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Abstract 1 

The human gut microbiome encodes a large spectrum of quorum sensing peptides (QSPs) playing a vital 2 

role in microbial communication and host-microbial interactions, yet discovery and functional 3 

characterization of novel QSPs are still limited. Here, we developed an integrated artificial intelligence 4 

(AI)-driven pipeline combining large-scale genome mining, machine learning-based screening, 5 

Alphafold3 structural modelling, and molecular dynamics simulations to systematically identify 1,670 6 

novel candidate QSPs (cQSPs) from 12,488 human gut microbial genomes. Subsequent experimental 7 

screening identified 29 cQSPs with α-glucosidase inhibitory activities. Notably, GIVLVPTSLVSG 8 

(GIVL), an Agr-derived QSP from Clostridium tyrobutyricum, not only exhibited canonical quorum-9 

sensing functions, but also demonstrated a stable interaction with and strong inhibitory activity against α-10 

glucosidase. In diabetic mice, administration of GIVL significantly improved glucose homeostasis and 11 

insulin sensitivity accompanied by increased production of short-chain fatty acids (SCFAs) in the gut 12 

microbiome. Our findings expand the QSP database and establish a generalizable, AI-enabled framework 13 

for the systematic discovery of microbiome-derived peptides with therapeutic potential in metabolic 14 

disease, positioning QSPs as promising sources of therapeutics for diabetes and other chronic metabolic 15 

disorders. 16 

 17 

Main 18 

Human microbiomes consist of trillions of microorganisms residing on and in the body, forming complex 19 

communities that communicate through chemical signaling systems to coordinate bacterial collective 20 

behaviors and adapting to dynamic environments1-8. In Gram-positive bacteria, the communication is 21 

predominantly mediated by quorum sensing peptides (QSPs), a diverse class of secreted oligopeptides 22 

that function as key regulators of population density-dependent processes9,10. Beyond their canonical roles 23 

in controlling biofilm formation, virulence, drug resistance, and interbacterial competition7,11, recent 24 

studies have further revealed that QSPs also act as mediators of host-microbiome crosstalk, modulating 25 

host immune interactions, epithelial barrier function, and disease progression12-17. These findings suggest 26 

that QSPs not only act as microbial communication signals but also as bioactive molecules with the 27 

potential to directly influence host physiology. 28 

Among the diverse families of QSPs, the autoinducing peptides (AIPs) derived from the accessory 29 

gene regulator (Agr) system represent the classic type and most extensively studied classes of QSPs18-24 30 

(Extended Data Fig. 1). In classical models such as Staphylococcus aureus, AIPs are generated through 31 

proteolytic processing of the AgrD precursor by the membrane-bound protease AgrB, followed by 32 

secretion and activation of the AgrC/AgrA two-component signal transduction system25-27. AIPs, also 33 

known as Agr-derived QSPs, were originally documented to regulate virulence and differentiation28-30, 34 

but have now been shown to exhibit broader biological activities, including cross-species quorum sensing 35 
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interference, antimicrobial effects, and modulation of host inflammatory responses13,25,30-32. For example, 36 

AIPs secreted from the skin commensal coagulase-negative staphylococci, such as S. simulans and S. 37 

saprophyticus, can attenuate the pathogen virulence of S. aureus through quorum quenching and thereby 38 

reducing skin damage in a murine infection model32,33. AIPs secreted from S. aureus have also been used 39 

to prevent abscess formation in a murine model34. These findings highlight the therapeutic potential of 40 

Agr-derived QSPs in the control of infection. However, the potential roles of Agr-derived QSPs in 41 

metabolic regulation and systemic host physiology remain largely unexplored.  42 

Despite growing recognition of their importance, together with the growing development of QSP 43 

prediction tools20, large-scale discovery and functional annotation of QSPs remain limited. For example, 44 

the established QSPs database Quorumpeps (Wynendaele et al., 2012), one of the few publicly available 45 

databases dedicated to experimentally validated QSPs, currently contains 359 peptide sequences, of which 46 

only 64 are derived from the Agr system35. In addition, the Quorum Sensing of Human Gut Microbes 47 

(QSHGM) database provides a specialized resource for quorum sensing relevant proteins, which contains 48 

28,567 non-redundant entries. However, it primarily focuses on QS synthases and receptors rather than 49 

signal peptides, thereby underscoring the continued scarcity of dedicated QSP resources36. Furthermore, 50 

the bioactivities of these QSPs are mainly limited to the basic functions of virulence and biofilm formation 51 

in microbes that secrete these peptides, with almost no data available on cross-species or host-targeted 52 

activities. Beyond databases, computational prediction tools, such as QSPpred, iQSP, EnsembleQS, and 53 

PEPred-Suite, have been developed to facilitate QSP prediction20. However, these algorithms are 54 

constrained by training on small-scale datasets with QSPs only including conventional quorum sensing 55 

effects, thus offering limited insight into the broader biological functional diversity of QSPs. Addressing 56 

these challenges requires integrative strategies that combine large-scale peptide mining with functional 57 

prediction and experimental validation. 58 

The human gut microbiome represents a largely untapped reservoir of bioactive peptides with diverse 59 

biological functions37. Large-scale computational screening has predicted hundreds of antimicrobial 60 

peptides from human gut microbiome, followed by experimental validation demonstrating potent efficacy 61 

against antibiotic-resistant pathogens38,39. Moreover, recent studies have revealed that gut microbial 62 

peptides may constitute attractive potential candidates for the treatment of a variety of diseases, including 63 

cancer and metabolic diseases40,41. However, even though the diversity of characterized human gut 64 

microbial peptides has increased vastly, the specific subset of QSPs remains poorly characterized. In this 65 

study, we established an integrated computational-experimental framework for the systematic discovery 66 

and functional characterization of QSPs from the human gut microbiome. By combining large-scale 67 

genome mining, machine learning-based screening, Alphafold3 structural modelling, and molecular 68 

dynamics (MD) simulations, we identified 1,670 Agr-derived candidate QSPs (cQSPs) from the human 69 

gut microbiome and revealed their potential interactions with sucrase-isomaltase (SI), the primary α-70 
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glucosidase localized in the small intestine. In vitro experiments further validated that 29 of 46 chemically 71 

synthesized cQSPs exhibited α-glucosidase inhibitory bioactivity. Especially GIVL (cQSP_1089, 72 

GIVLVPTSLVSG) derived from Clostridium tyrobutyricum, exhibited interesting α-glucosidase 73 

inhibitory properties. Administration of GIVL significantly improved glucose tolerance and insulin 74 

sensitivity in a diabetic mouse model and increased SCFAs production in the gut microbiome. Our study 75 

not only expands the functional landscape of QSPs and uncovers a previously unrecognized role of QSPs 76 

in host metabolic regulation but also provides a new perspective for a deeper understanding of the 77 

interaction between intestinal bacterial communication systems and host metabolism of importance for 78 

the development of peptide-based therapeutics targeting metabolic diseases. 79 

 80 

Results 81 

Identification and bioactivity prediction of candidate QSPs from the human gut microbiome 82 

We first gathered a total of 12,488 human gut bacterial genomes from the Fecal Microbiota 83 

Transplantation (FMT) database (956 genomes)42, the Culturable Genome Reference (CGR2) database 84 

(3,324 genomes)43, the Unified Human Gastrointestinal Genome (UHGG2) database44 (4,744 genomes) 85 

and the Broad Institute-OpenBiome Microbiome Library (BIO-ML) repositories45 (3,464 genomes) (Fig. 86 

1a). Previous studies have demonstrated that the agrBDCA cluster is responsible for the production of the 87 

quorum sensing signal molecules in Gram-positive bacteria23,46. While AgrD encodes the pro-peptide 88 

sequences of QSPs, the other genes in the cluster are responsible for processing, secretion, and regulation 89 

of the QSPs29,30,47-51. Based on gene annotation, we detected 2,776 agrD gene sequences from 1,655 90 

bacterial genomes, mainly distributed in the genera Enterococcus_B (179 genomes), Blautia_A (126 91 

genomes), Agathobacter (73 genomes), Fecalibacillus (71 genomes), and Clostridium (56 genomes) 92 

belonging to the phylum Bacillota (Fig. 1a and Supplementary Table 1).  93 

Since the AgrD-derived QSPs maintain strict compositional rules as proteolytic products of the pro-94 

peptide sequences containing 5 to 17 amino acids (aa) featuring a highly conserved proline residue located 95 

at residue 6 from the C-terminus46,52, we first anchored the C-terminal processing region of the AgrD pro-96 

peptides at the conserved proline residues using multiple sequence alignment. To capture all potential 97 

bioactive forms, we applied a sliding window strategy to systematically extract all continuous fragments 98 

ranging from 5 to 17 amino acids within this region, generating an initial candidate quorum sensing 99 

peptides (cQSPs) library comprising 11,767 fragment peptides (Fig. 1a). To further identify high-100 

confidence cQSPs, we used machine-learning-based tools PSRQSP53 and the deep-learning-based PreTP-101 

2L54 for QSP sequence prediction and then used ToxinPred355 to predict the cytotoxicity of the predicted 102 

cQSP sequences. Finally, a total of 1,670 peptides were predicted to be non-toxic and high-confidence 103 
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cQSPs (Fig. 1a and Supplementary Table 2). Compared to the Quorumpeps database35, all the 1,670 104 

cQSPs represented novel sequences. Subsequently, the 11,767 fragment peptide sequences were clustered 105 

with the 1,670 cQSPs based on 75% similarity using CD-Hit56 to identify the prevalence frequency of the 106 

cQSPs, revealing that 317 cQSP families were prevalent in the human gut microbiome, representing at 107 

least three fragment peptides. Finally, we selected 82 cQSPs for subsequent screening for biological 108 

activity from the 317 cQSP families with a lower predicted cytotoxicity score (< 0.3), and folding ability 109 

predicted by Alphafold2 (Fig. 1a). 110 

Based on the physiological hypothesis that secreted bioactive peptides derived from the gut 111 

microbiome may influence nutrient absorption by regulating digestive enzyme activities, we initially 112 

focused on two key extracellular enzyme families, oligosaccharidases and lipases, both closely linked to 113 

nutrient digestion in the human intestine. We used AlphaFold3 to systematically predict the binding 114 

interactions between all 82 cQSPs and 12 representative proteins from these enzyme families. This 115 

analysis revealed that 58 of the 82 cQSPs exhibited potential binding affinity specifically for sucrase-116 

isomaltase (SI), while interactions with other digestive enzymes were unstable or unreliable 117 

(Supplementary Table 3). SI is the primary α-glucosidase localized to the small intestinal brush border 118 

and is responsible for hydrolyzing dietary disaccharides such as sucrose and maltose, making it a key 119 

pharmacological target for postprandial glycemic control57. Therefore, the above binding predictions 120 

suggest that the peptides identified in this study may exert their function by specifically inhibiting α-121 

glucosidase activity.  122 

 123 

Computational and experimental validations of the α-glucosidase inhibitory activity of cQSPs 124 

To validate this predicted function, we successfully synthesized 46 of the 82 cQSPs using solid-phase 125 

peptide synthesis and assessed their α-glucosidase inhibitory ability in vitro. Consistent with Alphafold3 126 

binding results, we found that 29 of 46 synthesized cQSPs showed α-glucosidase inhibitory activity, and 127 

of these, 23 cQSPs inhibited α-glucosidase with IC50 values that were less than half of that of acarbose, 128 

an α-glucosidase inhibitor used for the treatment of type 2 diabetes for more than 40 years58-62 129 

(Supplementary Table 4). To assess the potential toxicity of cQSPs to mammalian cells, we performed 130 

hemolysis assays for all cQSPs and determined the 50% hemolytic concentration (HC50, 50% hemolysis) 131 

toxicity values (Fig. 1b and Supplementary Table 4). These results showed that 30.43% (14/46) peptides 132 

exhibited negligible hemolytic activity against mouse erythrocytes at a concentration of 20 mg mL-1. 133 

Notably, the large HC50 to IC50 ratios (>500) indicated that 15 tested peptides exhibited broad potential 134 

therapeutic windows, i.e., they did not show significant hemolytic activity within the effective dose range.  135 

Among these 15 cQSPs, we found that three (cQSP_1089, cQSP_1105, and cQSP_1119) not only 136 

possessed non-cytotoxicity but also exhibited potent α-glucosidase inhibitory activity (Fig. 1c and 137 

Supplementary Table 4). The AlphaFold3 results showed that all three peptides bound within the same 138 
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active pocket of SI, whereas acarbose occupied a distinct site, suggesting a different mode of α-139 

glucosidase binding inhibition (Fig. 1d). Compared with the acarbose-SI complex, the three peptide-SI 140 

complexes showed no changes in α-helix content, whereas a slight reduction in β-sheet was observed 141 

(Supplementary Table 5), indicating that binding interaction is primarily mediated through occupation 142 

of the catalytic pocket and local structural perturbations. We further performed molecular dynamics (MD) 143 

simulations analysis to determine the binding stability of these three peptides to SI. The MD simulations 144 

showed that all three peptides formed stable interactions with SI compared to acarbose, suggesting their 145 

potential as pharmaceutical α-glucosidase inhibitors (Extended Data Fig. 2a, b and Supplementary 146 

Table 6). Consistent with these computational predictions, the three peptides showed a typical dose-147 

dependence on α-glucosidase, with comparable IC50 values of 3.27, 1.93, and 2.88 μM, respectively, 148 

which were 1-2 orders of magnitude lower than that of the clinical drug acarbose (IC50 > 100 μM). Kinetic 149 

analysis further revealed that the three peptides cQSP_1089 (15.3 µM), cQSP_1119 (15.3 µM), and 150 

cQSP_1105 (9.0 µM) achieved maximum inhibition rates of 98.26%, 99.35%, and 87.41%, respectively, 151 

which was significantly better than that of the acarbose control group at the same mass concentration 152 

(inhibition rate of 22.22% at 27.1 µM) (Fig. 1c). These findings highlight the strong inhibitory activity of 153 

these peptides and their potential therapeutic value. Considering the suitability for further testing using 154 

the bacterial species giving rise to these three QSPs (see Methods), cQSP_1089 (hereby referred to as 155 

GIVL) derived from Clostridium tyrobutyricum was ultimately chosen as the model molecule for 156 

mechanistic studies. Besides, to further validate the sequence specificity of GIVL, we synthesized two 157 

scrambled peptides with identical length and amino acid composition to GIVL. In vitro enzymatic assays 158 

confirmed that the scrambled peptides did not inhibit α-glucosidase activity (Extended Data Fig. 3 and 159 

Supplementary Table 7). 160 

To identify the residues contributing to the stability and binding affinity of the SI-GIVL complex, 161 

we performed in silico alanine-scanning mutagenesis on peptide GIVL against SI using AlphaFold3. The 162 

structural modelling analysis showed that Gly1, Val5, and Pro6 of GIVL contribute significantly to 163 

binding to SI and may play important roles in α-glucosidase inhibition (Extended Data Fig. 4a). 164 

AlphaFold3 modelling of version of GIVL with alanine substitution of Gly1, Val5, and Pro6 in GIVL 165 

revealed fewer ideal hydrogen bonds (yellow) and more electrostatic clashes (red) (Extended Data Fig. 166 

4b-e and Supplementary Table 8), indicating that Gly1, Val5, and Pro6 play essential roles in mediating 167 

the interaction with SI. We next investigated the interaction between GIVL and α-glucosidase using 168 

fluorescence spectroscopy, circular dichroism (CD), and Fourier-transform infrared spectroscopy (FTIR). 169 

Fluorescence spectroscopy demonstrated that the intrinsic fluorescence emission peak of α-glucosidase 170 

(~334 nm) decreased gradually following the addition of GIVL, indicating their binding interaction 171 

(Extended Data Fig. 5a). CD spectroscopy revealed dose-dependent conformational changes, with 172 

increased α-helix content (3.7% to 8.5%) and decreased β-sheet content (32.7% to 30.4%) upon binding 173 
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of GIVL (Extended Data Fig. 5b). In parallel, FTIR showed that the characteristic peak (1666 cm-1) 174 

corresponding to the vibration of C=O of free α-glucosidase shifted slightly to 1649cm-1 with reduced 175 

intensity, indicating rearrangement of the carbonyl hydrogen bonds (Extended Data Fig. 5c). Surface 176 

plasmon resonance (SPR) further confirmed the binding of GIVL with an estimated dissociation constant 177 

(KD) of 7.6 µM (Extended Data Fig. 5d). Finally, Lineweaver-Burk analysis revealed that GIVL 178 

exhibited a mixed inhibition pattern against α-glucosidase (Extended Data Fig. 5e), thereby reducing the 179 

activity of the enzyme. Collectively, these results demonstrate that GIVL binds to and inhibits α-180 

glucosidase in vitro.  181 

 182 
GIVL ameliorates glucose intolerance and insulin resistance 183 

Having established that GIVL exhibited both binding affinity and inhibitory activity against α-glucosidase, 184 

we next gavaged mice with PBS, fluorescein isothiocyanate (FITC), and GIVL conjugated with FITC 185 

(FITC-GIVL) to determine if GIVL was able to locate with SI in vivo. Previous studies have shown that 186 

SI is located in the brush border of the small intestinal epithelium, serving as a major target for glycemic 187 

control57. An intense fluorescence signal was observed in the intestinal tract of mice gavaged with FITC-188 

GIVL (Fig. 2a), suggesting the binding of GIVL to SI. In contrast, the scrambled peptides did not exhibit 189 

the intestinal brush-border enrichment observed with GIVL, indicating that GIVL specifically localized 190 

to SI in vivo in a sequence-dependent manner (Extended Data Fig. 6). In addition, no increase in 191 

fluorescence signals was observed in heart, liver, spleen, lung, and kidneys (Extended Data Fig. 7), 192 

indicating that GIVL is primarily localized to the intestinal tract. Further time-dependent distribution 193 

studies showed that the fluorescence signal of FITC-GIVL was clearly visible in the small intestine tissue 194 

during the early post-administration period (approximately 2-8 h), then gradually diminished over time, 195 

and showed no significant residual signal after approximately 10 h (Extended Data Fig. 8). These 196 

findings indicate that GIVL did not persist in the intestine and is largely cleared within 24 hours. 197 

Additionally, we investigated the in vivo location of GIVL using fluorescently labelled anti-glucosidase 198 

(SI and maltase-glucoamylase, MGAM, another α-glucosidase localized in small intestine) antibodies. 199 

Immunofluorescence analysis further revealed colocalization of GIVL with SI in the small intestine, but 200 

not with MGAM (Fig. 2b, c). These results suggest that GIVL administration directly inhibits SI in the 201 

small intestinal mucosa, which may delay or inhibit the enzymatic hydrolysis of sucrose and hence 202 

absorption of glucose, leading to a lower blood glucose level and passage of sucrose to the colon.  203 

To assess whether GIVL affected glucose tolerance and insulin sensitivity, normal male mice and 204 

streptozotocin-induced T2D mice were divided into five groups: NCD: normal male mice fed a chow diet; 205 

HFD: T2D mice fed high-fat diet; HFD+LG: T2D mice fed a high-fat diet gavaged with GIVL at 50 206 

mg kg−1 BW/day; HFD+HG: T2D mice fed a high-fat diet and gavaged with GIVL at 200 mg kg−1 207 

BW/day; HFD+Acar: T2D mice fed a high-fat diet and gavaged with acarbose at 20 mg kg−1 BW/day 208 
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(Fig. 3a and Supplementary Table 9). After 10 weeks of GIVL intervention, no toxicity-related 209 

abnormalities were observed in body weight (Extended Data Fig. 9a), food intake (Extended Data Fig. 210 

9b), general behavior, or survival at any tested dose. Notably, histological analysis showed that compared 211 

with the HFD group, no noticeable abnormality appeared in epididymal adipose, liver, and kidneys of 212 

mice in the HFD+LG, HFD+HG and HFD+Acar groups. Still, clear initial therapeutic effects were 213 

observed in mice receiving GIVL, indicating that both low- and high-dose GIVL could exert protective 214 

effects against multi-organ pathological changes, including reducing adipocyte size and fat accumulation 215 

in liver and kidney (Extended Data Fig. 10). Further, administration of a low or high dose of GIVL 216 

significantly improved serum liver enzyme profiles and lipid parameters. Specifically, low-dose GIVL 217 

markedly reduced plasma alanine aminotransferase (ALT) and aspartate aminotransferase (AST) levels, 218 

while increasing high-density lipoprotein cholesterol (HDLC) and decreasing triglyceride (TG) levels 219 

compared to the HFD group (Extended Data Fig. 11a-d). In addition, intestinal barrier integrity was 220 

significantly enhanced in the HFD+LG group, as evidenced by increased intestinal wall thickness and a 221 

higher number of goblet cells (Extended Data Fig. 11e, f). 222 

To further assess whether GIVL treatment affected glucose tolerance and insulin sensitivity, we 223 

measured the levels of fasting blood glucose (FBG) and fasting insulin (FINS) and performed an oral 224 

glucose tolerance test (OGTT) and i.p. insulin tolerance test (ITT). Compared to the HFD group, mice in 225 

the HFD+LG group showed significantly lower FBG levels (Fig. 3b), improved homeostasis assessment 226 

of insulin resistance (HOMA-IR) values (Extended Data Fig. 11g), showed a higher insulin sensitivity 227 

in the ITT (Fig. 3c), and an increased ability to dispose of the oral glucose load from circulation during 228 

an OGTT (Fig. 3d). When the GIVL dose was increased to 200 mg/kg (HFD+HG), its metabolic-229 

improving effects were further enhanced and extended to a broader range of indicators (Fig. 3a-e). High-230 

dose GIVL not only produced more pronounced effects across all the aforementioned indices, but also led 231 

to significant improvements in several indicators that did not reach statistical significance at the lower 232 

dose, including fasting insulin (FINS) levels (Fig. 3e), low-density lipoprotein cholesterol (LDLC), total 233 

cholesterol (TC), intestinal villus height, and plasma LPS and IL-6 levels (Extended Data Fig. 11h-l).  234 

 235 

Impacts of oral gavage with GIVL on gut microbiome 236 

Previous studies have shown that acarbose lowers blood glucose not only by targeting α-glucosidase but 237 

also by impeding the hydrolysis and absorption of carbohydrates in the small intestine, which in turn 238 

alters the availability of fermentation substrates for the gut microbiome, thereby promoting the growth of 239 

beneficial bacteria that contribute to the production of short-chain fatty acids (SCFAs)63-66. Therefore, 240 

after confirming that GIVL targeted SI in the small intestine and improved glucose clearance and insulin 241 

sensitivity in mice, we further investigated whether GIVL administration would similarly enhance gut 242 

health in diabetic mice, analogous to the effects of acarbose. We used shotgun metagenomics sequencing 243 
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to investigate the gut microbiome composition in the different treatment groups (Supplementary Table 244 

10). We found that Bacillota, Bacteroidota, and Actinomycetota were the predominant bacterial phyla 245 

across all groups (Extended Data Fig. 12a). Compared with the HFD group, GIVL-treated mice 246 

(HFD+HG) exhibited a distinct shift in microbial community structure, characterized by a reduced 247 

relative abundance of Bacteroidales and Verrucomicrobial, with an increased abundance in 248 

Lactobacillales (Extended Data Fig. 12b). The reduction in Bacteroidales and Verrucomicrobiales was 249 

also observed following acarbose treatment66, whereas the increase in Lactobacillales appeared to be a 250 

specific feature of GIVL intervention. 251 

To further define GIVL treatment-associated changes in the gut microbiome, we performed Linear 252 

Discriminant Analysis Effect Size (LEfSe) analysis to compare microbial features across the different 253 

treatments. We found that the abundance of Fecalibaculum rodentium, a short-chain fatty acid-producing 254 

bacterium67, was significantly increased in all HFD-related groups (LDA score > 4.0) (Extended Data 255 

Fig. 13). Notably, GIVL treatment further increased the abundance of this bacterium, increasing its fecal 256 

abundance to approximately two-fold that of the HFD group (Fig. 4a). These results suggest that the 257 

modulation of F. rodentium is not solely dependent on diet but may also be specifically regulated by 258 

GIVL. In addition to F. rodentium, several other SCFA-producing taxa were enriched in the GIVL-treated 259 

group compared with the HFD group. For example, the relative abundance of a Lachnospiraceae 260 

bacterium, a new species associated with butyrate production68,69, increased from 0.44% in the HFD group 261 

to 2.24% in the HFD+HG group. Similarly, Bifidobacterium pseudolongum, which is linked to acetate 262 

production70, increased from 5.97% to 8.96%, and several Lactobacillus species71-73, including L. reuteri, 263 

L. johnsonii, and L. taiwanensis, also showed marked increases (Supplementary Table 11). 264 

Given the enrichment of SCFAs-associated taxa, we further quantified fecal SCFAs among the 265 

different groups and found that the levels of acetate, butyrate and propionate were significantly higher in 266 

the HFD+HG group compared to those in the HFD group (Fig. 4b-d). The increase in SCFAs was 267 

associated with a lower fecal pH with a strong inverse correlation between total SCFAs and fecal pH 268 

(7.32±0.16 in the HFD+HG group and 8.14±0.22 in the HFD group). Intake of an HFD diet is known to 269 

increase fecal pH74, while GIVL or Acarbose treatment reduced fecal pH significantly (Fig. 4e-g). SCFAs 270 

are known to stimulate glucagon-like peptide 1 (GLP-1) secretion by binding to G-protein-coupled 271 

receptors (GPCRs), thereby contributing to the improvement of metabolic syndrome75,76. In line with this, 272 

elevated fecal SCFAs in the HFD+HG group were accompanied by higher plasma GLP-1 levels compared 273 

to the HFD group following the intervention (Fig. 4h). However, ELISA and Western blot analyses based 274 

on experiments using NCI-H716 cells, a well-established model for studying GLP-1 secretion77, indicated 275 

that GIVL did not significantly promote GLP-1 secretion (Fig. 4i, j), arguing against a direct effect on 276 

enteroendocrine cells in modulating the regulation of glucose metabolism contributing to improved 277 

glucose tolerance. Instead, these results suggest that GIVL may exert its glucose-lowering effects by 278 
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targeting SI to alter intestinal substrate composition, while concurrently modulating the proliferation of 279 

selected bacteria in the gut microbiota. The coordinated action of these mechanisms may enhance the 280 

production of SCFAs, which subsequently promotes GLP-1 secretion and contributes to improved 281 

glucose tolerance. 282 

 283 

GIVL acts as a secreted quorum sensing peptide from Clostridium tyrobutyricum 284 

The peptide GIVL was predicted to originate from the agrD encoded pro-peptide of C. tyrobutyricum, a 285 

nonpathogenic bacterium, but the presence of QSPs in C. tyrobutyricum has not been reported78-80. To 286 

determine whether the peptide GIVL, in addition to functioning as a strong inhibitor of SI activity, also 287 

possesses quorum-sensing (QS) activity modulating gut microbiota, which might indicate additional 288 

potential activities of C. tyrobutyricum, we first investigated whether GIVL is an endogenous signaling 289 

peptide produced by C. tyrobutyricum and regulated by the agr system. To this end, we analysed growth 290 

medium from cultures of C. tyrobutyricum by high-resolution Orbitrap liquid chromatography-mass 291 

spectrometry (LC-HRMS). We observed a dominant peak with a retention time of 7.02 min detected for 292 

the wild-type strain, corresponding to a mass-to-charge ratio (m/z) of 1141.68360 Da (Fig. 5a). The bn 293 

and yn ions produced by induced fragmentation of the parent ions matched exactly the chemically 294 

synthesized standard of GIVL (Fig. 5b), confirming that GIVL is a naturally secreted product of this 295 

bacterium. Further genetic evidence showed that GIVL was not detectable in the ΔagrD mutant strain 296 

(Fig. 5c-e, Extended Data Fig. 14a and Supplementary Table 12-15). By contrast, in the complemented 297 

strain ΔagrD-agrD (Fig. 5c, Extended Data Fig. 14b and Supplementary Table13, 14), we observed a 298 

dominant peak corresponding to GIVL, with a level comparable to that of the wild-type (Fig. 5d, e). 299 

Moreover, we deleted agrB, responsible for the proteolytic processing of AgrD pro-peptide and secretion 300 

of QSPs81, generating the strain ΔagrB (Fig. 5c, Extended Data Fig. 14c and Supplementary Table12-301 

15). Similarly, GIVL was undetectable in the supernatant of this strain (Fig. 5d, e). Collectively, these 302 

data revealed that the agr system is responsible for the production of quorum sensing peptide GIVL in C. 303 

tyrobutyricum. 304 

We next evaluated the potential of GIVL to function as a quorum sensing peptide. Previous studies 305 

have shown that a high cell density of microbes induces the secretion of QSPs19,82, and therefore, the 306 

concentration of GIVL might be increased during high-density fermentation. To this end, we monitored 307 

the concentration of GIVL of the wild-type C. tyrobutyricum strain over time. As expected, we found that 308 

GIVL accumulated slowly in the early growth stage, but increased rapidly after the cell density OD600 309 

reached a threshold of 3.8 (Extended Data Fig. 14d, e), exhibiting a typical cell density-dependent 310 

secretion pattern. It is also known that quorum sensing peptides in certain cases may function as an 311 

inhibitor of biofilm formation and sporulation (QSi)83-85. Thus, by employing the ΔagrD strain to exclude 312 

interference from endogenously synthesized GIVL, we observed that biofilm formation was significantly 313 
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inhibited at concentrations ≥100 μM (Fig. 5f), and sporulation was further reduced at concentrations ≥500 314 

μM (Extended Data Fig. 15). Moreover, consistent with previous findings in C. acetobutylicum, where 315 

QSP modulate bioproducts synthesis81, GIVL treatment specifically enhanced butyrate production in C. 316 

tyrobutyricum ΔagrD strain (Fig. 5g).  317 

Finally, to further explore potential mechanisms underlying GIVL-induced enrichment of F. 318 

rodentium in mice gut microbiota, we assessed the effects of various GIVL concentrations on the growth, 319 

QS modulation, and SCFAs production of F. rodentium. The results demonstrated that GIVL significantly 320 

promoted bacterial growth at concentrations ≥200 μM, suggesting a direct growth-stimulatory effect (Fig. 321 

5h). Notably, GIVL, as a QS molecule, significantly inhibited biofilm formation of F. rodentium at 322 

concentrations exceeding 50 μM (Extended Data Fig. 16a). Furthermore, when the concentrations of 323 

GIVL were ≥100 μM, the production of SCFAs significantly increased (up to 10.6% at 200 μM), 324 

particularly butyrate (Extended Data Fig. 16b, c). Collectively, these results suggest that GIVL-mediated 325 

enrichment of F. rodentium likely results from a combination of direct growth promotion and modulation 326 

of QS activity. These findings demonstrate that GIVL exhibits clear QS activity and is a naturally secreted 327 

peptide derived from the C. tyrobutyricum agr system, further indicating that C. tyrobutyricum may hold 328 

potential as a next-generation probiotics. 329 

 330 

Discussion 331 

In this study, we used an integrated AI-driven approach to identify 1,670 candidate QSPs from the human 332 

gut microbiome, greatly expanding the diversity of potential QSPs. Although there is emerging interest 333 

in harnessing the biomedical benefits of QSPs with possible impact on host infection, immunity, and 334 

metabolism13,32,33,86, the discovery of novel QSPs and their therapeutic potential interpretation has been 335 

limited. Our AlphaFold3 structural modelling indicated that several cQSPs have the potential to target SI, 336 

a primary α-glucosidase in the small intestine. Guided by computational prediction, we successfully 337 

synthesized 46 cQSPs and found that 29 cQSPs exhibited α‑glucosidase inhibitory activity.  338 

Among them, three peptides showed potent SI inhibition without cytotoxicity in vitro. GIVL, a QSP 339 

produced by C. tyrobutyricum, emerged as the most prominent candidate. Structural modeling and binding 340 

analyses suggested that GIVL engages α-glucosidase through a binding mode distinct from that of 341 

acarbose, a clinically used bacterially derived α-glucosidase inhibitor for type 2 diabetes. Under matched 342 

assay conditions, GIVL exhibited a lower IC₅₀ and stronger apparent binding to SI than acarbose, 343 

supporting its potential as a compact peptide scaffold for intestinal SI inhibition. The localization of GIVL 344 

to the small intestinal brush border further supports a mode of action in which GIVL acts locally at the 345 

epithelial interface. In diabetic mice, oral GIVL administration significantly reduced blood glucose levels 346 

and improved glucose homeostasis, insulin sensitivity, and diabetes-associated tissue injury, without overt 347 

toxicity. Mechanistically, our data supports inhibition of intestinal SI as a primary mode of action. 348 
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Beyond direct SI inhibition, GIVL also remodeled the gut microbial ecosystem. GIVL treatment 349 

enriched F. rodentium, a butyrate-producing commensal previously associated with improved lipid 350 

metabolism87, regulation of glucose homeostasis88, and delayed progression of metabolic dysfunction89. 351 

Further mechanistic investigation revealed that higher concentrations of GIVL significantly affected 352 

growth, biofilm formation, and butyrate production of F. rodentium in vitro, suggesting that GIVL may 353 

promote its selective proliferation by interfering with QS regulatory and metabolic strategies in this 354 

bacterium. We observed an association between GIVL administration and elevated fecal SCFA levels, 355 

which coincided with the enrichment of F. rodentium and an increase in plasma GLP-1 levels, collectively 356 

underscoring a potential multi-faceted action of GIVL. 357 

These observations support a two-tiered mechanism: GIVL first inhibits SI activity in the small 358 

intestine, increasing carbohydrate flux to the distal gut; this altered nutrient landscape then favors SCFA-359 

associated bacteria, such as F. rodentium, thereby promoting SCFA production and engagement of the 360 

SCFA-GLP-1 axis. This mechanism is conceptually reminiscent of acarbose-mediated carbohydrate 361 

rerouting, although the initiating molecule, structure, and microbial regulatory effects differ. Finally, the 362 

contribution of additional bacterial taxa including L. bacterium, B. pseudolongum, and Lactobacillus, or 363 

higher-order microbial networks to SCFA restoration remains likely and warrants further investigation 364 

(Extended Data Fig. 17). We also acknowledge that, beyond F. rodentium, other bacterial taxa and/or 365 

more complex microbial networks may contribute to the observed changes in SCFAs levels, which 366 

warrants further investigation. 367 

This study also clarifies the native form of GIVL. In canonical Agr systems, pro-peptides often 368 

undergo post-translational modifications processing, including AgrB-dependent modification, before 369 

becoming mature signaling peptides. For GIVL, mass spectrometry of desalted C. tyrobutyricum 370 

fermentation supernatants detected a peptide with the same molecular mass and MS/MS fragmentation 371 

pattern as chemically synthesized GIVL, supporting the conclusion that the naturally expressed peptide 372 

corresponds to the same linear, unmodified structure used in our functional studies. Together with genetic 373 

and functional data, these results support GIVL as an authentic QSP in C. tyrobutyricum. 374 

The therapeutic implications of GIVL are notable but should be interpreted within the limits of the 375 

current study. Existing antidiabetic therapies, including α-glucosidase inhibitors such as acarbose and 376 

incretin-based drugs, can be constrained by tolerability and safety liabilities, particularly gastrointestinal 377 

adverse effects90,91. In our mouse model, GIVL showed favorable short-term biocompatibility and no 378 

obvious toxicity during the 10-week intervention, while improving metabolic and histological outcomes. 379 

However, longer-term studies, dose-escalation experiments, pharmacokinetic analyses, immunogenicity 380 

assessment, and evaluation in additional preclinical models are required before translational potential can 381 

be established. It will also be important to determine whether GIVL acts exclusively through SI inhibition 382 
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and microbiota remodeling or whether additional epithelial, immune, or enteroendocrine pathways 383 

contribute to its activity. 384 

To the best of our knowledge, our study is the first to show the application potential of natural QSPs 385 

for the treatment of metabolic diseases. More broadly, our findings suggest that gut microbiome-derived 386 

QSPs can be leveraged as functional molecules for metabolic disease intervention. Because GIVL 387 

originates from C. tyrobutyricum, future strategies could include engineered strains with enhanced GIVL 388 

production, live biotherapeutic delivery systems, or optimized peptide analogues with improved stability 389 

and potency. The cQSP library generated here may also contain additional peptides with activities beyond 390 

α-glucosidase inhibition. Thus, this work provides both a candidate antidiabetic peptide and a 391 

generalizable framework for systematically mining the gut microbiome for functional small peptides. 392 

Further validation across disease targets, gut microbiomes, and translational models will determine the 393 

broader utility of this discovery paradigm.  394 
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Figure legends 395 

 396 

Fig. 1∣ Mining candidate QSPs from the human gut microbiome. a, Overview of the methods used to collect genomes 397 

and screen the catalogues for candidate QSP sequences. In this study, we collected 12,488 human gut microbial genomes 398 

from the FMT, CGR2, UHGG2, and BIO-ML databases. Based on the established role of the agrBDCA cluster in AIP-399 

mediated quorum sensing, we identified 2,776 agrD genes from 1,655 bacterial genomes through genome annotation. 400 

Using the conserved C-terminal proline as a bioinformatic anchor for the AgrD processing region (not part of the mature 401 

peptide), we applied a sliding window approach to extract all continuous fragments of 5-17 amino acids, generating an 402 

initial pool of 11,767 candidate sequences. These candidates were then refined using QSP prediction tools and 403 

cytotoxicity filtering, yielding 1,670 non-toxic, high-confidence candidate QSPs (cQSPs). To assess prevalence, we 404 

performed CD-HIT clustering (75% similarity), identifying 317 cQSPs represented by at least three fragment peptides. 405 

Based on low predicted cytotoxicity (<0.30) and favorable folding propensity (AlphaFold2), we further selected 82 406 
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cQSPs from the 317 families for subsequent biological activity screening. Using AlphaFold3, we systematically 407 

predicted the binding complexes between all 82 cQSPs and representative proteins from these enzyme families, revealing 408 

that only sucrase-isomaltase (SI) exhibited high-confidence binding potential with 58 cQSPs, while the complex 409 

structures with other proteins were generally unstable or unreliable. Finally, we selected 46 cQSPs for chemical synthesis 410 

and in vitro validation. b, Comprehensive evaluation of in vitro activity and safety of cQSPs. This figure summarizes the 411 

multidimensional functional screening results of the candidate peptides. The left heatmap represents the IC50 values 412 

(μmol −1) of candidate QSPs for inhibiting α-glucosidase. “Non-effective” means that the peptide exhibited no α-413 

glucosidase inhibitory activity in vitro. The values (μmol −1) in the middle heatmap represent the cQSPs concentration 414 

that causes 50% hemolysis of mouse erythrocytes (HC50). n.d. stands for not determined; no hemolytic activity was 415 

detected at a final concentration of 20 mg/mL. The column on the right displays the key therapeutic index HC50/IC50 416 

ratio, which provides a visual representation of the safety window for cQSPs. All cQSPs are ordered primarily by IC50 417 

(ascending) and secondarily by HC50, thereby grouping peptides with high inhibitory potency and favorable safety 418 

profiles together. The measured data in the heatmap are the mean value, and the experiments were performed in three 419 

independent replicates. c, Three cQSPs (cQSP_1089, cQSP_1105, and cQSP_1119) showed enhanced inhibitory effects 420 

against α-glucosidase relative to that of acarbose. d, Structural binding interaction of cQSPs (cQSP_1089, cQSP_1105, 421 

and cQSP_1119) with α-glucosidase. The binding interfaces of the protein-peptide or protein-acarbose complex were 422 

visualized using PyMOL. The relative docking positions of each complex were initially inferred using AlphaFold3 and 423 

further subjected to molecular dynamics relaxations. In each figure, the binding sites of α-glucosidase are visualized as 424 

protein surface representation in green, while acarbose and three peptides are presented in the mesh representation of the 425 

surface of the binding site and inside the ligand structures. Data are expressed as the mean ± SD. Statistical differences 426 

(ns for P > 0.05, *P < 0.05, **P < 0.01, and ***P < 0.001) were analysed using one-way ANOVA. 427 

 428 
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 429 
Fig. 2∣ GIVL specifically localizes to the small intestine and selectively binds to sucrase-isomaltase in vivo. a, 430 

Confocal microscopy showing that GIVL was specifically enriched in the small intestine of mice. The cell nucleus was 431 

stained with DAPI (blue). Intestinal cross sections (left, scale bars: 200 µm), swiss rolls (right, scale bars: 500 µm) and 432 

SPF mice were obtained 4 hours after oral gavage. b-c, Colocalization analysis of GIVL with sucrase-isomaltase (SI) (b) 433 

and maltase-glucoamylase (MGAM) (c) in the small intestine. GIVL selectively binds to SI (b) but not MGAM (c) in 434 

the small intestine. Triple immunofluorescence of the nucleus (blue), FITC/FITC-GIVL (green) and α-glucosidase (red 435 

dots located on the brush border of intestinal mucosal cells) in jejunal tissue sections.  436 
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 437 
Fig. 3∣ GIVL treatment improves glucose homeostasis in T2D mice. a, Experimental design for experiments on 438 

streptozotocin (STZ) induced T2D mice. Mice were randomly divided into 5 groups, n = 6~8 in each group. (NCD: 439 

normal chow diet; HFD: T2D mice fed high-fat diet; HFD+LG: T2D mice fed a high-fat diet with GIVL at 50 mg kg−1 440 

BW/day; HFD+HG: T2D mice fed a high-fat diet with GIVL at 200 mg kg−1 BW/day; HFD+Acar: T2D mice fed a high-441 

fat diet with acarbose at 20 mg kg−1 BW/day). Oral gavage with GIVL significantly reduced fasting blood glucose (b) 442 

and plasma insulin (e) levels in diabetic mice. GIVL gavage led to significant improvements in insulin resistance (c) and 443 

glucose homeostasis (d) in diabetic mice. Data are expressed as the mean ± SD. Statistical differences (ns for P > 0.05, 444 

*P < 0.05, **P < 0.01, and ***P < 0.001) were analysed using one-way ANOVA. 445 
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 446 

Fig. 4∣ GIVL drives the selective enrichment of F. rodentium by reprogramming QS circuits and modulating 447 

metabolic networks. a, Relative abundance of F. rodentium in each group. b-e, fecal concentrations of acetate, butyrate, 448 

propionate, and SCFAs in different treatment groups were detected by gas chromatography. f, Correlation analysis of 449 

SCFAs and pH in the feces of each group. g, Comparison of fecal pH values among different treatment groups. h, GLP-450 

1 levels from different treatment groups. i, j, Synthetic GIVL was dissolved in DMSO and added to NCI-H716 cells at 451 

the indicated final concentrations. The final DMSO concentration was maintained at 0.1% (v/v) across all groups, 452 

including the vehicle control (NT1). GIVL-L: 1 mg/mL GIVL in 0.1% DMSO; GIVL-H: 10 mg/mL GIVL in 0.1% 453 

DMSO. i, ELISA quantification of GLP-1 in culture supernatants after GIVL treatment at indicated concentrations. j, 454 

Western blot analysis of GLP-1 expression in NCI-H716 cells treated with GIVL. Data are expressed as the mean ± SD. 455 

Statistical differences (ns for P > 0.05, *P < 0.05, **P < 0.01, and ***P < 0.001) were analysed using one-way ANOVA. 456 

 457 
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 458 

Fig. 5∣ Identification of GIVL, a functional QSP secreted by C. tyrobutyricum. a, A dominant peak with a mass-to-459 

charge ratio (m/z) of 1141.68 Da was identified in the supernatant of wild-type (WT) C. tyrobutyricum. b, LC-MS/MS 460 

analysis showed that the secondary mass spectrum of putative QSP (WT) exactly matched the QSP standard (Synthetic 461 

QSP), and the molecular formula (GIVLVPTSLVSG) was confirmed by precise mass measurements with a mass 462 

accuracy of less than 5 parts per million (ppm). c, Genes in the quorum-sensing pathway map to a conserved gene cluster. 463 

WT, wild-type; ΔagrD, agrD deletion mutant; ΔagrB, agrB deletion mutant; ΔagrD-agrD, agrD complementary mutant. 464 

Gene designations are indicated as follows: agrD, hypothetical protein; agrC, histidine kinase; agrB, AgrB-like protein. 465 

Asterisks indicate genes targeted for deletion. d, C. tyrobutyricum mutants exhibit specific loss of GIVL production in 466 

vitro. WT and mutant strains of C. tyrobutyricum were cultured individually, and GIVL was analysed by LC-HRMS. 467 

Compared to WT, the ΔagrD and ΔagrB strains were deficient in GIVL production, but the dominant peak corresponding 468 

to GIVL was detected in the ΔagrD-agrD strain with a level comparable to that of WT. e, Quantification of GIVL in (d). 469 

f-g, Synthetic GIVL restored QS-associated phenotypes in the ΔagrD mutant in a dose-dependent manner, including 470 

biofilm formation (f) and butyrate production (g). Synthetic GIVL was dissolved in dimethyl sulfoxide (DMSO) and 471 

added to ΔagrD cultures at the indicated final concentrations prior to inoculation. The final DMSO concentration was 472 

kept at 1% (v/v) in all groups, including the 0 μM control. h, Synthetic GIVL promoted the growth of F. rodentium in 473 
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vitro, as assessed by OD600, suggesting that GIVL may facilitate F. rodentium enrichment through direct growth 474 

stimulation and QS modulation. Data are expressed as the mean ± SD. Statistical differences (ns for P > 0.05, *P < 0.05, 475 

**P < 0.01, and ***P < 0.001) were analysed using one-way ANOVA. 476 
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Methods 477 

Bacterial strains and culture conditions 478 

C. tyrobutyricum ATCC 25755 (KCTC 5387) was obtained from the American Type Culture Collection 479 

(ATCC, Manassas, VA, USA) and cultured anaerobically at 37°C in reinforced clostridial medium 480 

(RCM)92. 25 μg/mL methyl sulfonamides (Tm), 100 μg/mL D-cycloserine, or 40 mM lactose were added 481 

to the RCM medium when required for a screening for positive clonal mutants. The Escherichia coli 482 

CA434 (HB101) was employed as a conjugating donor strain for routine culture at 37°C in LB broth 483 

supplemented with chloramphenicol (30 μg/mL) to ensure maintenance of the PMTL 82151 plasmid. E. 484 

coli DH5α was used for routine cloning. All media were sterilized by autoclaving at 121°C for 15 mins. 485 

F. rodentium (strain DSM 103405) was obtained from the Deutsche Sammlung von Mikroorganismen 486 

und Zellkulturen (DSMZ) and cultured anaerobically at 37°C in modified peptone–yeast extract-glucose 487 

(PYG) medium supplemented with 5 μg/mL hemin, 1 μg/mL vitamin K1, and 0.5 μg/mL cysteine 488 

hydrochloride. Bacterial density was monitored by measuring the optical density at 600 nm (OD600). 489 

Culture supernatants were collected from overnight cultures grown under the same conditions described 490 

above, passed through 0.25 μm filters, and immediately frozen for subsequent use. 491 

 492 
Constructing C. tyrobutyricum mutants 493 

The CRISPR array expression frame was assembled with PMTL82151 using Instant Sticky-end Ligase 494 

(NEB)93. The promoter, two repeat sequences, the PAM sequence, and the terminator sequence were 495 

assembled with PMTL82151. The PAM sequence, which consists of 38bp, is located downstream of the 496 

3' end of the target gene targeted for the Cas9 protein. Next, to construct a C. tyrobutyricum mutant, 497 

PMTL82151 carrying the CRISPR assay expression frame was introduced into wild-type C. 498 

tyrobutyricum by conjugation via E. coli CA434 and incubated at 37°C for 48 to 96 h until C. 499 

tyrobutyricum-positive transformants appeared. Genomic DNA was randomly isolated from at least 8 500 

colonies, and mutations were verified by sequencing with the wild-type strain as a control. 501 

 502 
Phenotypes in animal models 503 

C57BL/6 mice (male, 3-4 weeks old, purchased from Changsheng Biotechnology Co., Ltd., China) were 504 

used in this study and were acclimatised for 1 week in individually ventilated cages (IVC) (12 h light-505 

dark cycle, 23±1 °C temperature and 60±5% humidity) provided with sterile water and standard chow. 506 

All animal experiments involved in this study were conducted in accordance with the Guide for the Care 507 

and Use of Laboratory Animals published by the US National Institutes of Health (8th edition, 2011) and 508 

approved by the Local Research Ethics Review Board of the Animal Ethics Committee of the Dalian 509 

University of Technology (No. DUTSBE250224-07). 510 
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The mouse model of type 2 diabetes mellitus (T2DM) was constructed as follows: after one week of 511 

adaptive feeding, mice were randomly divided into two groups, namely the normal control group (NCD 512 

group, n=6~8) and the model group (HFD group, n=24~32). Mice in the NCD group were fed with a 513 

standard maintenance diet, and mice in the HFD group were fed with a high-fat diet with 60% kcal fat. 514 

Mice in the HFD group were injected intraperitoneally with streptozotocin (STZ, S0130, 65 mg/kg body 515 

weight), and mice in the NCD group were injected with an equal volume of normal saline. The blood 516 

glucose level was monitored with a portable blood glucose meter (Accu-Chek, Roche, USA), on 7~14 517 

days after the last STZ injection, and animals with blood glucose levels >11.1 mmol/L were considered 518 

diabetic. Mice in the model group were provided with 3% to 5% sucrose aqueous solution after STZ 519 

injection and fed with a high-fat diet during the whole experiment period. Animals in the control group 520 

were given normal drinking water and standard feed throughout the experiment. 521 

Normal mice and mice with successful modelling were randomly divided into 5 groups (n=6~8 per 522 

group): 1) NCD group: 0.5% sodium carboxymethyl cellulose (CMC-Na) by gavage+standard 523 

maintenance diet; 2) HFD group: 0.5% CMC-Na by gavage+high-fat chow; 3) HFD+LG group: 50 mg/kg 524 

GIVL (dissolved in 0.5% CMC-Na) by gavage+high-fat chow; 4) HFD+HG group: 200 mg/kg GIVL 525 

(dissolved in 0.5% CMC-Na) by gavage+high-fat chow; 5) HFD+Acar group: 20 mg/kg acarbose 526 

(dissolved in 0.5% CMC-Na) by gavage+high-fat chow. Mice in each group were orally gavaged daily 527 

for 10 weeks, during which all mice were free to drink and eat, and fasting blood glucose (FBG) values 528 

were recorded regularly. During the experiment, the bedding was changed every 2 days, the cages were 529 

kept dry and clean to avoid infection, and the mice were observed for their mental status, feeding and 530 

drinking. After the intervention, mice were euthanized by cervical dislocation. All serum and tissue 531 

samples were collected for further analysis. 532 

 533 

Computational screening of bioactive quorum sensing peptides 534 

We downloaded 12,488 non-redundant human gut microbial genomes from four human gut microbiome 535 

databases, including the fecal Microbiota Transplantation (FMT) database, the CGR2 database, the 536 

UHGG2 database, and the BIO-ML database. The 12,488 genomes, including 5,189 isolated genomes 537 

and 3,835 metagenome-assembled genomes (MAGs), represent the majority of high-quality genomes 538 

obtained from human gut microbiome culturomics and metagenomics. The coding sequences (CDSs) for 539 

each genome were predicted by Prokka (v1.14.6)94. The hidden Markov model (HMM) TIGR04223.1 for 540 

the agrD genes was downloaded from the Protein Families (Pfam) database95. The predicted CDSs were 541 

probed against the TIGR04223.1 module by using HMMsearch (v3.1b2) with the “--cut_ga” parameter96. 542 

Then, multiple sequence alignment for the searched AgrD protein sequences was conducted by MAFFT 543 

(v7.407)97, and the candidate AgrD-derived pro-peptide sequences were anchored to the 17 amino acids 544 

in front of the conserved Proline of the AgrD protein. In total, 2,776 pro-peptide sequences were obtained, 545 
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and then 5~17 amino acid (aa) sequences were cut off from the beginning of each pro-peptide, and 11,767 546 

fragment peptides were generated. 547 

In silico biochemical and toxicity analyses of the 11,767 peptides were conducted by ToxinPred355. 548 

In addition, we conducted quorum sensing peptides (QSPs) prediction by using machine-learning-based 549 

tools PSRQSP53 for peptides with length > 7 aa and PreTP-2L54 for peptides with length ≤ 7 aa. The 550 

peptide sequences that were not identified as QSPs by these two tools were further manually evaluated 551 

using QSPepPred and TPpred-PepPA. Finally, a total of 1,670 peptides with predictive cytotoxicity score 552 

< 0.35 were predicted as high-confidence candidate quorum sensing peptides (cQSPs). Then all 11,767 553 

fragment peptides were hierarchically clustered after alphabet reduction by CD-Hit (v4.8.1) with 75% 554 

identity cutoffs as previously described98, and clusters representing at least three fragment peptides were 555 

considered as prevalent QSPs in the human gut microbiome. The potential structures of peptides were 556 

determined by AlphaFold2, and the peptides with alpha helix structures were selected based on folding 557 

abilities99. Transmembrane translocation pathways were modelled, and the membrane-penetrating 558 

properties were calculated by PerMM100. The grand average of hydropathicity was evaluated to assess the 559 

stability and solubility of peptides101. We selected the cQSPs which were representative sequences of 560 

abundant families with low cytotoxicity scores (< 0.3), folding ability for the downstream analysis, and 561 

finally, we selected 89 cQSPs for chemical synthesis.562 

 563 

Alphafold3 structural modelling 564 

To investigate potential interactions between candidate QSPs and intestinal extracellular enzymes, we 565 

employed AlphaFold3102, a state-of-the-art computational method, to predict the structures of 82 peptides 566 

against 12 representative intestinal enzymes from oligosaccharidases and lipases (Table S3). For each 567 

protein-peptide pair, five independent structure predictions were performed using randomly selected 568 

seeds (between 1 and 5000) to account for stochastic variation in model initialization. The best model 569 

was selected based on the ipTM score and overall ranking score provided by AlphaFold3. The peptide-570 

protein complexes with an ipTM score > 0.6 and a ranking score > 0.65 were considered high-confidence 571 

predictions. Furthermore, we summarized the number of peptides predicted to interact with each enzyme, 572 

enabling a systematic assessment of protein-peptide interaction potential for the 12 representative 573 

enzymes.574 

 575 

Rosetta energy computation and interface analysis 576 

To evaluate the contribution of individual residues of GIVL to SI binding, we performed in silico alanine-577 

scanning mutagenesis. Each residue of GIVL was individually substituted with alanine, generating 12 578 

single-point Ala mutant peptides. We used the Rosetta relax function to refine the Alphafold3 predicted 579 

protein-peptide structures by minimizing their energy by optimizing backbone and sidechain torsion 580 
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angles while keeping the overall conformation close to the starting structure. To assess the contribution 581 

of individual residues, the protein-peptide complex structures of the 12 amino acid mutants of GIVL with 582 

SI were also predicted and refined using the above method. The binding free energy and interface 583 

properties of the wild-type and 12 Ala-mutant SI-GIVL complexes were evaluated using the Rosetta 584 

InterfaceAnalyzer103, and Rosetta energies were calculated using Rosetta score function ref2015104,105. 585 

Structural interfaces for the protein-peptide relaxed complexes were analyzed and visualized using PyMol 586 

(v3.1.1)106. The hydrogen bonds are defined as ideal when the distance between the donor and acceptor 587 

atoms is smaller than 3.6Å. While for non-ideal hydrogen bonds, the corresponding distance is set to 3.6-588 

4Å. For donor-donor or acceptor-acceptor atom pairs, the interaction is considered as an electrostatic 589 

clash when the distance between them is smaller than 3.6Å. Among the 12 alanine mutants, G1A, V5A, 590 

and P6A showed the most pronounced impairment in SI binding compared with the wild-type complex. 591 

The wild-type SI–GIVL complex had a dG_separated score of -53.929, whereas the G1A, V5A, and P6A 592 

mutants showed substantially less favorable dG_separated scores of -34.735, -34.516, and -26.509, 593 

respectively. These three mutants also showed a marked reduction in the number of ideal hydrogen bonds 594 

at the binding interface, from 14 in the wild-type complex to 3, 5, and 3 in the G1A, V5A, and P6A 595 

complexes, respectively. These changes indicate weakened interfacial interactions and suggest that Gly1, 596 

Val5, and Pro6 are key residues contributing to the stability of the SI–GIVL complex.597 

 598 

Molecular dynamics simulations 599 

To further evaluate the stability and binding energetics of the ligand-protein complexes, we performed 600 

molecular dynamics (MD) simulations for each complex involving different ligands and α-glucosidase. 601 

The structure of the ligand acarbose was obtained from the PubChem database107, and its binding complex 602 

with SI was simulated by AutoDock Vina. Subsequently, the AlphaFold3 predicted, and Rosetta refined 603 

protein-peptide complexes for three promising peptides (cQSP_1089, cQSP_1105, and cQSP_1119) were 604 

used as initial structures for MD simulations. These simulations included processes such as solvation, 605 

neutralization, and energy minimization, which helped to obtain more stable structures. The simulations 606 

were carried out using CHARMM36 force fields108. The solvated complexes were subsequently used as 607 

the initial structures for 100 ns MD simulations, and the trajectories were analyzed for the Rg and 608 

structural stability assessment. Binding free energies were calculated using the MM-PBSA method 609 

implemented in the gmx_mmpbsa package of GROMACS109.610 

 611 

Selection of source strains for cQSP functional validation 612 

To ensure experimental feasibility for downstream genetic, biosynthetic, and functional validation, we 613 

evaluated the source strains of the three most promising QSPs (cQSP_1089, cQSP_1105, and 614 

cQSP_1119) identified in our study. cQSP_1089 is derived from Clostridium tyrobutyricum, a strain that 615 
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is readily cultivable, grows stably under laboratory conditions, and is supported by a well‑established 616 

genetic manipulation system110-113. In contrast, the strains producing cQSP_1105 (Hominimerdicola 617 

aceti) and cQSP_1119 (Lachnospira eligens) present substantial technical challenges. Members of the 618 

Lachnospiraceae family, including L. eligens, are difficult to cultivate due to limited isolate availability, 619 

poor growth in liquid media, and high sensitivity to environmental stressors such as acid stress114-116. 620 

Despite repeated attempts, we were unable to reliably revive the deposited strains from CGR2 isolates to 621 

obtain stable cultures suitable for genetic validation. Similarly, H. aceti is a recently described species43. 622 

Although strains of this bacterium are available from public culture collections, no established genetic 623 

manipulation protocols or gene-editing studies have been reported to date. Consequently, while both 624 

cQSP_1105 and cQSP_1119 exhibited potent in vitro inhibitory activity, the inability to culture their 625 

source strains precluded experimental validation of their QS function in native hosts. Based on a 626 

comprehensive evaluation of both efficacy and experimental tractability, cQSP_1089 (GIVL) was 627 

therefore selected as the model molecule for further studies.628 

 629 

Peptide synthesis 630 

The peptides used in this study were synthesized by Shanghai Gill Biochemical Co., Ltd. (Shanghai, 631 

China) using a solid phase synthesis method in a sequence from the C-terminus (carboxy-terminus) to the 632 

N-terminus (amino-terminus)117. The purity of all peptides was determined by high-performance liquid 633 

chromatography, and purity was greater than 95%, with the exact molecular weight determined by mass 634 

spectrometry.635 

 636 

α-glucosidase inhibition assay 637 

α-glucosidase (≥10 units mg-1) was obtained from Sigma-Aldrich Chemical Co., Ltd (Milwaukee, WI, 638 

USA). Analysis of the α-glucosidase inhibitory activity of each peptide was performed according to the 639 

previously reported method with appropriate modifications118. Briefly, a mixture of 20 uL α-glucosidase 640 

solution (0.2 U/mL dissolved in 0.1 M PBS, pH 6.8), 20 μL of the peptide sample solution at different 641 

concentrations (0~13.33 mg/mL in PBS), and 80 μL of PBS (0.1 M, pH 6.8) were added to 96 microwell 642 

plates and incubated at 37 ℃ for 10 min. Subsequently, the reaction was initiated by adding 20 μL of 643 

10 mM pNPG (substrate), followed by incubation at 37 ℃ for an additional 20 min. The reaction was 644 

terminated by adding 100 μL of 0.2 M sodium carbonate. The absorbance of the solution was measured 645 

at 405 nm using a multi-function plate reader (SpectraMax M2e, Molecular Device, USA). Acarbose 646 

served as the positive control. Under experimental conditions, 50% of the peptide concentration required 647 

for α-glucosidase inhibitory activity is defined as the IC50 value. The inhibition degree of the peptide was 648 

calculated according to the following formula: 649 
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Inhibition degree (%)=1-
(As-Ab)

Ac ×100% 650 

Where As, Ab and Ac denote the absorbance values of the peptide sample group, blank group and control 651 

group in the reaction system, respectively. 652 

 653 

Hemolysis assay of QSPs 654 

The hemolysis assay of cQSPs was performed according to the procedure described previously119. Briefly, 655 

100 μL of erythrocyte solution (6%, v/v) was mixed with 100 μL of peptide solution of various 656 

concentrations (0~40 mg/mL) and incubated at 37°C for 2 h. The mixture was then centrifuged at 2000 657 

rpm for 10 min at 4 °C, and the absorbance of the supernatant was measured at 540 nm (SpectraMax M2e, 658 

Molecular Device, USA). Erythrocytes in PBS and 1% Triton X-100 (100% hemolysis) treated 659 

erythrocytes were used as the negative and positive controls, respectively. All experiments were 660 

performed with three independent replicates. The percentage hemolysis was calculated as follows: 661 

Hemolysis(%)= Absorbance of  the sample-Absorbance of  the negative
Absorbance of  the positive-Absorbance of  the negative

×100% 662 

 663 

Cell lines 664 

NCI-H716 cells used in this study were purchased from the ATCC Cell Bank (Fuheng Biotechnology 665 

Co., Ltd., Shanghai, China, Cat: FH0013). NCI-H716 cells were cultured in 1640 basal medium (NCI-666 

H716 CM) supplemented with 10% FBS and 1% penicillin-streptomycin. The cell line was cultured in 667 

an incubator at 37°C with 5% CO₂ and was passaged when cell confluence reached 80%-90%. To 668 

evaluate the effect of GIVL on GLP-1, cells were seeded in culture plates and stimulated after overnight 669 

incubation. The experimental groups were as follows: vehicle control 1 (0.1% DMSO, corresponding to 670 

GIVL treatment, NT1), low-concentration GIVL (1 mg/mL, GIVL-L) and high-concentration GIVL (10 671 

mg/mL, GIVL-H). The secretion level of GLP-1 in the cell supernatant was detected using an active 672 

GLP-1 ELISA kit (JL12839, Jianglai Biotechnology, Shanghai, China) according to the manufacturer’s 673 

instructions. In parallel, cell pellets were harvested for protein expression analyses. The expression level 674 

of the target protein was detected by Western blot (WB), with β -actin as an internal control. 675 

 676 

Kinetics of α-glucosidase inhibition 677 

The inhibition kinetics of GIVL against α-glucosidase were determined by the Lineweaver-Burk method. 678 

Different concentrations of GIVL (0, 110, 220, and 440 μM) were mixed with different concentrations of 679 

the reaction substrate pNPG (0.5, 1, 2, 2.5, 3, and 4 mM) and allowed to react; α-glucosidase (0.2 U/mL) 680 

was used as a control to determine the inhibition mode on α-glucosidase. The maximum reaction rate 681 

(Vmax) and Michaelis–Menten (Km) were obtained according to the following Michaelis–Menten equation.  682 
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1
V

= Km
Vmax

(1+ [I]
Ki
) 1[S]+ 1

Vmax
(1+ [I]

Kis
)                                   (1) 683 

The attached drawings refer to the following formula:  684 

Slope= Km
Vmax

+ Km[I]
VmaxKi

                                              (2） 685 

and 686 

Y-intercept= 1
Vmax

+ [I]
VmaxKis

                                         (3)687 

 688 

Measurement of fluorescence spectra 689 

The endogenous emission fluorescence of GIVL on α-glucosidase was studied using a steady-state 690 

fluorescence spectrometer (FLS1000, Edinburgh, UK). The mixed system of α-glucosidase with different 691 

concentrations of GIVL (0, 1.32, 2.63, 5.26, 9.64, 19.28, and 38.55 μM) was first co-incubated at 25 °C 692 

in a constant temperature water bath for 10 min, and then 300 μL of the reaction solution was quickly 693 

transferred into a micro quartz cuvette for assay. The emission wavelength was set from 290 to 390 nm, 694 

and the excitation wavelength was 280 nm, with a scan step of 60 nm/min and a slit width of 2.0/1.5 nm.695 

 696 

Circular dichroism (CD) spectroscopy 697 

CD measurements were carried out on a Chirascan spectrometer (MOS 500, Bio-Logic, Claix, France) 698 

using quartz cells with a path length of 0.1 cm at 25 °C. Scans were conducted between wavelengths of 699 

190 and 250 nm with a bandwidth of 2.0 nm and 1 nm/s scan speed. For the preparation of samples, 700 

briefly, a constant concentration of α-glucosidase (4.0 μM) was maintained while the peptide GIVL 701 

concentration was varied from 0 to 48 μM ([GIVL]/[α-glucosidase] = 0:1, 3:1, 6:1 and 12:1). All CD 702 

spectra were signal corrected with PBS (0.1 M pH=6.8) buffer under a constant flush with nitrogen and 703 

the content of the secondary structures of α-glucosidase was estimated with the BeStSel software120.704 

 705 

FT-IR spectrum analysis, Infrared spectrum (FTIR) scanning 706 

The FTIR scan of the peptide GIVL refers to the method of Wang et al118 with modifications. Briefly, the 707 

peptide sample was lyophilized with α-glucosidase in a certain proportion for FT-IR measurement with a 708 

scanning wavenumber range of 4000 to 400 cm-1 at the resolution of 4 cm−1, with 32 scans per spectrum.709 

 710 

Surface plasmon resonance 711 

The CM5 chip-coupled protein assay was performed in triplicate at 25°C on a Biacore T200, with curve 712 

fitting and data analysis using the Biacore T200 evaluation software (GE Healthcare). Briefly, the CM5 713 

chip surface was activated with a mixture of EDC and NHS (from the amino coupling kit) at a flow rate 714 

of 10 μL/min for 20 min. The remaining carboxyl groups on the chip surface were then blocked with 715 
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ethanolamine, further flushing out the poorly bound ligands. GIVL stock solution (8.76 mM) was diluted 716 

to a range of concentrations (27.38, 13.69, 3.42, 0.43, and 0.21 μM (all in 5% DMSO) and applied using 717 

a flow of 30 μL min-1 for 120 seconds in each run. Data from the sample channels were collected using 718 

the Biacore T200 evaluation software (version 3.1, GE Healthcare) and subtracted from the reference 719 

channel. Dissociation constant (KD) was obtained by globally fitting the data to a steady-state affinity 720 

model.721 

 722 

Localization of GIVL after oral gavage 723 

To trace the transit of GIVL through the gastrointestinal tract, we synthesized fluorescence-labeled FITC-724 

GIVL. Male C57 mice received≈200 µL free PBS, free FITC, or FITC-GIVL (1mg/kg) by gavage. 4h 725 

after oral gavage, the mice were sacrificed, and major organs were harvested. The fluorescence images 726 

of the organs were obtained by using an LSM 980 (Zeiss, Oberkochen, Germany). 727 

 728 

Immunofluorescence of the small intestines 729 

Tissue segments were immediately removed, washed with PBS, and placed in 4% paraformaldehyde. 730 

Immunofluorescence was performed using an MGAM antibody (1:500; 22195-1-AP; Proteintech) and an 731 

SI antibody (sc-393424; Santa Cruz), respectively. Detection and labelling were performed using a 732 

secondary antibody conjugated to CY3 goat anti-rabbit IgG (H+L) (1:300; GB21303; Servicebio) and 733 

Goat Anti-Mouse IgG H&L (HRP) (1:5000; ab6789; Abcam). Cell nuclei were stained with 4’,6-734 

diamidino-2-phenylindole (DAPI), and the fluorescence images were measured using a microscope slide 735 

scanner (Nikon, Tokyo, Japan). 736 

 737 

Biochemical analysis 738 

Plasma was prepared using sodium heparin anticoagulant tubes manufactured by BD (Cat. No. 366480). 739 

The plasma levels of TG, TC, LDLC, HDLC, ALT, and AST were measured using a commercial assay 740 

kit (Nanjing Jian Cheng Institute of Biological Engineering Ltd., Nanjing, China) according to the 741 

manufacturer's instructions. The plasma insulin, GLP-1, LPS and IL-6 were measured by using 742 

commercial ELISA kits (Biotech, Shanghai, China). After overnight fasting, mice were gavaged with 743 

glucose (2 g/kg body weight) for OGTT or intraperitoneally injected with insulin (0.75 U/kg body weight) 744 

for ITT, then blood glucose was collected at 0, 30, 60, 90 and 120 minutes with glucose levels measured 745 

using a glucose meter (Accu-Chek, Roche, USA). The area under the curve (AUC) of postprandial blood 746 

glucose was calculated using the following formula: AUC = 0.5 × (PBG0 + 2×PBG30 + 2×PBG60 + 747 

2×PBG90 + PBG120) × 30, where PBGx represents the blood glucose concentration measured at x minutes 748 

after oral gavage. The insulin resistance index (HOMA-IR) was evaluated using a homeostatic model 749 

defined as fasting blood glucose (FBG, mmol/L) ×fasting insulin (FINS, mIU/L)/22.5.750 



 

29 
 

Histological analysis 751 

Major organs (including the heart, liver, spleen, kidneys, and epididymis) were collected and fixed in 4% 752 

paraformaldehyde (PFA). Hematoxylin and eosin (H&E) staining was performed and analysed using 753 

CaseViewer 3.2.1.754 

 755 

Metagenomic sequencing and bioinformatics analysis 756 

DNA was extracted from mouse fecal samples using the QIAamp-DNA Mini Kit (QSK) according to the 757 

manufacturer's instructions and was sequenced using the Illumina Novaseq 6000 at Wekemo Tech Group 758 

Co., Ltd. (Shenzhen, China). Next, we constructed a DNA-paired library with an insert size of 350 bp 759 

from the tested DNA samples by using the NEB Next®Ultra™ DNA Library Prep Kit for Illumina (NEB, 760 

USA). Finally, qualified libraries were performed for sequencing with 150 bp paired-end reads generated 761 

through the Illumina Novaseq 6000 sequencing platform. 762 

Raw data contains a certain percentage of low-quality data, which needs to be pre-processed to 763 

ensure the accuracy and reliability of the results of subsequent analyses. The adaptor contamination and 764 

low-quality reads were discarded from the raw data using Trimmomatic software, and the remaining reads 765 

were filtered against the human genome to obtain the high-quality clean reads with Bowtie2121,122. The 766 

clean reads were annotated and classified using MetaPhlAn software (v4.1.0), and the taxonomic 767 

abundance profiles were generated. Specifically, linear discriminant analysis (LEfSe) was performed to 768 

compare the differences in species composition between samples123.769 

 770 

Fecal short-chain fatty acids (SCFAs) profiling 771 

Fecal SCFAs were quantified using gas chromatography/mass spectrometry (GC-MS) with an Agilent 772 

DB-FFAP platform (G2790A). Briefly, 200 mg of fecal sample was suspended in a 1 mL hydrochloric 773 

acid (1 M) for acidification, then vortexed and left for 10 min while shaking and mixing thoroughly. The 774 

extract was ultrasonicated (40 kHz) at 4°C for 10 min and centrifuged at 12,000 rpm for 30 min. The 775 

supernatant was extracted by adding 500 μL ethyl acetate and was filtered through a 0.22 μm nylon filter 776 

(Millipore PVDF).777 

 778 

Quantification of QSP secreted by C. tyrobutyricum using LC-HRMS 779 

The wild-type or mutant C. tyrobutyricum was inoculated in a 250 mL CGM anaerobic culture bottle at 780 

37°C and 150 rpm. Samples were regularly collected and centrifuged at 12,000 rpm for 10 min. The 781 

supernatant was desalted using Pierce C18 Tips (Thermo Fisher Scientific Inc., Massachusetts, USA), 782 

and approximately 500 μL of each sample was filtered through a Millipore 0.22 μm membrane. The 783 

compounds were then separated on a Vanquish UPLC system (Thermo Scientific, Germany) equipped 784 

with a Hypersil GOLD VANQUISH column C18 (175 Å, 100 × 2.1 mm i.d, 1.9 μm), and mass 785 
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spectrometry analysis was performed on a Q Exactive plus mass spectrometer (Thermo Fisher Scientific, 786 

Germany) equipped with an electrospray ionization (ESI) source. Solvent A was 0.1% formic acid (v/v) 787 

in an aqueous solution, and solvent B was 0.1% formic acid (v/v) in acetonitrile. The gradients were set 788 

at a flow rate of 0.2 ml/min: 10% solvent B (0~1 min), 20% solvent B (1~5 min), 80% solvent B (5~7 789 

min), and 10% solvent B (7~12 min). The area was normalized using the GIVL internal standard, and the 790 

supernatant GIVL concentration of the fermentation broth was quantified by comparison with a standard 791 

curve prepared from a series of GIVL standard dilutions.792 

 793 

Sporulation assay 794 

Liquid sporulation assays were performed according to a previously described method with minor 795 

modifications124,125. To induce sporulation, C. tyrobutyricum was inoculated into CBM-S broth (CBM 796 

supplemented with 0.5% w/v CaCO3 and 5% w/v glucose) and incubated at 37°C for 5 days. After 797 

incubation, samples were collected from biological triplicate liquid pre-cultures. The 20 µL samples were 798 

heat-shocked at 80°C for 10 min, inoculated with serial dilutions on CBM plates, and colonies were 799 

counted after 24~48 h of 37°C incubation to calculate the number of heat-resistant colony-forming units 800 

per mL (cfu/mL). To evaluate the effect of GIVL supplementation on the liquid sporulation ability of the 801 

ΔagrD strain, Synthetic GIVL was dissolved in dimethyl sulfoxide (DMSO) and added to the CBM-S 802 

medium of ΔagrD prior to inoculation to achieve final concentrations ranging from 0 to 1000 μM. 803 

Additionally, the final DMSO concentration was maintained at 1% (v/v) in all treatment groups (including 804 

the 0 μM control) to exclude solvent effects. 805 

 806 

Growth and SCFA analysis 807 

The Clostridium tyrobutyricum ΔagrD mutant strain and Faecalibaculum rodentium were used to 808 

evaluate the effects of GIVL on bacterial growth and SCFA production under shake-flask culture 809 

conditions. Briefly, overnight cultures of the C. tyrobutyricum ΔagrD mutant and F. rodentium were 810 

inoculated at 5% (v/v) into 100 mL of fresh medium in shake flasks. The C. tyrobutyricum ΔagrD mutant 811 

was cultured in RCM or CGM medium, whereas F. rodentium was cultured in PYG medium. All cultures 812 

were incubated under anaerobic conditions at 37°C with shaking at 150 rpm. Synthetic GIVL was 813 

dissolved in dimethyl sulfoxide (DMSO) and added to the culture medium before inoculation at the 814 

indicated final concentrations. For the ΔagrD mutant, GIVL was added at final concentrations of 0–1000 815 

μM. For F. rodentium, GIVL was added at final concentrations of 0–2000 μM. The final concentration of 816 

DMSO was maintained at 1% (v/v) in all groups, including the 0 μM control group. Bacterial growth was 817 

monitored by measuring the optical density at 600 nm (OD600) using a spectrophotometer (Thermo 818 

Spectronic, USA). Cells in the fermentation broth were removed by centrifugation at 12 000×g for 10 min, 819 
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and supernatants were filtered through a 0.22 μm PVDF syringe filter. Filtered samples were then 820 

analysed for acids (acetic and butyric) by gas chromatography (Agilent G2790A, USA) following the 821 

procedures described elsewhere126. Results of replicates were expressed as mean ± standard deviation 822 

(SD). One-way ANOVA was used for statistical comparison between groups and a p-value < 0.05 was 823 

considered significant. 824 

 825 

Biofilm formation assay  826 

Biofilm formation by Clostridium tyrobutyricum ΔagrD mutant strain and Fecalibaculum rodentium 827 

(strain DSM 103405) was assessed using a previously described method with minor modifications 127,128. 828 

A 40 mM GIVL stock solution was prepared in dimethyl sulfoxide (DMSO). Before inoculation, GIVL 829 

was added to the corresponding fresh medium at the indicated final concentrations, following the same 830 

concentration ranges used in the above growth and SCFA analysis. The final DMSO concentration was 831 

maintained at 1% (v/v) in all groups, including the 0 μM control group. Briefly, overnight cultures were 832 

diluted by inoculating 20 μL of bacterial culture into 180 μL of fresh medium containing the indicated 833 

concentrations of GIVL in each well of a 96-well plate, resulting in an initial cell density (OD600) of 834 

approximately 0.2. The plates were then incubated statically at 37°C in an anaerobic chamber. After 20 h 835 

of incubation, the culture supernatant was carefully removed to preserve the attached biofilm. To fix the 836 

biofilm biomass, 200 μL of methanol was added to each well and incubated at room temperature for 15 837 

min before discarding the methanol. Then, 200 μL of 0.3% crystal violet solution was added to each well, 838 

and the plates were stained at room temperature for 10 min. The staining solution was discarded, and the 839 

plates were washed three times with distilled water to remove unbound dye. Finally, 200 μL of 33% acetic 840 

acid was added to each well and incubated at room temperature for 10 min to solubilize the bound dye. 841 

Biofilm formation was then quantified by measuring the OD570. 842 

 843 
Data availability 844 

Raw sequencing data of the mouse metagenome is available from the SRA database under accession 845 

number PRJNA1202381. 846 

 847 
Code availability 848 

All software and code sources used in this study are listed in Methods. The code used for the analyses in 849 

this study is available on GitHub (https://github.com/BGI-Qingdao/Peptides).850 
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  Inhibition degree (%)=1-   (As-Ab)  Ac ×100%


  Hemolysis(%)=   Absorbance of  the sample-Absorbance of  the negative  Absorbance of  the positive-Absorbance of  the negative


   1 V =   Km  Vmax  ( 1+    [ I ]  Ki )  1   [ S ] +  1  Vmax  ( 1+    [ I ]  Kis )


  Slope=   Km  Vmax +   Km[I]  VmaxKi


  Y-intercept=  1  Vmax +   [I]  VmaxKis

