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ABSTRACT: The human gut microbiome (HGM) is a complex, highly diverse microbial ecosystem with extensive enzymatic
and metabolic capacity. The HGM plays a pivotal role in drug biotransformation, thereby modulating the therapeutic efficacy
and pharmacokinetic profiles. Considerable interindividual variability in gut microbiota composition can produce differential
metabolic activity, resulting in variable therapeutic responses to the same drug across individuals. In contrast, orally
administered drugs can also affect HGM diversity and composition, impacting host health. Despite its importance, the
systematic investigation of drug—microbiome interactions (DMIs) presents substantial experimental challenges. In recent
years, machine learning (ML) has emerged as a powerful tool in biological and health sciences, offering advanced capabilities
in pattern recognition and discovery of hidden relationships. This progress opens new avenues for DMI research. This review
provides an overview of recent advances in HGM-mediated drug biotransformation and drug-induced HGM modification, with
particular emphasis on ML applications in these areas. We aim to elucidate the critical role of ML in the systematic exploration

and mechanistic understanding of DMI, highlighting its importance as a key future research direction.
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1 Introduction

The human gut microbiome (HGM) is a structurally complex and
highly diverse microbial ecosystem, with a gene count exceeding
that of the human genome by more than 100-fold, thereby
conferring substantial metabolic potential to the host [1,2]. Recent
evidence indicates that HGM markedly contributes to dietary
component digestion and transformation and influences the
metabolism of orally administered drugs [3-5]. Specifically, HGM
can catalyze previously unrecognized reactions of drugs, potentially
resulting in reduced therapeutic efficacy or increased toxicity [6,7].
These HGM-mediated effects provide an important biological basis
for interindividual variability observed in drug responses [8]. In
contrast, drug intake can reshape HGM diversity and community
structure, thereby exerting widespread effects on the host’s
metabolic homeostasis and overall physiological health [9-12].
Therefore, drug-microbiome interactions (DMIs) present new
perspectives and targets for drug discovery and precision medicine
[13-15].
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Despite rapid advances in this field, systematic elucidation of the
mechanisms underlying DMI remains a notable challenge [16].
Multiple host-related factors—including dietary composition,
genetic background, and immune status—often confound in vivo
studies, complicating the isolation and accurate attribution of the
effects of HGM on drug metabolism. In vitro models offer greater
experimental control and reproducibility; however, such models
typically include limited microbial diversity and fail to capture
HGM complexity [17]. Moreover, conventional experimental
approaches are often resource-intensive and time-consuming. As a
complementary strategy, machine learning (ML) approaches have
emerged as valuable tools owing to their capacity to process high-
dimensional data and uncover latent patterns. Recent advances in
ML have facilitated remarkable breakthroughs in various
biomedical fields, including protein structure prediction [18,19],
gene annotation [20,21], and enzyme-related parameter prediction
[22,23], demonstrating its potential to decipher complex biological
relationships. By integrating large-scale screening datasets with
multilevel molecular and genomic features, ML-based models can
learn and predict potential DMI based on chemical structures and
microbial functional profiles [6,24]. This review summarizes the
current progress in HGM-mediated drug biotransformation and
drug-induced HGM disruption alongside the latest applications of
ML in both areas.
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2 Drug biotransformation by the HGM

HGM markedly contributes to drug biotransformation through
diverse enzymatic reactions—including acetylation, demethylation,
dihydroxylation,  deacetylation, deamination, azoreduction,
hydrolysis, and reduction—thereby influencing the drug efficacy
[25,26]. Table 1 gives a summary of exemplary drugs that are
susceptible to various types of direct transformation by the HGM,
together with the representative metabolizing microbes and
responsible genes for each drug. Substantial interindividual
variability in HGM composition frequently results in distinct
therapeutic responses to the same drug across populations [27]. For
example, digoxin is a widely used cardiac glycoside for treating
heart failure and arrhythmias. As early as 1981, researchers
discovered that the gut microbiota metabolized digoxin, with the
inactive transformed metabolite dihydrodigoxin detectable in feces
[41,42]. Haiser et al. detected that Eggerthella lenta DSM2243
contained a cgr gene cluster composed of cgrl and cgr2, encoding
heme-dependent monooxygenases that specifically catalyze digoxin
reduction at the C-12 position [43,44]. In addition, cgr2 could
catalyze the reduction of several other cardiac glycosides used
clinically, including digitoxin, digoxigenin, ouabain, and
ouabagenin [37].

Levodopa (L-DOPA) serves as a crucial therapeutic agent for
Parkinson’s disease and other neurological disorders, with its
metabolism influenced by HGM-mediated pathways. Maini et al.
identified that Enterococcus faecalis produces a pyridoxal
phosphate-dependent tyrosine decarboxylase, which converts L-
DOPA to dopamine. Then, the dopamine is further metabolized to
m-tyramine by the action of a molybdenum-dependent
dehydroxylase from E. lenta [29]. Multiple studies have shown that
tyrosine decarboxylase activity in fecal samples is closely associated
with L-DOPA levels, clinical phenotypes, and treatment responses
in patients with Parkinson’s disease [29,45].

Acarbose, an a-glucosidase inhibitor widely used to treat type II
diabetes [46], contains a biosynthetic gene cluster encoding a
kinase, AcbK, which catalyzes acarbose O6A-hydroxyl phosphory-
lation, resulting in drug inactivation [47]. Balaich et al. reported a
widespread distribution of AcbK homologs across the HGM. Their
clinical studies further revealed that the presence of AcbK
homologs in the HGM affects acarbose therapeutic efficacy, with
implications for the clinical evaluation of its long-term drug use
[47]. In addition, Tian et al. identified Klebsiella grimontii TD1 as
an acarbose-degrading bacterium, the HGM abundance of which
was markedly associated with acarbose resistance in patients [31].

Chondroitin sulfate is commonly used as a symptomatic slow-

Table1 Examples of drugs susceptible to direct transformation by the HGM

Drugs Degradation type Representative metabolizing microbes Responsible gene Ref
5-Aminosalicylic acid Acetylation Faecalibacterium nat [27]
Caffeine Demethylation Pseudomonas ndmA [28]
Levodopa Decarboxylation Enterococcus tyrDC [29]
Diltiazem Deacetylation Bacteroides bt4096 [3]
Gemcitabine Deamination Klebsiella cdd [30]
Acarbose Hydrolysis Klebsiella apg [31]
Chondroitin sulfate Hydrolysis Bacteroides cslA [32]
Balsalazide Azoreduction Escherichia azoR [33]
Olsalazine Azoreduction Escherichia azoR [33]
Sulfasalazine Azoreduction Escherichia azoR [33]
Ampicillin Hydrolysis Escherichia ampC [34]
Brivudine Hydrolysis Escherichia pdp [34]
Diclofenac Hydrolysis Escherichia uidA [35]
Indomethacin Hydrolysis Escherichia uidA [35]
Ketoprofen Hydrolysis Escherichia uidA [35]
SN-38(active metabolite of irinotecan) Hydrolysis Escherichia uidA [36]
5-Fluorouracil Reduction Escherichia preTA [12]
Digoxin Reduction Eggerthella cgr [37]
Digitoxin Reduction Eggerthella cgr [34]
Digoxigenin Reduction Eggerthella cgr [34]
Ouabagenin Reduction Eggerthella cgr [34]
Ouabain Reduction Eggerthella cgr [34]
5-Fluorocytosine Reduction Escherichia codA [38]
Clonazepam Reduction Clostridium nfsB [39]
Nitrazepam Reduction Clostridium nfsB [39]
Everolimus Reduction Clostridium CLOSPO_00137 [40]
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acting drug or dietary supplement for providing relief in
osteoarthritis [48]. Wang et al. demonstrated that specific HGM
microorganisms possess chondroitin sulfate-degrading capability.
Key degrading strains include Bacteroides salyersiae, B. finegoldii, B.
xylanisolvens, B. thetaiotaomicron, and B. ovatus. These anaerobic
bacteria secrete glycoside hydrolases that degrade the action of
chondroitin sulfate stepwise into unsaturated chondroitin sulfate
oligosaccharides and short-chain fatty acids, thereby affecting its
bioavailability and pharmacological effects [32].

Beyond individual cases where strains and enzymes are well
characterized for drug inactivation, researchers have also conducted
large-scale experiments to explore the broader impact of the HGM
on drug biotransformation, investigating how different gut
microorganisms influence the metabolism of numerous drugs.
Zimmermann et al. conducted a full-factorial coculture experiment
involving 76 representative gut bacterial strains and 271 clinically
used drugs, finding that at least one bacterial strain could
metabolize ~65% drugs [3]. Metabolic activity correlated with
distinct chemical substructures (e.g., esters, amides, nitro, azo, and
lactones), and the study pioneered a combinatorial pooling
combined with gain-of-function genetic screening strategy to
identify 30 microbiome-encoded enzymes catalyzing 20 drug
conversions [3]. Javdan et al. simulated the in vivo gut environment
using an optimized in vitro culture system and performed a
systematic metabolic screen of 575 orally administered drugs. They
identified notable gut microbiota—mediated metabolic alterations in
57 drugs [4]. This work highlighted pronounced interindividual
variability in metabolic capacity and identified novel metabolites,
underscoring the value of community-level assays for predicting
drug bioavailability [4]. Furthermore, Wu et al. constructed a
synthetic microbial community comprising 30 typical gut microbial
species and screened 127 G  protein—coupled receptor
(GPCR)-targeting drugs under anaerobic conditions for 24 h. They
observed that 30 drugs were metabolized, with 12 drugs showing
high levels of metabolism, characterized by >80% drug depletion
[5]. They demonstrated that such metabolism can markedly alter
GPCR activity and discovered unconventional pathways, such as

sulfur-based thionaphthene formation and amino acid-derived
tricyclic conjugations [5]. Collectively, these large-scale studies
integrate methodological innovation with mechanistic insights,
advancing our understanding of how the HGM shapes drug
metabolism and its clinical implications.

3 Diverse outcomes of gut microbial drug
biotransformation

As microbial enzymatic activity within the HGM can reduce the
efficacy of various drugs, HGM-mediated drug biotransformation
can also enhance drug toxicity (Fig. 1) [6,49]. For example, the
anticancer prodrug irinotecan is initially activated by host
carboxylesterases into SN-38, an active metabolite with cytotoxicity,
which is expected to be detoxified in the liver via glucuronidation to
form SN-38G. However, this detoxified product can be reactivated
in the intestinal tract by HGM-generated [-glucuronidases,
resulting in SN-38 release and subsequent gastrointestinal side
effects such as diarrthea [50]. In addition, B-glucuronidases
participate in the reactivation of nonsteroidal anti-inflammatory
drugs, contributing to aglycone accumulation. These aglycones are
associated with mitochondrial damage and endoplasmic reticulum
stress, which can promote intestinal barrier dysfunction and trigger
local inflammatory responses [35].

Gut microbial biotransformation can also yield beneficial effects
[49], for example, the use of azo prodrugs, where the active drug is
covalently linked to an azo group, forming a stable compound that
avoids absorption in the upper gastrointestinal tract [51]. This
design enables colon-specific drug release, where gut
microbiota—derived azoreductases cleave the azo bond to liberate
the active compound. Sulfasalazine, a drug commonly used to treat
ulcerative colitis, also follows this strategy. Its active component, 5-
aminosalicylic acid, becomes effective only after microbial azo
reduction in the colon [52]. Other azo prodrugs, such as olsalazine,
ipsalazide, and balsalazide, have also been developed to improve
targeted delivery and treatment outcomes [53,54].

Drug inactivation

Figure1 Drug biotransformation by the HGM and the diverse outcomes of microbial drug metabolism. The HGM enzymatically transforms drugs, leading to altered

efficacy or induction of adverse effects. Created in BioRender.
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4 Computational prediction of HGM-mediated
drug biotransformation

Identifying the specific microbial strains and genes involved in drug
biotransformation—and characterizing the associated biochemical
reactions and metabolic products within the HGM—presents a
notable challenge. In this regard, computational approaches
integrating ML, cheminformatics, and metagenomics are
increasingly recognized as powerful tools for elucidating HGM-
mediated drug biotransformation (Figs. 2a and 2b) [6].

Several predictive models have been developed to identify gut
microbial genera capable of drug degradation (Table 2). One of the
earliest and most representative methods is DrugBug, which
constructs two random forest (RF) models to predict the first- and

second-level Enzyme Commission (EC) numbers for a given
substrate. This is followed by molecular similarity-based inference
to identify the potential microbial genus responsible for the
reaction. DrugBug has successfully identified several known DMIs,
including digoxin metabolism by Eggerthella [55]. GutBug expands
upon DrugBug by increasing the training dataset size and
employing an ensemble modeling strategy to predict EC numbers.
It then applies a k-nearest neighbor (KNN) search to produce
potential associations among reactions, enzymes, and microbial
strains. In benchmarking tasks involving 27 representative small
molecules, GutBug achieved prediction accuracies of 0.78-0.97,
demonstrating strong generalization performance [56]. In addition,
MDM-Pred was developed based on three Naive Bayes classifiers to
address three tasks: 1) whether a drug can be metabolized by gut
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Figure2 Machine learning predictions of DMI in the HGM. (a) Drug-degrading microbial genera prediction: Input drug descriptors (e.g., SMILES) are processed to
predict drug metabolizability, involved microbial genera, and types of associated biotransformation reactions. (b) HGM-mediated drug metabolite prediction: Drug
structural features are analyzed to predict potential microbial metabolites. (c) Drug-induced dysbiosis prediction: Combined drug properties and microbial genomic data
predict growth inhibition patterns and shifts in genome abundance, identifying dysbiotic risks. Created in BioRender.
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Table2 Computational prediction models for HGM-mediated drug biotransformation

Methods Input Output

Model framework

Feature

SMILES 1. Predicted EC numbers
2. Gut microbial genera potentially

capable of metabolizing the drug

DrugBug [55]

GutBug [56] Molecular 1. Predicted EC numbers, enzyme
strains
2. Reaction centers
3. Microbial abundance data

Random forest

Module 1: RF/ANN for EC
structure  names, and corresponding microbial top-level class

Module 2: RF + Label
Powerset for EC subclass
Module 3: Tanimoto

1. Based on a database of metabolic enzymes from
491 gut microbial strains

2. Uses molecular similarity to infer responsible
microbes

3. Genus-level predictions

1. Integrates enzyme prediction with population-level
strain abundance

2. Multimodule ensemble design

3. Structural similarity—driven

4. Applicable to genus- and strain-level predictions

similarity + KNN for full EC

+ RDM
MDM-Pred [57]  SMILES 1. Metabolic tendency PASS (improved Naive Bayes 1. Learns statistical associations between molecular
2. Microbial genera classifier) features and microbial degradability, taxa, and
3. Biotransformation type reaction type
2. Multitask classification
McCoubrey etal. SMILES ~ Whether the drug is likely to Extra Trees 1. Learns statistical associations between molecular
[58] be metabolized by HGM features and gut microbial metabolism susceptibility
2. Binary classification
3. Trained on large-scale in vitro screening data
SIMMER [59] Reaction  Catalytic enzymes and their SVM 1. Uses MetaCyc database and protein sequence
SMILES  associated gut microbial species alignment
2. Enzyme-level resolution and suitable when specific
degradation reactions are known
3. Rule-based + sequence homology
BioTransformer =~ SMILES  Predicted degradation pathways of =~ Random forest 1. Integrates curated reaction rules with ML
[60] the drug 2. Includes multiple modules for different xenobiotic
transformation contexts
3. Rule-based simulation
MicrobeRX [61] SMILES  Potential HGM-derived metabolites  Transformer 1. Reaction rule-based inference using Recon3D and

MicrobeFDT [62] SMILES
2. Possible enzymes
3. Potential toxicity risk

1. List of structurally similar drugs SVM

AGORA2

2. Suitable for strain-level metabolite prediction

3. Outperforms BioTransformer in benchmark
datasets

1. Structural similarity-driven

2. Predicts drug-metabolizing enzymes and toxicity
by drug similarity

Note: ANN, artificial neural network; PASS, Prediction of Activity Spectra for Substances; RDM, reaction centre, difference region, matched region; RF,

random forest; SVM, support vector machine.

microbes, 2) the potential microbial genera involved, and 3) the
corresponding reaction type. This method achieved independent
accuracy scores of 0.85, 0.92, or 0.92 in cross-validation experiments
[57]. SIMMER, another predictive tool, incorporates
comprehensive reaction-level information by representing reactions
with substrates, products, and cofactors [63]. It also integrates
protein sequence similarity searches to identify candidate catalytic
enzymes and their microbial origins [59]. In a benchmark involving
33 experimentally validated positive reactions, the recall and
accuracy of SIMMER were higher than those of DrugBug [59].
However, its strong reliance on known degradation reactions limits
its applicability when specific degradation reactions are unavailable.
Beyond the aforementioned approaches, other studies have
explored DMI from different perspectives (Table 2). One research
avenue focuses on characterizing the biochemical reactions and
metabolic products of HGM-mediated drugs. Tools in this category
typically rely on reaction rules to simulate and infer potential
metabolic products. BioTransformer, a predictive platform for drug
metabolism, integrates reaction rules extracted from curated
biochemical reaction databases with ML strategies [60]. It

https://doi.org/10.26599/HE.2026.9460012

comprises five functional modules designed to simulate CYP450-
mediated biotransformation, EC number-based enzymatic
reactions, Phase II conjugation reactions, HGM degradation, and
environmental microbial biotransformation, enabling the modeling
of biotransformation pathways of xenobiotics under different
metabolic contexts [60]. In contrast, MicrobeRX adopts a more
systematic strategy for constructing reaction rules, combining the
human genome-scale metabolic model (GEM), Recon3D [64], with
6,286 strain-level gut microbial GEMs from the AGORA2 [65].
Using a validation dataset comprising 485 drugs from DrugBank
[66] and their corresponding 1,274 metabolic products (comprising
1,144 unique molecular structures), MicrobeRX demonstrated great
predictive performance, correctly identifying 66.0% of the parent
drugs and 63.7% of their metabolites, thereby outperforming
BioTransformer in terms of predictive performance [61]. In
addition, McCoubrey et al. developed 11 classification models for
this task and identified the Extra Trees algorithm as optimal,
achieving an AUROC of approximately 75.1% on an independent
test dataset [58]. MicrobeFDT is built on the core assumption that
structural similarity reflects functional relatedness. By integrating
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the chemical fingerprint profiles of approximately 10,000
compounds, including foods, drugs, and endogenous metabolites, it
constructs an interaction network to predict HGM-mediated drug
biotransformation and assess potential toxicity risks [62].

5 Drug-induced HGM alterations

Drugs can markedly alter the HGM composition and function
(Fig. 3) [11]. Antibiotics are particularly noteworthy owing to their
inherent mechanisms of action [67]. Several studies have shown
that antibiotics, including macrolides, lincosamides, p-lactams, and
fluoroquinolones, can markedly reduce gut microbiota diversity. In
addition, antibiotics can cause compositional imbalances within the
microbial community. For instance, they may increase Firmicutes-
to-Bacteroidetes ratio, a shift associated with obesity, or disrupt the
early colonization of key symbiotic bacteria in infants, potentially
resulting in long-term impairments in immune development and
metabolic function.

By reducing microbiota diversity and disrupting community
structure, drugs can induce detrimental effects, including immune
system  dysfunction, metabolic disorders, and neurological
impairments.

Some drugs can induce widespread perturbations in the HGM
[68]. High-throughput in vitro screening by Maier et al. revealed
that more than 27% of non-antibiotic drugs inhibited the growth of
at least one gut bacterial strain [9]. Subsequently, Garcia-
Santamarina et al. constructed a synthetic gut microbial community
comprising 32 representative strains and demonstrated that 74% of
the drug-induced perturbations observed at the single-strain level
were consistent at the community level [10]. The remaining drugs
exhibited pronounced cross-protective effects within the microbial
community, suggesting that microbial consortia possess a certain
degree of adaptability to drug-induced disturbances [10].

Several commonly used non-antibiotic drugs have been
confirmed to substantially alter HGM composition and impact host
health. For example, several antipsychotic drugs, including
clozapine, olanzapine, risperidone, and chlorpromazine, reduce

[ 4 /\.s %

microbiota diversity in the female HGM [69]. The antineoplastic
agent methotrexate decreases the abundance of Bacteroidetes and
increases that of Actinobacteria, potentially indirectly modulating
host immune responses [70]. Moreover, calcium-channel blockers
considerably influence microbial community composition [9].
Proton pump inhibitors, commonly prescribed for acid-related
gastrointestinal disorders, reduce gut microbiota diversity, decrease
the abundance of beneficial commensal bacteria, and facilitate the
overgrowth of oral-derived microorganisms within the HGM,
potentially increasing susceptibility to infections and disrupting
metabolic homeostasis [71]. However, metformin treatment could
increase Akkermansia muciniphila abundance, improve gut
epithelial integrity, and alter bile acid metabolism, all of which may
contribute to its antidiabetic effects [72]. Additionally, statins may
have beneficial effects on metabolic syndrome, possibly by
enhancing HGM diversity and promoting probiotic taxa
proliferation [73].

6 Computational predictions of drug-induced
HGM alterations

Host genetics, diet, and environmental exposures influence HGM
composition and function, complicating isolation and attribution of
drug-specific effects [8,74]. Furthermore, in vitro culture systems
are limited in their ability to accurately recapitulate the complexity
and dynamic interactions of the gut microbial ecosystem [75].
Alternatively, computational approaches have been adopted for
elucidating drug-induced alterations in the HGM (Fig. 2c) [6]. To
investigate the principles governing DMI, McCoubrey et al
developed 13 traditional ML models based on the large-scale in
vitro screening dataset established by Maier et al. [9], aiming to
predict whether a given drug would inhibit the growth of 40
representative bacterial strains. Among them, the Extra Trees
algorithm demonstrated the best performance, achieving an average
AUROC of 0.85 and an F1 score of 0.66 in cross-validation [76].
Algavi et al. proposed an approach that combines molecular
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Figure 3 Drug-induced alterations in the HGM and their diverse physiological outcomes. Created in BioRender.
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Table3 Computational prediction models for drug-induced HGM alterations

Methods Input Output

Model

Feature
framework

McCoubrey et Molecular structure of the

al. [76] drug of 40 gut microbes
Algavietal. ~ SMILES and microbial

[77] genomes of a specific strain
IDMA-MLDA SMILES and microbial

[78] genomes specific strains

Predict whether the drug inhibits the growth  Extra Trees

Developed 13 models; Extra Trees showed best
performance (AUROC = 0.85)

Predict whether the drug inhibits the growth Random forest Combines drug fingerprints with KEGG

pathway abundance from genomes

Predict the drug's impact on the abundance of Hypergraph- Multiview learning; graph classification;

based addresses class imbalance

fingerprints of drugs with the abundance profiles of KEGG
metabolic pathways derived from microbial genomes to predict
drug-induced growth inhibition of specific microbial strains [77].
Their results suggest a potential synergistic relationship between the
structural features of drugs and the metabolic capacities of
microorganisms [77].

To address challenges such as class imbalance, feature
heterogeneity, and intrinsic DMI complexity, recent research works
have introduced a novel predictive framework called the Impact of
Drugs on Microbial Abundance via Multi-view Learning and Data
Augmentation (IDMA-MLDA) [78]. This approach formulates the
prediction task as a graph-based node classification problem by
incorporating high-order topological relationships among microbial
species, chemical structure graphs of drugs, and microbe similarity
networks. Furthermore, a data augmentation strategy based on
majority-class compensation was employed to alleviate the severe
imbalance between “abundance increasing” and “abundance
decreasing” samples. The experimental results demonstrate that
IDMA-MLDA outperforms previous models in terms of prediction
accuracy, model robustness, and sensitivity to minority classes,
offering a promising computational tool for elucidating drug-
induced disruptions of the HGM [78]. A comparison of the
different models in terms of their input, output, framework, and
feature, is given in (Table 3).

7 Conclusion

The HGM, one of the largest metabolic organs in the human body,
has been recently identified as a key contributor to the
biotransformation of orally administered drugs owing to its vast
metabolic potential [79,80]. HGM-mediated biotransformation
markedly influences drug efficacy and pharmacokinetic profiles and
is a major contributor to interindividual variability in drug
responses. In turn, drug administration can alter HGM diversity
and composition. Reduced microbiota diversity is strongly
associated with various health risks, including immune dysfunction,
metabolic syndrome, and neurological disorders [6,81]. Therefore,
systematic investigation of bidirectional drug-HGM interactions
offers substantial theoretical and practical value for drug screening,
clinical validation, and the development of personalized treatment
strategies.

The HGM is highly complex, with substantial interindividual
differences in species composition, metabolic capacity, and
functional redundancy. Traditional experimental methods often fail
to capture dynamic variability and interindividual heterogeneity. In
contrast, computational modeling offers a promising alternative for
elucidating DMI, particularly through large-scale data integration
and systematic analyses. Nevertheless, several challenges remain.
Many existing models rely on few large-scale experimental datasets,
which often have restricted microbial coverage and fail to fully

https://doi.org/10.26599/HE.2026.9460012

represent the inherent HGM community structure. More critically,
many current studies overlook essential variables such as microbial
strain-level abundance, despite substantial interindividual and
environmental variation in microbiota composition. This oversight
constrains model generalizability and real-world applicability.

Furthermore, current research tends to oversimplify DMI as
static processes, modeling “HGM-mediated biotransformation”
and “drug-induced disruption of the HGM” separately, while
overlooking their coupled mechanisms and dynamic feedback
loops. Although the HGM metabolizes a drug, the drug may
simultaneously alter HGM composition and function. This newly
established microecological state can, in turn, influence subsequent
drug metabolism pathways and their efficiencies. Failure of these
models to capture such bidirectional regulation may introduce
systematic biases between training data and real-world human
conditions, thereby undermining predictive accuracy and clinical
translatability.

In summary, future research on DMI should incorporate more
dynamic and longitudinal data sources along with integrative
multiomic approaches. Combining advanced modeling techniques,
such as systems biology [13,82], graph-based modeling [83], and
causal inference, will enable more accurate reconstruction of in vivo
DMI networks. Importantly, these models’ predictive capacity can
be leveraged in clinical settings by integrating their outputs into
electronic health records. This could facilitate the early
identification of patients at high risk of HGM-mediated adverse
events, guide individualized dosing adjustments to minimize
microbiome  disruption, and inform microbiome-targeted
cotherapy design. Realizing this potential will require rigorous
clinical validation, seamless interoperability with healthcare data
systems, and strict adherence to regulatory and ethical standards.
Nevertheless, it presents a tangible pathway from the algorithm to
bedside, which could ultimately improve patient outcomes and
treatment strategies.

Acknowledgements

None.

Author contribution statement

KW. and CL. drafted the manuscript. CL. prepared the figures.
FL,RW, CZ, HG, XZ, XH, Y.Y, and D.L. critically revised
the manuscript. All authors approved the final version of the
manuscript.

Consent

Not applicable.

) 747w | Sci@pen


https://doi.org/10.26599/HE.2026.9460012

HEALTH

Wu et al.

ENGINEERING
Data availability
Not applicable.

Declaration of competing interest

Can Yang Zhang is the Executive Editor-in-Chief of this journal,
but he was not but he is not involved in the peer-review or decision
of this article. All the other contributing authors report no conflicts
of interest in this work.

Ethical approval
Not applicable.

Funding

This work was financially supported by the National Key R&D
Program of China (Grant No. 2024YFA0920300), Shenzhen
Medical Research Fund (Grant No. A2403013), National Natural
Science Foundation (Grant Nos. 22478223 and 62532017),
Guangdong S&T Program (Grant Nos. 2024B1111150001 and
2024B1111140001), Tsinghua Shenzhen International Graduate
School Cross-disciplinary Research and Innovation Fund (Grant
No. JC2024004) and Department of Chemical Engineering-iBHE
Joint Cooperation Fund (Grant No. DCE-iBHE-2023-1).

Use of Al statement

During the preparation of this work, KW. and C.L. used ChatGPT
to enhance the clarity and fluency of English language. All authors
have subsequently reviewed and revised the content as necessary
and take full responsibility for the integrity and accuracy of the final

manuscript.

References

[1] Qin, J. J., Li, R. Q., Raes, J., Arumugam, M., Burgdorf, K. S.,
Manichanh, C., Nielsen, T., Pons, N., Levenez, F., Yamada, T., et al.
(2010). A human gut microbial gene catalogue established by
metagenomic sequencing. Nature 464, 59-65.

[2] Sender, R., Fuchs, S., Milo, R. (2016). Revised estimates for the
number of human and bacteria cells in the body. PLoS Biol. 14,
¢1002533.

[3] Zimmermann, M., Zimmermann-Kogadeeva, M., Wegmann, R.,
Goodman, A. L. (2019). Mapping human microbiome drug
metabolism by gut bacteria and their genes. Nature 570, 462-467.

[4] Javdan, B., Lopez, J. G., Chankhamjon, P., Lee, Y. C. J., Hull, R,
Wu, Q. H., Wang, X. J., Chatterjee, S., Donia, M. S. (2020).
Personalized mapping of drug metabolism by the human gut
microbiome. Cell 181, 1661-1679.e22.

[5] Wu, Q. H., Song, D. G., Zhao, Y. Y., Verdegaal, A. A., Turocy, T.,
Duncan-Lowey, B., Goodman, A. L., Palm, N. W., Crawford, J. M.
(2025). Activity of GPCR-targeted drugs influenced by human gut
microbiota metabolism. Nat. Chem. 17, 808-821.

[6] McCoubrey, L. E., Gaisford, S., Orlu, M., Basit, A. W. (2022).
Predicting drug-microbiome interactions with machine learning.
Biotechnol. Adv. 54, 107797.

[7] Trepka, K. R., Olson, C. A., Upadhyay, V., Zhang, C., Turnbaugh, P.
J. (2025). Pharma[e]cology: how the gut microbiome contributes to
variations in drug response. Annu. Rev. Pharmacol. Toxicol. 65,
355-373.

[8] Liu, T. H., Zhang, C. Y., Zhang, H., Jin, J., Li, X., Liang, S. Q., Xue,
Y. Z., Yuan, F. L., Zhou, Y. H., Bian, X. W., et al. (2024). A new

@ HEzimm | Sci®pen

Tsinghua University P

evaluation system for drug-microbiota interactions. iMeta 3, €199.

[9] Maier, L., Pruteanu, M., Kuhn, M., Zeller, G., Telzerow, A.,
Anderson, E. E., Brochado, A. R., Fernandez, K. C., Dose, H., Mori,
H., et al. (2018). Extensive impact of non-antibiotic drugs on human
gut bacteria. Nature 555, 623—-628.

[10] Garcia-Santamarina, S., Kuhn, M., Devendran, S., Maier, L., Driessen,
M., Mateus, A., Mastrorilli, E., Brochado, A. R., Savitski, M. M.,
Patil, K. R., et al. (2024). Emergence of community behaviors in the
gut microbiota upon drug treatment. Cel/ 187, 6346-6357.e20.

[11] Ricaurte, D., Huang, Y. M., Sheth, R. U., Gelsinger, D. R., Kaufman,
A., Wang, H. H. (2024). High-throughput transcriptomics of 409
bacteria-drug pairs reveals drivers of gut microbiota perturbation. Nat.
Microbiol. 9, 561-575.

[12] Spanogiannopoulos, P., Kyaw, T. S., Guthrie, B. G. H., Bradley, P.
H., Lee, J. V., Melamed, J., Malig, Y. N. A., Lam, K. N., Gempis, D.,
Sandy, M., et al. (2022). Host and gut bacteria share metabolic
pathways for anti-cancer drug metabolism. Nat. Microbiol. 7,
1605-1620.

[13] Huang, G. X., Khan, R., Zheng, Y. L., Lee, P. C., Li, Q. N., Khan, L.
(2023). Exploring the role of gut microbiota in advancing personalized
medicine. Front. Microbiol. 14, 1274925.

[14] Giri, S., Shi, H. D., Typas, A., Huang, K. C. (2025). Harnessing gut
microbial communities to unravel microbiome functions. Curr. Opin.
Microbiol. 83, 102578.

[15] Zhou, J. J., Ouyang, J., Gao, Z. H., Qin, H. P., Jun, W., Shi, T. L.
(2022). MagMD: database summarizing the metabolic action of gut
microbiota to drugs. Comput. Struct. Biotechnol. J. 20, 6427-6430.

[16] Koppel, N., Maini Rekdal, V., Balskus, E. P. (2017). Chemical
transformation of xenobiotics by the human gut microbiota. Science
356, eaag2770.

[17] Ruan, Z. P., Chen, K., Cao, W. M., Meng, L., Yang, B. G., Xu, M. J,,
Xing, Y. W., Li, P. F., Freilich, S., Chen, C., et al. (2024).
Engineering natural microbiomes toward enhanced bioremediation by
microbiome modeling. Nat. Commun. 15, 4694.

[18] Abramson, J., Adler, J., Dunger, J., Evans, R., Green, T., Pritzel, A.,
Ronneberger, O., Willmore, L., Ballard, A. J., Bambrick, J., et al.
(2024). Accurate structure prediction of biomolecular interactions
with AlphaFold 3. Nature 630, 493-500.

[19] Dauparas, J., Anishchenko, 1., Bennett, N., Bai, H., Ragotte, R. J.,
Milles, L. F., Wicky, B. I. M., Courbet, A., De Haas, R. J., Bethel, N.,
et al. (2022). Robust deep learning-based protein sequence design
using ProteinMPNN. Science 378, 49-56.

[20] Yu, T. H., Cui, H. Y., Li, J. C., Luo, Y. N., Jiang, G. D., Zhao, H. M.
(2023). Enzyme function prediction using contrastive learning.
Science 379, 1358-1363.

[21]Kim, G. B., Kim, J. Y., Lee, J. A., Norsigian, C. J., Palsson, B. O.,
Lee, S. Y. (2023). Functional annotation of enzyme-encoding genes
using deep learning with transformer layers. Nat. Commun. 14, 7370.

[22] Li, F. R., Yuan, L., Lu, H. Z., Li, G., Chen, Y., Engqvist, M. K. M.,
Kerkhoven, E. J., Nielsen, J. (2022). Deep learning-based k.,
prediction  enables  improved  enzyme-constrained
reconstruction. Nat. Catal. 5, 662—672.

[23] Yu, H., Deng, H. X., He, J. H.,, Keasling, J. D., Luo, X. Z. (2023).
UniKP: a unified framework for the prediction of enzyme kinetic
parameters. Nat. Commun. 14, 8211.

[24] Malwe, A. S., Sharma, V. K. (2023). Application of artificial
intelligence approaches to predict the metabolism of xenobiotic
molecules by human gut microbiome. Front. Microbiol. 14, 1254073.

[25] Guo, Y. K., Lee, H., Jeong, H. (2020). Gut microbiota in reductive
drug metabolism. Prog. Mol. Biol. Transl. Sci. 171, 61-93.

[26] Wilson, 1. D., Nicholson, J. K. (2017). Gut microbiome interactions
with drug metabolism, efficacy, and toxicity. Transl. Res. 179,
204-222.

[27] Mehta, R. S., Mayers, J. R., Zhang, Y. C., Bhosle, A., Glasser, N. R.,
Nguyen, L. H., Ma, W. J., Bae, S., Branck, T., Song, K., et al. (2023).
Gut microbial metabolism of 5-ASA diminishes its clinical efficacy in

model

https://doi.org/10.26599/HE.2026.9460012


https://doi.org/10.1038/nature08821
https://doi.org/10.1371/journal.pbio.1002533
https://doi.org/10.1038/s41586-019-1291-3
https://doi.org/10.1016/j.cell.2020.05.001
https://doi.org/10.1038/s41557-025-01789-w
https://doi.org/10.1016/j.biotechadv.2021.107797
https://doi.org/10.1146/annurev-pharmtox-022724-100847
https://doi.org/10.1002/imt2.199
https://doi.org/10.1038/nature25979
https://doi.org/10.1016/j.cell.2024.08.037
https://doi.org/10.1038/s41564-023-01581-x
https://doi.org/10.1038/s41564-023-01581-x
https://doi.org/10.1038/s41564-022-01226-5
https://doi.org/10.3389/fmicb.2023.1274925
https://doi.org/10.1016/j.mib.2024.102578
https://doi.org/10.1016/j.mib.2024.102578
https://doi.org/10.1016/j.csbj.2022.11.021
https://doi.org/10.1126/science.aag2770
https://doi.org/10.1038/s41467-024-49098-z
https://doi.org/10.1038/s41586-024-07487-w
https://doi.org/10.1126/science.add2187
https://doi.org/10.1126/science.adf2465
https://doi.org/10.1038/s41467-023-43216-z
https://doi.org/10.1038/s41929-022-00798-z
https://doi.org/10.1038/s41467-023-44113-1
https://doi.org/10.3389/fmicb.2023.1254073
https://doi.org/10.1016/bs.pmbts.2020.04.002
https://doi.org/10.1016/j.trsl.2016.08.002
https://doi.org/10.26599/HE.2026.9460012

Leveraging machine learning to unravel drug—microbiome interactions in the gut

Health Eng., 2026, 2, 9460012

inflammatory bowel disease. Nat. Med. 29, 700-709.

[28] Summers, R. M., Louie, T. M., Yu, C. L., Gakhar, L., Louie, K. C.,
Subramanian, M. (2012). Novel, highly specific N-demethylases
enable bacteria to live on caffeine and related purine alkaloids. J.
Bacteriol. 194,2041-2049.

[29] Maini Rekdal, V., Bess, E. N., Bisanz, J. E., Turnbaugh, P. J.,
Balskus, E. P. (2019). Discovery and inhibition of an interspecies gut
bacterial pathway for Levodopa metabolism. Science 364, eaau6323.

[30] Geller, L. T., Barzily-Rokni, M., Danino, T., Jonas, O. H., Shental, N.,
Nejman, D., Gavert, N., Zwang, Y., Cooper, Z. A., Shee, K., et al.
(2017). Potential role of intratumor bacteria in mediating tumor
resistance to the chemotherapeutic drug gemcitabine. Science 357,
1156-1160.

[31] Tian, J. Z., Li, C., Dong, Z. X., Yang, Y. P., Xing, J., Yu, P. J., Xin,
Y., Xu, F. M., Wang, L. W., Mu, Y. H., et al. (2023). Inactivation of
the antidiabetic drug acarbose by human intestinal microbial-mediated
degradation. Nat. Metab. 5, 896-909.

[32] Wang, Y. M., Ma, M. F., Dai, W., Shang, Q. S., Yu, G. L. (2024).
Bacteroides salyersiae is a potent chondroitin sulfate-degrading
species in the human gut microbiota. Microbiome 12, 41.

[33] Mercier, C., Chalansonnet, V., Orenga, S., Gilbert, C. (2013).
Characteristics of major Escherichia coli reductases involved in
aerobic nitro and azo reduction. J. Appl. Microbiol. 115,1012-1022.

[34] Martinelli, F., Thiele, I. (2024). Microbial metabolism marvels: a
comprehensive review of microbial drug transformation capabilities.
Gut Microbes 16, 2387400.

[35] Saitta, K. S., Zhang, C., Lee, K. K., Fujimoto, K., Redinbo, M. R.,
Boelsterli, U. A. (2014). Bacterial f-glucuronidase inhibition protects
mice against enteropathy induced by indomethacin, ketoprofen or
diclofenac: mode of action and pharmacokinetics. Xenobiotica 44,
28-35.

[36] Bhatt, A. P., Pellock, S. J., Biernat, K. A., Walton, W. G., Wallace, B.
D., Creekmore, B. C., Letertre, M. M., Swann, J. R., Wilson, 1. D.,
Roques, J. R., et al. (2020). Targeted inhibition of gut bacterial -
glucuronidase activity enhances anticancer drug efficacy. Proc. Natl.
Acad. Sci. USA 117, 7374-7381.

[37] Koppel, N., Bisanz, J. E., Pandelia, M. E., Turnbaugh, P. J., Balskus,
E. P. (2018). Discovery and characterization of a prevalent human gut
bacterial enzyme sufficient for the inactivation of a family of plant
toxins. eLife 7, €33953.

[38] Aucynaité, A., Rutkiené, R., Tauraité, D., Meskys, R., Urbonavicius,
J. (2018). Discovery of bacterial deaminases that convert 5-
fluoroisocytosine into 5-fluorouracil. Front. Microbiol. 9, 2375.

[39] Linwu, S. W., Syu, C. J,, Chen, Y. L., Wang, A. H. J,, Peng, F. C.
(2009). Characterization of Escherichia coli nitroreductase NfsB in
the metabolism of nitrobenzodiazepines. Biochem. Pharmacol. 78,
96-103.

[40] Ouyang, H. R., Xu, Z., Hong, J., Malroy, J., Qian, L. Y., Ji, S. W,
Zhu, X. J. (2024). Mining the metabolic capacity of Clostridium
sporogenes aided by machine learning. Angew. Chem. Int. Ed. 63,
€202319925.

[41] Lindenbaum, J., Rund, D. G., Butler, V. P. Jr., Tse-Eng, D., Saha, J.
R. (1981). Inactivation of digoxin by the gut flora: reversal by
antibiotic therapy. N. Engl. J. Med. 305, 789—794.

[42] Lindenbaum, J., Tse-Eng, D., Butler, V. P. Jr.,, Rund, D. G. (1981).
Urinary excretion of reduced metabolites of digoxin. Am. J. Med. 71,
67-74.

[43] Haiser, H. J., Gootenberg, D. B., Chatman, K., Sirasani, G., Balskus,
E. P., Turnbaugh, P. J. (2013). Predicting and manipulating cardiac
drug inactivation by the human gut bacterium Eggerthella lenta.
Science. 341, 295-298.

[44] Haiser, H. J., Seim, K. L., Balskus, E. P., Turnbaugh, P. J. (2014).
Mechanistic insight into digoxin inactivation by Eggerthella lenta
augments our understanding of its pharmacokinetics. Gut Microbes 5,
233-238.

[45] van Kessel, S. P., Frye, A. K., El-Gendy, A. O., Castejon, M.,

https://doi.org/10.26599/HE.2026.9460012

Keshavarzian, A., Van Dijk, G., El Aidy, S. (2019). Gut bacterial
tyrosine decarboxylases restrict levels of levodopa in the treatment of
Parkinson's disease. Nat. Commun. 10, 310.

[46] Zhang, X. Y., Fang, Z. W., Zhang, C. F., Xia, H. H., Jie, Z. Y., Han,
X. Y., Chen, Y. L., Ji, L. N. (2017). Effects of acarbose on the gut
microbiota of prediabetic patients: a randomized, double-blind,
controlled crossover trial. Diabetes Ther. 8,293-307.

[47] Balaich, J., Estrella, M., Wu, G. J., Jeffrey, P. D., Biswas, A., Zhao, L.
P., Korennykh, A., Donia, M. S. (2021). The human microbiome
encodes resistance to the antidiabetic drug acarbose. Nature 600,
110-115.

[48] Bruyere, O., Honvo, G., Veronese, N., Arden, N. K., Branco, J.,
Curtis, E. M., Al-Daghri, N. M., Herrero-Beaumont, G., Martel-
Pelletier, J., Pelletier, J. P., et al. (2019). An updated algorithm
recommendation for the management of knee osteoarthritis from the
European Society for Clinical and Economic Aspects of Osteoporosis,
Osteoarthritis and Musculoskeletal Diseases (ESCEO). Semin.
Arthritis Rheum. 49, 337-350.

[49] de la Cuesta-Zuluaga, J., Miiller, P., Maier, L. (2025). Balancing act:
counteracting adverse drug effects on the microbiome. Trends
Microbiol. 33,268-276.

[50] Chamseddine, A. N., Ducreux, M., Armand, J. P., Paoletti, X., Satar,
T., Paci, A., Mir, O. (2019). Intestinal bacterial B-glucuronidase as a
possible predictive biomarker of irinotecan-induced diarrhea severity.
Pharmacol. Ther. 199, 1-15.

[51] Zhang, X. T., Han, Y., Huang, W., Jin, M. J., Gao, Z. G. (2021). The
influence of the gut microbiota on the bioavailability of oral drugs.
Acta Pharm. Sin. B 11, 1789-1812.

[52] Ray, S. (2019). Advanced colon-specific delivery systems for treating
local disorders. In Polysaccharide Carriers for Drug Delivery. Maiti,
S., Jana, S., Eds. Amsterdam: Elsevier, p 737-762. doi: 10.1016/B978-
0-08-102553-6.00025-8.

[53] Chan, R. P., Pope, D. J., Gilbert, A. P., Sacra, P. J., Baron, J. H.,,
Lennard-Jones, J. E. (1983). Studies of two novel sulfasalazine
analogs, ipsalazide and balsalazide. Dig. Dis. Sci. 28, 609-615.

[54] Truelove, S. C. (1988). Evolution of olsalazine. Scand. J.
Gastroenterol. 23, 3—6.

[55] Sharma, A. K., Jaiswal, S. K., Chaudhary, N., Sharma, V. K. (2017).
A novel approach for the prediction of species-specific
biotransformation of xenobiotic/drug molecules by the human gut
microbiota. Sci. Rep. 7,9751.

[56] Malwe, A. S., Srivastava, G. N., Sharma, V. K. (2023). GutBug: a tool
for prediction of human gut bacteria mediated biotransformation of
biotic and xenobiotic molecules using machine learning. J. Mol. Biol.
435, 168056.

[57] Kolodnitsky, A. S., Ionov, N. S., Rudik, A. V., Lagunin, A. A,
Filimonov, D. A., Poroikov, V. V. (2023). MDM-Pred: a freely
available web application for predicting the metabolism of drug-like
compounds by the gut microbiota. SAR OSAR Environ. Res. 34,
383-393.

[58] McCoubrey, L. E., Thomaidou, S., Elbadawi, M., Gaisford, S., Orlu,
M., Basit, A. W. (2021). Machine learning predicts drug metabolism
and bioaccumulation by intestinal microbiota. Pharmaceutics 13,
2001.

[59] Bustion, A. E., Nayak, R. R., Agrawal, A., Turnbaugh, P. J., Pollard,
K. S. (2023). SIMMER employs similarity algorithms to accurately
identify human gut microbiome species and enzymes capable of
known chemical transformations. eLife 12, €82401.

[60] Wishart, D. S., Tian, S. Y., Allen, D., Oler, E., Peters, H., Lui, V.,
Gautam, V., Djoumbou-Feunang, Y., Greiner, R., Metz, T. (2022).
BioTransformer 3.0-a web server for accurately predicting metabolic
transformation products. Nucleic Acids Res. 50, W115-W123.

[61] Ruiz-Moreno, A. J., Del Castillo-Izquierdo, A., Tamargo-Rubio, 1.,
Fu, J. Y. (2025). MicrobeRX: a tool for enzymatic-reaction-based
metabolite prediction in the gut microbiome. Microbiome 13, 78.

[62] Guthrie, L., Wolfson, S., Kelly, L. (2019). The human gut chemical

(8 1 #25ma | Sci@pen


https://doi.org/10.1038/s41591-023-02217-7
https://doi.org/10.1128/JB.06637-11
https://doi.org/10.1128/JB.06637-11
https://doi.org/10.1126/science.aau6323
https://doi.org/10.1126/science.aah5043
https://doi.org/10.1038/s42255-023-00796-w
https://doi.org/10.1186/s40168-024-01768-2
https://doi.org/10.1111/jam.12294
https://doi.org/10.1080/19490976.2024.2387400
https://doi.org/10.3109/00498254.2013.811314
https://doi.org/10.1073/pnas.1918095117
https://doi.org/10.1073/pnas.1918095117
https://doi.org/10.7554/elife.33953.043
https://doi.org/10.3389/fmicb.2018.02375
https://doi.org/10.1016/j.bcp.2009.03.019
https://doi.org/10.1002/anie.202319925
https://doi.org/10.1056/NEJM198110013051403
https://doi.org/10.1016/0002-9343(81)90260-6
https://doi.org/10.4161/gmic.27915
https://doi.org/10.1038/s41467-019-08294-y
https://doi.org/10.1007/s13300-017-0226-y
https://doi.org/10.1038/s41586-021-04091-0
https://doi.org/10.1016/j.semarthrit.2019.04.008
https://doi.org/10.1016/j.semarthrit.2019.04.008
https://doi.org/10.1016/j.tim.2024.09.011
https://doi.org/10.1016/j.tim.2024.09.011
https://doi.org/10.1016/j.pharmthera.2019.03.002
https://doi.org/10.1016/j.apsb.2020.09.013
https://doi.org/10.1016/B978-0-08-102553-6.00025-8
https://doi.org/10.1016/B978-0-08-102553-6.00025-8
https://doi.org/10.1016/B978-0-08-102553-6.00025-8
https://doi.org/10.1016/B978-0-08-102553-6.00025-8
https://doi.org/10.1016/B978-0-08-102553-6.00025-8
https://doi.org/10.1016/B978-0-08-102553-6.00025-8
https://doi.org/10.1016/B978-0-08-102553-6.00025-8
https://doi.org/10.1016/B978-0-08-102553-6.00025-8
https://doi.org/10.1016/B978-0-08-102553-6.00025-8
https://doi.org/10.1016/B978-0-08-102553-6.00025-8
https://doi.org/10.1016/B978-0-08-102553-6.00025-8
https://doi.org/10.1007/BF01299921
https://doi.org/10.3109/00365528809101538
https://doi.org/10.3109/00365528809101538
https://doi.org/10.1038/s41598-017-10203-6
https://doi.org/10.1016/j.jmb.2023.168056
https://doi.org/10.1080/1062936X.2023.2214375
https://doi.org/10.3390/pharmaceutics13122001
https://doi.org/10.7554/eLife.82401
https://doi.org/10.1093/nar/gkac313
https://doi.org/10.1186/s40168-025-02070-5
https://doi.org/10.26599/HE.2026.9460012

HEALTH

ENGINEERING

Wu et al.

landscape predicts microbe-mediated biotransformation of foods and
drugs. eLife 8, e42866.

[63] Karp, P. D., Billington, R., Caspi, R., Fulcher, C. A., Latendresse, M.,
Kothari, A., Keseler, I. M., Krummenacker, M., Midford, P. E., Ong,
Q., et al. (2019). The BioCyc collection of microbial genomes and
metabolic pathways. Brief. Bioinform. 20, 1085-1093.

[64] Brunk, E., Sahoo, S., Zielinski, D. C., Altunkaya, A., Driger, A., Mih,
N., Gatto, F., Nilsson, A., Preciat Gonzalez, G. A., Aurich, M. K., et
al. (2018). Recon3D enables a three-dimensional view of gene
variation in human metabolism. Nat. Biotechnol. 36, 272-281.

[65] Heinken, A., Hertel, J., Acharya, G., Ravcheev, D. A., Nyga, M.,
Okpala, O. E., Hogan, M., Magnusdéttir, S., Martinelli, F., Nap, B., et
al. (2023). Genome-scale metabolic reconstruction of 7, 302 human
microorganisms for personalized medicine. Nat. Biotechnol. 41,
1320-1331.

[66] Wishart, D. S., Feunang, Y. D., Guo, A. C., Lo, E. J., Marcu, A.,
Grant, J. R., Sajed, T., Johnson, D., Li, C. R. N., Sayeeda, Z., et al.
(2018). DrugBank 5.0: a major update to the DrugBank database for
2018. Nucleic Acids Res. 46, D1074-D1082.

[67] Kuhn, M., Letunic, I., Jensen, L. J., Bork, P. (2016). The SIDER
database of drugs and side effects. Nucleic Acids Res. 44,
D1075-D1079.

[68] Maier, L., Typas, A. (2017). Systematically investigating the impact
of medication on the gut microbiome. Curr. Opin. Microbiol. 39,
128-135.

[69] Flowers, S. A., Evans, S. J., Ward, K. M., Mclnnis, M. G., Ellingrod,
V. L. (2017). Interaction between atypical antipsychotics and the gut
microbiome in a bipolar disease cohort. Pharmacotherapy 37,
261-267.

[70] Nayak, R. R., Alexander, M., Deshpande, I., Stapleton-Gray, K.,
Rimal, B., Patterson, A. D., Ubeda, C., Scher, J. U., Turnbaugh, P. J.
(2021). Methotrexate impacts conserved pathways in diverse human
gut bacteria leading to decreased host immune activation. Cell Host
Microbe 29, 362-377.el1.

[71] Takashima, S., Tanaka, F., Kawaguchi, Y., Usui, Y., Fujimoto, K.,
Nadatani, Y., Otani, K., Hosomi, S., Nagami, Y., Kamata, N., et al.
(2020). Proton pump inhibitors enhance intestinal permeability via
dysbiosis of gut microbiota under stressed conditions in mice.
Neurogastroenterol. Motil. 32, e13841.

[72] Foretz, M., Guigas, B., Viollet, B. (2023). Metformin: update on
mechanisms of action and repurposing potential. Naf. Rev.
Endocrinol. 19,460—476.

[73] Wu, H., Esteve, E., Tremaroli, V., Khan, M. T., Caesar, R., Manneras-
Holm, L., Stdhlman, M., Olsson, L. M., Serino, M., Planas-Félix, M.,
et al. (2017). Metformin alters the gut microbiome of individuals with
treatment-naive type 2 diabetes, contributing to the therapeutic effects
of the drug. Nat. Med. 23, 850-858.

[74] Vrancken, G., Gregory, A. C., Huys, G. R. B., Faust, K., Raes, J.
(2019). Synthetic ecology of the human gut microbiota. Nat. Rev.
Microbiol. 17, 754-763.

[75] Jalili-Firoozinezhad, S., Gazzaniga, F. S., Calamari, E. L., Camacho,
D. M., Fadel, C. W., Bein, A., Swenor, B., Nestor, B., Cronce, M. J.,
Tovaglieri, A., et al. (2019). A complex human gut microbiome
cultured in an anaerobic intestine-on-a-chip. Nat. Biomed. Eng. 3,
520-531.

[76] McCoubrey, L. E., Elbadawi, M., Orlu, M., Gaisford, S., Basit, A. W.
(2021). Machine learning uncovers adverse drug effects on intestinal
bacteria. Pharmaceutics 13, 1026.

[77] Algavi, Y. M., Borenstein, E. (2023). A data-driven approach for
predicting the impact of drugs on the human microbiome. Nat.
Commun. 14, 3614.

[78] Zhu, B., Yu, H. Y., Du, B. X., Yu, H., Shi, J. Y. (2025). Predicting the
imbalanced impact of drugs on microbial abundance using multi-view
learning and data augmentation. Big Data Min. Anal. 8, 678—693.

[79] Kamrad, S., Lindell, A. E., Patil, K. R. (2022). Gut reaction: it's not all
about enzymes. Nat. Metab. 4, 1219-1220.

[80] Macpherson, A. J., Sauer, U. (2023). Secrets of microbiota drug
metabolism. Nat. Med. 29, 537-538.

[81] Zimmermann, M., Patil, K. R., Typas, A., Maier, L. (2021). Towards a
mechanistic ~ understanding  of  reciprocal  drug-microbiome
interactions. Mol. Syst. Biol. 17, MSB202010116.

[82] Zimmermann-Kogadeeva, M., Zimmermann, M., Goodman, A. L.
(2020). Insights from pharmacokinetic models of host-microbiome
drug metabolism. Gut Microbes 11, 587-596.

[83] Chen, D. L., Zhang, T. G., Cui, H., Gu, J., Xuan, P. (2025). KNDM: a
knowledge graph transformer and node category sensitive contrastive
learning model for drug and microbe association prediction. J. Chem.
Inf. Model. 65, 4714-4728.

Open Access This article is licensed under a Creative Commons Attribution 4.0 Intemational License (CC BY 4.0), which permits reusers to distribute, remix,
adapt, and build upon the material in any medium or format, so long as attribution is given to the original author(s) and the source, a link to the license is

provided, and any changes made are indicated. See https://creativecommons.org/licenses/by/4.0/

© The author(s) 2026. Published by Tsinghua University Press.

=

(® if7 £ fuen | Sci@pen

hua Universi

10

https://doi.org/10.26599/HE.2026.9460012


https://doi.org/10.7554/elife.42866.022
https://doi.org/10.1093/bib/bbx085
https://doi.org/10.1038/nbt.4072
https://doi.org/10.1038/s41587-022-01628-0
https://doi.org/10.1093/nar/gkx1037
https://doi.org/10.1093/nar/gkv1075
https://doi.org/10.1016/j.mib.2017.11.001
https://doi.org/10.1002/phar.1890
https://doi.org/10.1016/j.chom.2020.12.008
https://doi.org/10.1016/j.chom.2020.12.008
https://doi.org/10.1111/nmo.13841
https://doi.org/10.1038/s41574-023-00833-4
https://doi.org/10.1038/s41574-023-00833-4
https://doi.org/10.1038/nm.4345
https://doi.org/10.1038/s41579-019-0264-8
https://doi.org/10.1038/s41579-019-0264-8
https://doi.org/10.1038/s41551-019-0397-0
https://doi.org/10.3390/pharmaceutics13071026
https://doi.org/10.1038/s41467-023-39264-0
https://doi.org/10.1038/s41467-023-39264-0
https://doi.org/10.26599/BDMA.2024.9020094
https://doi.org/10.1038/s42255-022-00637-2
https://doi.org/10.1038/s41591-023-02227-5
https://doi.org/10.15252/msb.202010116
https://doi.org/10.1080/19490976.2019.1667724
https://doi.org/10.1021/acs.jcim.5c00186
https://doi.org/10.1021/acs.jcim.5c00186
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.26599/HE.2026.9460012

	1 Introduction
	2 Drug biotransformation by the HGM
	3 Diverse outcomes of gut microbial drug biotransformation
	4 Computational prediction of HGM-mediated drug biotransformation
	5 Drug-induced HGM alterations
	6 Computational predictions of drug-induced HGM alterations
	7 Conclusion
	Acknowledgements
	Author contribution statement
	Consent
	Data availability
	Declaration of competing interest
	Ethical approval
	Funding
	Use of AI statement
	References

