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Abstract 24 

The preschool years represent a modifiable window for shaping growth and microbiome 25 

development. In a two-month cluster randomized trial of 317 Chinese kindergarten children, we 26 

evaluated a formula enriched with Bifidobacterium animalis subsp. lactis Probio-M8. The 27 

intervention promoted greater gains in height and fat-free mass without increasing body mass index. 28 

Multi-omics profiling (saliva 2bRAD-M, fecal metagenomics, metabolomics) revealed site-specific 29 

microbiome remodeling, reduced oral-gut microbial coupling, and a net contraction of the gut 30 

resistome, particularly in efflux-associated genes. The fecal metabolome showed a biphasic 31 

response: early shifts in energy metabolism gave way to later enrichment of lipid mediators (e.g., 32 

resolvin D2) and neuroactive compounds. Integrative networks linked Bifidobacterium-enriched 33 

communities and metabolite signatures to improved growth and lower antibiotic use. These findings 34 

demonstrate that probiotic nutrition during preschool can coordinately enhance lean growth, refine 35 

microbiome organization, and reduce antimicrobial resistance potential in real-world settings. 36 

 37 
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Introduction 41 

Early life is widely recognized as a critical window during which host immunity and the microbiome 42 

co mature.1,2 Yet the preschool period is often treated as a mere “readout” of earlier developmental 43 

trajectories, rather than as a tractable stage for intervention.3,4 This view overlooks a defining 44 

ecological and clinical transition. Upon entry into group settings, children experience sharply 45 

increased close contact and pathogen exposure; respiratory illnesses become common, and 46 

antibiotic use is far from rare.5-7 Meanwhile, mucosal immunity, epithelial barrier function, and 47 

metabolic homeostasis continue to mature and remain plastic.8,9 Thus, the preschool years represent 48 

not only a readout of prior development but also a vulnerable and modifiable phase, one in which 49 

scalable nutritional strategies could plausibly improve growth trajectories while simultaneously 50 

reducing infection-related medical burden under real world conditions.10,11 51 

A growing body of evidence positions the gut microbiome as a key integrator of diet and host 52 

phenotypes relevant to child health, including nutrient harvest, metabolic signaling, barrier 53 

maintenance, and immune education.1,12,13 Perturbations during childhood, whether driven by 54 

infections, antibiotic exposures, or environmental shifts,14,15 can propagate through the gut 55 

ecosystem and feed back onto host susceptibility and development.16,17 However, demonstrating 56 

how a feasible nutritional intervention reshapes the microbiome and metabolome system over 57 

time,18 and how these changes align with clinically meaningful outcomes, remains challenging. 58 

Longitudinal, multi-layer profiling is particularly important in preschool cohorts, where both 59 

exposures and biological responses can change rapidly across weeks and months.19 60 

Beyond the gut, the oral cavity is one of the most densely colonized microbial habitats and is 61 

closely connected to the upper respiratory tract and mucosal immune tone.20,21 Oral microbes and 62 

their products continuously enter the gastrointestinal tract via swallowing and mucosal trafficking, 63 

fueling interest in an oral-gut microbial axis.22,23 From an ecological perspective, increased cross-64 

site similarity, such as synchronized fluctuations in shared taxa, may reflect reduced niche 65 

specialization and greater microbial dispersal across body sites. Conversely, lower cross-site sharing 66 

and weaker coupling are typically associated with site-specific differentiation and 67 

compartmentalization.23-28 Despite the relevance of these concepts, longitudinal evidence in 68 

preschool children remains limited, and it is unclear whether nutrition-based interventions can 69 

modulate oral-gut coupling in parallel with health-related endpoints. 70 

Antibiotic exposure intersects with these dynamics through its effects on the childhood 71 

resistome.29 Antibiotic use and transmission within group environments may promote the 72 

accumulation and persistence of antibiotic resistance genes (ARGs), making the resistome a useful 73 

indicator of selective pressure and potential antimicrobial risk.29,30 Nutrition-centered microbiome 74 

interventions have been proposed as a strategy to reduce resistome burden, through mechanisms 75 

such as ecological replacement, competitive exclusion, and functional shifts, without imposing 76 

additional antimicrobial pressure.31,32 Yet evidence in healthy preschool populations remains  77 

sparse, particularly for studies that track resistome trajectories longitudinally, profile both oral and 78 

gut microbiomes, and interpret resistome changes alongside illness and medication outcomes within 79 

a unified trial framework. 80 

Probiotics, defined as live microorganisms that confer a health benefit when administered in 81 

adequate amounts, offer a practical route to scalable interventions.33 Bifidobacteria are important 82 

members of the human gut ecosystem, frequently associated with carbohydrate utilization, microbial 83 

cross-feeding, and host-microbe communication.34 Bifidobacterium animalis subsp. lactis Probio-84 
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M8 (Probio-M8) has shown potential in prior work for modulating microbiota features and immune 85 

related readouts,35,36 and probiotic-enriched formulas are increasingly used in children.37-39 86 

Nevertheless, key gaps remain: many studies focus exclusively on the gut, fail to capture 87 

coordinated oral ecosystem dynamics, and rarely resolve time-dependent patterns that distinguish 88 

early responses from later stabilization. 89 

Here, we conducted a two-month cluster randomized controlled trial in 5- to 6-year-old 90 

preschool children to evaluate a Probio-M8 enriched formula in a kindergarten setting. We assessed 91 

growth and body composition, respiratory illness incidence, and antibiotic use, and profiled the oral 92 

microbiome using 2bRAD-M, the gut metagenome and resistome via shotgun metagenomics, and 93 

the fecal metabolome using untargeted metabolomics at baseline, two weeks, and two months. This 94 

design allowed us to examine whether Probio-M8 formula intake was associated with favorable 95 

developmental outcomes, shifts in oral and gut microbial community patterns, including altered 96 

cross-site coupling, and temporal changes in the gut resistome and fecal metabolome. By integrating 97 

clinical endpoints with multi-omics measurements across oral and gut compartments, our study 98 

provides a trial-based view on how probiotic nutrition relates to microbiome organization and 99 

antimicrobial resistance potential during a vulnerable yet actionable phase of early childhood. 100 

 101 

Results 102 

Growth-related outcomes from this preschool cohort have been partially reported previously in a 103 

peer-reviewed Chinese-language journal.40 Here, we summarize only key anthropometric endpoints 104 

as clinical readouts and focus primarily on the added multi-omics layers, including paired oral and 105 

gut microbiome profiling, gut resistome characterization, and fecal metabolomics, alongside 106 

integrative analyses linking these features to growth and infection related phenotypes. 107 

 108 

Cohort characteristics and clinical outcomes during the trial 109 

A total of 373 children were assessed for eligibility, 320 entered cluster allocation, and 317 110 

completed follow-up (Fig. 1a, Fig. S1). For clinical phenotype analyses, 301 participants with 111 

complete metadata and anthropometric records were included (intervention group, receiving Probio-112 

M8 formula, n = 167; control group, n = 134). Baseline characteristics were broadly comparable 113 

between groups, including sex, delivery mode, feeding history, and baseline height, weight, body 114 

mass index (BMI), and fat free mass (FFM; P > 0.05; Table 1). The intervention group was slightly 115 

older on average, though the absolute difference was small over the two-month observation window 116 

(P < 0.05; Table 1). Stool consistency also differed at baseline, with a higher proportion of abnormal 117 

stool form in the control group (Table 1); this difference diminished during follow-up. 118 

Over the two-month period, both groups exhibited increases in height and weight, but the 119 

magnitude of change was larger in the intervention group (P < 0.05; Fig. 1b). Specifically, the 120 

intervention group showed a significantly greater increase in height (P < 0.05; Fig. 1c) and a 121 

modestly greater increase in weight (P < 0.05). Body mass index did not differ between groups at 122 

any time point, and changes in BMI were not significantly different (P > 0.05; Fig. 1b). Fat free 123 

mass increased in both groups, with a larger gain in the intervention group (P < 0.05; Fig. 1b). 124 

Collectively, these data indicate that Probio-M8 formula intake was associated with enhanced linear 125 

growth and greater accrual of lean mass over two months, without a measurable increase in BMI at 126 

the group level. 127 

At baseline, abnormal stool form was more common in the control group than in the 128 
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intervention group (17% vs. 8%, P < 0.05; Table 1). During follow up, stool form in both groups 129 

shifted toward a healthier profile, with the proportion of children reporting healthy stool exceeding 130 

85% at both the 2-week and 2-month time points; no clear between-group differences were observed 131 

at these later visits. 132 

Respiratory illness incidence fluctuated modestly over time, but group differences did not reach 133 

statistical significance at individual time points, nor were overall trends detectably different (P > 134 

0.05; Table 1). Antibiotic use was higher in the control group at baseline and at two weeks (baseline: 135 

14% vs. 3%, P < 0.05; two weeks: 11% vs. 6%, P < 0.05), though this difference attenuated by two 136 

months (19% vs. 13%, P > 0.05; Table 1). For allergic outcomes, most comparisons were non- 137 

significant, with the exception of allergic rhinitis at two weeks, which was less frequent in the 138 

intervention group (P < 0.05; Table 1). 139 

Taken together, within the two-month intervention window, Probio-M8 formula intake was 140 

characterized by three main patterns: (1) Greater gains in height and FFM, despite broadly 141 

comparable baseline profiles, without a detectable increase in BMI at the group level; (2) A lower 142 

frequency of antibiotic use during the early follow-up period in a kindergarten setting marked by 143 

high exposure to respiratory pathogens; and (3) Improvement in gastrointestinal function over time 144 

in both groups, with symptom profiles converging to similar levels by the end of follow-up. 145 

 146 

Probio-M8 formula remodels oral and gut community structure in distinct directions and 147 

reduces oral-gut coupling 148 

To investigate microbiome-level changes, we established a paired oral and gut multi-omics dataset 149 

from participants with at least one available time point sample. This included salivary microbial 150 

profiling by 2bRAD-M (913 samples from 310 participants), fecal shotgun metagenomics (886 151 

samples from 310 participants), and fecal untargeted metabolomics (887 samples from 311 152 

participants) collected at baseline, week 2, and month 2 (Fig. 1a, Fig. S1). 153 

Across the cohort, only a small fraction of microbial taxa was detected in both saliva and stool. 154 

This shared taxonomic set accounted for approximately 3-4% of total oral microbial abundance and 155 

about 2% of total gut microbial abundance, with proportions remaining relatively stable across time 156 

points and study groups (Fig. 2a). To quantify within-individual coordination between oral and gut 157 

communities, we computed two metrics, L2 similarity and Spearman correlation, based on the 158 

abundances of these shared taxa (Fig. 2a, b). In the intervention group, oral-gut similarity decreased 159 

progressively over time, with month 2 values significantly lower than those at baseline and week 2 160 

(P < 0.05; Fig. 2b). Cross-site concordance followed a parallel decline. In contrast, both coupling 161 

metrics remained stable in the control group (P > 0.05). Together, these results indicate that Probio-162 

M8 formula intake was associated with a time-dependent reduction in coupling between shared oral 163 

and gut taxa, evident in both compositional similarity and coordinated abundance dynamics. 164 

At the diversity level, Probio-M8 induced divergent effects across body sites (Fig. 2c, Fig. 165 

S2a). Oral alpha diversity decreased after intervention initiation and remained significantly lower 166 

than in controls at both week 2 and month 2 (Shannon and Simpson indices, P < 0.05). Conversely, 167 

gut alpha diversity showed a transient increase at week 2, returning toward control levels by month 168 

2 (P < 0.05; Fig. 2c). Functional alpha diversity (derived from CAZy and KEGG annotations) 169 

showed less pronounced shifts, with only selective time point-specific differences (P < 0.05; Fig. 170 

S2a), suggesting that the intervention primarily reshaped the relative weighting of specific microbial 171 

functions rather than broadly expanding or compressing total functional repertoire. 172 
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We next used permutational multivariate analysis of variance (PERMANOVA) to assess 173 

factors driving variation in microbial and functional profiles (Fig. 2d). Both treatment group and 174 

time point emerged as major contributors across the oral microbiome, gut microbiome, and multiple 175 

functional layers, including ARG profiles, CAZy families, and KEGG modules (Fsum = 40.530 and 176 

27.420, respectively). Several host and environmental covariates, including sex and respiratory 177 

illness status, also contributed significantly to variation in selected data layers (Fsum = 22.705, 178 

21.545, and 18.246; Fig. 2d).  179 

Bray-Curtis-based ordination further revealed site-specific trajectories. The oral microbiome 180 

showed group separation as early as baseline, which persisted throughout follow-up 181 

(PERMANOVA: baseline, F = 3.655, P = 0.001; week 2, F = 5.386, P = 0.001; month2, F = 2.444, 182 

P = 0.004; Fig. 2e). In contrast, the gut microbiome showed no detectable group difference at 183 

baseline (F = 1.002, P=0.418) but became clearly separated at week 2 (F = 2.983, P = 0.001) and 184 

remained separated at month 2 (F = 2.991, P = 0.002; Fig. 2e, Fig. S2b). Similarly, ordinations of 185 

ARG profiles, CAZy families, KEGG and KEGG pathways revealed structured, time-dependent 186 

shifts and consistent group separation (Fig. 2f, Fig. S2b). In alignment with these community-level 187 

patterns, the total number of annotated ARGs in the intervention group showed a progressive decline, 188 

reaching levels significantly lower than baseline by month 2 and significantly below those of the 189 

control group at that time point (P < 0.05; Fig. S2c). 190 

 191 

Species-level changes highlight oral streptococci remodeling and bifidobacteria enrichment in 192 

stool 193 

To characterize community-level remodeling associated with Probio-M8 formula, we performed 194 

species-level differential abundance analyses on saliva and fecal metagenomes, excluding taxa that 195 

changed in the same direction across all time points, thereby filtering out features more likely to 196 

reflect stable baseline differences rather than intervention effects. This approach yielded 55 197 

intervention-associated species, comprising 38 oral and 17 gut taxa (Fig. 3a). Overall, Probio-M8 198 

formula was linked to a dual-pattern shift: a subset of inflammation-associated oral microbes 199 

decreased in saliva, while bifidobacteria and other potentially immunoregulatory commensals 200 

gained ecological prominence in stool, resulting in two niche-specific, yet directionally concordant, 201 

core communities. 202 

In the oral cavity, the control group exhibited relative stability in microbial composition from 203 

baseline to month 2, whereas the Probio-M8 formula group showed pronounced shifts after 204 

intervention (Fig. 3a). Among core species, Mogibacterium diversum, Porphyromonas 205 

sp003640335, and Rothia mucilaginosa showed no significant intergroup differences at baseline but 206 

were consistently and significantly depleted in the intervention group at both week 2 and month 2 207 

(P < 0.05; Fig. 3b).  208 

A second set of streptococci displayed an opposite temporal pattern. Streptococcus (S.) oralis, 209 

S. parasanguinis, and S. pseudopneumoniae were slightly more abundant in the Probio-M8 group 210 

at baseline, potentially indicating an initial imbalance, but by week 2 and month 2, all three species 211 

were significantly less abundant than in controls (P < 0.05; Fig. 3b). These streptococci are known 212 

to participate in early tooth surface colonization and dental plaque maturation and have been 213 

implicated in oral immune tolerance and tissue repair processes.41-43 Their transient enrichment at 214 

baseline, followed by a coordinated decline alongside other putative cariogenic or inflammation-215 

associated taxa, is consistent with the hypothesis that Probio-M8 formula drives oral community 216 
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reorganization toward a configuration in which health-associated commensal streptococci assume a 217 

more central ecological role. 218 

In the gut, Probio-M8 formula strengthened the ecological prominence of bifidobacteria and 219 

selected co-occurring commensals (Fig. 3a, b). Bifidobacterium (B.) was significantly enriched at 220 

both week 2 and month 2 (P < 0.05), indicating sustained colonization over the two-month 221 

intervention period in this preschool cohort. In contrast, Bacteroides (Ba). stercoris exhibited a more 222 

complex trajectory, with evidence of an overall decline by month 2. Previous work has linked Ba. 223 

stercoris to adverse outcomes such as inflammatory bowel disease and autism spectrum disorders,44-224 

46 although certain strains have also been associated with anti-obesity effects,47,48 underscoring its 225 

context-dependent functionality. In our study, the systematic reduction of Ba. stercoris is more 226 

plausibly interpreted as a rebalancing of strain-level or functional subgroups within the species, 227 

rather than a uniformly beneficial or detrimental shift. 228 

Probio-M8 formula also selectively reduced several taxa previously associated with 229 

inflammation or ectopic colonization (Fig. 3a, b). Eisenbergiella tayi and Megasphaera 230 

micronuciformis did not differ significantly between groups at baseline or week 2 but were markedly 231 

lower in the intervention group by month 2 (P < 0.05). Eisenbergiella tayi has been proposed to 232 

degrade mucin and potentially compromise epithelial barrier integrity, with emerging links to 233 

neuroimmune conditions,49 while Megasphaera micronuciformis is frequently reported in studies of 234 

oral dysbiosis.50,51 The detection of these taxa in fecal samples may thus reflect a risk-associated 235 

signature, potentially originating from oral or external sources. Their sustained decline following 236 

Probio-M8 intake aligns with our earlier observations of reduced oral-to-gut microbial coupling and 237 

decreased contribution of orally derived taxa to the gut community. 238 

At the functional level, differential features in CAZy families, KEGG modules and pathways 239 

exhibited marked temporal structure (Fig. S3a, b). Most functional differences emerged only after 240 

intervention initiation, with minimal differences at baseline. Venn diagram analyses showed that 241 

only a small fraction of functional features were consistently altered across all three time points; 242 

instead, month 2-specific differences predominated (Fig. S3b). These observations suggest that 243 

Probio-M8 formula does not merely amplify preexisting metabolic capacities. Rather, it is 244 

associated with the progressive acquisition of new combinations of carbohydrate-active enzymes 245 

and metabolic pathways in both oral and gut microbiomes, providing a functional substrate that may 246 

underpin subsequent improvements in metabolic homeostasis. 247 

 248 

Probio-M8 formula is associated with contraction of the gut resistome and shifts in resistance 249 

mechanism composition 250 

Given the observed patterns of antibiotic use and structured functional shifts in the gut microbiome, 251 

we examined the gut resistome using PathoFact annotations of fecal metagenomes. Across the 252 

cohort, ARGs spanned multiple resistance mechanisms, including efflux, target modification, 253 

enzymatic inactivation, and altered membrane permeability (Fig. S4). 254 

Differential abundance analysis identified 29 ARGs that were consistently lower in the 255 

intervention group compared to controls at both week 2 and month 2 (Fig. 3c). This decreased set 256 

was enriched for multidrug efflux-related components, including acrB, baeS, emrD, emrR, macA, 257 

marA, and ompF, as well as genes associated with resistance to cell wall-targeting antibiotics, such 258 

as pbp_1B (Fig. 3c). Only a small number of ARGs persistently increased across both follow-up 259 

time points. 260 
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Time-stratified comparisons suggested that the magnitude and breadth of ARG reductions were 261 

most prominent at week 2. By month 2, the total number of significantly decreased ARGs had 262 

diminished, but a core subset remained consistently suppressed (Fig. 3c). Aggregation of ARGs by 263 

resistance mechanism showed an overall decrease in the total abundance of several major categories 264 

at week 2, with efflux-related mechanisms exhibiting the largest reductions. At month 2, these 265 

categories remained lower on average, although some heterogeneity within individual mechanisms 266 

was evident (Fig. 3d, Fig. S4).  267 

Collectively, these findings indicate that Probio-M8 formula intake was associated with a net 268 

contraction of the gut resistome and a progressive reweighting of its functional composition, 269 

suggesting a potential role for probiotic nutrition in mitigating antimicrobial resistance burden 270 

during early childhood. 271 

 272 

Probio-M8 elicits biphasic remodeling of the fecal metabolome: from early energy-immune 273 

activation to late lipid-neuroimmune signaling 274 

To examine how Probio-M8 formula influences metabolic adaptation at the gut level, we performed 275 

untargeted LC-MS-based metabolomics on fecal samples and annotated over 1,200 metabolites. We 276 

compared metabolite abundances and pathway enrichment between the Probio-M8 and control 277 

groups at baseline, week 2, and month 2 (Fig. 4). Distinct sets of discriminatory metabolites 278 

emerged at each time point, revealing a clear temporal evolution in the metabolic response (Fig. 4a, 279 

b). At baseline, a modest number of differential metabolites were observed, likely reflecting 280 

preexisting differences in habitual diet, lifestyle, or health status. By week 2, the number of 281 

significantly differential metabolites peaked, indicating a broad and directionally coherent 282 

metabolic perturbation. At month 2, the total number of differential metabolites decreased, but their 283 

composition shifted toward lipid-derived and neuroactive compounds. Intersection and union 284 

analyses across time points identified 76 metabolites that changed consistently in the same direction 285 

throughout the intervention period (Fig. 4c); this core set was designated the metabolic signature of 286 

Probio-M8 intake. 287 

During the early intervention phase (week 2), differential metabolites were concentrated in 288 

pathways related to energy metabolism, amino acid turnover, and mucosal immune regulation (Fig. 289 

4d). Multiple intermediates of the tricarboxylic acid cycle and central carbon metabolism, including 290 

citrate, isocitrate, fumarate, and malate, were significantly altered, alongside amino acids such as 291 

glutamine, arginine, alanine, aspartate, and their derivatives. Corresponding pathways, including 292 

alanine, aspartate, and glutamate metabolism; arginine biosynthesis; arginine and proline 293 

metabolism; and the citrate cycle, were all significantly enriched. These findings suggest a rapid 294 

recalibration of basal energy and nitrogen metabolism through host-microbe co-metabolism in 295 

response to Probio-M8. 296 

Concurrently, pathways linked to mucosal immunity, specifically the intestinal immune 297 

network for “IgA production” and “Staphylococcus aureus infection”, were enriched. Chemotactic 298 

peptides and small peptide-like molecules occupied central positions in the co-occurrence network 299 

connecting metabolic and immune nodes, implying active reorganization of mucosal barrier 300 

function. Notably, dopamine and its precursors contributed to enrichment of dopaminergic synapse 301 

and related signaling pathways, indicating early engagement of catecholamine metabolism along 302 

the gut-brain axis. Collectively, the week 2 metabolomic profile reflects a coordinated activation of 303 

central energy metabolism alongside innate and mucosal immune processes. 304 
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By month 2, the metabolic landscape transitioned from broad perturbation to selective 305 

remodeling of lipid and neuroimmune signaling networks (Fig. 4d). Pathway enrichment analyses 306 

highlighted linoleic acid metabolism, steroid hormone biosynthesis, neuroactive ligand-receptor 307 

interaction, cAMP signaling, and cGMP-PKG signaling. Several unsaturated fatty acids and their 308 

oxidized derivatives, including 9-oxoODE, 13S-HODE, and 9,10,13-TriHOME, were persistently 309 

elevated in the intervention group, signaling a systematic reshaping of the intestinal lipid mediator 310 

profile. Cholesterol, aldosterone, and their precursors contributed to steroid hormone pathway 311 

enrichment, suggesting modulation of endocrine regulatory axes. Critically, the specialized pro-312 

resolving mediator, resolvin D2, and multiple neuroactive molecules, including GABA, histamine, 313 

norepinephrine, and aromatic amines, were significantly elevated in the intervention group. In 314 

combination with enrichment of the neuroactive ligand receptor interaction and Th17 cell 315 

differentiation pathways, these changes point to a rebalancing of gut-neuro-immune crosstalk. 316 

Together, the month 2 metabolomic profile is consistent with a state of refined homeostatic 317 

regulation, dominated by lipid mediators and neuroimmune signaling, rather than an acute 318 

inflammatory or metabolic stress response. 319 

 320 

Multi-omics association analyses indicate that Probio-M8 formula reshapes microbe-321 

metabolite-phenotype connectivity 322 

To further explore how Probio-M8 formula relates to growth promotion, reduced antibiotic use, and 323 

lower respiratory illness burden, we constructed a series of correlation networks centered on 324 

intervention-associated metabolites. Using differentially abundant metabolites as anchors, we first 325 

built metabolite-phenotype and metabolite-species Spearman correlation networks (Fig. 5a, b), then 326 

integrated these layers into a unified multi-omics co-occurrence network for the intervention and 327 

control groups (Fig. 5c). 328 

In the metabolite-phenotype network (Fig. 5a), height and FFM clustered together, forming a 329 

distinct growth-related module. Metabolites such as N2-gamma-glutamylglutamine, pymetrozine, 330 

and xanthoxylin showed positive correlations with height and/or FFM, whereas digitogenin, asiatic 331 

acid, deoxycorticosterone acetate, sinapic acid, ketoleucine, and several structurally related 332 

compounds correlated negatively with these traits. Given the observed intervention effects, this 333 

pattern suggests that higher levels of selected amino acid and peptide-like metabolites coincide with 334 

more favorable linear growth and lean mass accretion during Probio-M8 formula intake, while a 335 

subset of steroid-like and aromatic acid metabolites tends to be enriched in children with 336 

comparatively lower height and FFM. 337 

Antibiotic use and respiratory illness coalesced into a second module reflecting infection and 338 

medication burden (Fig. 5a). Metabolites including 5-oxo-1,2-campholide, (R)-mandelic acid, 339 

deoxyinosine, 1-hexadecanol, 2,3-butanediol, and 5α-cholest-8-en-3β-ol showed positive 340 

correlations with antibiotic use; notably, 5-oxo-1,2-campholide and (R)-mandelic acid were also 341 

positively correlated with respiratory illness. In contrast, glycyrrhetinic acid, gabapentin, 3-342 

ketosphingosine, and theophylline were negatively correlated with antibiotic use, and gabapentin 343 

further exhibited a negative association with respiratory illness. In light of the lower rates of 344 

antibiotic use and respiratory illness observed in the Probio-M8 formula group, these findings 345 

suggest that metabolite signatures linked to higher treatment and infection burden, such as 5-oxo-346 

1,2-campholide, (R)-mandelic acid, deoxyinosine, and 2,3-butanediol, were down-weighted during 347 

the intervention, whereas metabolites associated with reduced medication and infection burden, 348 
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such as glycyrrhetinic acid, gabapentin, 3-ketosphingosine, and theophylline, were relatively more 349 

prominent. 350 

In the metabolite-microbiota correlation layer (Fig. 5b), B. animalis and Ba. stercoris, both of 351 

which increased in relative abundance with Probio-M8 formula intake, participated in multiple 352 

significant associations. These two species were more frequently positively correlated with 353 

metabolites that themselves associated positively with height and FFM (e.g., N2-gamma-354 

glutamylglutamine, pymetrozine, xanthoxylin) and less often positively correlated with metabolites 355 

tracking with antibiotic use or respiratory illness (e.g., 5-oxo-1,2-campholide, (R)-mandelic acid, 356 

deoxyinosine, 2,3-butanediol). Conversely, taxa enriched in the control group or linked to less 357 

favorable clinical outcomes more commonly connected to metabolite nodes positively associated 358 

with antibiotic use and respiratory illness. Although these analyses are correlational and cannot 359 

establish causality or directionality, they support a model in which higher abundances of B. animalis, 360 

Ba. stercoris, and related taxa co-occur with metabolite profiles linked to better growth and reduced 361 

treatment burden, while risk-associated metabolite-phenotype patterns are attenuated. 362 

When differential species and metabolites were integrated into a single multi-omics network 363 

(Fig. 5c), the intervention and control groups showed consistent differences in global topology. The 364 

intervention network contained more nodes and edges than the control network (nodes: 292 vs. 280; 365 

edges: 12,393 vs. 9,746), with a higher mean number of neighbors (87.541 vs. 70.609). Network 366 

density (0.310 vs. 0.257) and clustering coefficient (0.765 vs. 0.666) were also greater in the 367 

intervention group, while characteristic path length (2.169 vs. 2.586) and network diameter (8 vs. 368 

9) were reduced. Network heterogeneity was slightly lower (0.764 vs. 0.807), and centralization 369 

remained comparable (0.309 vs. 0.302). These metrics indicate that, under identical construction 370 

criteria, the Probio-M8 formula network contains more significant microbe-metabolite associations, 371 

exhibits tighter overall connectivity, and features more developed local cluster, while maintaining a 372 

relatively even distribution of connection strengths across nodes rather than being dominated by a 373 

few highly centralized hubs. 374 

 375 

Discussion 376 

The present work extends previously reported growth-related findings from the same preschool 377 

cohort40 by leveraging the original trial infrastructure to integrate paired oral and gut microbiome 378 

profiling, gut resistome characterization, and fecal metabolomics. We treat growth and infection-379 

related outcomes as key clinical readouts and use these multi-omics layers to contextualize how 380 

Probio-M8 formula intake influences microbiome organization, antimicrobial resistance potential, 381 

and host metabolic adaptation. 382 

A central observation is that Probio-M8 formula intake was associated with greater gains in 383 

height and FFM over two months,52-54 without a detectable upward shift in BMI at the group level.55 384 

This pattern aligns with a more favorable body composition trajectory than would be expected from 385 

energy supplementation alone, although the study design does not isolate which specific 386 

components of the formula contribute most strongly. Respiratory illness incidence did not differ 387 

between groups at individual time points, whereas antibiotic use was lower in the intervention group 388 

during early follow-up, with this difference attenuating by month 2. These endpoints are strongly 389 

shaped by exposure intensity, care-seeking behavior, and prescribing practices in kindergarten 390 

settings;56-58 accordingly, we treat them as contextual readouts rather than direct measures of 391 

infectious biology. Within this constraint, the early divergence in antibiotic use is notable because 392 
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it provides a clinically proximate signal that can be evaluated alongside concurrent shifts in the gut 393 

ecosystem and resistome.56,59 394 

The multi-omics data reveal that Probio-M8 formula intake was accompanied by site-specific 395 

remodeling of oral and gut communities, together with reduced coupling between these habitats.60 396 

Across the cohort, taxa detected in both saliva and stool represented only a small fraction of total 397 

microbial abundance at each site, and this shared fraction remained broadly stable over time. Against 398 

this background, the decline in oral-gut similarity and the weakening of cross-site concordance 399 

among shared taxa in the intervention group suggest a progressive reduction in coordinated 400 

fluctuations across body sites.61,62 A parsimonious ecological interpretation is strengthened site 401 

differentiation, consistent with niche specialization and compartmentalization across mucosal 402 

habitats.24 Importantly, this is a community-level inference and not a direct measurement of 403 

microbial migration. The observation nevertheless provides a quantitative handle on the oral-gut 404 

axis, which has been difficult to assess longitudinally in healthy preschool populations. 405 

Diversity patterns further support divergent trajectories in saliva and stool. Oral alpha diversity 406 

decreased after Probio-M8 formula initiation, whereas gut alpha diversity showed a transient 407 

increase at week 2, returning toward control levels by month 2. Such site-specific responses are 408 

biologically plausible: oral communities are constrained by constant salivary flow, oxygen exposure, 409 

and host antimicrobial factors,63 while the gut microbiome is shaped by substrate availability, 410 

anaerobiosis, bile acids, and community resistance.64,65 In this framework, the early expansion in 411 

gut diversity may reflect short-term ecological accommodation to altered nutrient inputs, followed 412 

by consolidation as the ecosystem converges toward a new equilibrium.66,67 61,68-70 413 

At the species level, Probio-M8 formula intake was associated with a focused set of changes 414 

in both saliva and stool. In saliva, several taxa, including Mogibacterium diversum, Porphyromonas 415 

sp003640335, and Rothia mucilaginosa, declined over follow-up. Several streptococcal taxa (S. 416 

oralis, S. parasanguinis, and S. pseudopneumoniae) also shifted in abundance. These changes are 417 

compositional and should not be interpreted as evidence that any single species directly determine 418 

respiratory outcomes. In stool, Probio-M8 formula intake was associated with enrichment of B. 419 

animalis and coordinated changes in other commensals, while taxa such as Eisenbergiella tayi and 420 

Megasphaera micronuciformis were reduced by month 2. Collectively, these patterns are consistent 421 

with a gut community that becomes more bifidobacteria-enriched during the intervention, alongside 422 

a decline in select taxa that are infrequently observed among core members of the healthy preschool 423 

gut microbiome. Whether these shifts reflect durable ecological replacement, altered metabolic 424 

niches, or indirect effects of reduced antibiotic exposure remains to be determined.71-73 425 

A second mechanistic layer is the gut resistome. Using PathoFact annotation, we observed a 426 

consistent downshift of 29 ARGs in the intervention group, with prominent reductions among 427 

multidrug efflux component-encoding genes. There was also an overall reweighting of resistance 428 

mechanism categories. Two non-exclusive explanations merit consideration. First, lower antibiotic 429 

exposure during early follow-up may have lowered selective pressure, favoring contraction of 430 

resistance-linked features. Second, ecological and functional reprogramming of the gut community, 431 

driven by bifidobacteria enrichment and shifts in carbohydrate-active and metabolic modules, may 432 

have altered the abundance distribution of taxa that typically harbor specific resistance determinants. 433 

While the current data cannot establish directionality, the co-occurrence of early reductions in 434 

antibiotic use and a net contraction of resistance gene features supports a coherent, testable 435 

hypothesis: nutritional microbiome modulation may help steer preschool children toward a lower 436 
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antimicrobial resistance burden, without inducing detectable enrichment of high-risk resistance 437 

profiles.58,74,75 438 

The fecal metabolome provides a time-resolved complement these community and resistome 439 

dynamics.76 The intervention elicited a biphasic metabolic response: the greatest separation between 440 

groups occurred at week 2, followed by a more selective profile at month 2. Early signatures 441 

involved amino acid and central energy metabolism, alongside pathways annotated to mucosal 442 

immune processes. By month 2, the signal shifted toward lipid mediator remodeling and annotations 443 

related to neuroactive and immune functions, marked by increased levels of specialized pro-444 

resolving mediators (e.g., resolvin D2) and multiple neuroactive compounds. These patterns are 445 

consistent with an early adaptation phase characterized by broad metabolic mobilization, followed 446 

by a later, signaling-oriented phase focused on homeostatic refinement. Given that untargeted 447 

metabolite annotations carry inherent uncertainty and that pathway databases are developed from 448 

diverse biological contexts, these results should be interpreted as mechanistic leads rather than 449 

definitive evidence of pathway activation. The time dependence itself is informative, suggesting 450 

that short-term responses may not predict the eventual equilibrium state.77 451 

Integrative correlation networks provide an additional organizational framework. Metabolite 452 

phenotype associations segregated into two modules: one centered on growth (height and FFM) and 453 

another on medication and illness (antibiotic use and respiratory events). Species-metabolite 454 

associations revealed that taxa enriched during Probio-M8 formula intake, particularly B. animalis, 455 

were more frequently linked to metabolites correlated with growth and less frequently connected to 456 

those associated with antibiotic use. In the combined multi-omics co-occurrence network, the 457 

intervention group displayed higher edge counts, greater density and clustering, and shorter path 458 

lengths under identical construction thresholds. These topology differences indicate a tighter co-459 

variation structure within the intervention group, although they do not imply causality. Their value 460 

lies in highlighting multi-layer features that consistently co-vary with clinical outcome, and 461 

therefore merit prioritization for future mechanistic validation.78-80 462 

This study has several limitations. The trial used cluster allocation in a kindergarten setting and 463 

was open-label in the field, which may introduce potential behavioral or reporting biases in illness 464 

and medication outcomes. The two-month follow-up period limits conclusions about the durability 465 

of microbiome, resistome, and metabolome changes. Baseline differences in age and stool form 466 

were present, and residual confounding from unmeasured dietary, household, or care-seeking factors 467 

cannot be excluded. Microbiome analyses relied primarily on relative abundances. While 2bRAD-468 

M enabled efficient species-level resolution in oral samples, it lacks the depth of shotgun 469 

metagenomics for strain-level tracking and functional inference. Finally, the study did not include 470 

direct measures of mucosal immunity or epithelial barrier function. Future work could address these 471 

gaps by extending follow-up duration, using more tightly matched control formulas, tracking 472 

Probio-M8 at the strain level, and integrating mucosal immune markers with targeted metabolite 473 

panels to test specific pathways suggested by the current data. 474 

In summary, our findings position the preschool period as a developmental window that is both 475 

measurable and modifiable in real world settings. Intake of Probio-M8 formula was associated with 476 

improved growth-related outcomes, without an apparent increase in BMI, alongside reduced oral-477 

gut microbial coupling, a net contraction of gut resistance gene features, and a time-structured 478 

metabolome response. These convergent signals support a model in which probiotic-enriched 479 

nutrition may shape microbiome organization and metabolic adaptation during a vulnerable yet 480 
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actionable phase of early childhood, with potential implications for growth quality and antimicrobial 481 

exposure trajectories. 482 

 483 

Materials and methods 484 

Study design, participants, and ethics statement 485 

We conducted a cluster randomized controlled trial in March 2023 at a kindergarten in Huangmei 486 

County, Hubei Province, China. Randomization was implemented at the classroom level. Children 487 

were assessed at three prespecified time points: baseline, 2 weeks after intervention initiation, and 488 

2 months after intervention initiation. The study protocol was approved by the Chinese Registered 489 

Clinical Trial Ethics Review Committee (ChiECRCT20220044) and conducted in accordance with 490 

the Declaration of Helsinki. Written informed consent was obtained from parents or legal guardians 491 

prior to enrollment. A subset of growth-related outcomes from this cohort has been published 492 

previously.40 The current analysis extends this work by incorporating oral microbiome profiling, 493 

fecal metagenomics-based resistome characterization, and fecal metabolomics, along with 494 

integrative analyses linking these multi-omics layers to growth- and infection-related outcomes. 495 

 496 

Inclusion and exclusion criteria 497 

Eligible participants were healthy preschool children aged 5-6 years who met prespecified 498 

anthropometric screening criteria, defined as height-for-age and weight-for-age Z-scores below the 499 

sex- and age-specific reference median. Exclusion criteria included: acute or chronic diarrhea; major 500 

systemic diseases (e.g., tuberculosis, HIV infection, kidney disease, chronic hepatitis, or chronic 501 

obstructive pulmonary disease); use of antibiotics, probiotics, prebiotics, or products containing 502 

probiotics or prebiotics within 15 days prior to enrollment; allergy to dairy products or any 503 

ingredient in the study formulas; and anticipated poor adherence, defined as missing more than two 504 

daily servings within any single week. 505 

 506 

CONSORT flow and analysis sets 507 

Of 373 children assessed for eligibility, 53 were excluded, and 320 were allocated to clusters. At the 508 

end of follow-up, 317 children completed the trial and were included in the overall analysis set. Due 509 

to missing age or sex information or incomplete questionnaire or anthropometric records, 301 510 

children were included in the primary clinical phenotype analyses, consistent with the prespecified 511 

analysis set used in the prior publication.40 512 

For omics analyses: fecal shotgun metagenomics included 886 samples from 310 participants 513 

(baseline: n = 293; week 2: n = 289; month 2: n = 304); salivary 2bRAD-M profiling included 913 514 

samples from 310 participants (baseline: n = 302; week 2: n = 307; month 2: n = 304); fecal 515 

metabolomics included 887 samples from 311 participants (baseline: n = 298; week 2: n = 287; 516 

month 2: n = 302). 517 

 518 

Randomization and masking 519 

Cluster allocation was performed using block randomization at the classroom level, based on a 520 

computer-generated random sequence created by an independent statistician who was not involved 521 

in recruitment, intervention delivery, or outcome assessment. Due to the classroom-level nature of 522 

the intervention, participants and on-site staff could not be masked to group assignment. However, 523 

all biological samples were de-identified and assigned anonymous codes prior to laboratory 524 
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processing. Laboratory personnel and bioinformatic analysts remained blinded to group allocation 525 

throughout primary data generation and analysis. 526 

 527 

Intervention and follow-up 528 

The intervention product was a pediatric formula supplemented with Probio-M8, containing a 529 

minimum of 2 × 10⁸ CFU per gram of powder. Children in the intervention group consumed the 530 

Probio-M8-enriched formula twice daily during routine kindergarten schedules for two months. 531 

Each serving consisted of 25 g of powder reconstituted in 200 mL of warm water and was 532 

administered under staff supervision. Children in the control group continued their usual intake of 533 

standard school milk (125 mL per serving), provided twice daily in accordance with the standard 534 

protocol of the kindergarten. Both groups received their assigned products at approximately 10:00 535 

and 15:00 each day. Participants were asked to maintain their habitual diet throughout the follow-536 

up period. Health status, respiratory illness episodes, and medication use, including antibiotics, were 537 

recorded prospectively by trained staff throughout the study. 538 

 539 

Clinical assessments and questionnaires 540 

Body weight and body composition were assessed using an InBody 770 analyzer (Biospace, South 541 

Korea) based on bioelectrical impedance analysis, with measurements performed by trained staff 542 

following standardized operating procedures. Parents or legal guardians completed questionnaires 543 

on baseline characteristics, gastrointestinal symptoms, and respiratory illness after receiving 544 

standardized instructions. Primary clinical endpoints were changes from baseline to month 2 in 545 

height, weight, and FFM. Secondary endpoints included gastrointestinal symptom profiles, 546 

respiratory illness occurrence, and antibiotic use. 547 

 548 

Sample collection, transport, and storage 549 

Stool and saliva samples were collected at baseline, week 2, and month 2. Stool samples were 550 

divided into two aliquots: one was immediately mixed with a fecal DNA stabilizer (Longseemed, 551 

Guangzhou, China) for shotgun metagenomics; the other was placed in an additive-free tube for 552 

metabolomic analysis. Saliva was collected under staff supervision approximately one hour after 553 

breakfast; children rinsed their mouths with water before collection. All samples were placed on ice 554 

immediately after collection, transported on dry ice, and stored at -80°C until processing. Sample 555 

identifiers and collection timestamps were recorded according to standard operating procedures. 556 

 557 

Shotgun metagenomic sequencing and metagenomic processing 558 

Genomic DNA was extracted from 0.5 g stabilized stool using a commercial kit (Tiangen Biotech 559 

Co., Ltd., Beijing, China). DNA integrity was assessed by agarose gel electrophoresis, purity by 560 

NanoDrop spectrophotometry, and concentration by Qubit fluorimetry (Thermo Fisher Scientific, 561 

Waltham, MA, USA). Libraries were prepared from 1 µg DNA fragmented to ~350 bp using Covaris 562 

sonicator. Standard library preparation steps, including end repair, A-tailing, adapter ligation, 563 

purification, and PCR amplification, were performed. Libraries were quality-controlled by Qubit 564 

fluorimetry, Agilent 2100 Bioanalyzer, and quantitative PCR, then pooled and sequenced on the 565 

BGI MGISEQ-T7 platform (BGI Genomics, Shenzhen, China). 566 

Raw reads were adapter-trimmed and filtered using fastp, with reads < 60 nt removed. Host-567 

derived reads were discarded by mapping to the human reference genome (GRCh38) using 568 
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Bowtie2.81 Taxonomic profiling was performed using MetaPhlAn4.82 Functional profiling was 569 

performed using HUMAnN383 against the MetaCyc database to obtain gene family and pathway 570 

abundances and coverage estimates. 571 

For genome-resolved analyses, metagenomic assemblies were generated using MEGAHIT84 572 

and contigs ≥ 2000 bp were retained. Binning was performed independently with MetaBAT285 and 573 

VAMB,86 and results were consolidated using DAS Tool.87 Bin quality was assessed using 574 

CheckM2;88 only bins with ≥ 80% completeness and ≤ 5% contamination were retained. 575 

Redundancy bins were dereplicated using dRep89 at a 95% average nucleotide identity threshold.89 576 

Taxonomic assignment was performed using GTDB-Tk90 with the GTDB release202 reference 577 

database. Metagenome-assembled genome abundances were estimated using CoverM91 based on 578 

read mapping with a 95% identity threshold. Antibiotic resistance genes and associated resistance 579 

mechanism were annotated from fecal metagenomes using PathoFact,92 generating both gene- and 580 

mechanism-level profiles. 581 

 582 

Oral microbiome profiling by 2bRAD-M 583 

Saliva DNA was profiled using 2bRAD-M.93 Genomic DNA (1 pg-200 ng) was digested with BcgI 584 

(NEB, Ipswich, MA, USA) at 37°C for 3 h and verified by agarose gel electrophoresis. Digestion 585 

products were ligated to library-specific adapters (Ada1 and Ada2) in the presence of ATP and T4 586 

DNA ligase at 4°C for 16 h, followed by heat inactivation. Libraries were amplified using Phusion 587 

High-Fidelity DNA Polymerase (NEB) for 16-28 cycles. Fragments of ~100 bp were size-selected 588 

via polyacrylamide gel electrophoresis and recovered. A 7-cycle barcode PCR was performed, 589 

products were purified using QIAquick spin columns (QIAGEN GmbH, Hilden, Germany), and 590 

libraries were sequenced on an Illumina NovaSeq 6000 platform (Illumina Inc., San Diego, CA, 591 

USA). 592 

Demultiplexed reads were quality-filtered using fastp, removing reads with > 8% ambiguous 593 

bases or > 20% low-quality bases (Q ≤ 20). Taxonomic profiling was performed using MAP2B94 594 

with a built-in 2bRAD tag database covering bacteria, fungi, and archaea. Species-level abundances 595 

were estimated based on sequencing coverage of species-specific tags. 596 

 597 

Fecal metabolomics and data processing 598 

For fecal metabolomics, 200 mg of stool was extracted with 600 µL of methanol containing an 599 

internal standard (2-chloro-L-phenylalanine, 4 ppm). Samples were vortexed, bead-beaten, 600 

sonicated, and centrifuged; supernatants were filtered through a 0.22 µm membrane for LC-MS 601 

analysis. 602 

Chromatographic separation was performed on a Thermo Vanquish UHPLC system (Thermo 603 

Fisher Scientific, Waltham, MA, USA) equipped with an ACQUITY UPLC HSS T3 column (2.1 × 604 

100 mm, 1.8 µm; Waters, Milford, MA, USA). The flow rate was 0.3 mL/min, column temperature 605 

was 40°C, and injection volume was 2 µL. In positive ionization mode, mobile phases consisted of 606 

(A) 0.1% formic acid in water and (B) 0.1% formic acid in acetonitrile. In negative mode, mobile 607 

phases were (A) 5 mM ammonium formate in water and (B) acetonitrile. Mass spectrometry was 608 

performed on a Thermo Orbitrap Exploris 120 (Thermo Fisher Scientific) in both positive and 609 

negative ionization modes. Full scan MS data were acquired at 60,000 resolution over m/z 100-610 

1,000. Data-dependent MS2 acquisition used higher-energy collisional dissociation at 30% collision 611 

energy, 15,000 resolution, top-4 precursor selection, and dynamic exclusion. 612 
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Raw data files were converted to mzML format using ProteoWizard. Peak detection, alignment, 613 

and retention time correction were performed using XCMS. Peak areas were normalized using a 614 

support vector regression-based batch correction method. Features with > 50% missing values were 615 

filtered out, and poorly reproducible features (e.g., low signal-to-noise or high coefficient of 616 

variation in quality controls) were removed. Metabolite annotation integrated an in-house spectral 617 

library, public databases (e.g., HMDB, METLIN), and metDNA.95 Data were median normalized, 618 

log-transformed, and autoscaled prior to analysis. Differential metabolites were selected based on 619 

fold change and statistical significance. Pathway enrichment and visualization were performed 620 

using MetaboAnalyst 6.0.96 621 

 622 

Quantification and statistical analysis 623 

All statistical analyses were performed in R (v4.0.5). Selected nonparametric significance tests 624 

leveraged scripts from the Parallel Meta Suite. Categorical variables were compared using chi-625 

square tests. Between group comparisons of continuous outcomes employed Wilcoxon rank sum 626 

tests, while within-group paired comparisons used Wilcoxon rank-sum tests. A two-sided P < 0.05 627 

was considered statistically significant unless otherwise specified.  628 

Microbiome alpha diversity was assessed using the Shannon and Simpson indices. Beta 629 

diversity was calculated using Bray-Curtis dissimilarity and visualized using principal coordinates 630 

analysis and uniform manifold approximation and projection. Group differences in community 631 

structure were assessed using PERMANOVA. To characterize oral-gut microbial coordination, taxa 632 

detected in both saliva and stool were defined as the shared set. For each participant, oral-to-gut 633 

similarity was quantified using L2 distance calculated on the shared set, and oral-to-gut concordance 634 

was measured using Spearman correlation, capturing coordinated abundance variation across the 635 

two sites. Associations among microbes, metabolites, and host phenotypes were evaluated using 636 

Spearman correlation. Multivariable associations and differential features were identified using 637 

MaAsLin2 where appropriate. Key R packages used for analysis and visualization included vegan, 638 

optparse, umap, ggplot2, ggpubr, and pheatmap. 639 

 640 
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Table Legends 1003 

Table 1. Baseline characteristics and longitudinal clinical outcomes of preschool children in the intervention and control groups 1004 

Index Intervention (n = 167) Control (n = 134) P-value 

Time points Baseline 2 wks 2 mos 0 week 2 wks 2 mos Baseline 2 wks 2 mos 

Age (mean ± SD) 5.77 ± 0.45 5.66 ± 0.52 < 0.01 

Sex n (%) 
Male 95 (57) 68 (51) 

0.310 
Female 72 (43) 66 (49) 

Premature infant n (%) 
N 156 (93) 119 (89) 

0.157 
Y 11 (7) 15 (11) 

Delivery mode n (%) 
C-section 82 (49) 72 (54) 

0.425 
Eutocia 85 (51) 62 (46) 

Mode of feeding 
Breastfeeding 150 (90) 122 (92) 

0.572 
Non-breastfeeding 17 (10) 11 (8) 

Height (mean ± SD) 114.70 ± 5.50 / 116.43 ± 5.49 113.81 ± 6.03 / 115.14 ± 5.99 0.100 / 0.029 

Weight (mean ± SD) 21.19 ± 3.11 / 21.62 ± 3.31 20.95 ± 4.09 / 21.27 ± 4.32 0.062 / 0.036 

BMI (mean ± SD) 16.02 ± 1.59 / 15.87 ± 1.67 16.1 ± 1.95 / 15.96 ± 2.05 0.600 / 0.580 

FFM (mean ± SD) 17.23 ± 2.06 / 17.76 ± 2.13 16.89 ± 2.36 / 17.32 ± 2.39 0.053 / 0.021 

Food allergy n (%) 
N 143 (86) 130 (87) 140 (89) 112 (84) 102 (84) 102 (82) 

0.624 0.396 0.129 
Y 24 (14) 19 (13) 18 (11) 22 (16) 20 (16) 22 (18) 

Allergic diseases n (%) 
N 127 (76) 123 (74) 124 (74) 93 (69) 90 (67) 90 (67) 

0.196 0.219 0.178 
Y 40 (24) 44 (26) 43 (26) 41 (31) 44 (33) 44 (33) 

Eczema n (%) 
N 138 (83) 142 (85) 141 (84) 109 (81) 104 (78) 105 (78) 

0.772 0.098 0.175 
Y 29 (17) 25 (15) 26 (16) 25 (19) 30 (22) 29 (22) 

Asthma n (%) 
N 164 (98) 164 (98) 163 (98) 132 (99) 132 (98) 133 (99) 

0.838 0.792 0.266 
Y 3 (2) 3 (2) 4 (2) 2 (1) 3 (2) 1 (1) 

Atopic dermatitis n (%) 
N 163 (98) 160 (96) 163 (98) 129 (96) 129 (96) 129 (96) 

0.499 0.839 0.499 
Y 4 (2) 7 (4) 4 (2) 5 (4) 5 (4) 5 (4) 

Rhinitis n (%) 
N 151 (90) 153 (92) 153 (92) 116 (87) 113 (84) 114 (85) 

0.294 0.049 0.075 
Y 16 (10) 14 (8) 14 (8) 18 (13) 21 (16) 20 (15) 

Defecation n (%) 

1 time 160 (96) 166 (99) 160 (96) 128 (96) 130 (97) 127 (95) 

0.976 0.107 0.530 2 times 5 (3) 1 (1) 6 (4) 4 (3) 4 (3) 7 (5) 

≥ 3 times 2 (1) 0 1 (0.6) 2 (1) 0 0 
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Stool characteristics n (%) 
Health 154 (92) 153 (92) 153 (92) 111 (83) 117 (87) 121 (90) 

0.013 0.222 0.691 
Unhealth 13 (8) 14 (8) 14 (8) 23 (17) 17 (13) 13 (10) 

Respiratory illness n (%) 
N 157 (94) 153 (92) 150 (90) 118 (88) 114 (86) 114 (86) 

0.068 0.105 0.277 
Y 10 (6) 14 (8) 17 (10) 16 (12) 19 (14) 19 (14) 

Antibiotic use n (%) 
N 162 (97) 157 (94) 145 (87) 120 (90) 110 (82) 109 (81) 

0.008 0.001 0.193 
Y 5 (3) 10 (6) 22 (13) 14 (10) 24 (18) 25 (19) 

aData are presented as mean ± SD or n (%). P-values compare the intervention and control groups at the same time point. For continuous variables (age, height, weight, 1005 

body mass index [BMI], free-fat mass [FFM]), P-values were calculated using the Wilcoxon rank-sum test. For categorical variables, P-values were calculated using 1006 

the χ² test. N = no; Y = yes.1007 
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Figures Legends 1008 

Figure 1. Study design and effects of Probio-M8 formula on growth in preschool children. (a) 1009 

Schematic overview of the cluster randomized controlled trial and multi-omics workflow. Healthy 1010 

preschool children were randomized by classroom to receive either Probio-M8-enriched formula 1011 

(intervention group) or standard school milk (control group). Anthropometric measurements, body 1012 

composition assessments, and questionnaire-based health data were collected baseline, 2 weeks (2 1013 

wks), and 2 months (2 mos). Concurrently, stool and saliva samples were collected at each time 1014 

point. Saliva was profiled using 2bRAD-M; fecal microbial communities were characterized by 1015 

shotgun metagenomics; and fecal metabolites were quantified by LC-MS. Multi-omics integration 1016 

was used to link microbial and metabolite features to growth and infection-related clinical outcomes. 1017 

(b, c) Longitudinal and net changes in height, weight, body mass index (BMI), and fat free mass 1018 

(FFM) in the intervention and control groups from baseline to 2 months. Boxes indicate the 1019 

interquartile range, with the horizontal line denoting the median. Whiskers extend to the most 1020 

extreme data points within 1.5 × interquartile range of the lower and upper quartiles. Dots beyond 1021 

the whiskers represent outliers. Overlaid lines indicate individual trajectories. Between-group 1022 

differences were assessed using the Wilcoxon rank-sum test; * P < 0.05, ** P < 0.01, *** P < 0.001. 1023 

In panel c, Δ represents the within-child change from baseline to 2 months (2 mos - baseline). 1024 

 1025 

Figure 2. Effects of Probio-M8 formula on oral and gut microbiome structure, cross-site 1026 

coupling, and functional profiles in preschool children. (a) Relative abundance of microbial taxa 1027 

shared between saliva and stool in the intervention and control groups at baseline, 2 weeks (2 wks), 1028 

and 2 months (2 mos). Error bars represent SEM. (b) Within-child oral-gut coupling for shared taxa.. 1029 

Left, paired microbial similarity between saliva and stool profiles of shared species, quantified using 1030 

L2 similarity. Right, within-child Spearman correlation of shared species abundances between oral 1031 

and gut communities. Boxplots show the distribution at each time point by groups; asterisks denote 1032 

significant between-group differences (*P < 0.05, **P < 0.01, Wilcoxon rank-sum test). (c) Alpha 1033 

diversity of oral and gut microbiomes at each time point, measured by Shannon and Simpson indices. 1034 

Boxes indicate the interquartile range, with the horizontal line denoting the median. Whiskers 1035 

extend to the most extreme data points within 1.5 × interquartile range of the lower and upper 1036 

quartiles. Dots beyond the whiskers represent outliers. Between-group differences were assessed 1037 

using the Wilcoxon rank sum test; *P < 0.05, **P < 0.01, ***P < 0.001, and ****P < 0.0001. (d) 1038 

Contribution of host and environmental factors to variation in microbial and functional profiles. 1039 

PERMANOVA (Bray-Curtis dissimilarity) was applied separately to oral microbiome, gut 1040 

microbiome, antibiotic resistance genes (ARG), carbohydrate-active enzyme (CAZy) family, Kyoto 1041 

Encyclopedia of Genes and Genomes (KEGG) modules and pathways. The heatmap (left) highlights 1042 

factors with significant effects (P < 0.05, red squares). The horizontal bar plot (right) shows 1043 

PERMANOVA covariate effect (F statistics) for each factor. (e) Beta diversity of microbial and 1044 

functional features in response to Probio-M8 formula administration. Principal coordinate analysis 1045 

(PCoA; Bray-Curtis dissimilarity) are shown for oral microbiome, gut microbiome, ARG, CAZy, 1046 

KEGG modules and pathways at the three time points. Ellipses indicate group-wise dispersion at 1047 

each time point. The matrix (bottom right) summarizes PERMANOVA results comparing 1048 

intervention and control groups at each time point. 1049 

 1050 
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Figure 3. Probio-M8 formula is associated with species-level remodeling of oral and gut 1051 

microbiota and shifts in the gut resistome. (a) Circular heatmaps showing relative abundances of 1052 

intervention-associated species in oral (top) and gut (bottom) microbiomes. Rings correspond to: 1053 

intervention baseline, intervention week 2 (2 wks), intervention month 2 (2 mos), control baseline, 1054 

control 2 wks, and control 2 mos. Color intensity reflects log10(relative abundance × 106). (b) 1055 

Temporal dynamics of representative differentially abundant taxa in saliva and stool. Boxplots 1056 

display log10-transformed relative abundances of selected oral and gut species. Boxes indicate the 1057 

interquartile range, with the horizontal line denoting the median. Whiskers extend to the most 1058 

extreme data points within 1.5 × interquartile range of the lower and upper quartiles. Dots beyond 1059 

the whiskers represent outliers. Between-group differences at each time point were assessed using 1060 

two-tailed Wilcoxon rank-sum test (*P < 0.05, **P < 0.01, ***P < 0.001). (c) Volcano plots of 1061 

differentially abundant antibiotic resistance genes (ARGs) between intervention and control groups 1062 

at the three time points. Green dots (Down): ARGs significantly lower in the intervention group; 1063 

red dots (Up): ARGs significantly higher; grey dots (NS): non-significant differences. (d) Resistance 1064 

mechanism-level summary of ARG abundance changes in the intervention group at week 2 and 1065 

month 2 relative to baseline. Adjacent numbers denote the count of individual ARGs within each 1066 

mechanism category that increased (red bars) or decreased (green bars) in abundance. 1067 

 1068 

Figure 4. Probio-M8 formula is associated with time-dependent remodeling of the fecal 1069 

metabolome in preschool children. (a) Volcano plots of differentially abundant fecal metabolites 1070 

between the intervention and control groups at baseline, 2 weeks (2 wks), and 2 months (2 mos). 1071 

Metabolites significantly increased in the intervention group are colored red (Up); those 1072 

significantly decreased are colored green (Down). Significance was defined by P < 0.05 and a 1073 

variable importance in projection score (VIP) > 1; dot size reflects VIP magnitude. Grey dots (ns) 1074 

denote non-significant metabolites. (b) Venn diagram showing the number and overlap of 1075 

discriminatory metabolites between intervention and control groups at the three time points. (c) 1076 

Circular heatmap of 76 metabolites that showed consistent, intervention-associated changes across 1077 

the trial. Rows correspond to individual metabolites; concentric segments represent intervention and 1078 

time points. Color intensity reflects log10(relative abundance). (d) Pathway-level interpretation of 1079 

metabolomic remodeling at 2 weeks and 2 months. Left: bubble plots of significantly enriched 1080 

metabolic pathways; bubble size represents the number of matched metabolites (hits) and color 1081 

encodes pathway significance. Right: corresponding metabolite-pathway networks highlighting key 1082 

metabolites that connect multiple enriched pathways. Node color reflects the direction and 1083 

magnitude of log2fold change, and node size represents the number of pathway hits. 1084 

 1085 

Figure 5. Multi-omics association patterns and co-occurrence networks linking microbes, 1086 

metabolites, and clinical readouts in preschool children receiving Probio-M8 formula. (a) 1087 

Heatmap of Spearman rank correlations between host phenotypes and differentially abundant fecal 1088 

metabolites. Columns represent clinical variables, growth and body composition measures (height, 1089 

weight, fat-free mass), gastrointestinal and respiratory outcomes, and antibiotic use; rows 1090 

correspond to metabolites significantly differing between intervention and control groups. (b) 1091 

Heatmap of Spearman rank correlations between intervention-associated gut microbial species and 1092 

differentially abundant fecal metabolites. Rows correspond to microbial species; columns refer to 1093 

metabolites. In the heatmaps, color denotes the correlation coefficient (red, positive; blue, 1094 
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negative; *P < 0.05, **P < 0.01). (c) Integrated multi-omics co-occurrence networks for the 1095 

intervention and control groups, constructed from significant Spearman correlations among 1096 

differential gut species, metabolites, and functional features including antibiotic resistance gene 1097 

(ARG), carbohydrate-active enzyme (CAZy) family, Kyoto Encyclopedia of Genes and Genomes 1098 

(KEGG) module and pathway, metabolite, and microbial species. Nodes represent biological 1099 

entities, colored by data type and shaped by category. Edges reflect significant correlations 1100 

meeting thresholds for effect size and P value (r > 0.4, P < 0.01), with line thickness proportional 1101 

to the absolute correlation coefficient. Summary network metrics are reported beneath each 1102 

network. 1103 



Figures

Figure 1

Study design and effects of Probio-M8 formula on growth in preschool children. (a) Schematic
overview of the cluster randomized controlled trial and multi-omics workflow. Healthy preschool children
were randomized by classroom to receive either Probio-M8-enriched formula (intervention group) or
standard school milk (control group). Anthropometric measurements, body composition assessments,



and questionnaire-based health data were collected baseline, 2 weeks (2 wks), and 2 months (2 mos).
Concurrently, stool and saliva samples were collected at each time point. Saliva was profiled using
2bRAD-M; fecal microbial communities were characterized by shotgun metagenomics; and fecal
metabolites were quantified by LC-MS. Multi-omics integration was used to link microbial and metabolite
features to growth and infection-related clinical outcomes. (b, c)Longitudinal and net changes in height,
weight, body mass index (BMI), and fat free mass (FFM) in the intervention and control groups from
baseline to 2 months. Boxes indicate the interquartile range, with the horizontal line denoting the
median. Whiskers extend to the most extreme data points within 1.5 × interquartile range of the lower
and upper quartiles. Dots beyond the whiskers represent outliers. Overlaid lines indicate individual
trajectories. Between-group differences were assessed using the Wilcoxon rank-sum test; * P < 0.05, ** P
< 0.01, *** P < 0.001. In panel c, Δ represents the within-child change from baseline to 2 months (2 mos -
baseline).



Figure 2

Effects of Probio-M8 formula on oral and gut microbiome structure, cross-site coupling, and functional
profiles in preschool children. (a)Relative abundance of microbial taxa shared between saliva and stool
in the intervention and control groups at baseline, 2 weeks (2 wks), and 2 months (2 mos). Error bars
represent SEM. (b) Within-child oral-gut coupling for shared taxa.. Left, paired microbial similarity
between saliva and stool profiles of shared species, quantified using L2 similarity. Right, within-child



Spearman correlation of shared species abundances between oral and gut communities. Boxplots show
the distribution at each time point by groups; asterisks denote significant between-group differences (*P
< 0.05, **P< 0.01, Wilcoxon rank-sum test). (c) Alpha diversity of oral and gut microbiomes at each time
point, measured by Shannon and Simpson indices. Boxes indicate the interquartile range, with the
horizontal line denoting the median. Whiskers extend to the most extreme data points within 1.5 ×
interquartile range of the lower and upper quartiles. Dots beyond the whiskers represent outliers.
Between-group differences were assessed using the Wilcoxon rank sum test; *P < 0.05, **P < 0.01, ***P <
0.001, and ****P < 0.0001. (d) Contribution of host and environmental factors to variation in microbial
and functional profiles. PERMANOVA (Bray-Curtis dissimilarity) was applied separately to oral
microbiome, gut microbiome, antibiotic resistance genes (ARG), carbohydrate-active enzyme (CAZy)
family, Kyoto Encyclopedia of Genes and Genomes (KEGG) modules and pathways. The heatmap (left)
highlights factors with significant effects (P < 0.05, red squares). The horizontal bar plot (right) shows
PERMANOVA covariate effect (Fstatistics) for each factor. (e) Beta diversity of microbial and functional
features in response to Probio-M8 formula administration. Principal coordinate analysis (PCoA; Bray-
Curtis dissimilarity) are shown for oral microbiome, gut microbiome, ARG, CAZy, KEGG modules and
pathways at the three time points. Ellipses indicate group-wise dispersion at each time point. The matrix
(bottom right) summarizes PERMANOVA results comparing intervention and control groups at each time
point.



Figure 3

Probio-M8 formula is associated with species-level remodeling of oral and gut microbiota and shifts in
the gut resistome. (a) Circular heatmaps showing relative abundances of intervention-associated
species in oral (top) and gut (bottom) microbiomes. Rings correspond to: intervention baseline,
intervention week 2 (2 wks), intervention month 2 (2 mos), control baseline, control 2 wks, and control 2
mos. Color intensity reflects log10(relative abundance × 106). (b) Temporal dynamics of representative



differentially abundant taxa in saliva and stool. Boxplots display log10-transformed relative abundances
of selected oral and gut species. Boxes indicate the interquartile range, with the horizontal line denoting
the median. Whiskers extend to the most extreme data points within 1.5 × interquartile range of the
lower and upper quartiles. Dots beyond the whiskers represent outliers. Between-group differences at
each time point were assessed using two-tailed Wilcoxon rank-sum test (*P < 0.05, **P < 0.01, ***P <
0.001). (c) Volcano plots of differentially abundant antibiotic resistance genes (ARGs) between
intervention and control groups at the three time points. Green dots (Down): ARGs significantly lower in
the intervention group; red dots (Up): ARGs significantly higher; grey dots (NS): non-significant
differences. (d) Resistance mechanism-level summary of ARG abundance changes in the intervention
group at week 2 and month 2 relative to baseline. Adjacent numbers denote the count of individual ARGs
within each mechanism category that increased (red bars) or decreased (green bars) in abundance.



Figure 4

Probio-M8 formula is associated with time-dependent remodeling of the fecal metabolome in
preschool children. (a) Volcano plots of differentially abundant fecal metabolites between the
intervention and control groups at baseline, 2 weeks (2 wks), and 2 months (2 mos). Metabolites
significantly increased in the intervention group are colored red (Up); those significantly decreased are
colored green (Down). Significance was defined by P < 0.05 and a variable importance in projection



score (VIP) > 1; dot size reflects VIP magnitude. Grey dots (ns) denote non-significant metabolites. (b)
Venn diagram showing the number and overlap of discriminatory metabolites between intervention and
control groups at the three time points. (c) Circular heatmap of 76 metabolites that showed consistent,
intervention-associated changes across the trial. Rows correspond to individual metabolites; concentric
segments represent intervention and time points. Color intensity reflects log10(relative abundance). (d)
Pathway-level interpretation of metabolomic remodeling at 2 weeks and 2 months. Left: bubble plots of
significantly enriched metabolic pathways; bubble size represents the number of matched metabolites
(hits) and color encodes pathway significance. Right: corresponding metabolite-pathway networks
highlighting key metabolites that connect multiple enriched pathways. Node color reflects the direction
and magnitude of log2fold change, and node size represents the number of pathway hits.



Figure 5

Multi-omics association patterns and co-occurrence networks linking microbes, metabolites, and
clinical readouts in preschool children receiving Probio-M8 formula. (a)Heatmap of Spearman rank
correlations between host phenotypes and differentially abundant fecal metabolites. Columns represent
clinical variables, growth and body composition measures (height, weight, fat-free mass),
gastrointestinal and respiratory outcomes, and antibiotic use; rows correspond to metabolites



significantly differing between intervention and control groups. (b) Heatmap of Spearman rank
correlations between intervention-associated gut microbial species and differentially abundant fecal
metabolites. Rows correspond to microbial species; columns refer to metabolites. In the heatmaps, color
denotes the correlation coefficient (red, positive; blue, negative; *P < 0.05, **P< 0.01). (c) Integrated multi-
omics co-occurrence networks for the intervention and control groups, constructed from significant
Spearman correlations among differential gut species, metabolites, and functional features including
antibiotic resistance gene (ARG), carbohydrate-active enzyme (CAZy) family, Kyoto Encyclopedia of
Genes and Genomes (KEGG) module and pathway, metabolite, and microbial species. Nodes represent
biological entities, colored by data type and shaped by category. Edges reflect significant correlations
meeting thresholds for effect size and P value (r > 0.4, P < 0.01), with line thickness proportional to the
absolute correlation coefficient. Summary network metrics are reported beneath each network.
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