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ARTICLE INFO ABSTRACT

Handling Editor: Adrian Covaci The environmental risk associated with the usage of the antibiotic tylosin as an animal growth promoter (AGPs)

needs to be assessed because such agents are used in abundance and contamination of the environment is

Keywords: common, yet their effects on the physiology and gut microbiota composition of animals and humans are poorly
Erlos.m understood. In this work, we performed metagenomic analysis and revealed that tylosin significantly disrupted
autia

the gut microbiota structure of animals, reduced species diversity, and caused the increase in the relative
abundance of Blautia (60.95%). Enrichment of multiple contigs containing ARGs was observed, indicating that
tylosin promotes antimicrobial resistance (AMR) development. Transcriptomic analyses of ileum tissues revealed
perturbation in gene expression patterns suggestive of mitochondrial dysfunction and energy metabolism
imbalance. These alterations might compromise nutrient absorption and utilization in the GI tract, and heighten
the risk of development of obesity and non-alcoholic fatty liver disease (NAFLD). Furthermore, downregulation
of immune-related gene expression was observed, indicating that tylosin caused immunosuppression and
increased susceptibility to microbial infections when used over extended periods. Integrated omics analysis of the
liver also showed significant disturbances in metabolism through activation of the arachidonic acid metabolism
pathway, exacerbating inflammatory responses, and precipitating the occurrence of metabolic disorders such as
type 2 diabetes mellitus (T2DM) and NAFLD. Our findings unveil the detrimental effects of tylosin on animal gut
microbiota and metabolic functions and highlight the potential health risks to wildlife and humans when
released into the environment. These findings highlight a need for cautious use of AGPs and the development of
safer alternatives.

Arachidonic acid
Metabolic dysregulation
Obesity

1. Introduction receiving legal approval in several European countries (Biely and March

1951; Fernandez Miyakawa et al. 2024). It was reported that the amount

Since the accidental discovery over 70 years ago that antibiotics
could enhance meat production in livestock farming, their use has
effectively helped cope with the food demand of the rapidly increasing
human population (Evangelista et al. 2022). During the golden age of
antibiotic development from the 1940 s to the 1960 s, in particular, an
increasing number of sub-therapeutic antibiotics (STAs) were utilized as
feed additives in the production of various types of livestock upon

of antibiotics used on animals was approximately twice that used in
humans, and that the projected amount of antibiotic consumption for
food animal production is expected to reach 105,569 tons by 2030
(Ayalew et al. 2022; Gonzalez Ronquillo and Angeles Hernandez 2017).
However, the expanding livestock industry’s reliance on AGPs carries
significant environmental risks. For instance, 30-90% of administered
veterinary antibiotics are excreted unmetabolized into animal manure
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and urine, which is often directly applied to fields as a fertilizer sup-
plement (Patyra et al. 2020; Zalewska et al. 2021). This practice in-
troduces antibiotic residues into soils and waterways, where they exert
persistent selection pressure, enriching antimicrobial resistance genes
(ARGs) in environmental microbiomes (Wang et al. 2021). These ARGs
can disseminate across pathogenic and environmental bacterial pop-
ulations through horizontal gene transfer, accelerating the spread of
resistance (Li and Zhang 2022). Furthermore, it may interact with
emerging contaminants such as microplastics, forming composite pol-
lutants that enter aquatic organisms and humans via food chains, posing
long-term ecological and health risks (Dong et al. 2021; Feng et al. 2021;
Founou et al. 2016).

To address AMR threats stemming from environmental contamina-
tion by AGPs, the European Union, China, and the United States have
enacted regulatory policies to restrict their use (Maron et al. 2013; Wen
et al. 2022). However, critical enforcement gaps persist. Ambiguous
classification systems enable antibiotics approved for therapeutic pur-
poses to be misused as growth promoters, exemplified by tylosin a
macrolide accounting for 30.4% of the U.S. veterinary market (Sarmah
et al. 2006). Similarly, in Thailand, tylosin is routinely added to swine
feed under the guise of disease prevention, despite its unequivocal
growth-promotion intent (Hallenberg et al. 2020; Kline and Pinckney
2016). Tylosin’s environmental persistence is evidenced by fecal con-
centrations reaching 115.5 mg/kg post-administration in cattle, with
residues detectable in matured manure (0.11 mg/kg) 30 days post-
treatment (De Liguoro et al. 2003). Similarly, intramuscular adminis-
tration of tylosin (10 mg/kg bw/day) in sheep resulted in fecal drug
levels peaking at 29.7-34.3 mg/kg within 15 h (Ishikawa et al. 2018).
Moreover, tylosin has been detected at concentrations ranging from 0.2
to 50 pg/L in surface waters, with its photostability extending its half-
life to 200 days (Kline and Pinckney 2016; Yang et al. 2023). These
residues also reduce soil microbial diversity while enriching resistance
genes like carB and msrc-01 and inhibiting photosynthesis and DNA
repair in phytoplankton (Li et al. 2021; Sun et al. 2021). Such regulatory
ambiguity, coupled with inconsistent global policies, sustains AGPs as
ecological time bombs, perpetuating resistance gene reservoirs that
jeopardize the ecosystem and public health.

On the other hand, the primary functions of AGPs include inhibiting
microbial competitors for nutrients, preventing subclinical infections,
reducing growth-inhibiting microbial metabolites, and enhancing
nutrient absorption by thinning the intestinal barriers long over-
shadowed critical inquiries into their direct metabolic impacts on host
organisms (Butaye et al. 2003). While current research predominantly
attributes AGPs’ growth-promoting effects to gut microbiota modula-
tion, mounting evidence reveals that these agents may bypass microbial
mediation to directly disrupt mammalian metabolic homeostasis (Brown
et al. 2016; Fernandez Miyakawa et al. 2024). Notably, antibiotics are
intrinsically bioactive molecules with documented hepatorenal toxicity,
and some studies associate their use with obesity-linked pathologies
such as nonalcoholic fatty liver disease (NAFLD) and systemic insulin
resistance (Mahana et al. 2016). The weight gain induced by AGPs may
underlying metabolic imbalances, where rapid growth coexists with
subclinical organ damage and compromised immune function.

In this study, we designed an 8-week murine feeding trial simulating
high-dose tylosin regimens used in unregulated agricultural use.
Through the integration of multi-omics analyses including meta-
genomics, metabolomics, and transcriptomics with comprehensive
physiological profiling, it was systematically evaluates how tylosin
disrupts gut microbiota, increases AMR, and directly alters host meta-
bolic pathways. Our model captures the longitudinal accumulation of
ARG in the gut, highlighting the potential for increase environmental
dissemination through manure-amended soils. Crucially, we demon-
strate that tylosin-induced weight gain correlates with antibiotic-driven
direct host toxicity, which may be exacerbated by environmental drug
persistence. These findings underscore the urgent need to re-evaluate
AGP usage under a One Health framework, to protect the agricultural
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productivity and environment.
2. Materials and methods
2.1. Experimental design of the animal studies

Male ICR mice, purchased from the Labroratory Animal Research
Unit (LARU) at City University of Hong Kong, were used as animal
models in compliance with ethical guidelines approved by the Animal
Research Ethics Subcommitee of the Univeristy (Project No: A-0744). All
mice were pre-acclimatized in cages (n = 5 per cage) for one week prior
to test. The mice were randomly divided into two groups to investigate
the effects of oral administration of tylosin on weight gain and meta-
bolism. The control group received ad libitum access to standard food
and water, while the experimental group was provided with distilled
water containing 0.08 mg/mL tylosin. With an average daily water
intake of 6 mL per mouse and an initial body weight (~25 g), the
calculated dosage reached < 20 mg/kg bw/day (Bachmanov et al.
2002). This dosage was according to therapeutic levels in poultry clin-
ical interventions and accounts for environmental bioaccumulation risks
observed in livestock operations through fecal persistence (De Liguoro
et al. 2003; Lee et al. 2024). Elevated dosages, consistent with antibiotic
toxicity research practices, were implemented to improve the detection
sensitivity of chronic effects (Luan et al. 2021). The total duration of the
test was 8 weeks, feces were collected weekly and stored at —80 °C for
subsequent analysis of the gut microbiota.

To monitor the phenotypic alterations in the mice, the body weight
(g) was recorded every day, and the lengths (cm) of their tails and bodies
(anal-to-nasal distance) were measured every week. The relative weight
gain (%) and Lee’s index, which can assess the body fat content and
obesity in mice, were calculated according to Egs. (1) and (2) (Hioki
et al. 2010; Ni et al. 2024):

Relative weight gain (%) — (Fmal body weight (g) — Initial body weight (g))

Initial body weight (g)
x 100
(@D)]

+/Body weight (g) x 1000

Lee's index = Naso — anal length (cm)

(2

Additionally, the weight of chow (g) and the volume of remaining HyO
(mL) were measured every three days to record the consumption of
water and food by the mice.

After 8 weeks, the mice were euthanized, initially by blood collection
from the retroorbital plexus, followed by plasma collection through
standing and centrifugation, and immediately stored at —80 °C until
used for biochemical and metabolite analyses. The liver and kidney
tissues were weighted; a portion was fixed in a 10% formalin solution for
Hematoxylin and Eosin (H&E) staining analysis. Another portion of liver
and ileum tissues was washed with phosphate-buffered saline (PBS),
rapidly frozen in liquid nitrogen, and stored at —80 °C for metabolite
analysis or RNA extraction.

2.2. Determination of serum biomarkers

The concentrations of glucose, insulin, and lipids in the serum can
effectively reflect the changes in lipid and carbohydrate metabolism
induced by tylosin in mice. Initially, the levels of total cholesterol (TC),
triglycerides (TG), and high-density lipoprotein (HDL) were directly
measured using commercial assay kits (Stanbio Laboratory, Boerne,
USA), while the content of low-density lipoprotein (LDL) was obtained
using the following Eq. (3):

TG (mg/dL)

LDL (mg/dL) = TC (mg/dL) — 5

— HDL (mg/dL) (3)
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The insulin levels were measured using an ELISA kit (Invitrogen,
Thermo Fisher Scientific, USA) according to the instructions. The
glucose levels were directly determined using a commercial glucometer
(GlucoSure AutoCode, ApexxBio, Taiwan).

2.3. Histopathological analysis

Kidney and liver samples were fixed overnight in a 10% neutral
buffered paraformaldehyde solution at 4 °C. The fixed samples were
then subjected to a standardized histopathological protocol (Cui et al.
2024). Briefly, samples underwent gradient ethanol dehydration (75%,
85%, 95%, and 100% ethanol for 1 h each) followed by xylene clearing
and paraffin embedding. Tissue sections of 4 pm thickness were cut
using a rotary microtome, mounted on glass slides, and subjected to
sequential dehydration through a graded ethanol series (100%, 95%,
85%, 75%,) for 5 min each. Following dewaxing in xylene and rehy-
dration, standard hematoxylin and eosin (H&E) staining was performed.
Digital images were captured using an Olympus BX53 microscope at the
Veterinary Diagnostic Laboratory (VDL), City University of Hong Kong.

2.4. Sample DNA extraction, library generation, and metagenomics
analysis

Total bacterial DNA was initially extracted using the QIAamp®
PowerFecal® DNA Kit (Qiagen, Germany) from fecal samples (n = 5 per
group) following the manufacturer’s instructions. The sample size is
adequate for the metagenomic analysis requirement and 4R principle
(Geng et al. 2025; Kiani et al. 2022). All samples were then sent to
Biomarker Technologies Co., Ltd (Beijing, China) for sequencing with
passing preliminary quality control for nucleic acid concentration. DNA
samples were mechanically fragmented using an ultrasonicator, which
generated fragments ranging from 200 to 300 bp in size. The fragments
were used to construct paired-end libraries using the NEBNext® Ultra™
DNA Libraries prep kit. Subsequently, Illumina HiSeq 2500 platform
(Ilumina Inc., San Diego, CA, USA) was used to perform sequencing.

Fastp [v0.23.4] and Bowtie2 [v2.5.2] were used to filter raw tags and
align them with the host genome sequences (Mus musculus, GRCm39),
respectively, to remove host contamination and obtain clean reads
(Chen 2023; Langmead and Salzberg 2012). MEGAHIT [v1.2.9] and
QUAST [v5.2.0] were utilized for metagenomic assembly and quality
assessment, respectively. MetaGeneMark [V3.26] was employed to
identify coding regions, and MMseqs2 was utilized to remove sequence
redundancy. Coverage thresholds and similarity were set at 90% and
95%, respectively (Gurevich et al. 2013; Li et al. 2016; Steinegger and
Soding 2017). Based on the NR databases, the gene sets were annotated
using Diamond (V0.9.36), with an E-value threshold of < le-5 (Feng
et al. 2022). Annotation of the abundance of antibiotic resistance genes
(ARGs) was conducted by aligning sequences with the CARD database,
using the RGI software (Alcock et al. 2023). Raw microbial counts were
first normalized using the Trimmed Mean of M—values (TMM) method
to account for sequencing depth variations (Heo et al. 2016). The a-di-
versity Shannon indices were analyzed using the vegan package [v2.5.6]
(Liu et al. 2023a). The p-diversity analysis was conducted using PCoA
based on genus- and species-level Bray-Curtis distance matrices (Dixon
2003; Litichevskiy et al. 2025). The first two principal coordinates
(PCol and PCo2) were retained to visualize the variance structure.
Different taxa across phylogenetic levels (from phylum to genus) be-
tween different time points (Week 0, Week 4, and Week 8) were iden-
tified using LEfSe analysis. Taxa were considered significant if they met
both a Kruskal-Wallis rank-sum set test threshold (p-value < 0.05) and
LDA effect size > 4.0 (Zou et al. 2020). PCoA and microbiome stacked
charts were visualized through the OmicShare online platform (htt
ps://www.omicshare.com/tools), and Cladogram for LEfSe was
analyzed and visualized using the BMKCloud platform (https://www.
biocloud.net).
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Binning analysis was employed to further investigate the migration
of ARGs among gut microbiota strains following tylosin treatment.
Specifically, MetaWRAP [v1.3] processing modules were utilized for
quality control and sequence assembly (Uritskiy et al. 2018). The
binning of contigs was performed using both Metaba2 [v2.11.3] and
MaxBin2 methods (Kang et al. 2015; Wu et al. 2015). Within Meta-
WRAP, the Quant_bins and Classify_Bins modules were executed with
default parameters to perform quantification and classification. Finally,
Abricate [v1.0.4] was used in conjunction with the Resfinder database to
identify and screen for ARGs in the binned metagenome-assembled
bacterial genomes.

2.5. 16S rRNA gene sequencing analysis

To explore the dynamic changes in the gut microbiota structure
during the test period, extracted fecal DNA samples from 7 time points
(from Week 1 to Week 8, n = 5 per group) were also sent to Biomarker
Technologies Co., Ltd for analysis using 16S rRNA sequencing. Initially,
full-length 16S rRNA was amplified using universal primers (27F,
AGRGTTTGATYNTGGCTCAG; 1492 R, TASGGHTACCTTGTTASGACTT)
with the following PCR reaction conditions: 1 cycle at 95 °C for 5 min,
followed by 30 cycles at 95 °C for 1 min, annealing at 58 °C for 1 min,
and extension at 72 °C for 2 min, followed by 1 cycle at 72 °C for 10 min.
The PCR products were purified, quantified, and homogenized to
generate an SMRT bell library, which was sequenced on the PacBio
Sequel II platform for next-generation high-throughput sequencing
(Chen et al. 2022a). The output files in BAM format were then converted
to CCS files using SMRT Link [v8.0.0] (Ardui et al. 2018). Specifically,
barcode sequences were converted to Raw-CCS sequences using lima
[v1.7.0], and Clean-CCS sequences were generated by removing primer
sequences based on length with cutadapt [v1.9.1] (Martin 2011; Wang
et al. 2022). DADA2 [v1.16.0] and QIIME2 [2020.6] were used for de-
noising and chimeric removal to produce high-quality Non-chimeric
CCS sequences (Hall and Beiko 2018). Subsequently, OTUs were clus-
tered at 97% similarity using USEARCH [v10.0.240_i86] and annotated
based on the Silva database [SSU138] to obtain precise species infor-
mation (Dueholm et al. 2020). The species data were visualized using
stacked charts on the OmicShare online platform.

2.6. Tissue RNA extraction, library generation, and transcriptomics
analysis

Total RNA was extracted from liver and ileum samples (n = 3 per
group) using TRIzol reagent (Invitrogen), and initially assessed for
concentration and purity using the NanoDrop™ ONE® (Thermo Scien-
tific). The sample size suffices for the demand of transcriptomic analysis
(Wang et al. 2024). RNA samples that met quality standards were then
sent to Biomarker Technologies Co., Ltd for further processing. Specif-
ically, RNA samples were re-evaluated for purity, concentration, and
integrity using the NanoDrop™ 2000c spectrophotometer and the Agi-
lent 2100 Bioanalyzer (Agilent Technologies, USA). Only samples with
an RNA Integrity Number (RIN) greater than 7.0 were used for subse-
quent transcriptome sequencing. The transcriptome library was pre-
pared using the TruSeq™ RNA Sample Preparation Kit (Illumina, CA,
USA), and sequencing was performed on the Illumina NovaSeq 6000
platform in PE150 mode. The resulting data were analyzed on the
BMKCloud platform (https://www.biocloud.net). Trimmomatic [v0.39]
was used to remove adapter-containing reads to obtain high-quality
clean data (Bolger et al. 2014). Subsequently, HISAT [v2.2.1] was
employed to align the sequences with the reference genome Mus mus-
culus (GRCm39) to obtain mapped data (Kim et al. 2019).

The DESeq2 [v2.1.0] R package was employed to identify differential
expressed genes (DEGs) between the tylosin and control groups using
raw count data (Love et al. 2014). Multiple testing correction was per-
formed using the Benjamini-Hochberg method to control FDR at 5%
(Quarato et al. 2023). Genes with |Logx(fold change)| > 1 and adjusted


https://www.omicshare.com/tools
https://www.omicshare.com/tools
https://www.biocloud.net
https://www.biocloud.net
https://www.biocloud.net

H. Ni et al.

p-value (pqgj) < 0.05 were classified as differentially expressed (Zhang
et al. 2023). Volcano plots and PCA were visualized using ggplot2
[v3.5.0] to display information on DEGs (Villanueva and Chen 2019).
The first two principal coordinates (PC1 and PC2) of PCA analysis were
retained to visualize the variance structure. To uncover more useful
pathway information, the Kyoto Encyclopedia of Genes and Genomes
(KEGG) database was also used to annotate the DEGs (Kanehisa and
Goto 2000). Pathways with an adjusted p-value (pqq) < 0.1 were
considered significant and visualized using the Weishengxin (http
s://www.bioinformatics.com.cn) online platform. The protein-protein
interaction (PPI) network of DEGs annotated by significant KEGG
pathways was performed by the database STRING (cn.string-db.org) and
visualized by Cytoscape [v3.8.0] (Cline et al. 2007; Szklarczyk et al.
2010). A high degree of connectivity in the network was obtained by
using the plugin of CytoHubba (Chin et al. 2014), where the hub genes
were also visualized using a heatmap on the Weishengxin online
platform.

2.7. Metabolites extraction, LC-MS, and metabolomics analysis

All samples (n = 6 per group, according to the metabolomic re-
quirements) to be tested were transported to Biomarker Technologies
Co., Ltd using dry ice and initially subjected to metabolites extraction by
the following procedure (Algahtani et al. 2024): 100 pL plasma sample
were mixed with 500 pL of extraction solvent (acetonitrile: methanol =
1:1), and vortexed for 30 s, and then sonicated in an ice water bath for
10 min. For the liver sample, a 50 mg tissue sample was mixed with 1000
pL of extraction solvent (methanol: acetonitrile: HoO = 2:2:1) containing
internal standards. The mixture was combined with steel beads and
subjected to grinding at 45 HZ for 10 min, followed by sonication in an
ice-cold water bath for an extra 10 min. All samples were then left to
stand at —20 °C for 1 h, and centrifuged at 4°C and 12,000 rpm for 15
min. The supernatant was transferred to a new tube, and metabolites
were extracted by drying in a vacuum concentrator. The extracts were
then reconstituted in 160 pL of extraction solvent (acetonitrile: HyO =
1:1), vortexed for 30 s, and sonicated in an ice water bath for 10 min.
Lastly, 120 pL of supernatant was transferred to a vial after centrifuging
at 4°C and 12,000 rpm for 15 min, and 10 pL of the sample was injected
into the machine for analysis. Untargeted metabolomic analysis was
performed via liquid chromatography coupled to tandem mass spec-
trometry (LC-MS) (Waters, UPLC; Thermo, QExactive) equipped with a
chromatography column.

The MS data was acquired in both the positive and negative ion
modes. The raw MS data were then aligned to the peaks using the Pro-
genesis QI software (Zhang et al. 2016). Each fragment was identified by
analyzing the retention and m/z data, with metabolites annotation and
data normalization performed using the XCMS R package (Smith et al.
2006). The annotated data were matched against the KEGG and HMDB
databases for metabolite identity confirmation. The PCA was performed
to assess the quality and reproducibility of metabolomic data in all
groups. The first two principal components (PC1 and PC2), which
captured the majority of the variance, were retained to visualize the
global variance structure. OPLS-DA model was performed to assess the
differences in metabolite profiles between control and tylosin groups,
and the Variable Importance in Projection (VIP) values were calculated
through multiple cross-validation (Huang et al. 2018). The model per-
formance was evaluated using R? (explained variance of X/Y matrices)
and Q2 (predicated capacity via cross-validation) (Rushing et al. 2022).
The criteria for screening differential metabolites were set as |Logx(fold
change)| > 1, univariate statistical p-value < 0.05, and VIP > 1 (Li et al.
2023). Volcano plots were utilized to visualize the differences, which
were displayed on the Weishengxin online platform. Additionally, the
differential metabolites annotated by the KEGG database were used to
explore and elucidate information on related metabolic pathways.
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2.8. Integration of transcriptome and metabolomic data

To uncover the key roles specifically involved in the liver tissue
response to tylosin intervention, transcriptomic and metabolomic data
were integrated based on annotations from the KEGG pathway. Specif-
ically, overlap KEGG pathways annotated by DEGs and differential
metabolites were summarized initially using a Venn diagram (Venny
2.0.2, available at bioinfogp.cnb.csic.es/tools/venny/index2.0.2.html).
Subsequently, Pearson correlation coefficients that depict the relation-
ship between the specific metabolites and the corresponding genes were
analyzed based on the selected pathways, and the results were visualized
using a correlation network through the Weishengxin online platform.

2.9. Statistical analysis

The experimental characterization data are expressed as the mean +
SEM (n = 5). The degree of significance in the difference between the
treatment and control groups was visualized and analyzed by a two-
tailed unpaired Student’s t-test using GraphPad Prism software version
10.2.3. A two-tailed p-value < 0.05 was considered statistically signifi-
cant. Significance levels are indicated as follows: *p < 0.1, *p < 0.05, 'p
< 0.01, Mp < 0.001, and M*p < 0.0001. Bioinformatics analysis and
visualization were conducted using the following online platforms:
OmicShare (https://www.omicshare.com/tools), BMKCloud (https
://www.biocloud.net), and Weishengxin (https://www.bioinformatics.
com.cn).

3. Results
3.1. Tylosin-induced metabolic dysregulation and insulin resistance

Throughout the experimental period (Week 1 through Week 8),
antibiotic intervention resulted in higher body weights when compared
to the control group. The relative weight gain (%) in the tylosin group
(45.69 + 0.97%), was higher than the 39.85 + 1.22% observed in the
control group (Fig. 1a). Simultaneously, Lee’s index, which indicates the
degree of obesity, also reached 395.88 + 4.40 after 8 weeks of antibiotic
exposure, representing an increase of 8.39% from the baseline; in
comparison, there was virtually no alteration in the control group
(Fig. 1b). Consistently, the amount of water consumed and food intake
in mice fed with tylosin were higher than those in the control group in
Week 1 and Week 2, respectively, (Fig. 1c-d). This observation suggests
that the intake of antibiotics altered the appetite of the mice, resulting in
increased food consumption and higher body weight. However, our
observation indicated that the rapid weight gain induced by tylosin was
due to the accumulation of adipose tissue in different parts of the body,
resulting in an obese state that critically impacts the metabolic profile of
circulating fatty acids and glucose balance, such events in turn result in
metabolic dysregulation and increased risk of disease onset. Our find-
ings confirm that tylosin intake resulted in as much as 28% reduction in
blood glucose levels and an elevation in insulin concentration by 1.90-
fold (Fig. le-f), such changes infer the onset of insulin resistance in
the host. As expected, alterations in the plasma lipid spectrum were
observed. Such changes, which included elevated concentrations of TC,
TG, and LDL, and a decrease in HDL levels (Fig. 1g and Fig. S1), are
consistent with the metabolic perturbations known to be associated with
obesity. Histological analysis was also employed to assess the effects of
tylosin on visceral organs. The results revealed nuclear pyknosis in liver
cells accompanied by inflammatory cell infiltration, and a notable
enlargement of the medullary spaces in the kidneys, indicating mild
tissue damage (Fig. S2a). The relative weight of organs was also found to
have increased when compared to the controls, suggesting the possi-
bility of the development of non-alcoholic fatty liver disease (NAFLD)
(Fig. S2b-c). These findings demonstrate that tylosin intervention in-
duces profound metabolic disturbances, resulting in insulin resistance, a
hallmark of type 2 diabetes (T2DM), early onset of NAFLD, as well as a
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Fig. 1. Effects of tylosin on physiological and metabolic parameters in mice over an 8-weeks treatment period. (a) Relative body weight gain (%), (b) Lee’s
obesity index, (c) Water consumption, and (d) Food intake recorded throughout the 8-weeks intervention period; (e) Blood glucose concentration, (f) Insulin levels,
and (g) Total cholesterol levels in the plasma of two groups assessed after 8 weeks of treatment. The data are shown as mean + SEM (n = 5). Statistical significance
was determined using an unpaired two-tailed Student’s t-test. Significance was set as p < 0.1, *p < 0.05, “'p < 0.01, "'p < 0.001, and ““"p < 0.0001.

certain degree of tissue damage.

3.2. Impact of tylosin on gut microbiome and ARGs migration

Results of a-diversity analysis showed that the Shannon diversity

index at Week 4 and Week 8 was significantly lower than the baseline
level, indicating a reduction in evenness (Fig. 2a). The p-diversity,
represented by genus- and species-PCoA analysis, exhibited substantial
differences in microbial community structure across the experimental
period, reflecting profound disruption of the gut microbiota structure



H. Ni et al.

o
1

ty index &

iversi
>

w
1

Shannon d

O Control
O Tylosin

(o]

2
$ 8 8 8

Relative abundance (%)
[ 3
S

€

Il Tylosin_Week 0
I Tylosin_Week 4
I Tylosin_Week 8

0 Week 0 Week 4 Week 8 Week 0 Week 4 Week 8

H Firmicutes

M Bacteroidetes

B Unclassified

M Verrucomicrobia

W Proteobacteria

B Deferribacteres
Actinobacteria

M Tenericutes
Chlamydiae

m Candidatus_Melainabacteria
Fusobacteria

M Others

Cladogram

Environment International 202 (2025) 109684

9
S D
2 ® Tylosin_Week 8
%
Q @ Tylosin_Week 4
N
losin_Week 0
g -0.2 Tylosin_
S |
)
o
0.4+ i
T T t T T
0.4 -0.2 0 0.2 04
PCoA 1 (63.81%)
Control Tylosin ,
@ 10 " Unclassified = Acet'at.lftlctor
o ® Blautia OSC{II!bacter
St . W Turicibacter
@ gl B Lactobacillus u Bifidobacterium
2 b il Acutalibacter
Escherichia :
<
= 60 W Ligilactobacillus : gZ{ab;lzcterotdes
= Clostridium 0 t;f"’ “a
3 W Eubacterium ers
< 404 B Mucispirillum
) M Dorea
2 W Roseburia
= 20 Alistipes
o M Bacteroides
[~ 1 B Ruminococcus
0 W Enterococcus
Week 0 Week 4 Week 8 Week 0 Week 4 Week 8 Anaerotruncus
W Schaedlerella
W Prevotella
Lachnoclostridium

W a: c_Actinomycetia
mEmb: g_Bacteroides
mmc: f_Bacteroidaceae
mmd: f Muribaculaceae
mmme: g_Prevotella

= f: f_Prevotellaceae
mEmg: g_Alistipes

B h: f_Rikenellaceae
i o_Bacteroidales
B j: c_Bacteroidia
mEmmk: p_Bacteroidetes
==3l: g_Mucispirillum
E=m: f_Deferribacteraceae
E==n: o_Deferribacterales
= o: ¢_Deferribacteres
= p: p_Deferribacteres
B q: f_Bacillaceae
=r: g_Enterococcus
=s: f_Enterococcaceae
Emt: g_Lactobacillus
B u: g_Ligilactobacillus

mmv: f_Lactobacillaceae

Em w: o_Lactobacillales
B x: c_Bacilli
mmy: g_Clostridium

B b5: c_Clostridia

B b6: g_Turicibacter

B b7: f_Turicibacteraceae
B b8: o_Erysipelotrichales

mm z: f_Clostridiaceae I ¢9: c_Erysipelotrichia
B a0: g_Eubacterium I c0: p_Firmicutes

mm al: f_Eubacteriaceae = cl: g_Parasutterella

I a2: g_Acetatifactor = c2: f_Sutterellaceae

B a3: g_Blautia = ¢3: o_Burkholderiales
== a4: g_Dorea =1 c4: c_Betaproteobacteria
I a5: g_Roseburia [ ¢5: g_Escherichia

[ a6: g_Schaedlerella B c6: f_Enterobacteriaceae
B a7: f_Lachnospiraceae I c7: o_Enterobacterales
I a8: g_Anaerotruncus B c8: ¢_Gammaproteobacteria
B a9: g_Oscillibacter I ¢9: p_Proteobacteria
B b0: g_Ruminococcus 2 d0: g_Akkermansia

= bl: f_Oscillospiraceae =21 d1: f_Akkermansiaceae
mEmb2: g_Clostridioides [ d2: o_Verrucomicrobiales

Emm b3: f_Peptostreptoco.
I b4: o_Eubacteriales

ccaceae IR d3: ¢_Verrucomicrobiae
1 d4: p_Verrucomicrobia

Fig. 2. Effects of tylosin on gut microbiota composition of mice determined at different time points of the treatment process. (a) Shannon index of a-di-
versity, (b) PCoA plots of g-diversity at the genus level in the tylosin group (PCol = 63.81%, PCo2 = 28.86%), (c) Relative abundance of gut microbes at the phylum
level, (d) Relative abundance of gut microbes at the genus level, and (e) Circular cladogram generated by LEfSe comparison analysis (LDA score > 4) of gut
microbiota at the phylum and genus levels. The data are shown as mean + SEM (n = 5). Statistical significance was determined using an unpaired two-tailed

s

Student’s t-test. Significance was set as “p < 0.1, *p < 0.05, “p < 0.01, ""p

(Fig. 2b and Fig. S3a).

Annotations from the Nr database provided a more detailed pre-
sentation of changes in the microbial community composition. While
there were no significant changes in the control group at all levels
throughout the experiment, distinct shifts in composition were observed
at all 3 major time points following tylosin treatment. Specifically, at the

s

< 0.001, and

p < 0.0001.

phylum level, the relative abundance of the dominant Firmicutes

decreased from 59.44% at baseline to 40.03% at Week 4, then rose to
73.69% by Week 8. Concurrently, the abundance of Bacteroidetes
dropped by 5 orders of magnitude from an initial 26.18%, while Pro-
teobacteria increased from 0.42% to 14.94% at Week 4 and remained
elevated at 16.48% at the end of the study (Fig. 2¢). It is noteworthy that
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the Firmicutes/Bacteroidetes (F/B) ratio in the tylosin group increased
during the process of drug intervention (Fig. S3b). At the genus level, the
microbial composition became simplified upon intervention with tylo-
sin, with most taxa being significantly reduced, including the probiotic
Lactobacillus strains, which decreased from an initial level of 15.57% to
undetectable levels (Fig. 2d). Notably, the relative abundance of
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Akkermansia increased from 0.13% to 27.53% before dropping to 8.03%;
the abundance of Escherichia rose continuously to 12.50% during the 8
weeks treatment period. At the species level, Akkermansia muciniphila
and Escherichia coli were identified as the primary contributors to these
changes (Fig. S3c). Interestingly, the abundance of Blautia surged from
an initial 0.61% to 61.56% throughout the study, with Blautia producta
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Fig. 3. Analysis of variation in antibiotic resistance genes (ARGs) profile in the gut microbiota following tylosin treatment. (a) PCoA analysis of the
community based on ARGs annotated using the CARD database (PCol = 58.38%, PCo2 = 31.13%, n = 5), (b) Relative abundance of ARGs that encode phenotypic
resistance to different classes of antibiotics, and (c) Stacked bar chart showing the relative abundance of gut microbiota at the phylum level, with data derived from
metagenomic binning analysis. Annotations include the shift of ARGs profiles across key different time points.
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increasing by 11.62%, the rest being unclassified species. Further
analysis by 16S rRNA sequencing revealed dynamic shifts in bacterial
composition from Weeks 1-7 (Fig. S3d). The gut microbiota structure
was profoundly affected just one week after tylosin administration, with
Akkermansia constituting over 25.04% and Escherichia spiking to
56.00%, the abundance of these species gradually decreased until a
resurgence in Week 7. Blautia became the dominant strain by Week 7,
constituting 50.00% of the microbiome, LEfSe analysis based on LDA
score also supported these findings, highlighting Akkermansia and
Blautia as the most differentially enriched genera at Weeks 4 and 8,
respectively (Fig. 2e and Fig. S4). These results indicate that tylosin
intervention causes rapid and significant disruption to the gut micro-
biome, with continual shifts in the microbial structure being observed
throughout the study period; implications of such changes for host
metabolism need to be further studied.

Prolonged antibiotic intervention not only disrupts microbial com-
munities in the intestine but also causes a shift in ARGs profiles, posing a
risk of expansion of antibiotic-resistant bacterial population in the gut
microbiota of animal hosts as well as in different environmental niches.
We next analyzed the degree of enrichment of ARGs in the gut micro-
biota of the test mice using annotations from the CARD database. PCoA
showed that the ARGs patterns recorded at the 3 key time points were
distinct and non-overlapping (Fig. 3a). Based on antibiotic resistance
gene categories, we observed an increase in the abundance of genes that
encode resistance to glycopeptide antibiotics from 15.96% at Week 0 to
20.47% by Week 8 (Fig. 3b). Subsequently, we found that all ARGs
within this category were vancomycin resistance genes (Table S1). To
investigate the migration of ARGs among specific intestinal microbial
taxa, we employed metagenomic binning tools to assemble the genomic
information of each species individually. The results indicated that post-
tylosin treatment, numerous resistance gene contigs, including
vanHDX_6, tet(W)_5, and crf(C)_2, were preferentially enriched in the
genome of Blautia (Fig. 3¢ and Table S1). Therefore, tylosin not only
affects the structural integrity of the gut microbiome but also profoundly
alters the distribution and transmission of functional genes therein,
resulting in the concentration of resistance genes in the enriched bac-
terial species.

3.3. Tylosin-induced downregulation of immune function in the GI tract

In addition to an assessment of intervention and disruption of the gut
microbiota, we further explored the effects of tylosin on gastrointestinal
(GI) tract tissues using transcriptomic analysis approaches. Initially,
PCA demonstrated significant differences in the ileum gene expression
profiles between the test and control groups (Fig. 4a). The volcano plot
further revealed regulatory changes in the genes, specifically identifying
285 and 721 genes that exhibited significant upregulation or down-
regulation, respectively (|Logx(fold change)| > 1.0, pegj < 0.05) (Fig. 4b
and Table S2). Using the KEGG database for enrichment annotation of
these DEGs, several pathways related to energy metabolism and asso-
ciated disease development were found to be significantly activated
(pagj < 0.1), including “Oxidative phosphorylation”, “Arachidonic acid
metabolism”, “Diabetic cardiomyopathy”, and “Non-alcoholic fatty liver
diseases” (Fig. 4c and Table S3). In contrast, the downregulated path-
ways are mainly associated with immune regulation and inflammatory
response, such as “Cytokine-cytokine receptor interaction”, “Thl and
Th2 cell differentiation”, “Th17 cell differentiation” and “TNF signaling
pathway”. Besides, the “Intestinal immune network for IgA production”
pathway, which plays a role in the differentiation of intestinal immune
cells, also exhibited significant alterations. These observations show that
tylosin intervention has a significant negative impact on the GI tract,
including disruptions in metabolic functions and potential suppression
of the host immune response.

Following the annotation of significant KEGG pathways for DEGs, we
constructed a PPI regulatory network to identify the most crucial Hub
genes within the entire expression profile by utilizing the Cytoscape
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software (Fig. 4d and Fig. S5). The results indicated that the top 10 Hug
genes were all downregulated and associated with the toxic response
and regulation of the immune system, including genes such as Gzma,
FASL, Ccl5, and ITGAM. Downregulation of these genes may compro-
mise the immune response to bacterial infections.

3.4. Tylosin-induced metabolic dysfunction in liver

Transcriptomic analysis indicated that there was indeed a shift in the
hepatic transcriptional profile of the test mice (Fig. 4e), with 265 and
372 genes exhibiting significantly upregulated and downregulated
expression levels, respectively (|Loga(fold change)| > 1.0, Dadj < 0.05)
(Fig. 4f and Table S4). Pathway enrichment analysis via KEGG annota-
tions revealed upregulation in the expression of genes in the pathways
involved in metabolism and inflammation, such as “Arachidonic acid
metabolism” as well as “Circadian rhythm” (psg < 0.1); conversely,
expression of genes in the pathways responsible for drug metabolism
and metabolism of glutathione were downregulated (Fig. 4g and
Table S5). Subsequently, a PPI regulatory network was also constructed
to identify Hub genes in the differentially expressed metabolic pathways
(top-10) (Fig. 4h and Fig. S6). The results indicated that these key genes
were predominantly downregulated, and are associated with cell cycle
regulation and division; such genes include Chekl, Ccnel, Cdc20, and
Bub1b. Based on the above findings, we hypothesize that tylosin, as a
pharmaceutical agent, not only affects the metabolic functions of the
host but also directly inflicts damage to the liver tissue with potentially
dire consequences. To further investigate the hepatotoxic effects and
metabolic disturbances induced by tylosin, we employed an untargeted
metabolomics approach to verify specific metabolic alterations. PCA
depicted significant differences between the liver metabolomic profiles
of the tylosin-treated mice and the control (Fig. 5a and Fig. S7a-b).
Specifically, when compared to the control group, there were significant
increases and decreases in the abundance of 119 and 186 metabolites,
respectively (|Loga(fold change)|> 1, p-value < 0.05, and VIP > 1)
(Fig. 5b and Table S6). KEGG annotation showed that the pathways in
which the upregulated metabolites were generated were related to
cancer and metabolic regulation, including “Prostate cancer”, “Arach-
idonic acid metabolism” and “AMPK signaling pathways”. The down-
regulated pathways were primarily associated with lipid metabolism,
such as “Steroid biosynthesis” and “Carbohydrate digestion and ab-
sorption” (Fig. 5e and Table S7). These findings were consistent with the
transcriptomic data, confirming that hepatic metabolic functions were
impaired and that tylosin treatment is detrimental to the overall health
of the host.

Interestingly, significant differences were also observed in the
plasma metabolomic profiles (Fig. 5¢ and Fig. S7c-d), with 117 and 119
metabolites exhibiting significant increases and decreases in abundance
levels, respectively (|Loga(fold change)|> 1, p-value < 0.05, and VIP >
1) (Fig. 5d and Table S8). Upon comparison with the KEGG database, the
upregulated pathways in plasma were related to endocrine and physi-
ological metabolism, notably those involved in the onset of insulin
resistance; such finding was consistent with the observed changes in
blood glucose and insulin levels. On the other hand, the downregulated
pathways involved sugar and carbohydrate metabolism, including
galactose metabolism and carbohydrate digestion and absorption
(Table S9). These results therefore further reveal the liver damage and
metabolic abnormalities induced by tylosin intervention. The impact of
changes in metabolite profiles may be transmitted to other organs
through the circulatory system, potentially affecting multiple physio-
logical functions and precipitating the early onset of metabolic health
diseases such as T2DM and NAFLD. These findings indicate that the
weight gain that occurs during tylosin treatment is the result of exac-
erbation of weight imbalance in the host as a result of extensive
disruption of the physiological and metabolic functions of the host.
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3.5. Key metabolites identified from integrated omics analysis in liver

Following the observation that intervention with tylosin precipitates
metabolic dysregulation and subsequent progression of health-related
disorders in the host, we pursued an integrated analysis of tran-
scriptomic and metabolomic data to screen for potential key metabolites
that drive the metabolic imbalance. Initially, by employing Venn dia-
grams, we pinpointed 3 overlapping significant KEGG pathways anno-
tated by both DEGs and differential metabolites (Fig. 6a-b). Subsequent
correlation analysis using Pearson’s coefficient revealed strong positive
correlations between the abundance of metabolites and the related gene
counts in the “Arachidonic acid metabolism” and “Steroid hormone
biosynthesis” pathways, whereas the ‘“Prostate cancer” pathway
exhibited a negative correlation, with all coefficients surpassing 0.5
after normalization (Fig. 6¢). Furthermore, the pathways that exhibit
positive correlations are related to inflammation and physiological
metabolism. Notably, DEGs associated with arachidonic acid meta-
bolism, such as Cyp2c37, Cyp2c50, and Cyp2c52, are part of the cyto-
chrome P450 family, which is linked to drug metabolism in the liver.
Consequently, the metabolite leukotriene A4 (LTA4) appears to stand
out in this analysis and is likely a pivotal agent that mediates pathogenic
liver damage and metabolic disturbances. Being an inflammatory

a b
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mediator, LTA4 is known to contribute to the suppression of host im-
mune function. Therefore, LTA4 emerges as a potential major factor in
the disruption of host physiological metabolism following tylosin
intervention.

4. Discussion

AGPs have been regarded as beneficial to livestock farming by pre-
venting diseases and enhancing the growth rate of animals (Pokharel
et al. 2020). However, the potential health risks associated with pro-
longed usage of these agents remain unknown. This is an important issue
as AGPs are used in abundance and environmental contamination is
common (Yopasa-Arenas and Fostier 2018). If exposure to AGPs is
proven to be able to cause chronic illnesses in humans and animals, it
would be scientifically justified to prioritize phased restrictions on their
agriculture applications and adopt evidence-based mitigation frame-
works to reduce the environmental dispersion of these bioactive agents.
In this work, we have generated sufficient evidence which shows that
weight gain in animals induced by tylosin, a representative AGP, comes
at the cost of animal health and welfare. Importantly, multiple physio-
logical and metabolic defects were observable in animals treated with
tylosin for as short as eight weeks. It is likely that antibiotic residues that
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Fig. 6. Analysis of degree of correlation between transcriptome and metabolome of liver tissue collected in tylosin-treated mice. (a) Venn diagram
summarizing the overlapping KEGG pathways annotated by DEGs and metabolites of significantly different levels when control and tylosin-treated groups were
compared, (b) Degree of significance of the overlapping KEGG pathways, pathways with notable changes in both DEGs and differentially produced metabolites in the
tylosin and control groups are highlighted, (c¢) Correlation network plots of representative KEGG pathways illustrating the relationship between DEGs and differ-
entially produced metabolites based on Pearson coefficients, and (d) Tylosin-mediated hepatic damage, parts of the figure were drawn using pictures from Servier
Medical Art (https://smart.servier.com/).
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remain in food samples pose similar health risks to human, Hence
environmental contamination with AGPs such as tylosin is of great
concern.

In this study, we showed that tylosin significantly altered the appe-
tite of male mice and caused a significant increase in relative body
weight gain (45.69%) when compared to the control group. Assessment
by Lee’s index, however, indicated that this rapid weight gain was
actually manifested in the form of obesity, rather than a healthy and
natural growth phenomenon. Notably, male mice were selected due to
their increased susceptibility to diet-induced weight gain and compar-
atively reduced gut microbiota diversity relative to females (Casimiro
et al. 2021; Zhu et al. 2023). Several previous studies showed that early
antibiotic treatment in infants greatly increased the likelihood of
becoming overweight/obese; similar results have also been observed in
animal models (Klancic et al. 2020; Vallianou et al. 2021). Treatment
with AGPs last much longer and hence the effects on animals are ex-
pected to be more significant and long-lasting. It is also known that
blood lipid metabolism can be disrupted by antibiotics, leading to the
onset of cardiovascular diseases such as atherosclerosis (Kappel et al.
2020). Our results consistently revealed elevated levels of TC, TG, and
HDL in plasma, indicating that the animal host has entered a hyper-
lipidemic physiological state, which may predispose further develop-
ment of other metabolic diseases; the observation of liver tissue damage
in our study supports this hypothesis. As a vital metabolic organ, the
liver plays a crucial role in energy metabolism, drug detoxification and
immune functions (Peiseler et al. 2022). This study illustrated that
tylosin intervention resulted in pathological change in the liver of the
test mice, and an increase in the organ weight ratio, indicating early
onset of NAFLD. If not treated timely, this condition could lead to
impairment of liver functions and other metabolic processes (Tilg et al.
2021). On the other hand, the liver is also a key organ that regulates
blood sugar levels. In obese patients, an imbalance of blood sugar and
insulin levels can trigger the onset of T2DM and exacerbate abnormal-
ities in fat and sugar metabolism, setting off a vicious cycle (Kaufman
et al. 2020; Rachdaoui 2020). In our study, although blood glucose
levels were only slightly reduced, the content of insulin was abnormally
elevated (1.90 times), indicating potential development of insulin
resistance and signs of early symptoms of T2DM. A previous clinical
cohort study indicated that prolonged use of antibiotics could increase
the risk of developing T2DM in women (Yuan et al. 2020). Therefore, if
exposure to tylosin continues, pancreatic f-cell functions would likely
progress to exhaustion, leading to rapid increase in blood glucose levels
and deterioration of the overall health of the animal host. All in all, our
data confirms that the weight gain induced by the long-term feeding of
tylosin is negative and unhealthy, causing significant damage to the liver
of the test animal and development of serious metabolic diseases such as
NAFLD and T2DM.

The prevailing view holds that the growth-promoting mechanisms of
antibiotics are primarily based on their effects on the gut microbiota,
such as inhibiting the growth of gut microbes that compete with the host
for nutrients, suppressing sub-clinical microbial infections, and reducing
microbial metabolites in the gut that are unfavorable for growth
(Rahman et al. 2022). Although these effects appear to be beneficial, it is
important not to overlook the fact that antibiotics are major disruptors
of the gut microbiota. Administration of antibiotics frequently results in
numerous detrimental effects, including diminished diversity of gut
microbiota characterized by a decrease in the population size of pro-
biotic strains, induction of antibiotic resistance, and alteration of the
metabolic landscape of the gut, notably the production of bile acids and
SCFAs (Gao et al. 2019; Ramirez et al. 2020). It was reported that tylosin
administration at the Theoretical Maximum Daily Intake (TMDI) level
(0.047 mg/kg) induced obesity and gut microbiota disruption in mice
under high-fat diet conditions, with no remarkable weight changes
observed in standard dietary regiments.(Chen et al. 2022b). The eleva-
tion in primary bile acid levels may exacerbate disturbances in gut
microbiota through their inherent antimicrobial properties (Tian et al.
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2020). Importantly, this investigation did not address the horizontal
transfer of antibiotic resistance or virulence genes within microbial
communities or systemic metabolic perturbations in hosts beyond
adiposity. We assessed the impact of tylosin on the structure and func-
tional genes of gut microbiota to determine the nature of damage this
drug may inflict on animal health at a higher concentration in this study.
Initially, the data of a-diversity and $-diversity in this study confirmed
severe disruption of the gut microbiota structure and a significant
reduction in evenness. Meta-analysis spanning data of strains collected
in the period 1946-2019 indicated that nearly all common antibiotics
cause a reduction in bacterial diversity and a decrease in the abundance
of probiotic strains, with effects lasting over one year (Zimmermann and
Curtis 2019). Furthermore, as a macrolide antibiotic targeting the 50S
ribosomal subunit, tylosin exhibits heightened activity against Gram-
positive bacteria (Liu and Douthwaite 2002). This mechanistic speci-
ficity results in selective suppression of probiotic taxa such as Bifido-
bacterium and Lactobacillus, ultimately driving microbial community
homogenization and loss of diversity (Powell et al. 2021). Our data are
consistent with these findings and show that tylosin intervention
reduced the abundance of Lactobacillus to undetectable levels, but
caused as much as a 12% increase in the abundance of E. coli. In animal
models, Lactobacillus has been proven to antagonize obesity; represen-
tative examples include Lactobacillus rhamnosus GG (LGG), which can
improve leptin resistance caused by a high-fat diet, and Lactobacillus
reuteri J1 (L. reuteri J1), which ameliorates dyslipidemia and reshapes
adipose tissue by inhibiting the FXR signaling pathway (Cheng and Liu
2020; Zhang et al. 2022). Hence, the reduction in abundance of pro-
biotic strains is associated with an increased risk of obesity. On the other
hand, E. coli abundance is typically upregulated in obese and overweight
individuals, as overgrowth of this strain may disrupt physiological
functions of the gut, affecting lipid and carbohydrate metabolism and
inducing development of metabolic diseases (Geng et al. 2022). The F/B
ratio was also found to be elevated several hundredfold after 8 weeks;
this feature, which is consistent with the obesity characteristics, may be
attributed to the ability of Firmicutes to enhance metabolism and
fermentation of carbohydrates and lipids (Stojanov et al. 2020). In
addition, the significant increase in the abundance of Blautia (60.95%) is
of great concern. Current studies consider Blautia a potential probiotic
strain which may prevent occurrence of metabolic and inflammatory
diseases, and that this strain is less commonly found in diabetic/obese
individuals; this theory therefore appears to contradict our findings (Liu
et al. 2021b). However, Chanda et al. suggest that a shift in Blautia
abundance in obese individuals might either improve or exacerbate
obesity, depending on the differences of specific strains (Chanda et al.
2024). Our results at least suggest a strong correlation between Blautia,
host metabolism, and the onset of obesity. Following binning-based
reconstruction of metagenome-assembled genomes (MAGs), we sys-
tematically investigated the horizontal dissemination of ARGs across
microbiota taxa within the gut ecosystem. Interestingly, under pro-
longed intervention with tylosin, Blautia eventually harbored the largest
number of antibiotic resistance gene contigs. This observation is
consistent with the high carriage rate of vancomycin resistance genes in
species within this genus; such genes are known to enhance the ability of
bacteria to adapt to different environmental niches and colonization in
the intestines of animals (Liu et al. 2021a; Liu et al. 2021b). A previous
meta-analysis showed that feeding of tylosin increased in the proportion
of macrolide-resistant enterococci in the bovine GI tract (Cazer et al.
2020). Another study proposed that B. producta colonized the gut with
the assistance of C. bolteae, thereby facilitating the clearance of
vancomycin-resistant Enterococcus (VRE) in the GI tract of patients
(Caballero et al. 2017). Therefore, we hypothesize that Blautia acquired
ARGs through horizontal gene transfer from other bacteria under the
selection pressure of tylosin, and that Blautia strains may also transmit
ARGs to other intestinal bacteria, posing environmental and human
health threat (McInnes et al. 2020). These findings confirm that pro-
longed intervention with tylosin causes disturbances in the gut
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microbiota, especially by altering microbiota structure as well as gut
metabolite composition, potentially triggering onset of physiological
and metabolic disorders such as obesity; these events also lead to con-
centration of resistance genes in specific bacterial strains due to reduced
microbial diversity, promoting development of AMR.

In addition to the direct impact on gut microbiota, transcriptome
analysis also revealed alterations in gene expression within the ileum
tissue of the GI tract. The small intestine, which is primarily responsible
for nutrient absorption, may exhibit enhanced nutrient uptake and uti-
lization upon exposure to AGPs which may cause a reduction in intes-
tinal mucosal thickness (Judkins et al. 2020; Rahman et al. 2022). KEGG
pathway annotation revealed upregulation in energy metabolism and
disease development pathways, including those associated with non-
alcoholic fatty liver disease and diabetic cardiomyopathy; these data
are consistent with the pathological changes observed in the animal
experiments. At the genetic level (Fig. S5a), expression of Hub genes
linked to mitochondrial activity, such as mt-Col, mt-Co2, and mt-Co3
(encoding mitochondrial cytochrome c¢ oxidase), mt-Atp6 (mitochon-
drial ATP synthase), and mt-Nd1 and mt-Nd2 (mitochondrial NADH
dehydrogenase), were found to be upregulated, suggesting an imbalance
in energy metabolism upon tylosin treatment (Cerqua et al. 2021; Lim
et al. 2016). A nested case-control study previously showed that
methylation of mitochondrial DNA genes like mt-Col and mt-Co3 could
serve as biomarkers for cardiovascular disease in overweight and obese
patients (Corsi et al. 2020). Intriguingly, downregulation in the
expression of genes and pathways related to inflammation and immu-
nity was observed in the tylosin treatment. Intestinal epithelial cells are
known to secrete various immune factors to maintain gut health
(Kayama et al. 2020). Previous studies have shown that AGPs can
downregulate the expression of intestinal inflammatory factors, such as
IL-1p and IL-17A, during microbial infections, thereby reducing severe
inflammatory responses and aiding in the maintenance of host health
(Briissow 2015; Oh et al. 2019). However, it is not clear whether AGPs
continue to suppress these inflammatory factors and immune functions
in the absence of pathogens. Niewold et al., suggested that AGPs might
inhibit the production of metabolic mediators by inflammatory cells,
promoting growth independent of gut microbes (Niewold 2007).
Furthermore, prolonged antibiotic treatment was found to disrupt
innate immunity and gut homeostasis, potentially leading to inflam-
matory bowel diseases (Wlodarska and Finlay 2010). Therefore, tylosin-
induced immunosuppression may not always be beneficial and could
increase mortality risk during infections by highly pathogenic micro-
organisms (Wallis et al. 2023). All in all, our data confirms that tylosin
disrupts energy metabolism in the GI tract, causing obesity and liver
diseases upon prolonged treatment. Furthermore, the ability of tylosin to
suppress the expression of inflammatory factors may be either beneficial
or detrimental, depending on whether the host is being infected by
microbial pathogens during the treatment process. As our data showed
that tylosin may cause reduction in host immunity, we believe that any
benefits of the drug brought about by suppression of life-threatening
inflammation induced by microbial infections are counteracted by the
lowered immune responses in the host upon prolonged exposure to this
drug. The gut-liver axis plays a critical role in maintaining systemic
physiological, immune, and metabolic balance (Tilg et al. 2022).
Changes in the level of intestinal metabolites, such as bile acids and
SCFAs, can disrupt the ability of the liver to regulate lipid metabolism
(Hu et al. 2021; Luo et al. 2023). Moreover, as a key organ that plays a
role in drug metabolism, excessive drug intake challenges the detoxifi-
cation capacity of the liver, impairing liver functions and indirectly
affecting other crucial metabolic pathways (Lai et al. 2022; Tilg et al.
2021). In this study, gene and metabolic profiles of the liver were found
to be altered significantly upon tylosin intervention. Initially, from the
DEGs annotated by KEGG, we observed upregulation of the arachidonic
acid (AA) metabolism pathway. In a previous study, the administration
of florfenicol, a broad-spectrum antibiotic, also can diminish SCFAs
production by disrupting gut microbiota (Zhao et al. 2024). These
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changes impaired hepatic fatty acid synthesis, degradation, and trans-
formation- including AA metabolism-while dysregulated SCFAs
signaling pathways promoted insulin resistance, thereby exacerbating
hepatic lipid accumulation and AA dyshomeostasis. AA is also closely
linked to various physiological metabolic activities, including activation
of the cyclooxygenase (COX) pathway which is responsible for trig-
gering the onset of inflammation and NAFLD (Sztolsztener et al. 2020),
as well as induction of the lipoxygenase (LOX) pathway, whose prod-
ucts, leukotrienes (such as LTA4), are related to hepatic inflammatory
responses (Shimizu et al. 1984). Besides, current evidence suggests that
leukotriene (LTB4), downstream metabolites of LTA4, serve as a critical
mediator in metabolic disorders such as obesity and diabetes, actively
contributing to the pathogenesis of lipid metabolism dysregulation
(Haeggstrom 2018; Ramalho et al. 2019). A recent study showed that
LTB4 can increase intracellular cAMP levels, thereby activating the
IRE1a-XBP1 endoplasmic reticulum pathway, which in turn leads to the
accumulation of lipids in the liver and onset of NAFLD (Liu et al. 2023b).
On the other hand, we noted the pathway “Drug metabolism — other
enzymes,” which is related to the potential of tylosin to disrupt host
metabolism, was down-regulated. Fortunately, the CytoHubba software
helped us identify Cyp2c47, Cyp2c50, and Cyp2c54, which are members
of the cytochrome P450 (CYP) superfamily, from the upregulated Hub
genes (Fig. S6a). Enzymes of the CYP family primarily participate in
drug metabolism in the liver, facilitating the conversion of drugs into
more easily excretable active substances (Song et al. 2021). In addition,
Cyp2c family enzymes convert AA into epoxyeicosatrienoic acids (EETs)
via the epoxidation pathway, contributing to inflammatory responses
(Spector et al. 2004). Based on this observation, we hypothesize that
tylosin initially upregulates CYP family gene expression in the liver to
coordinate drug metabolism, but it also positively activates the COX and
LOX pathways, thereby stimulating the production of AA. However, as
the intervention progresses, liver cells are damaged, diminishing their
capacity for drug metabolism, but accumulation of other metabolic
products such as leukotrienes disrupts lipid metabolism in the liver and
eventually causes metabolic disorders (Fig. 6d).

Results of integrative transcriptomic and metabolomic analysis
support our hypothesis, as the relative increase in the abundance of the
key metabolite LTA4 confirms the activation of the LOX pathway.
Additionally, we identified 20-CoA-20-0x0-LTB4 in the liver through
analysis of the metabolomic data; this compound, which is produced
from LTB4 via lipid w-oxidation, may also intervene in organ lipid
metabolism. Interestingly, an increase in the downstream leukotrienes,
namely LTC4, LTD4, and LTE4, was also detectable in the plasma
metabolomic profile (Table S8). This finding corroborates the imbalance
in multiple AA-mediated metabolic pathways in the liver, allowing
related metabolites to enter the bloodstream through the hepatic portal
vein, posing a threat to the normal functioning of other organs.
Furthermore, as inflammatory mediators, they echo the previously
observed suppression of inflammation in the small intestine, possibly
due to continuous immune system stimulation which cause functional
imbalance and decline (Albillos et al. 2022; Yang et al. 2017). Thus, our
results demonstrate that impairment of liver function and induction of
disorder in multiple metabolic pathways during tylosin treatment was
mediated by AA and LTA4, which act by severely disrupting lipid
metabolism and suppressing host immune function. In a parallel AGP
intervention study utilizing lincomycin, we observed analogous out-
comes, further corroborating the central hypothesis of this investigation
(Ni et al. 2024).

A previous study demonstrated that over 28% of tylosin intake in
animals is excreted in their manures, with residual antibiotics directly
contaminating the soil environment. These drug residues may promote
the development of AMR in microorganisms and cross-species trans-
mission of ARGs (Chen et al. 2018). Furthermore, animal wastes can be
utilized as manure for crop production, allowing antibiotic residues to
be accumulated and enriched in the human body (Pan and Chu 2017).
Both meat products from animals fed with AGPs and crops contaminated
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with such compounds could potentially pose health risks to humans,
potentially causing a range of metabolic diseases as revealed in this
study.

5. Conclusions

The physiological response of an animal host to tylosin upon expo-
sure to this agent for a prolonged period was found. Integrative multi-
omics analyses show that tylosin disrupts the structure of the gut
microbiome and promotes the development of AMR; we also revealed
metabolic dysregulation in the liver due to activation of the arachidonic
acid metabolism pathway upon tylosin treatment. The drug was also
found to cause immune suppression, and early onset of T2DM and
NAFLD metabolic disorders. These findings suggest that the weight gain
induced by the use of AGPs bears the cost of compromising animal
health and welfare. These health risks may be transmitted to humans via
food intake and environmental exposure. The potential adverse conse-
quences of using AGPs in livestock production should be addressed and a
search for alternative AGPs is urgently needed.
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