temporal investigation of community
dynamics during the fermentation, and the identification of novel species,
some of which were subsequently isolated through targeted
cultivation29,38–40. Additionally, analysis of the metagenomic data suggested
that most WK-associated species are auxotrophic for at least one essential
amino acid, indicating a high potential for metabolic cross-feeding and
symbiotic interactions36. Functional analysis of metagenomic datasets
linked the production of metabolites with different microbial species. For
example, in WK the conversion of fructose into mannitol was particularly
linked to Liquorilactobacillus hilgardii, Oenococcus aquikefiri, and Bifido-
bacterium aquikefiri, and the production of glycerol was linked to Sac-
charomyces cerevisiae.Mannitol and glycerol are known to contribute to the
sweetness and texture of the resultingWK beverage, thereby improving the
product quality. It also revealed the evidence of metabolic cross-feeding
between bacteria and yeast due to the bacterial dependence on yeast or
substrate-derived amino acids and cofactors37. Existing metagenomic
datasets can be further utilised to predict specific cross-feeding and other
symbiotic interactions, which can provide insights into key species identi-
fication and microbial interactions during the fermentation, guiding the
design and optimisation of SynComs.

Metabolomics and volatilomics along with metagenomics have pro-
vided broader insights into the metabolic dynamics of WK fermentations,
revealing links between fermentation substrates, microbial community
composition, andmetabolic outputs29,40–44. Finally, metatranscriptomics has
provided a valuable perspective on gene expression activity during WK
fermentation45. Omics-based studies of WK microbial communities along
with their key findings are summarized in Table 1.

Water kefir as a model system for microbial ecology and fer-
mentation research
WK presents a valuable model system for studying microbial ecology,
interspecies interactions, and food fermentation processes. Furthermore, it
is an efficient system to validate metabolic models. WK communities are
relatively simple, yet sufficiently rich in ecological interactions, with most
communities consisting of 5–20 dominant species, which account for the
majority of the microbial population during fermentation29. This compo-
sitional structure allows researchers to examine a range of ecological rela-
tionships, including cross-feeding, competition, syntrophy, and niche
partitioning, within a tractable and controlled environment.

The short fermentation cycle andwell-characterisedmetabolic outputs
(e.g., ethanol, organic acids, exopolysaccharides, and volatile compounds)
provide a direct and measurable link between microbial composition and
function.Unlikemanynatural or industrialmicrobiomes,WKfermentation
can be carried out under aseptic conditions using sterile media46, enabling
reproducible experiments and perturbation studies. Although the fermen-
tation medium is currently only semi-defined, efforts have been made
toward the development of a more defined medium47.

Initial SynComs forWK have had variable success. In one study, two-
species SynComs consisting of one LAB and one yeast were developed for
WK47. Among six tested combinations, all of them showed slower acid-
ification and higher residual sugar levels compared to the fermentations
using WKGs. Another study also described nine SynComs for WK, each
comprising three to four species48. These SynComs were based on Zymo-
monas mobilis in combination with Liquorilactobacillus hordei, Sacchar-
omyces bayanus, Bifidobacterium aquikefiri, and/or Brettanomyces
bruxellensis.Here, a SynCom lackingL. hordei exhibitedmarkedly increased
gluconic acid production, showing the ability to alter organic acid profiles to
modify taste profiles. Another study of co-culture experiments involving
one yeast (Zygotorulaspora florentina or S. cerevisiae) and one LAB (L.
hordeiorLiquorilactobacillus nagelii) demonstratedmutualistic interactions
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between WK-associated yeasts and LABs36. These beneficial interactions
were further supported by proteomic analyses26,49.

Together, these features position WK as a versatile platform for
investigating microbial succession, functional redundancy, ecological sta-
bility, andmetabolicmodelling.WKisparticularlywell-suited for integrated
multi-omics and genome-scale metabolic modelling approaches, offering
direct relevance to food biotechnology, synthetic ecology, and microbiome
engineering. As omics-driven insights continue to grow, WK emerges as a
compelling model system for studying fermented food microbiomes,
microbial community assembly, and the development of functional foods.

Revolutionizing fermented food research with multi-
omics: opportunities and challenges
Limitations of single-omics approaches and the need for multi-
omics integration
While single meta-omics studies can provide valuable insights into WK
microbial communities, they cannot capture the full complexity of micro-
bial interactions and functional dynamics in isolation. For example, meta-
genetics (also known as metabarcoding, metataxonomics, amplicon
sequencing, and sometimes amplicon metagenomics) amplifies and
sequences taxonomic marker genes (e.g., 16S ribosomal RNA [16S rRNA]
for bacteria and Internal Transcribed Spacer [ITS] for yeast) to identify
microbial community composition50. This approach is widely used to
monitor the taxonomic composition of WK liquid and grains at different
time points during fermentation41,51,52. As it normally uses short-read
sequencing, metagenetics typically reveals genus-level taxonomic compo-
sition but lacks species-level resolution and functional insights. In contrast,
shotgun metagenomics sequences the total DNA from a sample to provide
comprehensive taxonomic and functional gene profiling. This approach can
reveal species-level composition, including the detection of rare and novel

taxa29,37. It can also reveal key functional genes in the community, such as
genes involved in carbohydrate metabolism, exopolysaccharide (EPS)
synthesis, stress resistance, and probiotic traits in WK, helping to infer the
role of each microbe in the WK community37. However, both approaches
lack information relating to cell viability, active gene expression, and
metabolic activity, which limits the understanding of microbial functional
activity. Furthermore, shotgun metagenomics of foods can be subject to
issues such as inherent compositionality of the sequencing, presence of
contaminating non-microbial reads originating from the food matrix, and
unavailability of adequate reference databases, specially where the WK
species are relatively novel.

Metatranscriptomics sequences the RNA of a sample to track all the
actively expressed genes and reveal real-time functional activity ofmicrobial
community during the fermentation. This approach helps to identify active
taxa and key metabolic functions in the community53. For example, meta-
transcriptomics analysis of WK fermentation at 0-h and 24-h timepoints
revealed highly expressed genes related to the utilisation of sucrose, glucose,
fructose, and vitamin B biosynthesis, with the most abundant transcripts
from Lactobacillus, Bifidbacterium, and Saccharomyces species at 24-h
timepoint45. As transcript-mapping is aided by sample-specific databases,
metatranscriptomics and either genome-resolved metagenomic or whole-
genome sequencing data of strains from the same samples should ideally be
paired to accurately interpret the transcriptional activity54, while metapro-
teomics and metabolomics may be further applied to confirm whether
transcripts are translated into functional proteins or lead to the production
of metabolites.

Metaproteomics is basedonanalysis of the entire protein content of the
community and provides insights into which microbes are metabolically
active. This is achieved through the extraction and identification of proteins
using mass spectrometry, which can also be used to study protein-protein

Table 1 | Overview of omics studies in water kefir and key insights obtained

Approach Insights obtained References

Metagenomics This study usedmetagenomics to analysemicrobial composition in both the liquid andgrain fractions at 24-
h and 72-h timepoints of fermentation and provided key insights into WK ecology

37

Metagenomics This study applied shotgun metagenomics sequencing to a variety of fermented foods, including WK and
milk kefir samples. Their analysis revealed clear taxonomic differences between milk kefir and WK
communities.

39

Metagenomics, Metabolomics, and
Volatilomics

This study applied shotgun metagenomics to sequence a WK fermentation time series, identifying
correlations betweenmicrobial species,metabolites, and volatile compounds. Thiswork provided valuable
insights into potential producers of key metabolites and volatiles and led to the detection of two potentially
novel Curvibacter species.

40

Metagenomics, Metabolomics, and
Volatilomics

This study performed a large-scale study of 69 WK communities using shotgun metagenomics,
metabolomics, and volatilomics. Their analysis revealed 18 putatively novel species, including two new
Bifidobacterium spp. In total, 96 different species were detected across samples, supported by either
metagenome-assembled genomes (MAGs) or at least 35% genome breadth. Consequently, a core
microbiome was proposed for WK, comprising 13 genera, including yeasts, LAB, AAB, Bifidobacterium,
and Zymomonas. Correlation analyses suggested functional redundancy for major WK metabolites (e.g.,
lactic acid, acetic acid, sugars, and ethanol), whereas volatile compound production appeared to be more
species-specific.

29

Metagenomics and Metabolomics This study used WKG microbial community to produce a novel beverage using soy whey as a substrate.
Untargetedmetabolomics revealed substantial changes in themetabolite profile of the fermented soywhey
compared to the unfermented control. Notably, fermentation led to an increase in angiotensin-converting
enzyme inhibitory activity, suggesting potential health-promoting properties.

42

Metagenetics and Metabolomics This study conducted a time-series analysis of WK fermentation using metabolomics and amplicon
sequencing. Correlation analysis enabled the identification of microbial taxa positively or negatively
associated with various metabolites, including potentially bioactive compounds.

41

Volatilomics This study investigated the volatilome of WK fermentations using either white sugar or dried figs as
substrates. Volatilomics revealed differences in volatile compound production depending on the carbon
source, providing insights into how substrate selection shapes flavour development in WK.

43

Metagenetics and Volatilomics This study analysed eight distinct WK fermentations using volatilomics and amplicon sequencing and
identified 41 volatile compounds and uncovered correlations between specific volatiles andmicrobial taxa
potentially involved in their production.

44

Metatranscriptomics This study employed metatranscriptomics to investigate transcriptional activity in WK and milk kefir
fermentations. Despite notable differences inmicrobial community composition betweenWKandmilk kefir,
functional analysis revealed that major biological processes were conserved. Specifically, 70% of KEGG
Orthology entries for yeast genes and 36% for bacterial genes were shared between the two systems.

45
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interactions. However, metaproteomics relies on an adequately complete
protein database for taxonomic and functional assignment and is unable to
capture the flux of gene expression and metabolite production, thus pro-
viding an incomplete understanding of microbial community function55.
Therefore,metaproteomics should be pairedwithmetagenomics to identify
the taxa producing these proteins. Applying this approach to traditional
fermented foods such as WK can provide comprehensive information
regarding the enzyme activity, functions, andmicrobial interactions during
the fermentation55.

Metabolomics, including volatilomics, identifies and quantifies bio-
chemical compounds using techniques, including High-Performance
Liquid Chromatography (HPLC), Gas Chromatography-Mass Spectro-
metry (GC-MS), Liquid Chromatography-Mass Spectrometry (LC-MS)
and Nuclear Magnetic Resonance Spectroscopy (NMR). These techniques
allow both targeted and untargeted detection of key metabolites, including
volatile compounds and potential health-promotingmetabolites and enable
detection of compounds responsible for the flavour, aroma, and bioactivity
of fermented foods29,41. Metabolomics has successfully identified and
quantified major metabolites in WK, including lactic and acetic acids,
ethanol, acetoin, mannitol, flavour compounds, vitamins, EPS, and other
bioactive molecules, including novel compounds29,41,56. However, this
approach alone cannot reveal whichmicrobes produce specific compounds
or how their production varies as the community shifts during fermenta-
tion. Hence, metabolomics data should be accompanied by metagenomics
from the same samples to link themetabolites with their associated taxa and
ideally with metatranscriptomics data to elucidate how metabolite pro-
duction varies with community activity over time.

These limitations of individual meta-omics approaches necessitate an
integrated meta-omics study to fully decipher the genetic potential, gene
expression patterns, protein functions, andmetabolite profiles of fermented
foodmicrobial communities23,57.Although, to our knowledge, amulti-omics
analysis combining all meta-omics approaches has not yet been applied to
WK, such a study has the potential to significantly improve the current
understanding of the molecular complexity of WK communities.

A roadmap to integrated multi-omics study of fermented foods
using water kefir as a model system
Before conducting an integrated multi-omics study of WK microbial
communities, some considerations should be taken into account. It is crucial
to select appropriate representative samples of WK from different time-
points of fermentation and include an adequate sample size to ensure that
the data provides meaningful biological interpretation. The microbial
community composition between the WKGs can vary based on their geo-
graphical origin or fermentation substrates. It is also demonstrated that
grain-to-grain variation in microbial composition shape the succession
dynamics andmetabolic output (e.g., organic acid profile, ethanol levels and
volatile profiles), even under similar fermentation conditions29. Hence, it is
important to analysemultipleWKGs across the fermentation timepoints to
capture representative community dynamics and metabolic outputs. To
estimate the adequate sample size, power analysis can be performed using
tools like MultiPower, which is an R package that performs joint power
analysis acrossmultiple omics layer by taking the variability, effect sizes, and
omics-specific differences into considerations and optimise the sample size
and experimental design for an multi-omics analysis58. Additionally, stan-
dardised sample handling techniques should be used, tailored to eachmeta-
omics technique. In multi-omics studies, samples are often split into mul-
tiple aliquots for different omics experiments, as different biomolecules
require different extraction procedures and analytical instruments, which
may cause data heterogeneity. Therefore, a consistent sample handling
technique should be used, such as co-extraction techniques to enable
simultaneous extraction of biomolecules for different omics layers from the
same sample. For example, DNA and RNA can be simultaneously co-
extracted using a solvent-based method or commercial co-extraction kits59.
Similarly, metabolites and proteins can be co-extracted using biphasic sol-
vent systems, which can separate proteins and metabolites into distinct

phases, enabling their simultaneous extraction60,61. Finally, independent
biological replicates, technical replicates and appropriate control samples
(e.g., unfermented controls andnegative controls) shouldbe incorporated in
the study for reliability and comparability62. Unfermented controls can be
obtained by preparing and incubating sterilised substrates identically to
fermented samples, but without the addition of an inoculum. Some com-
putational considerations should be considered, including early planning of
data requirements such as sequencing depths for DNA and RNA, whether
to use targeted or untargeted metabolomic data, bioinformatic pipeline
selection, and access to adequate infrastructure. Additionally, determining
computational requirements for the analysis of each omics data or inte-
grated analysis must also be taken into account2. After each omics dataset is
generated, robust data preprocessing is necessary prior to integrated ana-
lysis. Omics data are often incomplete or contain errors due to the technical
constraints and limitations of analytical techniques. Hence, raw data typi-
cally needs quality control, normalisation, filtering, and transformation to
ensure compatibility for integrated analysis63. Once datasets are pre-pro-
cessed, they can be integrated and analysed using appropriate integration
strategies and tools (Fig. 1).

Based on the research goals and data types, integration strategies can
broadly be divided into three main types: sequence- and genome-centric
integration, data fusion, and knowledge-based integration. Sequence or
genome-centric integrationmapmetatranscriptomics andmetaproteomics
data tometagenomics andprovide insights into gene expression andprotein
activity within the community. Data fusion integration approach links
different meta-omics datasets, such as metagenomics and metabolomics,
using statistical methods to identify meaningful biological connections
between them. For example, network-based integration is a data fusion
approach, where nodes represent the biological features such as genes,
proteins, and metabolites, and edges represent the coordinated changes.
This approach can integrate omics data and identify the biological features
that change in a coordinated manner across the samples or conditions64.
Knowledge-based integration maps different meta-omics data onto known
metabolic pathways to model community function in-silico, allowing
inference of active pathways and interactions within a microbial
community64,65.

Several tools implementing integration strategies and analysis techni-
ques have been developed for an integrated multi-omics study. Each tool is
designed to support different combinations of omics data with distinct
integration strategies. Table 2 summarizes some potential multi-omics
integration tools, outlining their principles, compatible omics data types,
and their respective advantages and disadvantages.

Key challenges of multi-omics integration and circumvention
strategies
While an integrated multi-omics approach facilitates the understanding of
fermented food microbial communities by deciphering interactions
between the microbiota, substrates, and the environment, their application
remains limited owing to technical and logistical challenges, as well as the
cost of data generation. This has led to reliance on single meta-omics
approaches in the majority of recent studies. Here, the likely challenges
associated with the integrated meta-omics approach and possible solutions
to these challenges are discussed.

Data heterogeneity renders the integration challenging as each meta-
omics platform generates data in different formats, scales, and units. This
data heterogeneity results in uneven statistical power across the omics
datasets, which may cause bias. This necessitates consistent sampling,
appropriate sample handling, data preprocessing, and normalisation before
the integration66. To maintain consistent statistical power, integration tools
like MOFA67 can process partially overlapping datasets and maintain sta-
tistical power.

The compositionality of data also makes the integration challen-
ging. For example, metagenomics, metatranscriptomics, and meta-
proteomics describe relative abundances of DNA, RNA, and proteins,
respectively, rather than absolute abundances, which can impact the
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integration. This can also complicate the statistical analysis and mis-
lead the interpretation2. To overcome these challenges, experimental
techniques can help to provide absolute abundance. For example,
techniques like quantitative polymerase chain reaction (qPCR), plate
counts, and flow cytometry, when combined with metagenomics, can
provide an absolute abundance of DNA or microbes. However, these
experimental techniques are time-consuming and laborious. A rela-
tively new method, the use of synthetic DNA spike-in, is much more
efficient for the absolute quantification of metagenomics data68.
Quantitative Reverse Transcription Polymerase Chain Reaction (qRT-
PCR) and RNA spike-in can be used for the absolute quantification
of transcripts69–71. Conversely, the use of isotope-labelled peptides
in mass spectrometry can accurately measure the absolute abundance
of proteins72. Additionally, tools that can handle compositional
data should be used for integrative analysis. For instance,
coda4microbiome73 is an R package that utilizes Compositional Data
Analysis (CoDA) techniques to make the compositional data suitable
for statistical analysis.

Technical limitations of each omics platform are another challenge for
integrated analysis74. For example,metagenomics can overestimate taxa due
to the detection of DNA from dead cells, and metatranscriptomics may fail
to detect the low-abundant or transient transcripts. Conversely, metabo-
lomics and metaproteomics often does not detect all the metabolites or
proteins due to the limitations in sample preparation, extraction methods,
and instrument sensitivity. Some rare metabolites also may be detected in
only a subset of samples at a specific time point. These technical limitations
can lead to data sparsity and missing data, which can affect the integrative
analysis. Careful experimental design can minimize technical limitations.
For example, sample collection at multiple time points throughout the
fermentation increases the chance of capturing low-abundance and tran-
sient biomolecules. Incorporating biological and technical replicates can
enhance the data reliability and help in accurate biological interpretation.
Simultaneous co-extraction of biomolecules from the same samples ensures

consistency across omics datasets and reduces the chance of missing data.
Additionally, statistical imputation techniques can be applied, which use a
mathematical model to predict and estimate the missing value based on the
observed patterns within the existing data75. Multi-omics integration tools,
such as MOFA67, use statistical imputation to complete the datasets before
the integrative analysis.

The limited availability of up-to-date reference databases is a key
challenge for multi-omics integrative studies. Many microbial genes, pro-
teins, andmetabolites of traditional fermented food communities like those
of WK are not well characterized to date and are underrepresented in
publicly available databases. This can hamper accurate functional assign-
ment of genes, proteins, and metabolites across omics datasets and mislead
the integrative analysis76. This underlines the importance of expanding and
maintaining reference databases, particularly tailored for traditional fer-
mented food communities likeWK.Additionally, development of a sample-
specific customdatabase forWKcanprovide complementary advantages by
better capturing strain specific functional diversity.

Integrative analysis may face some key computational challenges, such
as tracking molecular components across datasets, ensuring reliable data
normalisation, and effective visualisation of results77. The lack of standar-
dised workflow is a significant challenge. Aside from more generalised
undertakings like the normalisation and visualisation of multi-omic data-
sets, a key challenge remains that of accurately integrating and labelling
genes, proteins and compounds across the various omics layers in the food
sample. For example, different approaches to taxonomic profiling, such as
MetaPhlAn 478 and Kraken 279 rely on different classification strategies and
databases, and delivers variable taxonomic assignments and performance
with respect to strain separation. This principle extends to functional
annotation of genomic and transcriptomic datasets, as well as the analysis of
proteomic and metabolomic datasets. For example, across different meta-
bolomic platforms, the same chemical compounds are sometimes listed
under different names and therefore may require manual curation to allow
comparisons between datasets. These inconsistencies can affect the multi-

Fig. 1 | Conceptual framework for an integrated multi-omics study of fermented
food microbiome, illustrated using the water kefir microbial community as a
model system. The schematic diagram illustrates the conceptual framework for a
multi-omics analysis of fermented food microbiome to achieve a holistic under-
standing of the microbial interactions, fermentation dynamics, and metabolic

outputs. This figure used WK as a model system, and the process starts with sam-
pling from the fermentationmatrix and generation of different meta-omics datasets,
followed by data preprocessing and integrative analysis of all omics data together
using an appropriate multi-omics integration tool. (Created in BioRender. Khan, A.
(2026) https://BioRender.com/dcmx99w).

https://doi.org/10.1038/s41522-026-00985-x Review

npj Biofilms and Microbiomes |          (2026) 12:116 5

https://BioRender.com/dcmx99w
www.nature.com/npjbiofilms


T
ab

le
2
|S

um
m
ar
y
o
fp

o
te
nt
ia
lt
o
o
ls

fo
r
in
te
g
ra
ti
ve

m
et
a-
o
m
ic
s
an

al
ys

is
o
ut
lin

in
g
th
ei
r
p
ri
nc

ip
le
s,

co
m
p
at
ib
le

o
m
ic
s
d
at
a
ty
p
es

,a
nd

re
sp

ec
ti
ve

ad
va

nt
ag

es
an

d
d
is
ad

va
nt
ag

es

T
o
o
l

D
es

cr
ip
ti
o
n
o
fI
nt
eg

ra
ti
o
n
S
tr
at
eg

y
O
m
ic
s
D
at
a
In
te
g
ra
te
d

A
d
va

nt
ag

es
Li
m
it
at
io
ns

R
ef
er
en

ce

IM
P

A
re
p
ro
d
uc

ib
le

p
ip
el
in
e
fo
rt
he

in
te
gr
at
ed

an
d

re
fe
re
nc

e-
in
d
ep

en
d
en

ta
na

ly
si
s
of

m
et
ag

en
om

ic
an

d
m
et
at
ra
ns

cr
ip
to
m
ic
s
d
at
a.

M
et
ag

en
om

ic
s
an

d
M
et
at
ra
ns

cr
ip
to
m
ic
s

It
is
an

op
en

-s
ou

rc
e
p
ip
el
in
e
fo
rs

ta
nd

ar
d
iz
ed

,
au

to
m
at
ed

,fl
ex

ib
le
,a

nd
re
p
ro
d
uc

ib
le

la
rg
e-

sc
al
e
in
te
gr
at
ed

an
al
ys
is
.A

ls
o
su

p
p
or
tr
ob

us
t

re
ad

p
re
p
ro
ce

ss
in
g,

au
to
m
at
ed

b
in
ni
ng

,a
s
w
el
l

as
ge

no
m
ic

si
gn

at
ur
e-
b
as

ed
vi
su

al
iz
at
io
ns

.

It
is
co

m
p
ut
at
io
na

lly
in
te
ns

iv
e
an

d
ca

nn
ot

in
te
gr
at
e
m
et
ap

ro
te
om

ic
s
an

d
m
et
ab

ol
om

ic
s.

20
1

g
N
O
M
O

It
ca

n
co

m
b
in
e
m
et
ag

en
om

ic
s,
m
et
at
ra
ns

cr
ip
to
m
ic
s,

an
d
m
et
ap

ro
te
om

ic
s
d
at
a
fr
om

th
e
sa

m
e
sa

m
p
le
an

d
cr
ea

te
a
p
ro
te
og

en
om

ic
d
at
ab

as
e
fo
ri
nt
eg

ra
te
d

an
al
ys
is
.

M
et
ag

en
om

ic
s,

M
et
at
ra
ns

cr
ip
to
m
ic
s,

M
et
ap

ro
te
om

ic
s

It
is
an

au
to
m
at
ed

,r
ep

ro
d
uc

ib
le
,a

nd
ea

si
ly

co
nfi

gu
ra
b
le

p
ip
el
in
e
fo
rm

et
a-
om

ic
s
d
at
a

p
re
p
ro
ce

ss
in
g,

in
te
gr
at
ed

an
al
ys
is
,a

nd
ou

tp
ut

vi
su

al
iz
at
io
n.

It
su

p
p
or
ts

no
n-
m
od

el
or
ga

ni
sm

s
la
ck

in
g
w
el
l-
an

no
ta
te
d
re
fe
re
nc

e
ge

no
m
es

or
p
ro
te
om

es
an

d
en

ab
le
s
th
e
st
ud

y
of

m
ic
ro
b
ia
l

co
m
m
un

iti
es

w
ith

in
th
ei
rb

io
lo
gi
ca

la
nd

ec
ol
og

ic
al

co
nt
ex

ts
.

It
d
oe

s
no

ts
up

p
or
ti
nt
eg

ra
tio

n
of

m
et
ab

ol
om

ic
s.

R
eq

ui
re
s
hi
gh

co
m
p
ut
at
io
na

l
re
so

ur
ce

s
an

d
d
ep

en
d
s
on

ot
he

r
to
ol
s
su

ch
as

S
na

ke
m
ak

e.

20
2

g
N
O
M
O
2

A
co

m
p
re
he

ns
iv
e
an

d
m
od

ul
ar

p
ip
el
in
e
fo
rm

ul
ti-

om
ic
s
an

al
ys
is
th
at

us
ed

th
re
e
d
iff
er
en

ti
nt
eg

ra
tio

n
ap

p
ro
ac

he
s,

in
cl
ud

in
g
p
ro
te
og

en
om

ic
d
at
ab

as
e-

b
as

ed
in
te
gr
at
io
n,

d
iff
er
en

tia
la

b
un

d
an

ce
-b
as

ed
in
te
gr
at
io
n,

an
d
jo
in
tv

is
ua

liz
at
io
n-
b
as

ed
in
te
gr
at
io
n

M
et
at
ax

on
om

ic
s,

M
et
ag

en
om

ic
s,

M
et
at
ra
ns

cr
ip
to
m
ic
s,

M
et
ap

ro
te
om

ic
s

It
is
re
la
tiv

el
y
ea

sy
to

us
e
an

d
im

p
ro
ve

d
co

m
p
ar
ed

to
its

p
re
d
ec

es
so

r,
gN

O
M
O
.I
tc

an
p
ro
ce

ss
ra
w

d
at
a
fo
r
in
te
gr
at
ed

an
al
ys
is
an

d
ea

si
ly
vi
su

al
is
e
th
e
re
su

lts

It
re
q
ui
re
s
hi
gh

co
m
p
ut
at
io
na

lr
es

ou
rc
es

an
d

ex
p
er
tis

e.
20

3

m
m
ve

c
A
ne

ur
al
ne

tw
or
k
th
at

ca
n
p
re
d
ic
tt
he

en
tir
e
m
et
ab

ol
ic

ab
un

d
an

ce
p
ro
fi
le
fr
om

th
e
m
ic
ro
b
ia
ls
eq

ue
nc

es
an

d
ca

n
le
ar
n
th
e
co

-o
cc

ur
re
nc

e
p
at
te
rn

b
et
w
ee

n
m
ic
ro
b
es

an
d
m
et
ab

ol
ite

s.

M
et
at
ax

on
om

ic
s,

M
et
ag

en
om

ic
s,

M
et
ab

ol
om

ic
s

It
is
d
es

ig
ne

d
to

id
en

tif
y
th
e
no

n-
lin
ea

r
re
la
tio

ns
hi
p
b
et
w
ee

n
m
ic
ro
b
es

an
d

m
et
ab

ol
ite

s
us

in
g
d
ee

p
le
ar
ni
ng

an
d
ha

nd
le
th
e

co
m
p
os

iti
on

al
m
ic
ro
b
io
m
e
an

d
m
et
ab

ol
om

ic
s
d
at
a.

It
d
oe

s
no

ts
up

p
or
tm

et
at
ra
ns

cr
ip
to
m
ic
s
an

d
m
et
ap

ro
te
om

ic
s
d
at
a
an

d
co

m
p
ut
at
io
na

lly
in
te
ns

iv
e
fo
rl
ar
ge

d
at
as

et
s.

20
4

N
M
FG

O
T

A
n
un

su
p
er
vi
se

d
le
ar
ni
ng

fr
am

ew
or
k
to

in
te
gr
at
e

m
et
ag

en
om

e
an

d
m
et
ab

ol
om

e
d
at
a
to

id
en

tif
y
a

no
nl
in
ea

r
re
la
tio

ns
hi
p
b
et
w
ee

n
m
ic
ro
b
io
m
e
an

d
m
et
ab

ol
ite

s.

M
et
ag

en
om

ic
s,

M
et
ab

ol
om

ic
s

It
ca

n
p
er
fo
rm

m
an

y
fu
nc

tio
ns

,i
nc

lu
d
in
g

sa
m
p
le

cl
us

te
rin

g,
vi
su

al
is
at
io
n,

an
d

d
ow

ns
tr
ea

m
b
io
lo
gi
ca

la
na

ly
si
s.

It
d
oe

s
no

ts
up

p
or
tm

et
at
ra
ns

cr
ip
to
m
ic
s
an

d
m
et
ap

ro
te
om

ic
sd

at
a.

20
5

M
O
FA

A
st
at
is
tic

al
m
et
ho

d
fo
ri
nt
eg

ra
tio

n
of

m
ul
tip

le
m
et
a-

om
ic
s
d
at
a
in

an
un

su
p
er
vi
se

d
fa
sh

io
n.

M
et
ag

en
om

ic
s,

M
et
at
ax

on
om

ic
s,

M
et
at
ra
ns

cr
ip
to
m
ic
s,

M
et
ap

ro
te
om

ic
s,

M
et
ab

ol
om

ic
s

It
ca

n
ha

nd
le
he

te
ro
ge

ne
ou

s
an

d
m
is
si
ng

d
at
a.

It
is
or
ig
in
al
ly
d
es

ig
ne

d
fo
ra

hu
m
an

d
at
as

et
,

he
nc

e
no

b
ui
lt-
in

fe
at
ur
es

fo
rm

ic
ro
b
ia
l

co
m
m
un

ity
d
at
a.

67

m
ix
O
m
ic
s

A
n
R
p
ac

ka
ge

d
es

ig
ne

d
fo
rm

ul
tiv

ar
ia
te

an
al
ys
is
of

va
rio

us
om

ic
s
d
at
as

et
s.

M
et
ag

en
om

ic
s,

M
et
at
ax

on
om

ic
s,

M
et
at
ra
ns

cr
ip
to
m
ic
s,

M
et
ap

ro
te
om

ic
s,

M
et
ab

ol
om

ic
s

It
al
lo
w
s
st
at
is
tic

al
in
te
gr
at
io
n
of

va
rio

us
m
et
a-

om
ic
s
d
at
as

et
s
an

d
al
lo
w
s
d
at
a
ex

p
lo
ra
tio

n,
d
im

en
si
on

re
d
uc

tio
n,

an
d
vi
su

al
is
at
io
n.

It
re
q
ui
re
s
p
re
p
ro
ce

ss
in
g
of

in
p
ut

d
at
a
(e
.g
.,

d
at
a
no

rm
al
is
at
io
n)
.

20
6

m
C
IA

A
n
ex

p
lo
ra
to
ry

d
at
a
an

al
ys
is
m
et
ho

d
th
at

id
en

tifi
es

co
-r
el
at
io
ns

hi
p
s
b
et
w
ee

n
m
ul
tip

le
om

ic
s
d
at
as

et
s

M
et
ag

en
om

ic
s,

M
et
at
ra
ns

cr
ip
to
m
ic
s,

M
et
ap

ro
te
om

ic
s

It
ca

n
ha

nd
le

he
te
ro
ge

ne
ou

s
d
at
as

et
s
an

d
av

ai
la
b
le

as
an

R
p
ac

ka
ge

.
It
re
q
ui
re
s
d
at
a
no

rm
al
is
at
io
n.

20
7

M
iB
iO

m
ic
s

A
ne

tw
or
k-
b
as

ed
ap

p
ro
ac

h
fo
ri
nt
eg

ra
te
d
an

al
ys
es

of
m
ul
ti-
om

ic
s
d
at
a.

M
et
ag

en
om

ic
s,

M
et
at
ra
ns

cr
ip
to
m
ic
s,

M
et
ap

ro
te
om

ic
s,

M
et
ab

ol
om

ic
s

It
is
a
us

er
-f
rie

nd
ly
w
eb

-b
as

ed
ap

p
lic
at
io
n
an

d
al
lo
w
s
m
ul
ti-
om

ic
s
d
at
a
in
te
gr
at
io
n,

ex
p
lo
ra
tio

n,
an

d
vi
su

al
is
at
io
n.

It
is
lim

ite
d
to

th
e
in
te
gr
at
io
n
of

up
to

th
re
e

om
ic
s
d
at
as

et
s
at

on
ce

an
d
lim

ite
d

cu
st
om

is
at
io
n.

20
8

P
A
LM

A
co

m
p
ut
at
io
na

lp
ip
el
in
e
th
at

in
te
gr
at
es

m
ul
ti-
om

ic
s

d
at
a
fr
om

lo
ng

itu
d
in
al

m
ic
ro
b
io
m
e
st
ud

ie
s
us

in
g

d
yn

am
ic

B
ay

es
ia
n
ne

tw
or
ks

.

M
et
ag

en
om

ic
s,

M
et
at
ra
ns

cr
ip
to
m
ic
s,

M
et
ab

ol
om

ic
s

It
al
lo
w
s
in
te
gr
at
io
n
of

tim
e-
se

rie
s
m
ul
ti-
om

ic
s

d
at
as

et
s.

It
is
co

m
p
ut
at
io
na

lly
co

m
p
le
x
an

d
d
oe

s
no

t
su

p
p
or
tm

et
ap

ro
te
om

ic
s
d
at
a.

20
9

O
m
ic
sA

na
ly
st

A
d
at
a-
d
riv

en
ap

p
ro
ac

he
s
fo
rm

ul
ti-
om

ic
s

in
te
gr
at
io
n,

an
al
ys
is
,a

nd
vi
su

al
ly
ex

p
lo
rin

g
th
ei
r

re
su

lts
in

a
cl
ea

r
an

d
m
ea

ni
ng

fu
lm

an
ne

r.

A
ny

no
rm

al
is
ed

m
et
a-
om

ic
s
d
at
a

It
is
a
w
eb

-b
as

ed
,u

se
r-
fr
ie
nd

ly
to
ol

w
ith

a
si
m
p
le

in
te
rf
ac

e
an

d
al
lo
w
s
ra
p
id

st
at
is
tic

al
an

al
ys
es

an
d
vi
su

al
ex

p
lo
ra
tio

n.

It
is
no

ts
ui
ta
b
le

fo
rt
im

e-
se

rie
s
d
at
a
an

d
re
q
ui
re
s
ap

p
ro
p
ria

te
p
re
p
ro
ce

ss
in
g
fo
ra

ll
om

ic
s
d
at
a
ty
p
es

.

21
0

V
iM

O
It
ha

s
se

p
ar
at
e
w
or
kfl

ow
s
fo
rm

et
ag

en
om

ic
s,

m
et
at
ra
ns

cr
ip
to
m
ic
s,

an
d
m
et
ap

ro
te
om

ic
s,

b
ut

al
so

al
lo
w

in
te
gr
at
iv
e
an

al
ys
es

.

M
et
ag

en
om

ic
s,

M
et
at
ra
ns

cr
ip
to
m
ic
s,

M
et
ap

ro
te
om

ic
s,

It
is
a
re
la
tiv

el
y
us

er
-f
rie

nd
ly
to
ol

an
d
al
lo
w
s

cr
os

s
om

ic
s
m
ap

p
in
g
an

d
in
te
ra
ct
iv
e

vi
su

al
is
at
io
n.

It
d
ep

en
d
s
on

ot
he

r
to
ol
s
fo
rm

ul
ti-
om

ic
s

in
te
gr
at
iv
e
an

al
ys
es

.
21

1

https://doi.org/10.1038/s41522-026-00985-x Review

npj Biofilms and Microbiomes |          (2026) 12:116 6

www.nature.com/npjbiofilms


omics integration and eventually influence the prediction of metabolic
interactions by GSMM and selection of strains, thereby affecting the relia-
bility of the designed SynComs for biotechnological applications.

In this context,WKhas the potential to offer a simplifiedmodel system
to evaluate and mitigate these multi-omics integration challenges. WK
offers advantages due to the functional redundancy between closely related
strains that are observed in WK communities29. Minimal functional com-
munities of fully sequenced WK microorganisms can produce omics
datasets with less taxonomic noise and potentially streamline the data
integration. It also offers an opportunity to systematically compare the
analytical pipelines and reference databases to reveal howdifferent pipelines
influence the biological interpretation. A further advantage is the well-
documented succession patterns seen in WK and corresponding commu-
nity states at different points of the fermentation, enabling timepoint-driven
analysis ofminimal communities andwith a view to gainingnovel biological
and mechanistic insights. Furthermore, while the metabolomic space is
likely still large, it is likely to be greatly reduced when compared with more
complex plant and animal-derived substrates seen in other fermented food
matrices, asWKis generally composedof sucrose andwater,withoccasional
addition of dried or fresh fruits (e.g., dried figs, raisins). Non-omic data
relating to WK could be included in integration models, such as sensory
profile, degree of carbonation, or batchnumber,where alternative substrates
are used. This approach could further aid in the biological interpretation of
themodel food system, connecting -omics data to relevant biotechnological
attributes.

Finally, use of data reduction techniques, development of user-friendly
tools and a standardized workflow for integrative analysis can improve
efficiency and reproducibility of multi-omics analysis, particularly in con-
trolled system such as WK. Advanced integration tools (e.g., machine
learning or network-based methods) may detect complex patterns across
omics datasets; however, it is often challenging to extrapolate these patterns
to their biological activity. Combining advanced tools with simpler well-
understood methods like the statistical correlation method can make the
biological implications more clear76. Therefore, through careful experi-
mental design, proper data handling, and selection of the appropriate
integration tools, many major hurdles of multi-omics integration for WK
may be overcome.

Genome-scale metabolic modelling for the rational
design of microbial communities in fermented foods
GSMM has received attention in the context of the design of SynComs. It
allows the prediction ofmicrobe-microbe interactions, andmicrobe-habitat
interactions8. These insights facilitates the rational design and optimisation
of SynComs through identification of optimal species composition and
metabolic pathways, tailored for a specific outcome80. For instance, GSMM
has been applied to develop a plant growth-promoting community for
Campos rupestres using 270 metagenome assembled genomes (MAGs),
which was less complex and improved crop productivity under stress
conditions20. Similarly in fermented foods, GSMM was used to design 120
SynComs for sourdough with different combinations of LAB and yeast and
predicted their growth dynamics, CO₂ production, and volatile profiles.
Experimental validation confirmed enhanced fermentation performance
with the SynComs that predicted to have high yeast growth and CO₂ pro-
duction, compared to the SynComs that predicted to have low yeast growth
and CO₂ production21. However, this study compared the fermentation
performance across the SynComs without directly comparing with natural
sourdough communities. Similarly, in cocoa bean fermentation, GSMM-
guided defined SynCom was successful in reproducing the key metabolic
and sensory attributes of fine flavour chocolate under controlled fermen-
tation conditions, supporting its functional equivalence to natural
fermentation81.

Microbial communities such as those inWK contain diverse species of
microorganisms with different functions throughout the fermentation
process. However, not all the species present in a community contribute to a
given functionality. Therefore, it is possible to design a function-specific

minimal community, which is a subset of the larger community. While
other fermented foods (e.g., milk kefir, sourdough) have been extensively
studied using omics approaches and SynCom studies82,83, many such sys-
tems are less flexible in the use of alternative substrates. For example, milk
kefir relies on milk and sourdough on flour-based substrates. This limits
their manipulation and renders them less flexible for controlled analysis of
how substrates influence the community function and metabolic outputs.
Conversely,WK communities are relatively simple, yet functionally diverse,
with higher experimental flexibility in accommodating a wide range of
plant-based substrates for fermentation, including substrates from food
waste streams. This makes WKmicrobial communities a perfect paradigm
to design GSMM-based minimal SynComs.

A complete workflow of microbial community design for water
kefir using genome-scale metabolic modelling
The completeworkflowofGSMM-guided design ofmicrobial communities
for WK can be divided into six steps: (1) defining desired and undesired
metabolites (2) selection of candidate strains and their genome sequencing
(3) genome annotation and GEM reconstruction of candidate strains (4)
computation of collective metabolic capabilities and cooperation potential,
(5) identification ofminimal communities required for the target functions,
(6) Experimental validation and iterative refinement of minimal
communities.

Defining desired and undesired metabolites. The first step of GSMM-
guided SynCom design for WK is defining the functional targets of the
community. These functions may include the improvement of flavour
profile and health-promoting properties, or the utilisation of alternate
substrates such as plant-based milks or food waste streams. For the Syn-
Com design, it is essential to define the desired functions in terms of target
or non-target metabolites. Metabolomics data from traditional WK can
help in identifying the key metabolites that must present to keep the basic
characteristics of traditional WK, as well as to identify the metabolites
associated with undesirable traits, such as off-flavours or safety concerns.
For example, to enhance the flavour profile of WK, desirable metabolites
may include lactic acid, mannitol, and some ester compounds (e.g., ethyl
acetate), while undesirablemetabolitesmay consist of compounds that can
create off-flavour, such as sulphur compounds84. In terms of health-
promoting properties, desirable metabolites could include short-chain
fatty acids, vitamins, EPS, and gamma-aminobutyric acid while undesir-
able metabolites could include biogenic amines, such as histamine and
tyramine that can cause adverse health effects85. Depending on the GSMM
approach, itmay be necessary to limit the scope ofmetabolites to those that
can be predicted by the tools. For example, bioactivity of EPS such as levans
may depend on their structural conformation, which cannot be accurately
predicted by current metabolic modelling techniques. Esters such as ethyl
acetate may be desirable or unpalatable depending on their concentration
and co-occurrence with other volatile molecules86.

Selection of candidate strains and their genome sequencing. Once
the target metabolites are defined, the candidate bacteria and yeast from
traditional WK community should be selected to include them in the
GSMM-based SynCom design. When designing SynComs for WK, core
microbial member selection is crucial, as these core members are
necessary to mimic the fermentation dynamics and sensory properties of
traditionalWK. If the coremembers are not present in the SynCom, it can
lead to the production of a beverage that lacks the basic characteristics of a
traditional WK and can also impact microbial interactions. Metage-
nomics data from traditional WK fermentation can help to identify the
core taxa, offering guidance on which strains should be cultivated for
inclusion in the SynComs29. Large-scale metagenomic study of WK
communities suggested that the communities can be assembled into
multiple, distinct community states at the genus level, indicating that
different combinations of core taxa may result in functionally similar but
compositionally different WK fermentations29.
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From a practical perspective, the first consideration should be the
selection of cultivable strains. SynCom is only useful forWK fermentation if
the required strains are cultivable in the laboratory, because non-cultivable
microbes have limited technological use. A notable advantage of fermented
foodmicrobial communities is that they consist of predominantly cultivable
microbes compared to microbial communities from other environments
(e.g., soil, gut, sea)87.

It is also crucial to consider the environmental and nutritional
requirements for the selected strains.WK fermentation is usually performed
at room temperature with a drop in pH to around 3.5-4.5. The selection of
strains from the natural WK community is not an issue since they are
already adapted to acidic conditions. However, strains from other envir-
onments could be selected based on their compatibility with the specific
application. This can be achieved throughmicrobial growth profiling under
relevant fermentation conditions, such as pH and temperature. SynCom
design for novel substrates requires finding metabolically compatible key
strains that can efficiently metabolise the available nutrients in the sub-
strates. Metabolic compatibility can be evaluated through several experi-
mental approaches. For example, the Biolog Phenotype MicroArray can be
used to assess novel substrate utilisation profiles, isothermal calorimetry can
measure microbial metabolic activity, and growth profiling in the novel
substrates can assess the performance under relevant fermentation
conditions88,89. Regulatory guidelines may also limit the application of
strains without a safe history of use in food in the development of SynComs
(discussed further below).

Additionally, strains from different origins must be evaluated for any
potential antagonistic activity with each other. For example, if strains from
different WKG or strains from different fermented foods are used in the
SynComs, they may show antagonistic behaviour towards each other. This
antagonismmayarise fromtheproductionof inhibitory compounds suchas
organic acids, bacteriocins, and hydrogen peroxide. Antagonism may also
arise from the competition betweenmicrobes for essential nutrients anddue
to the presence of bacteriophages that may target a specific strain. If any
antagonistic activity is present between themicrobes of the SynCom, it may
inhibit one or more microbes of the community, leading to the destabili-
zation of the community. Experimental techniques including spot-on-lawn
assays, well diffusion assays, co-culture experiments, and plaque assays can
be used to identify any potential antagonistic activity between the selected
strains90,91.

Once the candidate strains are selected, theirwhole genomesneed tobe
sequenced to adequate depth and quality metrics to allow their assembly
using an appropriate algorithm or software92–94. Following the sequencing
and assembly, these genomes canbeused for assessmentof candidate strains
by screening genes associated to antimicrobial resistance, toxin productions
and virulence factors. The process of strain selection often becomes an
iterative process, as the selected strains may require replacement based on
the in vitro assessment of safety, growth, metabolic compatibility, com-
munity stability, and susceptibility to bacteriophage infection.

Genome annotation and GEM reconstruction. Once the assembly of
whole-genome sequences (WGS) of candidate strains obtained, they
need to be annotated. It is a crucial step as the accuracy of genome
annotation directly affects the quality of resulting GEMs8. Genome
annotation first predicts the location of open reading frames and sub-
sequently assigns them with metabolic functions. Typically, this is
achieved by comparing sequences with databases of genes and proteins of
known function. There are several annotation tools available that can be
used for the genome annotation of both prokaryotes and eukaryotes
found in WK. Tools for prokaryotic genome annotation that are cur-
rently available include Prokka95, PGAP standalone96,
MicrobeAnnotator97 and Bakta98, which balance speed of execution with
level of detail and degree of cross-referencing to various databases. Gene
prediction in yeasts is complicated by the presence of genes containing
introns, which may require additional training using known tran-
scriptomic or proteomic data. Key eukaryotic gene prediction algorithms

include GeneMark-ETP99 and AUGUSTUS100, which have been amal-
gamated into pipelines such as MAKER2101, BRAKER2102, and
Funannotate103. The Yeast Genome Annotation Pipeline (YGAP)104 is
another tool which annotates open reading frames based on gene
homology and synteny to known yeast species and is particularly useful
where transcriptomic data is not available. Ultimately, manual curation
of automated annotations using domain-level expertise may be required,
particularly for non-model organisms.

Once genomes are annotated, Genome-Scale Metabolic Network
(GSMN) are reconstructed for each individual candidate strain, which
represents the entire set of biochemical reactions that an organism can carry
out105. The GSMN can then be converted into GEM by translating the
reconstructed network into a mathematical framework8. GEM recon-
struction is a time-consuming process, but it can be expedited by automated
and semi-automated tools (Table 3). These tools can automatically perform
GEMreconstruction and certain tasks in the reconstruction process, such as
genome annotation, generation of a draft GSMN, and gap-filling106. There
are two main approaches of GEM reconstruction: bottom-up and top-
down, which may be implemented in standalone tools or suites with
additional features for curation and analysis of models106. The bottom-up
approach starts with an annotated genome of an organism, from which a
draft GEM is generated. Conversely, top-down approaches use a curated
universal model as a template, from which pathways containing genes
absent from the annotated genome are removed3.

Draft GEMs often contain gaps due to incomplete annotation, and
which result in missing reactions. Therefore, tools with gap-filling algo-
rithms have been developed to improve the quality of GEMs107. Gap-filling
algorithms are applied to both bottom-up and top-down draft GEMs to
address missing reactions and dead-end metabolites107, such as
MENECO108, fastGapFill109, and DNNGIOR110. Manual curation of draft
GEMs and automated gap-filling suggestions is often required to correct for
missing or incorrect pathways, based on experimental data and expert
knowledge for that taxon111. Recent tool development has also focused on
methods to amalgamate GEMs produced bymultiple pipelines into a single
consensus model like GEMsembler112, modelBorgifier113,and mergem114, as
well as automated pipelines to identify putative errors in GEMs, such as
MACAW115. While several tools allow direct community modelling using
collections of GEMs, there are also wrapper tools such as MetaGEM116,
which implements CarveMe117 within a full pipeline frommetagenomes to
community models.

Multi-omics integration is increasingly used to refine GEMs, such as
enzyme-constrained approaches that are employed in GECKO118. Pro-
teomics data offers relative quantification of proteins and enzymes, which
enable understanding of functional roles of species, and the interspecies
interactions within the community119. The integration of enzyme abun-
dance data with GEM helps to refine the GEM by setting realistic limits on
reaction rates, thus improving the accuracy of condition-specific flux pre-
dictions and enhancing the predictions of interspecies interactions. For
example, integration of proteomics data with GEM of Aspergillus niger
significantly improved the model’s ability to predict metabolic fluxes under
different growth conditions120.

Transcriptomics data can also significantly improve metabolic pre-
diction by GEM. By integrating gene expression data, static GEMs can be
transformed into dynamic, condition-specific GEMs. This allows simula-
tion of actual microbial metabolism under varying environmental condi-
tions, such as nutrient changes, thereby providing insights into how
environmental perturbations affect metabolic activities at both cellular and
community levels77.For example, Zampieri et al. integrated condition-
specific gene expression data with GEM to predict real-time metabolic
activity of anaerobic digestion microbial community121. This could be
applied to WK production, to model community metabolism under dif-
ferent phases of microbial succession, including nutrient, pH and tem-
perature conditions. For instance, yeast strains can vary significantly in their
adaptability to osmotic stress and nitrogen limitation-conditions which are
directly relevant to WK production.
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Step 3: computation of metabolic capabilities and cooperation
potential within the community. After reconstruction of GEMs, they
can be analysed to predict themetabolic behaviour of individualmicrobes
and their potential interaction(s) in the community. The aim is to
understand the individual and collective metabolic potential of species
and gain insights into the complementarity ofmetabolic pathways within
the community, which ultimately aids the SynCom design. Several
approaches have been developed for GEM analysis, including a
constraint-based approach and a graph-based approach as described
below6.

A majority of tools adopt a constraint-based approach via Constraint-
Based Reconstruction and Analysis (COBRA) algorithms (Table 4), which
use stoichiometric coefficients to describe the proportions of reactants and
products in the GSMN. This approach allows quantitative prediction of
metabolic genotype-phenotype relationships7. The most commonly used
COBRA method is Flux Balance Analysis (FBA)122, which assumes steady-
state conditions with constant uptake (such as found in continuous flow
production systems) and progression of each pathway at equal rate.
Dynamic flux balance analysis (dFBA)123 extends FBA by incorporating
uptake kinetics, accounting for temporal changes in metabolite con-
centration as occur in batch systems, which allow understanding of
microbial interactions such as cross-feeding, competition, and succession
within the communityunder dynamic conditions.However,COBRA-based
methods require highly accurate GEMs and do not scale linearly, making
them only suitable for communities with up to ten members, as larger
communities significantly increase the computational demand6.

Another approach for the analysis involves graph-based approaches,
where GSMNs are examined in terms of their topology. It is a com-
plementary alternative to quantitative constraint-basedmethods, which de-
emphasise stoichiometry and useGSMNs to provide insights intomicrobial
interactions and ranges of producible metabolites at the community-
level124,125. Consequently, it is suitable for analysing non-model organisms,
GSMNs reconstructed from draft genomes or MAGs, and larger
community-level metabolic models. However, this approach deprioritises
reaction stoichiometry, thus producing less accurate predictions of meta-
bolic fluxes126,127. Network expansion algorithms, as implemented in
Metage2Metabo, for example, use a graph-based approach to predict the set
of metabolites producible based on the composition of the user-defined
growth medium, also known as seeds124,126.

From a nutrition perspective, GSMM also offers the potential to ana-
lyse GEMs from food microbes for potential impacts on the host. This has
been explored in the cattle rumen126 and in the design of probiotics for
human consumption128, whereinmicrobial GEMsor simply themetabolites
they are predicted to produce, are integrated with a metabolic model for
the host.

Step 4: identification of minimal synthetic communities and key
species required to produce target metabolites. Minimal SynComs
are of interest for traditional fermented foods like WK because it sim-
plifies the pool of strains from a biotechnological perspective and allows
more robust and predictable fermentations129. After the prediction of
individual and collective metabolic capabilities of the candidate strains,
the next step is to identify the key strains that can collectively produce the
predefined target metabolites. Several tools can aid the identification of
keystone species and the development of minimal communities. For
instance, network expansion-based tools CoMiDA130 can identify a
minimum set of species that can collectively produce a set of desired
target metabolites from a user-defined set of available substrates. On the
other hand, MiSCoTo131 applies constraint-based logic to identify the
combination of species that can collectively produce the target metabo-
lites from predefined substrates. Both tools can classify species into
essential and alternative symbionts. Essential symbionts are the strains
that must be present in the community to produce the target metabolites,
while alternative symbionts are the strains that can be substituted with
each other in the communities. Inclusion of multiple alternativeT
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symbionts offers functional redundancy, which allows the design of
robust communities that are resilient to environmental perturbations.

Experimental validation and iterative refinement of minimal syn-
thetic communities. After the design of minimal SynComs, they need
to be experimentally validated through trial fermentations, incor-
porating microbiological assay (e.g., viable colony forming unit
count), physicochemical characterisation (e.g., pH monitoring) and
meta-omics approaches (e.g., metagenomics, metabolomics, volati-
momics). This step is crucial for the validation and refinement of the
SynComs, following the Design-Build-Test-Learn (DBTL) cycle
approach132. Trial fermentations should be performed using the
substrates that were applied to GSMM and the fermentation samples
then need to be analysed to ensure the SynComs function as intended
under the real-world conditions (e.g., the production of the desired
metabolites). However, during the experimental validation some
ecological factors must be taken into considerations. For example,
difference in microbial growth rates, initial inoculation densities, and
the order of strain introduction can significantly affect the commu-
nity stability and functions. In the traditional WKGs, microbes are
spatially organised within the polysaccharide matrix, creating distinct
ecological niches which led to the temporal succession of activity133.
In contrast, when using SynComs all the strains are typically
inoculated at the start and rely on their natural succession, with
diffusion of intermediate metabolites unconstrained by the grains. It
remains to be explored whether inoculation of these SynComs will
lead to grain growth over time. However, inoculation of individual
strains may provide additional advantages in commercial WK fer-
mentation over the grains, as it allows more controllable and
reproducible fermentation through the inoculation of defined strains
at precise ratios (e.g., controlling ethanol production by modulating
yeast abundance).

Omics-based investigation can be used to track the fermentation
using the SynComs, such as metagenomics to track the community
composition and metatranscriptomics to analyse gene expression
patterns during different stages of fermentation45,134. This enables the
verification of community composition and the activity of key
metabolic pathways that were predicted in silico. Conversely, meta-
proteomics allows relative quantification of functional proteins and
enzymes that drive the fermentation. Finally, metabolomics can
identify and quantify the biochemical compounds produced in the
fermentation with the SynComs. Targeted metabolomics should be
performed to quantify the predefined target metabolites used to
design the SynComs. This can validate the prediction of GSMM,
ensuring that the target metabolites are indeed produced during the
fermentation. A comprehensive untargeted metabolomics study
should also be performed to find out the complete metabolite profile
that positively or negatively contributing to the sensory and func-
tional properties of the beverage. Characterisation of these metabo-
lites provides a thorough understanding of the chemical outcome of
WK fermentation using the designed SynComs. Integration of these
omics data can further help to follow the microbial succession and
track the changes in metabolic function during the fermentation,
enabling validation and refinement of GSMM predictions, as recently
demonstrated for WK135. Finally, the predation and horizontal gene
transfer by bacteriophage and viruses can affect the stability of
SynComs and introduce novel metabolic functions136,137. Therefore,
metaviromics can also be utilised to uncover the bacteriophages and
other viruses within the SynComs. Integration of all meta-omics data
from these trial fermentations can provide a comprehensive mole-
cular understanding of microbe-microbe and microbe-habitat inter-
actions within the SynComs. This, in turn, allows the iterative
refinement of SynComs tailored for the desired functional outcomes.

The visual synopsis of the steps involved in theGSMM-based SynCom
design for WK is outlined in Fig. 2.

Why use genome-scale metabolic modelling to designmicrobial
communities for water kefir?
GSMMhas thepotential to develop a stable, defined, andminimal SynComs
tailored forWK fermentation, which can optimise the fermentation process
and enhance the potential health-promoting effects and organoleptic
properties of the beverage. Challenges associated with traditional WKG-
based fermentation include excessive ethanol production, residual sugar due
to incomplete utilisation, off-flavour formation, and variable microbial
succession patterns driven by WKG structure and substrate composition.
GSMM-guided SynCom design provide a route to address these limitation
through functional customisationandprovide additional benefits compared
to conventional methods of community design (Fig. 3).

Asmentioned above, traditionallyWK fermentation relies on complex
microbial consortia,while SynComsmaybe applied to establishdefined, less
complex cultures, thereby enhancing the controllability and reproducibility
while simultaneously allowing the customisation of functional outcomes138.
SynComs have already demonstrated their advantages in food fermenta-
tions by shortening fermentation time, enhancing the flavour profiles,
modulating the nutritional profile, and improving the quality of
foods21,81,139–141. Recent efforts have beenmade to develop SynComs forWK
fermentation, which simplified WK communities through empirical strain
selectionwith the aimof achieving stable and reproducible fermentation47,48.
However, these studies primarily focused on establishing functional com-
munities without providing in-depth analysis of the underlying microbial
interactions.

GSMM-guided microbial community design offers a comprehensive
understanding of microbial interactions and allows rational design of
substrate-specific minimal communities in silico that may retain the key
interactions of traditional WKG. It can predict the functional potential of a
microbial community from its collection of genomes, enabling in silico
simulation to achieve a more accurate prediction of microbe-microbe
interactions and microbe-habitat interactions. This facilitates rapid proto-
typing, substrates-specific community design, optimisation, and functional
customisation of the community. Therefore, GSMM-guided SynComs has
the potential to reduce both time and cost associatedwith the extensive trial-
and-error experimental approaches required in conventional community
design to develop desirable traits in the final product8.

GSMM-guided SynComs also have the capacity to be developed into
patentable novel WK communities. Novel fermentation may be defined as
the fusion of traditional fermentation practices with rational formulation of
microbial communities tobroaden and specifically direct the applicability of
traditional fermentation142. The concept of novel fermentation has emerged
as a response to converging factors, including increasing demand for diverse
and functional fermented foods, increasing interest in health and nutrition,
and advances in microbiome studies. Additionally, global challenges asso-
ciated with food security, increasing food demand for population growth,
efforts to look for novel solutions to global food shortage, and the shift
towards more sustainable and plant-based diets has led to the search for
innovative fermentation solutions. Several experimental strategies can be
used to develop novel fermentations, including applying different substrates
for diverse flavours, engrafting target species for desired traits, and assem-
bling whole-community chimeras for synergy142. This concept of novel
fermentation offers tremendous possibilities for innovation in the fer-
mented food space. Several studies have explored WK fermentation with
varieties of alternative substrates, including coconut, cherry, red plum, soy,
quinoa beet, mandarin, and persimmon42,143–151. These fermentations using
WKGs resulted in the production of novel WK or WK-like beverages with
promising organoleptic properties.

However, scaling up these fermentations with undefined WKGs for
industrial-scale production remains a challenge24. This is primarily because
WKG microbial communities may be evolved to grow well in specific
substrates, making them less predictable in novel substrates. Such com-
plexitymakes it challenging to predictmicrobial dynamics and interactions,
and consequently to control the fermentationprocess in an industrial setting
to achieve consistent products with desired sensory properties and
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Fig. 2 | Workflow for the design and experimental validation of minimal syn-
thetic community for water kefir fermentation using genome-scale metabolic
modelling. The process starts with defining desirable and undesirable metabolites
that must be present in theWK to achieve the target functions. Candidate strains are
then cultivated from traditional WKGs, and their genomes are sequenced and
assembled. Genome assemblies of each strain are then annotated using appropriate
tools and are used for GEM reconstruction. Subsequently, the GEM are analysed to
predict the individual and collective metabolic capabilities and compute the coop-
eration potential among the strains. Based on these predictions, minimal SynComs

and key species are identified from the collection of candidate strains that can ensure
the production of predefined target metabolites from the given substrates. After-
wards, these minimal SynComs are experimentally validated using lab-scale fer-
mentation and multi-omics analysis, which allow iterative refinement of the
community composition and fermentation conditions for the target functions. The
outcome is a minimal definedmicrobial community with the potential of industrial-
scale production of water kefir. Created in BioRender. Khan, A. (2026) https://
BioRender.com/s4d929p.
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functionalities across batches24. GSMM may overcome the challenge by
developing robust, substrate-specific defined communities with the poten-
tial to enhance industrial scalability.

Challenges and future directions in microbial commu-
nity design using genome-scale metabolic modelling
Developing a functional and implementable microbial community for WK
requires cultivation of different groups of key species from the traditional
WKGs.Many species found inWKare difficult to cultivate due to the lack of
optimised cultivation techniques. For example, Zanirati et al. detected some
LAB, including L. hilgardii, L. nagelii, and Oenococcus kitaharae using
culture-independent methods, but they were not detected using culture-
dependentmethods152. Additionally, AAB is another important component
of traditionalWKGs, but they are well known for their special ability to stay
in a viable but not-culturable state, which rendering their biological eva-
luation challenging153. Analysis of MAGs of these difficult-to-culture
microbes can provide valuable genomic insights on their primary meta-
bolism, substrate utilization, oxygen requirements, antimicrobial resistance,
which can facilitate the design of selective culture media and optimise their
growth condition154. Additionally, high-throughput and machine learning-
guided robotic culturomics platform integrated with rapid identification
methods and advanced imaging can facilitate the isolation of these difficult-
to-culture microbes fromWK155–157.

High-quality complete genome sequences are crucial forGSMM.Low-
quality or incomplete genome sequence can lead to inaccurate and
incomplete genome annotation, missing key pathways in WK microbes
(e.g., sugar metabolism, EPS production, vitamin biosynthesis). Until
recently, short-read and long-read hybrid assembly was needed to generate
highly accurate microbial genomes158,159. However, recent developments in
long-read sequencing technology, such as those developed by Pacific
Biosciences and Oxford Nanopore, means one can now produce highly
accurate, near-complete genome assemblies without the extra polishing
steps required in hybrid assemblies160–162.

Many WK-derived microbes are poorly characterised to date. For
example, a recent study detected 18 novel species and identified many
species that had not been cultivated previously29. This indicates that a
substantial number of WK-derived microbes remain to be characterised in
terms of their genetic diversity as well as experimental validation of func-
tional annotations. Consequently, genes can be misannotated and labelled
as hypothetical proteins with unknown functions. The use of less rapid
annotation tools for functional annotation of predicted proteins, in com-
bination with manual curation and possibly using curated databases like
SwissProt163, can improve the quality of GEMs in such cases164. The
advancement ofmetagenome sequencing and assembly can produce highly
accurate microbial MAGs that can guide the targeted isolation of newly
discovered strains165. Additionally, targeted isolation and phenotypic
characterisation of such strains can help to improve functional annotations
and decipher their roles in WK fermentation.

The lack of information on gene function, including secondary
metabolic pathways of microbes further complicates the GEM reconstruc-
tion process. WK fermentation involves a complex microbial community
that produces a diverse range of secondary metabolites contributing to its
flavour, aroma, and health‑promoting effects. Biosynthetic gene clusters
(BGCs) responsible for secondarymetabolism evolve rapidly and often vary
between species and strains, and their poor characterisation remain amajor
challenge in microbial biotechnology166. This can increase inaccuracies in
annotations and downstream GEM reconstruction5,105. To improve the
identification of secondary metabolic pathways, tools like antiSMASH167

and DeepBGC168 can help in identifying BGCs. For novel and poorly
characterised BGCs, metatranscriptomics allows the initial identification of
gene clusters that are active during fermentation and integration of culture-
dependant genomics and metabolomics data with experimental validation
can further confirm their activity169.

GEMreconstruction of yeast poses additional challenges, especially for
non-conventional yeast found in WK, such as Brettanomyces bruxellensis,
and Zygotorulaspora florentina170. Yeast genomes are typically significantly
larger than their bacterial counterparts, containing multiple chromosomes,
introns, non-coding regions, and extensive repeat regions, thus requiring
higher sequencing depth for better coverage and optimal genome
assembly171. Long-read sequencing can significantly improve the genome
assembly of yeasts172. However, genome annotation of yeast genomes
remains a major bottleneck due to their complex genome sequence,
unknown gene functions, and eukaryotic cellular structure, which affect the
GEM reconstruction104. Enhancing GEM for non-conventional yeast
requires comprehensive manual curation with the knowledge from bio-
chemical databases and literature173. Experimental validation of pathways
with culture-dependent omics can further improve the accuracy ofGEMsof
yeast174.

Simulation of dynamic microbial interactions within the WK micro-
bial community is also challenging. During the fermentation, WK com-
munity members engage in complex interactions, including cross-feeding,
cooperation, competition through antibiotics and other inhibitory com-
pounds, competition for resources, differences in growth rates, gene reg-
ulation such as quorum sensing, small molecule signalling, and
environmental modifications such as pH change28. These interactions reg-
ulate microbial behaviour across spatial and temporal scales, which helps
microbes to adapt to varying environmental conditions such as pH, oxygen
levels, sugar types, and nutrient composition. GSMM often fails to capture
these microbial interactions, hindering accurate simulation of interspecies
metabolic exchange and community-level metabolic fluxes. Without cap-
turing all relevant interactions, strains predicted to be compatible in silico
may not perform as expected during real fermentation175. Experimental co-
culture studiesunder controlled conditions andacombinationof omicsdata
from different time points, can capture these interactions that GEM alone
cannot capture36.Todate, efforts to integrate co-culturedatawithGEMhave
not yet been reported for WK. However, understanding of these complex
interactions may provide an opportunity for iterative refinement of GEM
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Fig. 3 | Advantages of genome-scale metabolic modelling for rational design of
microbial communities in water kefir fermentation. This figure illustrates the key
benefits of using GSMM in the rational design of microbial communities for water
kefir fermentation. These benefits collectivelymakeGSMMapowerful tool to design
SynComs. (Created in BioRender. Khan, A. (2026) https://BioRender.com/
t07bew3).
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and experimental validation, enabling the design of a more stable
community.

The composition of substrates plays a crucial role inWK fermentation.
Both carbon andnitrogensourcesare required for themicrobialmetabolism
of the WK community176. It is extremely difficult to accurately and com-
pletely define the composition of the substrates used in GSMM, potentially
biasing the analysis. Variability in nutritional composition of substrates due
to the source and seasonality may affect community interactions. For
example, it has recently been demonstrated that switching substrates
changes the yeast dominance pattern in WK fermentations32. Unlike tra-
ditionalWKG communities, GSMM-designed communities are simplified,
highlighting the inter-dependency of these microbes. As a result, commu-
nity interactionsmay fail if even one of themembers behaves unpredictably
in varying substrate conditions. Tomaintain the community stability under
variable substrate conditions, GSMM should be use to design substrate-
specific robust communities considering the detailed nutritional composi-
tion of substrates126. Additionally, multiple functionally redundant key
strains can be included in the community to ensure community stability
under varying substrate compositions. Thiswill ensure that if one strain fails
or becomes less active under certain substrates, others can compensate for
the function and maintain the interspecies interactions necessary for
community stability.

Besides these technical challenges, the application of multi-omics and
GSMM approaches to design SynComs forWK faces additional challenges
in the industrial implementation of these methods. In the modern fer-
mented food industry, several advanced approaches are adopted tomonitor
production processes and improve the quality, safety, and efficiency of
fermented foods (e.g., monitoring pH and sugar consumption, targeted
metabolite analysis to quantify sugar, organic acids, and ethanol, automated
control of defined fermentation conditions). However, integration ofmulti-
omics and GSMM to iteratively optimise the SynComs require additional
expertise, research facilities, and computational resources, increasing the
associated cost and thereby, limiting their implementation at industrial
scale. Therefore, these approaches are currently positioned as research-
driven, long-term innovation tools rather than routine industrial
implementation.

Regulatory and safety considerations for using
genome-scale metabolic modelling-based synthetic
communities in water kefir production
Local safety and regulatory compliance are critical in the design of GSMM-
guided SynComs for the development of novel fermented foods. While
GSMM approaches can automate SynCom design, they typically do not
capture safety-relevant traits of individual strains. Therefore, additional
safety assessments are essential to confirm that the selected strains are
suitable for food use, as microbes in fermented foods can directly impact
consumer health and product safety.

Foods must meet the local regulatory requirements, which vary
between regions177. For example, in the European Union (EU), any food
without a significant history of consumption in the EUbeforeMay 15, 1997,
is considered a novel food and they are covered by regulation (EU) 2015/
2283. Fermented food-associatedmicrobial cultures are regarded as a typeof
food ingredient, and when new starter cultures are introduced, such as
GSMM-guided SynComs, they will be covered by novel food regulations
and require risk assessments. The European Food Safety Authority (EFSA)
maintains a Qualified Presumption of Safety (QPS) list of microbes that
have well-documented scientific evidence for safe use in food or feed.
Therefore, the first step is to determine whether strains included in the
SynComs have an established safety status in the QPS list for the intended
use case178. For instance, some species on the QPS list are approved for the
use during food fermentations on the condition that they are removed from
the final food product (“production strains”), and others are approved for
animal feedstuffs but not foods destined for human consumption. Even if a
species is QPS-listed, it must generally be free of acquired antimicrobial
resistance (AMR) to clinically relevant antimicrobials. Some species carry

additional qualifications, for example, requirements for the absenceof viable
cells in thefinal product or demonstration of no toxigenic activity. Similarly,
in the United States (U.S.), microbial strains used in foods are regulated by
the Generally Recognized as Safe (GRAS) inventory of the Food and Drug
Administration (FDA)179.

Currently, more than 100 species hold EFSA’s QPS status. WK-
associated specieson the list includeLABsuchasLacticaseibacillus paracasei,
Lentilactobacillus diolivorans, Lentilactobacillus hilgardii, Leuconostoc
citreum, Leuconostoc mesenteroides, Leuconostoc pseudomesenteroides,
and Oenococcus oeni; yeasts such as Hanseniaspora uvarum, Sacchar-
omyces bayanus, Saccharomyces cerevisiae, and Schizosaccharomyces
pombe; and, among AAB, only a few species, with Gluconobacter oxydans
being the only QPS-listed representatives fromWK.

If a strain is not included on the QPS list, a rigorous risk assessment
must be performed to confirm its suitability for the use in food180. EFSA
safety assessments for non-QPS species are triggered by application for
market authorisation for products containing the strain(s). EFSA provides
detailed guidance for the WGS analysis of microorganisms intentionally
used in the food chain181. According to these guidelines, WGS data must be
evaluated for the presence of genes encoding known virulence factors,
toxins, invasion or adhesion factors, metabolic pathways relevant to tox-
igenicity, and antimicrobial resistance (AMR) to clinically relevant
antimicrobials.

Microbes with acquired AMR genes could interact with the human
microbiome and the wider environment182. Such strains may also dis-
seminate AMR genes via horizontal gene transfer. Consequently, compre-
hensive AMR assessment using both phenotypic and genomics-based
methods is essential. Phenotypic assays are useful for initial screening but
determiningwhetherAMRgenes are intrinsic or acquired requires in-depth
bioinformatics analysis. EFSA guidelines specify that intrinsic AMR genes
(those naturally occurring and non-transferable) are generally acceptable
for food use183.

Fromboth a consumer safety and regulatory perspective, fermentation
substrates must be free from harmful contaminants, including residual
pesticides, mycotoxins, and antibiotic contamination184–187. For plant-based
substrates used in WK, pesticides and mycotoxins are a potential concern.
GSMM guided SynCom design provides an excellent opportunity to
incorporate strains with the capacity to degrade and detoxify such con-
taminants of substrates, and potentially enhancing the safety of WK.

Although SynComs for WK can be developed using naturally
occurring microbes from WKGs, Genetically Modified Microorgan-
isms (GMOs) can be useful in metabolic modelling, enabling con-
trolled manipulation of a specific metabolic pathways and validation
of model predictions. From an industrial perspective, the use of
GMOs in SynComs may be useful in WK production by improving
fermentation performance (e.g., enhancing substrate utilization),
controlling metabolic outputs (e.g., knocking out pathways for
undesirable byproducts), and enhancing sensory profiles (e.g.,
manipulating pathways for increased production of aroma
compounds)188. However, the inclusion of GMOs is subject to reg-
ulatory constraints in many regions and likely to conflict with con-
sumers’ natural perceptions of fermented foods, reducing
acceptance189. If GMOs are considered, their potential benefits must
be weighed against consumer acceptance and compliance with any
additional regional or national regulations that may apply190.
Regardless of whether naturally occurring or genetically modified
strains are used, all food production processes should adhere to
established safety and quality frameworks, including Good Manu-
facturing Practices, Hazard Analysis and Critical Control Point sys-
tems, and Sanitation Standard Operating Procedures191. In the EU,
EFSA requires risk assessment of genetically modified microbes
under Regulation (EC) No 1829/2003 before they are authorised to be
used in food and feed to ensure their safety for humans, animals, and
the environment. Similarly, in the US, the FDA works with the
Environmental Protection Agency and the U.S. Department of
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Agriculture to ensure genetically modified microbes used in food are
safe for people and the environment192.

Another important regulatory consideration for most fermented
beverages is ethanol content. Producers must comply with applicable
national or regional legislation. For example, in the EU, alcohol content
must be declared if it exceeds 1.2% alcohol by volume (Regulation (EU) No
1169/2011). A recent survey by the Food Safety Authority of Ireland on
unpasteurised, plant-based fermented beverages (including kombucha,
water kefir, and ginger soda) found that four out of 32 products contained
undeclared ethanol levels above this threshold193. Similar findings also
observed internationally. For example, a survey of 232 plant-based fer-
mented beverages (including kombucha, water kefir, and ginger beer) in
Australia revealed 52 of them had an alcohol content exceeding limit of
1.15% alcohol by volume194. While excessive ethanol levels present a chal-
lenge for the industry, they also offer an opportunity for SynCom-based
optimisation. For instance, standard yeasts such as S. cerevisiae, commonly
detected in these beverages, could be substituted with low-ethanol-
producing yeast strains195,196. Moreover, microbial communities can be
designed to actively reduce ethanol levels by including AAB capable of
metabolising ethanol197,198. Conversely, based on the FDA regulations, if
beverage exceeding 0.5% alcohol by volume, fall within the alcoholic bev-
erage category under the Alcohol and Tobacco Tax and Trade Bureau177.

Additionally, when selecting microbial strains for commercial
starter cultures, producers must be aware of obligations under the
Nagoya Protocol on Access to Genetic Resources and the Fair and
Equitable Sharing of Benefits Arising from their Utilization199, if their
country is a signatory of the protocol. This international agreement,
implemented in the EU via Regulation (EU) No 511/2014, may require
permits or mutually agreed terms when accessing genetic resources
from signatory countries. Such obligations can extend to both newly
isolated strains and those obtained from third parties. Culture collec-
tions often have their own terms of use, which may restrict commercial
applications or require benefit-sharing agreements. Additionally,
strains sourced from starter culture providers may be subject to
intellectual property rights or licensing conditions, which can limit
their use in product development and commercial distribution. Careful
verification of strain provenance and usage rights is therefore essential
before incorporation into a commercial fermentation process.

Finally, in the context of fermented foods, the term “synthetic micro-
bial community”may imply something unnatural.While the term synthetic
microbial community is commonly used in synthetic ecology research, it
may reduce consumer acceptance when it comes to food. As these com-
munities are an assemblage of naturally occurring microbes derived from
traditional fermented foods then perhaps to explain the process and
improve the consumer acceptance a more appropriate term might be
“defined community”, similar todefined starter cultures oftenused in cheese
production.

Outlook
Despite the advancement of community-level meta-omics approaches over
the last few years, the application of comprehensive multi-omics on fer-
mented foods remains limited. Recent large-scale study on WK by inte-
grating multiple omics data demonstrated remarkable success in providing
insight into the microbial diversity, interactions, and their metabolite
profile29. Future research on WK and similar fermented foods using com-
prehensive multi-omics analysis would further elucidate the complex
microbial interactions, fermentation dynamics, key metabolites, and their
potential health impacts. Establishing and adopting a standardized and
easy-to-follow workflow for fermented food multi-omics studies across
research groups would ensure consistency, reproducibility, and compar-
ability between the studies. It will significantly enhance the reliability and
impact of findings. As with WK, many newly discovered fermented food-
associated microbes remain uncultivated and uncharacterised29,200. Along
with the multi-omics study of fermented food microbial communities,
expanding cultivation and characterisation efforts of these newly discovered

and uncharacterised species would provide insight into their
functional roles.

Expanding the application of GSMM across a range of traditional
fermented foods offers a promising approach for developing region-specific,
novel, and healthy fermented foods using diverse sustainable substrates.
This approachwill contribute to ensuring global food and nutrition security
and meeting the growing demand for sustainable functional foods. The
systematic integrationofmulti-omicsdatawithGSMMwouldunlock its full
potential and help in the experimental validation of these novel foods.

Incorporating safety assessment features, such as screening of genes
related to AMR, toxin production genes, virulence, and other potentially
harmful traits, alongside current GSMM tools would improve the food-
specific application. Ranking strains based on these safety features and
whether the strains are listed on theQPS list would streamline the safe strain
section for novel fermented food microbial communities. Additionally,
globally harmonized regulations for the commercial production and
labelling of these foods would improve safety and consumer acceptance.
Finally, future research in fermented food could avoid using the term
‘synthetic communities’ and instead use ‘defined communities’ to overcome
any potential consumer concerns.
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