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Abstract

Microbiomes are crucial for human health and well-being, with microbial dysbiosis being linked to various complex diseases.
Therefore, understanding the structural and functional changes in the microbiome, along with the underlying mechanisms in disease
conditions, is essential. In this review, we outline the structure and function of different human microbiomes and examine how
changes in their composition may contribute to diseases. We highlight critical information associated with microbial dysbiosis
and explore various therapeutic strategies for restoring a healthy microbiome, including microbiota transplantation, phage therapy,
probiotics, prebiotics, dietary interventions, and drug-based approaches. Further, to better understand microbiome dysbiosis, we
discuss multi-omics approaches including metagenomics, metatranscriptomics, metaproteomics, and meta-metabolomics, alongside
computational modeling approaches such as ecological and metabolic network analysis. We outline key challenges associated with
multi-omics techniques and emphasize the importance of integrative systems biology approaches that combine multi-omics data with
computational modeling. These approaches are crucial for effectively analyzing microbiome data, providing deeper insights into species
interactions and microbiome dynamics. Finally, we offer insights into future research directions in the field of microbiome research. This
review makes a unique contribution to microbiome research by presenting a holistic framework that integrates multi-omics data with
multi-scale modeling to elucidate microbial interactions, microbiome dysbiosis, and their modulation in disease-associated contexts.
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Introduction [10-12]. In contrast, bacterial families such as Bacteroidaceae,

Microbial dysbiosis, a disruption in the microbial ecosystem,
has been associated with a wide range of diseases, including
metabolic, inflammatory, neurological, hepatic, and oncological
conditions, impacting multiple organ systems throughout the
body [1]. In these disease conditions, the abundance of beneficial
microbes is reduced, and the pathogenic microbes amplify [2, 3].
This pathogenic shift of microbes leads to complexity in
microbiome functionality and results in disease phenotypes.
In most cases, microbial dysbiosis is caused by various factors,
including diet, environment, aging, drug consumption, and
disease status [4-9]. Moreover, certain bacterial families such as
Lachnospiraceae, Erysipelotrichaceae, Veillonellaceae, Enterobacteriaceae
(Proteobacteria), and many others may be linked to metabolic
impairments, potentially contributing to adverse health effects

Prevotellaceae, Bifidobacteriaceae, or Clostridiaceae, among many
others, are associated with healthier metabolic states, indicating
a more normal and functional microbiome [10]. These beneficial
microbes often engage in mutualistic relationships with their
host, aiding in essential processes like digestion [13], immune
system modulation, and protection against pathogenic organisms
[14]. Some of the species of these families are associated with
polysaccharide breakdown, short-chain fatty acid (SCFA) produc-
tion, fermentation of fiber, and butyrate production [13]. Under-
standing the dynamics of microorganisms within the microbiome
is crucial for gaining deeper insights into disease mechanisms.
Recent advancements in high-throughput sequencing tech-
nologies and systems biology approaches, particularly genome-
scale metabolic modeling [15] integrated with multi-omics
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datasets, have significantly improved our understanding of
microbiome complexity. These developments have provided
deeper insights into compositional and functional microbial shifts
caused by dysregulation and dysbiosis, highlighting their integral
role in human health [16].

In this review, we highlight the key role of systems biology
approaches in advancing microbiome research by using computa-
tional modeling and simulation to understand complex microbial
data. We explore various computational models, including
network-based models that map and analyze interactions
between microbial species, and genome-scale metabolic models
that reconstruct metabolic networks from genomic data to
predict the functional capabilities of individual microbes or
entire communities. Further, by integrating these computational
models with multi-omics datasets, this review highlights their
potential in explaining microbial community dynamics, disease
mechanisms, and potential therapeutic interventions. We also
discuss challenges like data quality and computational limits,
offering insights into future solutions. This review provides a
comprehensive overview, emphasizing a multi-scale approach
that will benefit researchers aiming to use systems biology to
fully explore microbiome studies, ultimately leading to health
and disease management advances.

Microbiome structure and composition

The number of microbial cells in the human microbiome is
nearly equal to human cells, totaling ~3.8 x 10! bacterial cells
and 3 x 10" human cells [17]. The human microbiome exhibits
remarkable genetic diversity with ~46 million nonredundant
microbial genes (~22 million in the gut and ~24 million in the
oral microbiome), vastly exceeding the ~23 000 protein-coding
genes in the human genome [18]. These findings show the
microbiome’s potential role in shaping individual health and
phenotypic diversity. The human microbiome comprises a com-
plex community of microorganisms, including bacteria, archaea,
viruses, and eukaryotic microbes such as fungi and protozoa [19,
20]. The bacteria predominate within the microbiome; however,
they contribute significantly less by weight, which is ~200 g of
body mass [17]. Microbiome is initially acquired at birth, primarily
through exposure to the mother’s vaginal and skin microbiota,
along with early environmental contact. It then develops into a
complex and dynamic ecosystem, mainly influenced by factors
such as diet, environment, antibiotic exposure, and health status
[21, 22].

Microorganisms inhabit various body sites, including the skin,
oral cavity, respiratory tract, urogenital tract, and gastrointestinal
tract, each hosting unique microbial communities, playing
vital roles in human well-being [23]. For example, the skin
microbiome protects against pathogens, modulates immune
responses, and contributes to skin health [24]. Oral health is
maintained by the oral microbiome, which initiates digestion and
prevents colonization by pathogens [18]. Respiratory microbiome
influences respiratory health and immune responses, and any
disruption of microbial structure can lead to conditions like
asthma and chronic obstructive pulmonary disease (COPD) [25,
26]. For instance, an increase in Proteobacteria genera such as
Haemophilus influenzae and Moraxella catarrhalis is associated with
asthma and COPD [27]. COPD patients also exhibit a decrease in
the relative abundance of Prevotella and Veillonella [28, 29]. In the
female urogenital microbiome, the vaginal microbiome is crucial
for reproductive health, preventing infections, maintaining pH
balance [30], and its composition and diversity have also been

associated with preterm birth [31]. Similarly, the gut microbiome
is central to various essential biological processes such as
maintaining homeostasis [32], nutrient absorption [33], immune
system maturation [14], and resistance to pathogens [34]. The
microbiota plays crucial roles in the gut-brain axis through
neurological, immunological, and endocrine pathways, affecting
neurotransmitters like serotonin, dopamine, and gamma-
aminobutyric acid, thereby impacting mood, cognition, and
learning (35, 36]. It also regulates the hypothalamic—pituitary-
adrenal axis, the body's primary stress response mechanism,
and influences the circadian rhythm, governing sleep-wake
cycles [37, 38]. Recently, a study identified a distinct brain
microbiome in healthy Oncorhynchus mykiss (rainbow trout) and
Salmo salar (Atlantic salmon), suggesting that microbiota-driven
neuromodulation occurs directly in the brain through symbiotic
microbial presence influencing vertebrate neural systems, even
under physiological (nondisease) conditions [39, 40].

Among all body sites, the human gut hosts the largest and most
diverse microbiome, primarily composed of bacteria from four
phyla: Firmicutes, Bacteroidetes, Actinobacteria, and Proteobacteria,
with Proteobacteria being the largest [41]. Each of these microbial
groups plays a distinct role in maintaining human health [42].
For example, Firmicutes members like Faecalibacterium prausnitzii
and Christensenella minuta in immune modulation and Roseburia
produce butyrate, a short-chain fatty acid (SCFA) that serves as
an energy source for colonocytes, promotes anti-inflammatory
responses, and strengthens gut barrier function, establishing a
healthy community structure [42-47]. Metabolically active Fir-
micutes, Bacteroidetes, and Verrucomicrobia phyla are involved in
the breakdown of complex carbohydrates, protein metabolism,
and production of SCFAs like acetate and propionate, influencing
energy homeostasis and lipid metabolism [48, 49]. Actinobacteria
include Bifidobacterium species, which are important for ferment-
ing dietary fibers and producing vitamins such as vitamin B12
[50, 51], vitamin K [52], and also regulate vitamin D [53]. More-
over, species of Proteobacteria, on the other hand, participate in
nitrogen fixation, supporting gut homeostasis and various other
metabolic processes, emphasizing the significant role for sus-
tained well-being. Gut microbiome plasticity, as well as variability
in the structure and composition, is crucial for maintaining host
health [42]. This person-specific microbiome contributes to the
uniqueness of each individual's microbial ecosystem and could
play a role in developing personalized medicines. For instance,
microbial profiling has been used to predict dietary response and
immunotherapy outcomes, with Akkermansia muciniphila abun-
dance linked to enhanced anti-PD-1 efficacy [51, 54]. However,
its vast diversity presents challenges in studying the microbiome
collectively, making it difficult to identify universal patterns [55-
57]. Therefore, large, well-controlled studies are essential to draw
meaningful conclusions about microbiome-related health and
disease.

Microbiome dysbiosis and its implication in
diseases

A state of balance and health in the microbial communities,
referred to as eubiosis, supports host physiological homeostasis.
It enhances protection against pathogens and promotes resilience
to environmental and physiological challenges [58, 59]. Disruption
of microbial diversity, on the other hand, can lead to a state of
imbalance known as dysbiosis [7, 60]. Microbiome dysbiosis refers
to a deviation from the usual microbial composition observed in
healthy hosts. However, there is no clear accepted definition of
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Figure 1. Human microbiome dysbiosis and restoration. A comprehensive overview illustrating various factors associated with microbiome dysbiosis
leading to a reduction in microbial diversity, a decline in beneficial taxa, and an overrepresentation of pathogenic microorganisms, contributing to
disease progression. Potential therapeutic interventions have been explored for microbiome restoration and disease mitigation.

healthy microbiome structure, and it can vary between individu-
als. It is often marked by a loss of beneficial microbes, overgrowth
of harmful organisms, or reduced microbial diversity, with various
external factors regulating microbiome states [4]. Some of the key
contributors to microbiome dysbiosis include diet, environment,
age, antibiotics, immunity, and lifestyle (Fig. 1). Among these, diet
is considered one of the most significant contributors, with fiber-
rich diets promoting microbial diversity and supporting health,
while high-fat and high-sugar diets reduce diversity and drive dys-
biosis by increasing bile-tolerant bacteria like Alistipes, Bilophila
and Bacteroides [61-63]. Similarly, antibiotic use can severely dis-
rupt the microbial structure by eradicating beneficial bacteria
alongside pathogens, causing long-term microbiome alterations
[6, 64]. Aging is also linked to microbiome shifts that reduce diver-
sity and alter immune function [5, 65], while immune deficiencies
or overactivation can disrupt microbial equilibrium, contributing
to conditions like inflammatory bowel disease (IBD) and allergies
[66]. Lifestyle factors, including stress, physical activity, and sleep
patterns, also shape gut microbiota [67-70], while environmental
exposures, geographical location, pollution, and toxins further
influence microbial communities [9, 71, 72].

Microbiome dysbiosis has been linked to a large number of
complex human diseases including different gastrointestinal con-
ditions [73], metabolic disorders [74], cardiovascular diseases [75],
neurological disorders [76, 77], liver conditions [78], autoimmune
and inflammatory diseases [79], skin conditions [80], and cancers
[81]. One of the gastrointestinal conditions is IBD, which includes
Crohn’s disease (CD) and ulcerative colitis (UC), which are closely
associated with gut microbiome dysbiosis [82]. These conditions
are characterized by reduced microbial diversity, instability, and
an increase in pro-inflammatory bacteria, such as Enterobacte-
riaceae, alongside a decline in anti-inflammatory species like
F prausnitzii and Roseburia [83]. This dysbiosis drives intestinal
inflammation, barrier dysfunction, and immune dysregulation
[84]. Similarly, colorectal cancer, a leading global cause of
mortality, dysbiosis manifests as an overabundance of Escherichia
coli and Bacteroides fragilis, which is reported to promote chronic

inflammation and tumorigenesis [85-87]. Moreover, the gut
microbiome composition of pathogenic microbes has long been
emerging as a potential biomarker for predicting colon cancer
recurrence [88-91].

Similarly, studies have highlighted a reduced abundance of
Firmicutes and an increase in Bacteroidetes in obesity and type 2
diabetes (T2D), contributing to metabolic dysfunction through
reduced SFCA production and impaired gut barrier integrity, caus-
ing inflammation [92]. Gut microbiome dysbiosis may influence
lipid metabolism and inflammation that have been implicated
in cardiovascular diseases such as atherosclerosis and hyperten-
sion [75, 93-96]. In autism, changes in gut microbiota compo-
sition, such as decreased Bifidobacterium and increased Clostrid-
ium, and reduced bile acids and lipids are believed to impact
brain development and behavior [97, 98]. Several studies sug-
gest a profound connection between gut microbial health and
neurodevelopmental outcomes, such as modulation of microglial
maturation, blood-brain barrier integrity, and neurotransmitter
signaling [77, 98-101]. The gut community structure can influ-
ence blood-brain barrier via SFCAs like butyrate, which enhance
tight junction expression, and modulates neuroinflammation by
regulating systemic immune responses [99, 101]. Studies reveal
that microbial patterns, such as those observed in Parkinson'’s
disease, are influenced by medication and precede neurological
symptoms, suggesting early gut dysregulation in the onset and
progression of neurodegenerative diseases [102, 103]. Conversely,
in a healthy state, microbial metabolites such as SCFAs, Indole-3-
propionic acid (IPA), and Trimethylamine-N-oxide (TMAO) act as
systemic signaling molecules that strengthen epithelial barriers
(tight junction) and modulate inflammation, protecting against
chronic disease across the gut-brain-liver axis [104-106].

Microbial dysbiosis during infancy and early childhood, affect-
ing both the gut and lungs, can predispose individuals to asthma
by disrupting immune regulation and promoting airway inflam-
mation [107]. Particularly, the dominance of pathogenic bacte-
ria like Haemophilus and Moraxella, in the lung has been asso-
clated with the persistence and severity of asthma [26, 108].
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This dysbiosis disrupts the gut-lung axis, a bi-directional interac-
tion between the gut and lung microbiomes, leading to chronic
inflammation and allergic responses in the respiratory system
[109, 110]. Autoimmune disorders such as inflammatory arthritis,
including rheumatoid arthritis (RA), are linked to dysbiosis caused
by enrichment of pro-inflammatory and oral taxa Ruminococcus
gnavus, E. coli, Streptococcus spp., and depletion in SFCA-producing
bacteria, causing functional shifts in metabolism and stress path-
ways [111], while early onset of RA is linked to the enrichment of
Prevotella copri in patients [79]. Skin diseases such as atopic der-
matitis (AD) and psoriasis are also influenced by gut microbiome
dysbiosis [112]. The skin acts as a physical, microbial, chemi-
cal, and immune barrier, and the skin microbiome modulates
immunity and other barrier sites in the body [113, 114], which
involves the dominance of Fusobacterium, Trueperella, Staphylococ-
cus, Streptococcus, and Bacteroides and alterations in metabolites
like tryptophan, which impact skin barrier function and immune
activation [80, 115].

Restoring the healthy state of the human
microbiome

Restoring a healthy microbiome in patients has been shown to
reduce disease symptoms and improve overall health [116]. Over
the years, various approaches for microbiome engineering in
restoring a healthy microbiome state have proven successful.
Some of the most effective methods include fecal microbiome
transplant (FMT) [117], probiotics [118], prebiotics [119], diet [63],
drugs [120], phage therapy [121], and exercise [122] (Fig. 1).

FMT involves transferring stool from healthy donors to a
patient’s, is among the most effective methods for increasing
microbial diversity and has been used to treat various conditions,
including IBD, irritable bowel syndrome [117], obesity, antibi-
otic resistance, inflammation, constipation, food allergy, and
recurrent Clostridioides difficile colitis [123, 124]. Treating early-
stage Parkinson’s disease (PD) patients, rebalancing immunity,
and suppressing atopic dermatitis allergic response with FMT
have shown beneficial effects on symptoms and demonstrated
the positive modulation of the gut microbiome as a potential
therapeutic approach [125, 126]. However, the limitations of FMT
include certain risk factors such as variable composition of donor
microbiota, lack of standardized protocols, and inconsistent long-
term efficacy and transmission of resistant bacteria from donor
to patient [127, 128]. Therefore, it is not yet a routine therapy. To
improve therapeutic efficacy, efforts include standardizing donor
screening, developing defined microbial consortia, implementing
metagenomic testing [129-131], and advancing Food and Drug
Administration (FDA)-approved therapies such as RBX2660
(Rebyota) and SER-109 (Vowst) for recurrent C. difficile infection
[132, 133].

Diet and prebiotics also play an important role in modulating
gut health. Prebiotics such as inulin, glucan, fructans, galacto-
oligosaccharides, or short polysaccharides can pass through the
gastrointestinal tract undigested and help in the growth of ben-
eficial gut microbial genera [134] such as Bifidobacterium and Lac-
tobacillus through selective fermentation and synergistic interac-
tion, supporting each other’s colonization and metabolic activity
[134]. Certain diets like the fiber-rich Mediterranean diet, low
in saturated fats, affect the composition and function of the
gut microbiota and influence metabolic homeostasis and overall
well-being [63]. It increases the abundance of beneficial taxa like
F prausnitzii and A. muciniphila, which support gut barrier integrity,
enhance SCFA production, and reduce systemic inflammation, a
key driver for maintaining metabolic homeostasis [63]. Specific

dietary components, hippurate derivative metabolites from cof-
fee, increase beneficial microbes like Lawsonibacter asaccharolyti-
cus by serving as selective metabolic substrates that promote
competitive fitness of the gut microbial community [135]. Inter-
ventions such as intermittent fasting [136], reduced-calorie diets
[137], fenugreek supplementation [138], fiber-rich diet [139], and
nicotinamide N-methyltransferase inhibition [140], significantly
modulate the gut microbiome, promoting beneficial microbial
populations, enhancing diversity, and improving metabolic out-
comes [8]. Moreover, synergistic effects such as combining a fiber-
rich diet with prebiotics (such as inulin) have shown greater
enhancement of beneficial taxa and SCFA production than either
intervention alone [8].

Several drugs have demonstrated some beneficial effects on
the microbiome. For instance, metformin interacts with the
gut microbiome, potentially by enhancing mucin layer integrity
and SCFA production, thereby altering microbial composition in
treatment-naive patients with T2D [120]. After treatment with
metformin, the abundance of A. muciniphila, E. coli, Bifidobacterium
spp., and Blautia wexlera increased, promoting anti-inflammatory
effects and improved insulin sensitivity. However, it can also
reduce the abundance of some anti-inflammatory species [141].
Various other compounds such as SCFAs, polyphenols, omega-
3 fatty acids, berberine, and glucagon-like peptide-1 (GLP-1)
receptor agonists have shown significant potential in positively
modulating the gut microbiota [142-144], offering therapeutic
benefits in microbiome-related diseases [121].

Phage therapy, commonly used as an antimicrobial treatment,
can also modulate the structure and composition of the micro-
biome [121].In a recent study, it was shown that phage therapy can
selectively target gut Fusobacterium nucleatum (Fn), a species that
impairs the host’s anticancer immune response by promoting the
expansion of immunosuppressive myeloid-derived suppressor
cells (MDSCs) in the gut. In particular, the study demonstrated
that an Fn-binding M13 phage is capable of targeting Fn in the
gut. This results in a reduction of MDSC amplification at the
tumor site, potentially enhancing the host’s anticancer immune
response [66]. Phage therapy and microbiota-based treatments
offer promising alternatives for antibiotic-resistant and chronic
bacterial infections, demonstrating clinical efficacy in ‘treating
Mycobacterium-related infections’ [145], Pseudomonas aeruginosa
[146, 147], and C. difficile infections [148]. While phage-antibiotic
synergy to restore microbiome shows potential for long-term
therapeutic success [149, 150], with a limited number of phages
and variable responses in patients, it requires optimization of the
protocol for consistent results [3].

The use of probiotics also positively modulates microbiome
dysbiosis. Probiotics are beneficial living microorganisms that
often compete with the group of harmful microbes in the gut
or sometimes produce antimicrobial substances that can directly
kill harmful bacteria. As a result, probiotics increase microbiome
diversity [151]. A combination of various gut microorganisms,
such as Lactobacillus, Bifidobacteria, and yeasts, can be taken in pre-
scribed doses to improve health conditions [152]. Several studies
have demonstrated the use of probiotics and prebiotics to treat
dysbiosis [153], including engineered Saccharomyces cerevisiae for
IBD [154], and E. coli probiotics [155], demonstrating a targeted
approach [156] in managing conditions such as IBD, melanoma,
and Alzheimer’s [118, 157-159].

While drugs can influence the microbiome, they may have
broad or unintended effects, potentially disrupting microbial
diversity by decreasing beneficial microbes [6, 160, 161] and
causing side effects [141, 162]. On the other hand, microbial



modulation using probiotics, FMT, or phage therapy offers a more
targeted approach to restore healthy gut microbial composition
[163]. Probiotic-based therapies are generally considered safer
but less potent than FMT or phage therapy, which offer broader
microbiome modulation but carry higher risks and regulatory
complexity. Please refer to Zitvogel et al. [164] for more details.

Analyzing microbiome structure and dysbiosis
using multi-omics approaches

To effectively manage disease conditions by positively modulating
microbiome structure requires a systems-level understanding
of microbiome dynamics [165-167] (Table 1). This also includes
understanding how the microbiome structure changes in disease
settings and how these changes are linked to disease pheno-
types. Various experimental and computational approaches have
been successfully developed to study microbiome dysbiosis and
its associated functional complexities across diverse conditions.
Thereis a range of omics techniques including amplicon sequenc-
ing, whole genome metagenomic sequencing, single-cell sequenc-
ing, metatranscriptome, metaproteome, and meta-metabolomics,
as well as computational modeling approaches [168-170] (Table 1,
Fig. 2).

Amplicon sequencing is a DNA sequencing method that tar-
gets specific genomic regions, such as the 16S ribosomal RNA
(rRNA) gene for bacteria or 18S for eukaryotes such as protists
and microalgae, and Internal Transcribed Spacer (ITS) regions for
fungi. This culture-independent approach is widely used to study
species identification, microbial diversity, and taxonomic profiling
across various environments [41, 171] (Table 1). Its major advan-
tages include being cost-effective, relatively easy to analyze, and
effective in identifying microorganisms that cannot be cultured
in the lab [172, 173]. However, it has limitations, such as providing
no information about functional genes or nontargeted organisms
such as viruses, and often not resolving closely related species or
strains [169, 174]. Additionally, amplicon sequencing data provide
a probabilistic snapshot of microbial communities rather than
a direct count, and biases can arise due to variations in rRNA
gene copy numbers among taxa. To better approximate true com-
munity structures, it is important to normalize sequence counts
based on gene copy numbers or to focus on presence/absence data
instead of relative abundances [175, 176]. Nevertheless, whole-
genome metagenomic sequencing is a comprehensive approach
that sequences all the genetic material in a sample and identifies
microbial community structures (Table 1); it provides valuable
insights into functional genes and interactions within microbial
communities. Moreover, this method captures the entire genomic
content, including bacteria, archaea, fungi, viruses, and other
microorganisms, and can differentiate closely related species or
strains within a community. However, it is more expensive and
involves intensive data analysis compared to amplicon-based
sequencing [167, 169, 177].

Single-cell sequencing has transformed microbiome research
by isolating microbes individually at high resolution. It overcomes
the limitation of bulk multi-omics by discovering rare taxa, pro-
viding insights into functional heterogeneity and spatial organi-
zation in microbial ecosystems [178]. Single-cell strategies have
enhanced our understanding by identifying dietary fiber respon-
ders driving metabolic shifts [179], and with synthetic biology
tools, enabled precise strain-level tracking and functional profil-
ing [180, 181]. In complex ecosystems, single-cell transcriptomics
identifies metabolic niche differentiation across thousands of
microbial species and reveals functional specialization, allow-
ing the identification of metabolic stability and adaptation in
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a community [182]. Primarily, this technique holds promise for
advancing microbiome-based therapeutics by overcoming bulk
sequencing limits through single-cell resolution to enable pre-
cision diagnostics and personalized medicine [183]. Although it
struggles with throughput due to low scalability, as it allows for
only a limited number of microbes to be analyzed simultaneously,
making large microbiome studies challenging [178].

The metatranscriptome approach involves sequencing the
expressed RNA from all microorganisms within a microbiome
(Table 1). Unlike whole-genome metagenomic sequencing, it
focuses on active genes being expressed rather than just the
genes present, offering insights into the metabolic activities and
functional potential of microbial communities [169]. Similarly,
the metaproteome approach gives insights into the expressed
proteins from different microorganisms within the microbiome in
disease and healthy states [184] (Table 1). It also provides a deeper
understanding of the biological functions, including metabolism,
signaling, and other biological processes within the microbiome;
however, low-abundance proteins are difficult to detect in
mass spectrometry [185, 186] (Table 1). Metametabolomics is
used to identify the entire set of metabolites produced within
the microbiome and to differentiate the chemical composition
between microbial communities [187] (Table 1).

These multi-omics approaches are used to distinguish func-
tional differences between microbiomes [177, 188-190]; however,
techniques such as metatranscriptomics, metaproteomics, and
metametabolomics remain less common due to their greater
complexity and sensitivity compared to amplicon-based and
metagenomic methods [169, 189] (Table 1). Furthermore, micro-
biome data analysis is often complicated by characteristics such
as zero inflation, overdispersion, compositionality, and sample
heterogeneity, which require specialized statistical approaches
to reduce bias. When multiple of these features are present,
more sophisticated and customized analytical frameworks
become necessary [191-193]. Cumulatively, traditional multi-
omics approaches provide valuable data but are unable to
predict dynamic microbial behavior or reveal the mechanistic
understanding of microbial interactions at the system level [194].

Ecological network models to understand
microbiome ecosystem dynamics

Computational models of microbial communities serve as pow-
erful tools for analyzing microbial interactions and microbiome
dynamics to identify key species and metabolites [111]. They offer
insights into community structure, dysbiosis, microbiome modu-
lation, and the functional capabilities of individual microorgan-
isms and the entire microbial ecosystem [233-236]. ‘Ecological’
network modeling (ENM) is one of the most widely used methods
for understanding complex microbial interactions [237]. In this
modeling approach, microbial communities are represented as
networks, where nodes represent microbial species (or taxa) and
edges indicate relationships. Based on their effects on partic-
ipating microbes, microbial interactions within an ecosystem
can be categorized into various relationship types, including
mutualism (+/4), competition (—/-), parasitism (+/—), predation
(+/-), commensalism (+/0), and amensalism (—/0) [42, 88]
(Fig. 3).

Mutualistic interactions occur when both microorganisms ben-
efit, often through cross-feeding (Fig. 3) [238]. For example, mutu-
alistic interactions between Bacteroides and methanogens, a type
of archaea, where Bacteroides break down complex carbohydrates
into SCFAs and hydrogen, while methanogens use the hydro-
gen to produce methane, keeping the fermentation environment
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Table 1. Comparative overview of multi-omics strategies in microbial community analysis.
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Omics Analytical goal Use case Key tools/platforms Strengths Limitations
domain

Amplicon 16S/1TS rRNA analysis, Microbial diversity QIIME? [195], DADA2 Cost-effective. PCR bias (i.e. primer
Sequencing taxonomic profiling, tracking in dysbiosis or  [196], mothur [197] Sensitive to specific), limited

Whole-Genome

alpha/beta diversity

Assembly, binning,

environmental samples

Novel gene/pathway

Metagenomics taxonomy, functional discovery in gut

metagenomics microbiome or soil
studies

Metatranscriptome  Gene expression, Identifying active
active pathways genes during infection
analysis, or treatment response

Metaproteome Protein identification,  Quantifying enzyme
peptide profiles in disease
quantification, versus control samples
functional annotation

Metametabolomics Metabolite Detecting metabolite

Multi-Omics
Integration

identification, spectral
matching, pathway
enrichment

Correlation of
microbial profiles with
host or functions

shifts in dietary
intervention studies

Linking microbial shifts
to host phenotypes or
treatment outcomes

MEGAHIT [198],
MetaSPAdes [199],

MetaBAT?2 [200], CheckM

[201], metaQUAST [202],
DRAM [203], metaFlye
[204], HiFi-MAGs [205]
Kraken?2 [206],
Metaphlan [207],
HUMADN [208]

Salmon [209], Kallisto
[210], DESeq2 [211],
edgeR [212]

MaxQuant [213],
Proteome Discoverer
[214],
MetaProteomeAnalyzer
[215],

MSFragger [216],
Perseus [217],

MSstats [218],
metaQuantome [219],
MaxDIA [220]

DIA-NN [221]

MZmine 3 [222], XCMS
[223),

GNPS [224], MetFrag
[225], MS-FINDER [226],
Mummichog [227].

MixOmics [228],
MOFA [229],
MetaboAnalyst [230],
OmicsNet [231],
OpenMS3 [232]

low-abundance taxa

Whole genome
resolution, functional
potential insights,
novel species/pathway
discovery.

Functional insight into
active metabolism

Functional insight into
enzyme activity, PTM
(post-translational
modifications)
detection

Real-time metabolic
readout, identifies
biomarkers,
integration with other
OMICS data

Integrating across
datasets reveals
cross-talk
mechanisms

resolution with no
functional insight.
Complex assembly in
highly diverse
communities,
contamination in bins,
and high-performance
computation required

RNA instability,
host/TRNA
contamination, limited
functional annotation
for uncultured taxa.
Dynamic range of
peptide quantification,
database dependent,
low protein yield

High sample variability,
an extensive spectral
library is required,
metabolite
identification
ambiguity

Data normalization
and interpretation
complexity

for Bacteroides efficient [239]. Similarly, metabolic crossfeeding
enhances the survival of mutually interacting microbes [240],
and cooperating microbes tolerate antimicrobial drugs compared
to noninteracting species [241]. In contrast, competitive interac-
tions arise when microbes compete for limited resources (Fig. 3),
often leading to mutual inhibition [242, 243]. For example, in the
gut, Lactobacillus competes with C. difficile for shared common
nutrients, keeping C. difficile in check and limiting its coloniza-
tion. However, when Lactobacillus levels decline due to dysbio-
sis, C. difficile gains a competitive advantage, increasing infec-
tion risk. Pathogens like Salmonella Typhimurium and P. aeruginosa
outcompete other microbes in inflammation by producing tar-
geted toxins and biofilms that selectively target Enterobacteriaceae,
influencing disease progression [244, 245]. In parasitism, one
organism benefits while harming another (Fig. 3). For example,
Mycoplasma species parasitize Staphylococcus aureus by extracting
essential metabolites like amino acids and nucleotides, weak-
ening S. aureus and increasing its susceptibility to environmen-
tal stress and immune defences. Indeed, predation interaction

involves one organism actively preying on another (Fig. 3). For
instance, Bdellovibrio bacteriovorus is a predatory bacterium that
infects and kills E. coli, but E. coli does not mount a counter-
infection or immune response. In commensalism, one species
benefits without affecting the other (Fig.3), for example, the
interaction between Lactobacillus and Bifidobacterium in the gut,
where Lactobacillus creates an acidic environment that promotes
its own survival and prevents the growth of pathogens, which
incidentally also supports Bifidobacterium, which thrives in the
same conditions. Lastly, in amensalism, one organism is harmed
while the other remains unaffected (Fig. 3). For example, the inter-
action between Streptomyces species and E. coli, where Streptomyces
produces antibiotics that kill E. coli; however, E. coli does not affect
Streptomyces in return. Each of these interactions plays a role in
shaping microbial community dynamics and is closely linked to
dysbiosis [235, 246, 247].

ENMs are developed using a combination of multi-omics
datasets and various statistical and mathematical techniques
such as differential equations and graph theory (Fig. 3). The
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Figure 2. Multi-omics approaches to investigate microbiome characterization. This figure illustrates the main steps of multi-omics approaches
used to study microbiome composition, function, and dynamics. Amplicon sequencing profiles microbial communities based on marker genes,
taxonomic classification, relative abundance estimation, and phylogenetic tree construction. Whole-genome metagenomics assembles microbial
genomes, facilitates the study of microbial diversity, analyzes genetic composition, and investigates metabolic pathways. Single-cell genomics isolates
individual microbial cells, followed by whole-genome amplification and sequencing, enabling the detailed genetic characterization of microorganisms.
Metatranscriptomics captures actively expressed genes across microbial communities, providing insights into metabolic activity and differentially
expressed genes across conditions. Similarly, metaproteomics studies protein abundance, enzymatic activity, and microbial functional potential, and
metabolomics detects and quantifies metabolites, enabling the characterization of metabolic signatures and biochemical pathways within microbial
communities.

main approaches in ENM include co-occurrence network models, Co-occurrence models rely on correlation patterns in species
agent-based models (ABMs), cluster-based network models, abundance within microbial communities [248-251]. However,
dynamic models, temporal and spatial network models, and their outcomes are highly sensitive to methodological choices,

host-mediated microbiome interaction models, among others. as described in the practical guide by Liu et al. [252]. Several
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Figure 3. Integrative systems biology approach for reconstructing and characterizing ecological and metabolic networks of microbiomes. Multi-
omics datasets, integrated with mathematical models, are used to reconstruct ecological and various types of metabolic networks in microbiomes,
including lumped, compartmentalized, and nested community models. These network models facilitate system-level understanding of microbiomes,
providing insights into microbial interactions, the metabolic capabilities of individual microorganisms, and the overall metabolic profiles of microbial

communities.

microbial species co-occur in the human gut and have a
positive correlation. For example, in E. coli and Enterococcus, both
facultative anaerobes, and Bacteroidetes and Firmicutes, metabolize
carbohydrates that coexist in the gut. This is evident in co-
occurrence networks, which infer statistical correlations but
not causation, and often oversimplify microbial relationships
by assuming binary interactions (presence/absence), overlooking
quantitative dynamics and limiting the prediction of external
effects on dysbiosis, lacking mechanistic resolution [251, 253].
ABMs simulate individual microbial dynamics and interactions,
providing a bottom-up approach to microbiome modeling [254],
while cluster-based network modeling identifies functionally
related microbial groups by examining modular structures within
microbial networks and captures nonlinear dynamics among
species without prior assumptions [255]. Dynamic modeling, on
the other hand, relies on nonlinear differential equations such as
generalized Lotka-Volterra equations to describe the population
dynamics of different microbial species over time [256, 257]. The
dynamic modeling approach is useful in understanding microbial
ecosystem stability.

Moreover, as we know, the microbial community structure
changes over time and space, so it is crucial to understand the
microbial population dynamics over time and space. Longitudinal
gut microbiome studies are based on temporal models and test
how a certain diet or disease status changes gut microbiome
dynamics over time. For instance, ECN (Ecological Normal
Modes) modeling approach analyses microbiome fluctuation and

stability by decomposing time series data into interpretable
dynamic modes [258], while LUPINE is a regression-based
framework that infers dynamic microbial interaction networks
across time by using information from past time points to
capture evolving inter-taxa relationships [259]. Similarly, spatial
modeling approaches examine how species interactions vary
across different locations in an ecosystem. These comprise joint
species distribution models (JSDMs), with spatially structured
latent variables for modeling environmental gradients and
species associations [260]; Hierarchical Modelling of Species
Communities (HMSC) for integrating species traits, phylogeny,
and compositional effects [261, 262], and multivariate point
process models for capturing spatial dependencies in species
distributions [263]. SPIEC-EASI, which uses sparse inverse
covariance estimation under compositional constraints [264].
FlashWeave, designed to detect both direct and indirect asso-
clations in cross-sectional and longitudinal data [265], and
CoNet, an ensemble method integrating multiple correlation
and dissimilarity metrics [266]. These approaches examine
species dispersal and migration in microbiomes that also drive
the evolutionary dynamics and acquire functional adaptations
over time [267-269]. Additionally, host-mediated microbiome
interaction models integrate host physiology, immune responses,
and microbiome function, bridging the gap between microbial
community behavior and host-driven evolution of microbial
composition, ultimately influencing systemic health outcomes
[65, 270, 271].
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Table 2. Comparative overview of community-scale model types.

Model type

Lumped

Compartment-based

Nested

Core principle

Treats the entire community as a single
metabolic unit

Includes multiple species as separate
compartments in one model
Moderately detailed studies of
multi-species interactions, focusing on
cross-feeding and metabolite exchange

Single biomass reaction representing the
weighted sum of species’ biomass

Each species is represented as a separate

Maintains species separation and
allows metabolic exchange between

Application Initial screening of community metabolic
capabilities and functional profiling.
between species.
Objective Single biomass reaction representing the
function sum of all species’ contributions.
Vcommunity_biomass- PTOdUCUOﬁ Zwibiomass»i
Species Species are not individually distinguished,
representation the model predicts community-averaged = compartment.
behavior.
Advantages Simple to construct and computationally
efficient.
Aggregates community-wide metabolic species.
potential.
Limitations Species-level interactions are not possible.

Lacks taxonomic resolution.

Requires detailed genome annotations.
Increases model complexity.

Individual species models embedded in a
higher-level community

Detailed studies of ecological and metabolic
interactions, including dynamic ecosystem
modeling and investigation of cross-feeding
between species.

It employs bi-level optimization: the lower
level maximizes individual species growth
(Vbiomass,i) While the upper level optimizes
overall community objectives > w;.biomass ;
Each species is modeled individually, then
integrated to simulate community-level
dynamics

High-resolution modeling of individual and
collective metabolism.

Accounts for intra-/interspecies dynamics.

Requires detailed genome annotations.
Computationally intensive.

Data-demanding (omics, kinetic parameters)

Community-scale metabolic modeling and omics
data integration

Microbial metabolic interactions are responsible for the fitness of
interacting species, besides shaping the structure and function
of microbial communities. This has implications in health
ecology and microevolution [15, 42]. To gain valuable insights
into the functional capabilities and mechanisms underlying
various molecular interactions within or between microorgan-
isms, genome-scale metabolic models (GEMs) have served as
powerful tools [272, 273]. GEMs represent the complete set of
metabolic reactions of an organism or community based on its
genome, constructed by integrating genomic, biochemical, and
physiological data and undergoing extensive refinement before
being used as predictive tools [16, 274, 275]. GEMs of >7000 human
microorganisms have been reconstructed that could be used
to reconstruct community-based GEMs [276]. Integrating with
metagenomics, metatranscriptomics, metaproteomics, and/or
metabolomics data, community-scale models can guide the
exploration of complex metabolic interactions, even if it doesn’t
capture all molecular or microbial details [238]. ‘There are three
main types of community-scale GEMs: the lumped model, the
compartment-based model, and the nested community models’
[272]. (Table 2, Fig. 3).

In the lumped-type models, also referred to as mixed-bag
community modeling or gene-soup, reactions of each species of
the community are pooled to create a single model. Such models
contain a single copy of each metabolic reaction or metabolite,
although that might be present in several species, and contain
one combined biomass growth reaction made up of the growth
reaction of all community members. These models are simple rep-
resentations of microbial communities without species differenti-
ation. It can be simulated by a regular flux balance analysis (FBA)
approach, and provide insights about community growth, nutri-
ent consumption, and chemical composition of the entire com-
munity. However, it cannot be used to examine species-species
interactions within a community. The lumped-type metabolic
network of the microbiome was used to identify gene and net-
work differences linked to obesity and IBD [277]. Another study
created a lumped metabolic model of the microbiome and showed

differences in metabolite production capabilities between the two
communities [84].

On the other hand, compartment-based GEMs create a single
metabolic model of the community and treat each microbial
species, with its metabolic network, as a compartment [241, 272,
278, 279]. This type of community model is very similar to the
model of eukaryotic species with several internal compartments
and genes, reactions, and metabolites of each species treated sep-
arately. In this type of model, the entire community interacts with
the environment through a set of exchange reactions. Moreover,
the transport reactions between species are allowed, which are
crucial for studying metabolic interactions between species. Also,
a single objective (mainly growth rate) is assumed for the entire
community, in which the biomass components are the weighted
biomass of individual species. The stoichiometry of community
biomass can be set based on the abundance profile of species
from metagenome experiments (Fig. 3). This approach is the most
commonly used in modeling microbial communities. However, a
common problem with this approach is that multiple flux combi-
nations can achieve the same optimal result. Various approaches,
such as the community FBA (cFBA) or MiCOM, address this issue.
A study using genome-scale metabolic models identified metabo-
lite exchange interactions between auxotrophic and prototrophic
strains, revealing enhanced antimicrobial resilience in interact-
ing partners [241]. Community-scale GEMs are used to analyze
microbiome dynamics in IBD and gouty and rheumatoid arthritis
patients [40, 279-282]. Another recent study combining compu-
tational models and metagenomics identified bacterial species
exhibiting altered growth responses to metformin, highlighting
metabolic pathways linked to the drug’s hypoglycemic effects
[141].

In contrast, nested community GEMs treat each species sep-
arately, constructing community-scale metabolic models hier-
archically, where individual microbes are embedded within the
higher-level microbiome. These models rely on bilevel optimiza-
tion, which involves two interconnected optimization problems:
one for the overall microbial community (e.g. maximizing com-
munity growth) and another for individual species (e.g. optimiz-
ing species-specific growth) (Fig. 3). This approach mimics real
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microbial communities by allowing species to grow at different
rates based on their objectives, preventing the unrealistic domi-
nance of a few fast-growing species. Additionally, it enables the
analysis of interspecies interactions. However, as community size
increases, the complexity of the model also grows, making com-
putational analysis more challenging. Using the CASINO (Com-
munity And Systems-level INteractive Optimization) toolbox, this
approach was used in a diet-intervention study of obese and
overweight individuals [283]. Integrating omics data can resolve
complex metabolic interactions and refine existing genome-scale
models [284, 285].

Some of the most common model reconstruction platforms
are ModelSEED [286], Merlin [287], RAVEN [288], CarveMe [289],
and gapseq [290], among others, and have been extensively used
in modeling microbial species and communities. Quality con-
trol of GEMs is crucial, for that purpose, MEMOTE is a notable
tool for improving the model accuracy [291]. ModelSEED gener-
ates fully automated models with a predefined biomass func-
tion, enabling phenotype simulations, while Merlin offers semi-
automated reconstruction through a user-friendly graphical inter-
face. RAVEN Toolbox 2.0 facilitates GEM reconstruction and sim-
ulations using reaction data from databases like KEGG and Meta-
Cyc. CarveMe is another automated tool that efficiently con-
structs simulation-ready GEMs and is relatively faster than oth-
ers. Similarly, gapseq creates automated GEMs using a curated
reaction database and a novel gap-filling algorithm, improving
model completeness and accuracy. Various computational plat-
forms like the COBRA Toolbox [292], OptFlux, and KBase [293] are
used to predict metabolic fluxes of microbial community species
[274, 294]. Furthermore, the scope of GEMs will expand with
continuous data curation, refined algorithms, and integration of
multi-omics will enable a deeper understanding of microbiome
function at the systems level. Lastly, GEMs are often integrated
with various omics datasets to gain deeper insights into biological
systems.

Challenges in multi-omics experiments and
computational modeling approaches in
microbiome research

Omics-based approaches have limitations and present their chal-
lenges. For instance, metagenomic analyses often fail to detect
low-abundance microbes due to difficulties in sample isolation
and underrepresentation in sequencing data, even though these
taxa may play keystone roles in network stability and host inter-
actions [295]. Sequence assembly is another challenge, as millions
of short reads must be reconstructed into thousands of microbial
genomes. Further, these assemblies require extensive computa-
tional resources for analysis and are often incomplete, resultingin
metagenome-assembled genomes (MAGs). Long-read sequencing
offers a potential solution to some of these issues. However,
compared to short-read sequencing, it presents additional chal-
lenges, such as higher error rates, greater cost, lower throughput,
higher DNA input requirements, and the need for specialized/ded-
icated bioinformatic tools. Moreover, there is no standardized
pipeline for metagenomic data processing, and batch effects or
confounding factors are difficult to eliminate. Another limitation
of metagenomics is that, while it enables the identification of
genes or gene families, assigning these genes to specific species
requires additional computational processing such as assembly
and binning, which are subject to limitations in accuracy, com-
pleteness, and taxonomic misclassifications. Metatranscriptomic
and metaproteomic experiments introduce additional technical
and analytical complexities. Extracting RNA or proteins from

complex microbial communities is difficult due to differences in
cell wall structures, and low-abundance transcripts or proteins
may be lost during extraction. In metatranscriptomics, rRNA often
dominates the dataset, masking mRNA signals and complicat-
ing downstream analyses. Furthermore, mapping sequence reads
to reference genomes is limited by the availability of complete
genome sequences. Metaproteomics faces similar obstacles, par-
ticularly in detecting low-abundance microbial proteins. Assign-
ing peptides to specific microbial species remains a challenge,
as identified peptides often lack species-specific markers. These
issues make it difficult to accurately interpret metatranscrip-
tomic and metaproteomic data, necessitating further method-
ological advancements and validation approaches [296].

Similarly, constructing and simulating mathematical models
of microbial communities presents several challenges. Due to the
complexity of microbial communities, most studies focus only on
highly abundant species, often overlooking the potential influ-
ence of low-abundance microbes [297, 298]. However, these low-
abundance microbes can play key roles in the community, such
as helping with nutrient cycling, controlling harmful microbes,
or supporting the immune system [299]. Additionally, uncultured
microbes are often excluded from computational models due
to limited data, and the vast diversity and complex interac-
tions within microbial communities make accurate ecological or
metabolic modeling challenging. In community-based modeling,
networks are typically constructed using gene pool data or species
abundance profiles. Simulations are then performed based on
overall community growth or a combination of individual species
and community growth [297]. However, the model prediction can
achieve the same objective in multiple ways and often yields
multiple possible solutions, making interpretation difficult. Fur-
thermore, the experimental validation of model predictions is
difficult due to the lack of direct measurements in microbial
ecosystems [298, 300].

Integrative systems biology approaches for
characterizing the microbiome and advancing
future microbiome research

Integrative systems biology, which combines omics datasets
with mathematical models, is essential for uncovering microbial
community phenotypes and species interactions. For instance,
whole-genome metagenomics provides gene pool profiles
from different microbiomes, which can be used to construct
context-specific community models by selectively retaining
relevant reactions [208] (Fig. 3). This allows for more realistic
predictions of metabolic fluxes, as demonstrated in numerous
studies [301-313]. Additionally, species abundance profiles
from amplicon-based or whole-genome microbiome studies
can be mapped to ecological networks or metabolic models to
determine biomass weight distributions and compare community
dynamics across different environments [173, 207] (Fig.3).
Similarly, metatranscriptomics and metaproteomics data can be
incorporated into community GEM models by adjusting reaction
flux bounds based on gene or protein expression or reducing the
network size to include only reactions associated with expressed
genes [273, 314]. Despite limited experimental validation, this
method can guide predictions toward more biologically relevant
flux distributions, offering critical insights into community
dynamics. Such integrative approaches have been widely
applied to study metabolic interactions within and between
microbial species, improving our understanding of microbiome
functions and their impact on health and the environment
[253, 315].



Engineering synthetic microbial communities that mimic spe-
cific conditions enables controlled modeling of interspecies inter-
actions and microbial functions. Integrating synthetic microbial
communities’ models with omics datasets further enhances our
understanding of microbiome dynamics. Validated predictions
from these models can inform diagnostics and therapeutics
through systems and synthetic biology [316-318]. Tools such as
biosensors are engineered to respond to specific metabolites
or environmental signals that enable real-time tracking of
microbiome activity and host responses. Progress in molecular
biology and genetics has further enabled the forward engineering
and manipulation of the human-associated microbiota, offering
new diagnostic and therapeutic strategies against diseases of
microbial origin [319, 320]. Emerging technologies, including
engineered organoids and high-throughput culturing, are rev-
olutionizing gut microbiome research, significantly enhancing
the efficiency and quality of studies [321]. For example, systems
like the Intestinal Organoid Physoxic Coculture model enable
physiologically relevant coculture with anaerobic microbes,
supporting studies on epithelial responses, immune signaling,
and the cultivation of previously unculturable gut bacteria [322,
323]. These advancements highlight a concerted effort to deepen
our understanding of the microbiome’s interactions with the
host, paving the way for the development of personalized medical
interventions and preventive strategies.

Quantum computing offers the potential to model complex
microbial interactions by efficiently simulating high-dimensional,
nonlinear systems, such as metabolic networks and community
dynamics, that are computationally intensive for classical
methods [324]. While classical approaches rely on step-by-
step calculations, quantum algorithms can explore multiple
states simultaneously, enabling faster solutions for problems like
microbial network optimization or reaction flux prediction. Fur-
thermore, quantum machine learning can enhance multi-omics
analysis in microbial ecosystems by accelerating feature selec-
tion, improving dimensionality reduction, and capturing complex
patterns across genomic, transcriptomic, and metabolomic layers
[325, 326]. The shift from classical to quantum models will enable
us to decrypt and interpret these interactions with unprecedented
accuracy and speed, especially for phenomena such as antibiotic
resistance and microbial signaling, suggesting that quantum
models could one day capture not just the data structures of
microbial ecosystems but aspects of their fundamental biophysics
[327-329]. By embracing quantum machine learning, we can
explore multi-omics data and reveal hidden patterns in microbial
dynamics, paving the way for novel therapeutic interventions
[330]. This interdisciplinary approach is not just a visionary
concept but a necessary evolution in computational biology, with
the promise of unraveling the complexity of microbial ecosystems
in previously unimaginable ways [331, 332]. To advance the
field of integrative computational and experimental microbiome
research driven by an interactive cycle of computational
modeling, it is necessary to let the field grow by enabling easy-to-
use modeling frameworks to let nonexpert researchers perform
their modeling. To stimulate these researchers, thereby expanding
the scope of computational/hypothesis-driven research, recent
advances in artificial intelligence (Al), such as AI coding
assistance, may greatly stimulate research on the complex nature
of microbiome research.

Conclusion

The diversity of the human microbiome is essential for health,
performing a wide range of vital functions, and an abnormal
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change in the structure is known as microbiome dysbiosis and has
been linked to various complex diseases. Several environmental
and lifestyle factors contribute to microbiome dysbiosis, but tar-
geted therapeutic interventions may help restore the microbiome
to its normal state. In microbiome research, various traditional
omics approaches, such as metagenomics, meta-transcriptomics,
and meta-proteomics, are commonly used to study microbiome
structure in disease conditions. Similarly, mathematical and com-
putational approaches have been used to examine the mecha-
nisms of diverse microbial interactions within the microbiome.
Individual omics or computational models alone cannot fully cap-
ture microbiome complexity, whereas integrative systems biology
combines both to provide a more comprehensive, mechanistic
view of microbial dynamics. This framework enables tracing key
interactions central to microbiome dynamics and identifies rel-
evant biological markers. Emerging tools like quantum comput-
ing and artificial intelligence, particularly for modeling high-
dimensional host microbiome systems, offer deeper insights into
complex host-microbiome interactions, advancing omics anal-
ysis, improving computational models, and paving the way for
novel diagnostics and therapeutics.

Key Points

¢ The human microbiome diversity plays an essential role
in maintaining health.

e Microbiome dysbiosis is linked to numerous complex
disorders.

e Omics and computational models offer insights into
microbial function and interactions.

¢ Integrative systems biology utilizes omics data and com-
putational models, provides a mechanistic understand-
ing of microbial community dynamics, and identifies
biologically relevant markers.

e Emerging technologies, such as quantum computing and
artificial intelligence, may transform microbiome anal-
ysis.
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