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Abstract

Background: Rotavirus gastroenteritis (RVGE) remains a leading cause of severe infant
diarrhea worldwide, with growing evidence supporting the role of the gut microbiome in
modulating the disease. However, the interplay between early-life demographic factors,
the gut microbiome, and their combined impact on RVGE clinical severity remains inad-
equately characterized, particularly in specific geographic populations. Aim: We aimed
to investigate how demographic determinants shape gut microbiome composition and
function in RVGE and how these features relate to clinical severity. Methods: In our com-
prehensive case—control study of 165 infants (120 RVGE cases and 45 healthy controls, aged
0-12 months), we utilized 16S rRNA sequencing combined with advanced statistical mod-
eling and machine learning to investigate how demographic factors influence microbiome
composition and clinical outcomes. Results: RVGE cases exhibited significantly reduced
bacterial diversity (Kruskal-Wallis, Static = 14.85, p < 0.001) and distinct patterns, with
community structure most strongly associated with dehydration severity (PERMANOVA;
R? = 0.15, p < 0.001). Substantial taxonomic alterations were identified characterized by
depletion of beneficial commensals including Akkermansia (LDA score = 3.8, p < 0.001),
Faecalibacterium (Random Forest AUC = 0.82, p < 0.001), and Bifidobacterium (r = —0.42 with
breastfeeding, p < 0.001), alongside enrichment of inflammation-associated taxa such as Es-
cherichia-Shigella (WBC; r = 0.49, p < 0.001, and CRP; r = 0.56, p < 0.001), Streptococcus (LDA
score = 4.2, p < 0.001), and Staphylococcus. Proteobacteria was the top potential biomarker of
severe outcomes (Random Forest AUC = 0.85), with abundance positively correlated with
systemic inflammation (CRP: r = 0.51, p = 0.003). Functional predictions revealed increased
lipopolysaccharide biosynthesis (ko00540) and reduced butanoate metabolism (ko00650,
p < 0.001) in severe disease. Importantly, demographic factors significantly modulated clini-
cal outcomes: cesarean-delivered, formula-fed infants presented the most dysbiotic profiles
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and experienced 3.2-fold longer hospitalization (95% CI: 1.8-5.6, p < 0.001) than vaginally
delivered, breastfed infants did. Conclusions: Collectively, these findings demonstrate
that early-life demographic factors potentially shape the gut microbiome composition and
function, may influence RVGE severity and recovery trajectories, thus providing candidate
biomarkers for risk stratification and identifying targets for microbiota-based interventions.

Keywords: gut microbiome; rotavirus; dysbiosis; microbial biomarkers; demographic
factors; breastfeeding; cesarean delivery

1. Introduction

Rotavirus remains the leading global cause of severe dehydrating gastroenteritis in
children under five years of age, accounting for approximately 128,000 annual deaths, pre-
dominantly in low- and middle-income countries [1,2]. Despite the introduction of vaccines,
rotavirus continues to cause substantial morbidity, with emerging evidence suggesting that
host susceptibility and disease severity may be modulated by the gut microbiome [3]. The
gut microbiota plays a pivotal role in immune system development, pathogen resistance,
and metabolic homeostasis early in life, with perturbations linked to both acute infectious
outcomes and long-term health consequences [4,5]. Understanding how rotavirus infection
interacts with the developing gut microbiome is critical for improving therapeutic strategies
and identifying at-risk populations.

The infant gut microbiome matures rapidly in the first two years and is shaped by
delivery mode, feeding, antibiotic exposure, and geography [6,7]. Specific practices, such
as exclusive breastfeeding, have been shown to foster microbial communities that enhance
gut barrier integrity and immune tolerance [8,9]. Conversely, cesarean section delivery
and formula feeding are associated with delayed microbial diversification and altered
colonization patterns [10,11]. These early-life microbial disturbances have been linked to
an increased susceptibility to enteric infections, including rotavirus, although the precise
mechanisms underlying this association remain incompletely understood [12].

Rotavirus infection itself induces significant alterations in the gut microbial composi-
tion, characterized by decreased diversity and enrichment of proinflammatory taxa [13].
Studies in murine models have demonstrated that rotavirus disrupts the intestinal epithe-
lial barrier, promoting bacterial translocation and systemic inflammation [14]. In humans,
rotavirus-positive infants exhibit specific alterations in microbial composition that correlate
with prolonged diarrhea and severe dehydration [15]. These findings suggest that rotavirus
may exploit or exacerbate preexisting dysbiosis, creating a vicious cycle of inflammation
and impaired microbial recovery [16].

The bidirectional relationship between rotavirus and the gut microbiome is further
complicated by demographic and environmental variables. Geographic location has
been shown to influence microbial community structure, which may affect disease out-
comes [17,18]. Urban and rural environments appear to shape distinct microbial profiles,
often characterized by differences in microbial diversity, the abundance of immunomodula-
tory commensals, and exposure to environmental microbes, that differentially influence
susceptibility to infection by priming the host immune system and altering colonization
resistance against pathogens [19-21]. Socioeconomic factors, including access to clean
water and vaccination coverage, further modulate these interactions, highlighting the need
for region-specific microbiome studies in rotavirus-endemic areas [22].
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Emerging evidence suggests that microbiome-targeted interventions could ameliorate
rotavirus severity by restoring microbial homeostasis [23,24]. Specific microbial strains have
shown efficacy in reducing diarrhea duration and viral shedding in clinical trials, likely
through immune modulation and competitive exclusion of pathogens [22,25]. However,
the variable success of these interventions underscores the importance of personalized
approaches, accounting for the host microbiome baseline and demographic risk factors [26].
Evidence from numerous clinical trials and systematic reviews supports the use of specific
probiotic strains as an adjuvant therapy for acute rotavirus gastroenteritis in children [27,28].
Large-scale meta-analyses, including a Cochrane review of 63 RCTs, conclude that pro-
biotics can reduce the mean duration of diarrhea by approximately 25 h and the risk of
prolonged episodes by 59%. The most robust evidence supports Lacticaseibacillus rhamnosus
GG (LGG) and Saccharomyces boulardii, which consistently demonstrate significant reduc-
tions in diarrhea duration and severity in various clinical settings [27]. The efficacy is strain
and dose-dependent, leading to recommendations from bodies like ESPGHAN for the use
of these specific probiotics as a viable, evidence-based approach to hasten recovery when
administered early in the illness [29].

A significant gap remains in understanding how specific early-life demographic factors
interact with the gut microbiome to modulate the severity of rotavirus gastroenteritis
(RVGE) across distinct populations. This study aims to address that gap by integrating
detailed demographic data with microbiome analysis to identify predictive biomarkers
and potential therapeutic targets. Using 165 rRNA sequencing and clinical metadata, we
investigated how demographic factors influence gut microbiome composition and function
in RVGE and how these microbial features correlate with clinical severity.

2. Materials and Methods
2.1. Participants and Eligibility Criteria

This case-control study was conducted between November 2022 and June 2023 at
Assiut University Children’s Hospital, specifically within the Gastroenterology Unit and
the Neonatal Intensive Care Unit. Infants aged 0 to 12 months who were presented with
acute gastroenteritis were screened for enrollment.

Infants were eligible for inclusion if they were between 0 and 12 months of age. The
case group (RVGE) consisted of infants diagnosed with acute gastroenteritis, defined as
having three or more watery stools per day for less than 72 h, along with laboratory-
confirmed rotavirus infection. Confirmation was achieved through a stool antigen test
(Rotaclone ELISA, Meridian Bioscience; sensitivity 98.4%, specificity 99.3%) and/or quan-
titative RT-PCR using the CDC Rotavirus Assay targeting the VP6 gene [30]. The control
group included healthy infants attending well-baby clinics (routine health check-up visits
for growth and development monitoring) who had not experienced any diarrhea in the
preceding month. These controls were frequency-matched to the cases by age band and
were recruited from the same geographic catchment area to minimize socioeconomic and
environmental confounding. Written informed consent was obtained from the parents or
legal guardians of all participants for both participation and stool microbiome analysis.
Crucially, no participants (cases or controls) had received rotavirus vaccination before
enrollment, to eliminate potential confounding effects of vaccine-induced immune and
microbiome modulation on disease presentation and severity. This is because the rotavirus
vaccine was not included in the national immunization program in Egypt at the time of
this study, ensuring a uniformly unvaccinated cohort.
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Exclusion criteria included the use of antibiotics, probiotics, or prebiotics within
14 days prior to enrollment, assessed through a combination of parent interviews and
medical record verification, when available. Infants with chronic gastrointestinal disorders
such as inflammatory bowel disease, cystic fibrosis, or congenital malformations affecting
digestion were excluded. Additional exclusions applied to those with severe comorbidities,
including congenital heart disease, chronic kidney disease, or immunodeficiency. Infants
with other enteric infections detected by stool culture or PCR, whether bacterial, viral, or
parasitic, were also excluded. Premature infants (born before 37 weeks of gestation) or those
with very low birth weight (less than 1500 g) were not eligible. Hospitalization within the
preceding month, except for delivery, was another exclusion criterion, as was the presence
of incomplete demographic or clinical data or inadequate stool samples for microbiome
sequencing. Samples with fewer than 10,000 reads after quality control were excluded from
the analysis (n = 2). No imputation was performed for missing clinical or demographic data;
complete case analysis was used Length of stay (LOS) was calculated as the number of days
from hospital admission to discharge. LOS data were collected from electronic medical
records and verified through nursing discharge summaries. Prolonged hospitalization
was defined as LOS > 7 days based on clinical guidelines for pediatric gastroenteritis
management and the distribution of LOS in our cohort, which identified this threshold as
clinically meaningful for distinguishing extended recovery [31]. Multivariate regression
analysis was performed to identify demographic and clinical predictors of extended LOS,
adjusting for age, sex, residence, and disease severity.

2.2. Clinical Assessment

Disease severity was assessed using the Vesikari clinical severity scoring system
(severe > 11) by trained pediatricians affiliated with the study [32]. In addition, dehydra-
tion grade (none, moderate, severe) was recorded at presentation and used as a severity
classifier in pre-specified analyses [33]. Laboratory measures included C-reactive protein
(CRP), electrolytes, complete blood counts, and other routine parameters as indicated [34].
Analyses involving dehydration severity were conducted within the RVGE cohort only to
avoid trivial separation from healthy controls (who, by definition, had no dehydration).

2.3. Sample Collection, PCR Amplification, and Sequencing of 16S rRNA

Owing to the complex nature of microbial data and variability across sequencing
platforms, the sample size was guided by established recommendations and prior studies
reporting Shannon diversity values between 2.1 and 3.2 in infant gut microbiomes affected
by gastroenteritis. Recent simulation-based evaluations suggest that detecting medium ef-
fect sizes (Cohen’s d ~ 0.5-0.6) in Shannon diversity or the relative abundance of dominant
taxa typically requires 4060 subjects per group to achieve 80% power at « = 0.05 [35-37].

Stool samples were collected within 24 h of hospitalization and control stools were
collected at the clinic visit, frozen at —80 °C, and processed for DNA extraction us-
ing the Qiagen DNeasy PowerSoil Kit (Cat No: 47014; Qiagen, Hilden, Germany)
within 4 weeks to minimize degradation. DNA quality and quantity were assessed
using a NanoDrop spectrophotometer and Qubit fluorometer, respectively, before li-
brary preparation. The V3-V4 region of the 165 rRNA gene was amplified through
the following primers with Illumina adapter overhangs (underlined): forward primer
5" TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGCCTACGGGNGGCWGCAG 3
reverse primer 5 GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGGACTACHVG
GGTATCTAATCC 3'. Polymerase chain reaction (PCR) was performed in a final vol-
ume of 25 pL. Each reaction mixture comprised 0.8 pL of forward primer and 0.8 pL of

reverse primer, both at a concentration of 10 uM (Metabion, Planegg, Germany), 3 pL of
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template DNA, and 12.5 uL of 1 x Hot Master Mix (Genedirex PCR Supermix). The thermal
cycling conditions included an initial denaturation at 94 °C for 3 min, followed by 22 cycles
of denaturation at 95 °C for 30 s, annealing at 60 °C for 30 s, and extension at 72 °C for 30 s.
A final extension step was carried out at 72 °C for 5 min.

The amplicon size and quality were verified through 1% agarose gel electrophoresis.
Library preparation and PCR amplicon processing were performed by IGA Technology
Services (Udine, Italy), and sequencing was carried out on the Illumina MiSeq platform
(IIlumina, San Diego, CA, USA) [38]. Negative extraction controls and PCR blanks were
incorporated into every batch and sequenced concurrently with the samples, yielding no
detectable reads after quality filtering. All sample handling and DNA extraction procedures
were performed in compliance with institutional biosafety protocols, with stool samples
treated as potential biohazards and processed using appropriate personal protective equip-
ment within a Class II biosafety cabinet. This quality control measure ensures that the
detected microbial profiles reflect genuine biological signals instead of artifacts introduced
during the sample processing phase. The ethics committee approved the study protocol
at the Faculty of Pharmacy, Al-Azhar University, Assiut, Egypt (ZA-AS/PH/12/C/2022),
adhering to the Declaration of Helsinki guidelines [39].

2.4. Bioinformatic Processing and Taxonomic Classification

The bioinformatics pipeline for processing 16S rRNA gene sequencing data was
designed to maximize accuracy while minimizing technical biases. Raw paired-end
FASTQ files were first subjected to quality control through FastQC (v0.11.9) to assess
sequence quality distributions. Sequence processing used the QIIME2 pipeline (2025.4)
with the DADAZ2 plugin [40]. Quality filtering was applied to discard reads with expected
errors > 2 in either the forward or reverse read, followed by truncation of forward reads at
270 bp and reverse reads at 210 bp based on Phred quality score degradation profiles
(Phred quality > 25) [41].

The denoised and merged sequences were clustered into amplicon sequence variants
(ASVs) through DADA2. Chimeric sequences were detected and removed through the
consensus method. Taxonomic classification was performed by applying a pretrained naive
Bayesian classifier (v2.20.0) against the SILVA 138.1 reference database [42,43]. Techniques
from machine learning have been utilized and validated for research on microbiomes to
identify microbial signatures that differentiate between comparable groups [44]. Random-
forest classifiers (ntree = 500; max_depth = 5) were evaluated with nested cross-validation
(5 x 10 folds) and 1000 permutations. To identify significant bacterial indicators, we also
used the random forest classifier through MicrobiomeAnalyst [45,46]. The validation of
the model included (1) nested cross-validation with 5 outer folds and 10 inner folds to
assess the AUC, precision-recall, and calibration; (2) testing independent holdout samples,
which represented 30% of the data; and (3) conducting 1000 permutation runs to verify
robustness. To ensure comprehensive performance evaluation, we implemented rigorous
validation metrics including bootstrap-derived confidence intervals for all Area Under the
Curve (AUCQC) values (1000 iterations with bias-corrected accelerated intervals). Feature
importance was quantified using Mean Decrease Gini impurity scores, with top discrimina-
tive taxa ranked by their contribution to classification accuracy. Additional performance
metrics including precision, recall, F1-scores, and multiclass accuracy were calculated with
95% confidence intervals. Model robustness was further validated through permutation
testing (1000 iterations) to establish statistical significance beyond chance classification.
The functional profile of the gut microbiome was inferred from 16S rRNA data (V3-V4
region) through Tax4Fun [47], with the Kyoto Encyclopedia of Genes and Genomes (KEGG)
Orthologs (KOs) database informing the analysis [48]. Functional pathway abundances
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predicted by Tax4Fun were normalized using total sum scaling (TSS) before downstream
statistical analysis.

2.5. Statistical Analysis

Comprehensive statistical analyses were conducted to examine relationships between
microbial community features and demographic/clinical variables. Age distribution was
compared using Fisher’s exact test on collapsed categories (0-3, 4-6, 7-9, and 10-12 months)
due to low expected frequencies in monthly strata. Alpha diversity metrics (Shannon in-
dex, observed ASVs, and Chaol) and beta diversity were calculated using the phyloseq
package (v1.36.0) at a standardized sequencing depth of 26,908 reads per sample to pre-
serve diversity metrics (Supplementary Figure S1) [49,50]. In addition to standard alpha
diversity metrics (Shannon, Chaol, observed ASVs), we calculated the Berger—Parker in-
dex to assess community dominance, defined as the proportional abundance of the most
dominant Amplicon Sequence Variant (ASV) in a sample. Group-wise comparisons of
the Berger—Parker index were conducted using nonparametric tests (Wilcoxon rank-sum
test for two groups, Kruskal-Wallis test for multiple groups) to evaluate differences in
dominance patterns across clinical and demographic categories [51]. Beta diversity was
assessed through principal coordinate analysis (PCoA) of Bray—Curtis dissimilarity ma-
trices, and statistical significance of group separations was tested using permutational
multivariate analysis of variance (PERMANOVA) with 999 permutations [52]. A multi-
faceted statistical approach was employed to address distinct biological questions and
leverage the strengths of different tools, ensuring robust and comprehensive analysis. Each
tool was applied consistently with its data type and analytical goal: DESeq2 was used for
differential abundance testing of raw counts between predefined groups; LEfSe identified
biomarkers distinguishing multiple (>2) categorical classes; MaAsLin2 detected multi-
variate associations while controlling for covariates (e.g., age, sex); Spearman correlation
assessed monotonic relationships between microbial relative abundance and continuous
clinical variables; and Random Forest machine learning evaluated predictive power of
the entire microbial community and ranked feature importance. This integrated approach
enabled cross-validation of findings across complementary methodologies. Differential
abundance analysis was performed on nonrarefied counts at multiple taxonomic levels
through DESeq?2 (v1.32.0), which employs a negative binomial generalized linear model
with Wald tests for significance [53]. Additionally, linear discriminant analysis (LDA)
effective size (LEfSe) was applied to infer potential biomarkers (taxon or metabolic path-
ways) related to health states and demographic and clinical variables (LDA score > 2.0,
p < 0.05) [54]. Microbial association analysis was conducted through Maaslin2 (Multivariate
Association with Linear Models), which employs a linear modeling approach to identify
taxa significantly associated with clinical groups [55]. The genus-level ASV table served
as the input data, while the metadata encompassed disease state, clinical variables, de-
mographics, age, and sex. These factors were included as fixed effects in the model to
account for demographic confounding. To stabilize variance and mitigate compositional
bias, total sum scaling (TSS) normalization and log transformation were applied. To define
the strength of associations, Spearman’s correlation coefficients (r) were categorized as
follows: weak (0.20-0.39), moderate (0.40-0.59), and strong (>0.60). For all the statistical
tests, a two-tailed p value of less than 0.05 was considered statistically significant. p values
were further denoted as follows: * p < 0.05, ** p < 0.01, and *** p < 0.001.

The Firmicutes-to-Bacteroidetes (F/B) ratio was log-transformed to approximate nor-
mality and analyzed in relation to demographic factors through multiple linear regression
models adjusted for age, sex, and feeding mode. Continuous variables were standard-
ized (through a z-score transformation) to facilitate comparison of effect sizes. Pairwise
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comparisons were statistically estimated through an unpaired Wilcoxon rank sum test,
while multiple-testing-group comparisons were performed through the Kruskal-Wallis
rank sum test, and correction of p values was applied through the Benjamini-Hochberg
false discovery rate (FDR) procedure [56]. p-values from differential abundance testing
(DESeq2, MaAsLin2), functional pathway analyses, and genus-level Spearman correlations
were adjusted for multiple comparisons using the Benjamini-Hochberg FDR procedure.
An FDR-adjusted p-value (g-value) of < 0.05 was considered statistically significant. p
values resulting from statistical tests that were below the threshold of 0.001 are reported as
p < 0.001. All analyses were conducted in R (v4.2.2) [57]. In summary, key associations were
tested using multivariate models adjusted for covariates where specified, and statistical
significance was interpreted in the context of FDR correction for multiple comparisons
where applicable.

3. Results
3.1. Demographic and Clinical Characteristics of the Participants

The study cohort comprised 165 infants, including 120 with confirmed rotavirus
gastroenteritis (RVGE) and 45 healthy controls. The patients’” demographic and clini-
cal characteristics are summarized in Table 1 (Supplementary Table S1). The groups
were comparable in terms of sex distribution (37.5% male in RVGE vs. 46.7% in controls;
% =112, p = 0.29) and residential setting (40.0% rural in RVGE vs. 48.9% in controls;
x% =1.06, p = 0.30). Age distribution did not differ significantly between groups (Fisher’s
exact test, p = 0.065) (Supplementary Table S1).

Table 1. Demographic and Clinical Characteristics of Rotavirus-Infected Infants (RVGE) vs.
Healthy Controls.

Variable Category RVGE (n = 120) Healthy (1 = 45) Effect Size (95% CI) Test Statistic p-Value
Demographic Factors

Male 45 (37.5%) 21 (46.7%) OR=0.68(0.34-1.35) x>=1.12 0.29
Sex, n (%)

Female 75 (62.5%) 24 (53.3%)
Age (months) Mean + SD 58+3.2 6.9 + 3.8 MD=-11(-23-0.1) t=-1.82 0.071

Rural 48 (40.0%) 22 (48.9%) OR=0.70(0.35-1.39)  x%>=1.06 0.30
Residence, n (%)

Urban 72 (60.0%) 23 (51.1%)

Formula 56 (46.7%) 9 (20.0%) -- x%=9.87 0.002
Feeding Mode, n (%) Breast 58 (48.3%) 31 (68.9%)

Mixed 6 (5.0%) 5(11.1%)

Cesarean 85 (70.8%) 34 (75.6%) OR =079 (0.36-1.75)  x*>=0.31 0.58
Delivery Mode, n (%)

Vaginal 35 (29.2%) 11 (24.4%)
Clinical and Laboratory Parameters
WBC (x10%/puL) Mean + SD 112 £3.1 6.1+20 MD =5.1 (4.2-6.0) t=112 <0.001

. MD=-13

Hemoglobin (g/dL) Mean + SD 11.0£13 123 £0.8 (—1.7--0.9) t=—6.87 <0.001
Platelets (x 103 /L) Mean + SD 510 + 98 425 £+ 50 MD = 85 (56-114) t=5.78 <0.001
CRP (mg/L) Median [IQR] 1.6 [0.9-2.2] 0.5[0.3-0.7] - U =985.5 <0.001

None 36 (30.0%) 45 (100%) - X2 =720 <0.001
Dehydration Status, n (%)  Moderate 76 (63.3%) 0 (0%)

Severe 8 (6.7%) 0 (0%)

Abbreviations: CI, Confidence Interval; OR, Odds Ratio; MD, Mean Difference; SD, Standard Deviation; IQR,
Interquartile Range; WBC, White Blood Cell count; CRP, C-reactive Protein.
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However, feeding practices differed markedly, with the RVGE group having a signif-
icantly greater proportion of formula-fed infants (46.7% vs. 20.0% in controls; x> = 9.87,
p = 0.002) and a lower proportion of exclusively breastfed infants (48.3% vs. 68.9%). The
mixed feeding category comprised 6 infants (5.0%) in the RVGE group compared to 5
(11.1%) in controls. The mode of delivery did not differ significantly between the groups
(70.8% cesarean in the RVGE group vs. 75.6% in the control group; x? = 0.31, p = 0.58).

As expected, clinical parameters reflecting infection and inflammation were signifi-
cantly altered in the RVGE cohort. RVGE infants presented elevated white blood cell (WBC)
counts (11.2 + 3.1 vs. 6.1 £2.0 x 103/uL; p < 0.001), lower hemoglobin levels (11.0 + 1.3
vs. 12.3 + 0.8 g/dL; p < 0.001), and higher C-reactive protein (CRP) concentrations (median
[IQR]: 1.6 [0.9-2.2] vs. 0.5 [0.3-0.7] mg/L; p < 0.001). Dehydration was present in 70.0% of
cases (63.3% moderate, 6.7% severe; x2 = 72.0, p <0.001).

Hospitalization outcomes revealed significant variations in length of stay (LOS)
across demographic subgroups (Supplementary Table S2). Cesarean-delivered, formula-
fed infants (32.50%) experienced substantially longer hospitalization (7.9 = 1.2 days) com-
pared to vaginally delivered, breastfed infants (13.33%; 2.4 £ 1.1 days), representing a 3.3-
fold increase (p < 0.001). Mixed feeding practices showed intermediate outcomes, with
vaginal + mixed infants (1.67%) requiring 3.8 & 1.0 days (1.6-fold increase, p = 0.08) and
cesarean + mixed infants (3.33%) requiring 5.2 & 1.1 days (2.2-fold increase, p = 0.01).
LOS showed a strong correlation with clinical severity, with severely dehydrated infants
(6.67%) requiring 6.8 £ 1.7 days versus 2.0 £ 0.5 days for non-dehydrated cases (30.00%;
p < 0.001).

3.2. Bacterial Diversity Analysis

Sequencing of 16S rRNA amplicons generated 6,435,520 high-quality reads from
165 samples (mean + SD: 37,856 + 10,737 reads per sample). Post-DADA2 processing,
chimera removal accounted for <12.73% of sequences. Negative controls yielded no de-
tectable reads. Rarefaction curves in Supplementary Figure S1 demonstrate adequate
sequencing depth. Alpha diversity was significantly lower in the RVGE cohort than in the
healthy control cohort (Kruskal-Wallis, Static = 14.85, p < 0.001; Figure 1A).

Within the RVGE cohort, alpha diversity was significantly associated with several
host factors. Feeding practices were a major determinant, with a significant differ-
ence in Shannon diversity across the three groups (Kruskal-Wallis test, Static = 21.73,
p = 0.015; Figure 1B). Breastfed infants had significantly greater diversity than formula-
fed infants (Dunn’s test, p = 0.018). Similarly, the mode of delivery influenced diversity,
with vaginally delivered infants exhibiting higher values than those delivered by ce-
sarean section (Wilcoxon rank-sum test, p = 0.022). A significant negative correlation
was also observed between diversity and the duration of formula feeding (r = —0.38,
p = 0.004).

Clinical disease severity was strongly associated with a loss of diversity. Shan-
non diversity was significantly negatively correlated with both white blood cell count
(r = —0.35, p = 0.008) and CRP level (r = —0.42, p < 0.001). Most notably, diversity de-
creased significantly with increasing dehydration grade (Kruskal-Wallis test, Static = 25.8,
p < 0.001), with severely dehydrated infants exhibiting the lowest microbial diversity. Age
was positively correlated with diversity (r = 0.39, p = 0.002), whereas rural residence had a
modest negative association (r = —0.27, p = 0.032). No significant correlations were found
with hemoglobin or platelet counts.
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Figure 1. Bacterial diversity analysis and Correlation patterns between clinical parameters and gut
microbiome diversity. The figure presents a comprehensive analysis of the relationships between
host parameters and the alpha diversity of the gut microbiome. (A) Boxplots of three alpha diversity
metrics (Shannon, Chaol, and observed species) stratified by four clinical/demographic parameters
(Disease state, feeding practices, delivery mode, and dehydration status). (B) Clustered heatmap of
Spearman correlation coefficients between clinical parameters (including hematological and biochem-
ical measures) and alpha diversity indices. The heatmap employs a red white-blue color gradient
(red = 1, white = 0, blue = —1). All correlation values are displayed numerically (p < 0.05). Abbrevia-
tions: Plt, Platelets; Ca, Calcium; Na, Sodium; CRP, C-reactive protein; WBC, White Blood Cell count;
Hb, Hemoglobin; Creat., Creatinine.

Analysis of microbial community dominance using the Berger—Parker Index revealed
distinct patterns across demographic and clinical variables (Supplementary Table S3). RVGE
patients exhibited substantially higher dominance (mean = 0.42) than healthy controls
(mean = 0.27), indicating a collapse in community evenness characterized by pathogen
overgrowth during infection. Among feeding practices, breastfed infants showed the
highest dominance (0.47), potentially reflecting specialized colonization by milk-adapted
taxa, while mixed-fed infants displayed the most even distributions (0.29). In contrast,
geographic residence showed no influence on community dominance, with nearly identical
indices between rural (0.42) and urban (0.39) infants.

Notably, the gut microbiome composition of RVGE infants was significantly associated
with key demographic and clinical factors (PERMANOVA: FDR-adjusted p < 0.05) (Figure 2).
The degree of dehydration was the strongest determinant of microbial structure (R? = 0.15,
p < 0.001), followed by feeding mode (R? = 0.12, p < 0.001), delivery mode (R? = 0.08,
p = 0.02), and residential environment (R? = 0.06, p = 0.04).
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Figure 2. Principal coordinate analysis reveals associations between the infant gut microbiota and
demographic and clinical variables. Principal coordinate analysis (PCoA) based on Bray—Curtis
dissimilarity metrics illustrating gut microbiota (3 diversity stratified by (A) feeding mode, (B) mode
of delivery, (C) degree of dehydration, and (D) place of residence. Each point represents an individual
infant, with colors indicating the category of each variable. The ellipses denote 95% confidence
intervals for the group centroids. Variations in microbial community composition were visualized
along the first two principal coordinates (PCoA1 and PCoA2), which explained 37.5% and 14.7% of
the total variance, respectively (PERMANOVA; R? =0.15, p <0.001).

3.3. Taxonomic Profiling of RVGE Microbiomes: Phylum-Level Associations with Demographic
and Clinical Variables

Analysis of the 1247 bacterial ASVs revealed a taxonomic structure comprising
17 phyla, 52 classes, 127 orders, 231 families, and 419 genera.

Phylum-level abundance was strongly associated with clinical and demographic
factors (Figure 3A). Firmicutes was the dominant phylum (mean abundance: 38.6%). Its
relative abundance increased significantly with increasing age (r = 0.42, p = 0.008) and was
greater in breastfed infants than in formula-fed infants (Kruskal-Wallis test followed by
Dunn’s post hoc test, p = 0.045).
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Figure 3. Microbiome composition and Firmicutes-to-Bacteroidetes ratio associated with clinical
and demographic variables in the study cohort. Analysis of the gut microbiota composition and its
clinical associations, integrating taxonomic profiling with functional dysbiosis metrics. (A) Bar plots
displaying the mean relative abundance of the most dominant bacterial phyla across demographic
groups. (B) Heatmap showing Spearman correlations between the Firmicutes-to-Bacteroidetes ratio
(F/B ratio) and clinical parameters. Correlation coefficients (r) are displayed with significance indica-
tors (* p < 0.05, ** p < 0.01). Red/blue gradients denote positive/negative associations, respectively.
Abbreviations: Plt, Platelets; Ca, Calcium; Na, Sodium; CRP, C-reactive protein; WBC, White Blood
Cell count; Hb, Hemoglobin; Creat., Creatinine.

Proteobacteria, the second most abundant phylum (32.1%), was strongly associated
with disease severity. It was significantly enriched in infants with severe dehydration
(Kruskal-Wallis test, p = 0.012; post hoc severe vs. no dehydration: p = 0.009), and its
abundance correlated positively with systemic inflammation (CRP: » = 0.51, p = 0.003).
This clinical relevance was further underscored by machine learning, which identified
Proteobacteria as the top classifier for severe outcomes (AUC = 0.85).

In contrast, Actinobacteria (10.2%) and Bacteroidetes (7.8%) exhibited protective asso-
ciations. Actinobacteria was enriched in breastfed infants (Kruskal-Wallis, p = 0.008; post
hoc p = 0.006) and was negatively correlated with dehydration severity (r = —0.35, p = 0.018).
The abundance of Bacteroidetes was significantly lower in patients with severe dehydration
(Kruskal-Wallis, p = 0.023; post hoc p = 0.018) and was negatively correlated with age
(r=—0.38, p = 0.012). Compositional plots visually confirmed the greater contribution of
these phyla to the microbiomes of healthy and breastfed infants.



Viruses 2025, 17, 1542

12 of 27

The Firmicutes-to-Bacteroidetes (F/B) ratio, a common index of dysbiosis, varied
significantly across groups (Figure 3B). The ratio was elevated in severely dehydrated
infants (Kruskal-Wallis, p = 0.032), which is consistent with the observed enrichment of
Firmicutes and depletion of Bacteroidetes. Formula-fed infants had a significantly higher
median F/B ratio than their breastfed counterparts did (2.01 vs. 1.24; Wilcoxon rank-sum
test, p = 0.018). Older infants (>6 months) also presented higher ratios than younger infants
did (median: 2.34 vs. 1.15; Wilcoxon test, p = 0.047), whereas a nonsignificant trend toward
higher ratios was observed in rural versus urban infants (1.71 vs. 1.29; p = 0.12).

3.4. Microbial Signatures: Genus-Level Stratification Reveals Demographic Patterns in RVGE

The gut microbiota of infants with RVGE was characterized by significant genus-level
dysbiosis, the patterns of which were strongly influenced by host demographics (Figure 4).
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Figure 4. Gut microbiome structure at genus level in rotavirus gastroenteritis (RVGE): Associ-
ations with demographic and clinical parameters. Heatmap visualization of Spearman correla-
tion coefficients between the relative abundance of the top 25 bacterial genera (Mean relative
abundance > 0.02) (y-axis) and demographic/clinical variables (x-axis). The variables are grouped by
type (feeding, delivery mode, demographics, clinical, dehydration). The color intensity represents the
correlation strength (blue: negative; red: positive; scale: —1 to +1). Asterisks denote statistical signifi-
cance (* p < 0.05, ** p < 0.01) based on two-tailed tests. Abbreviations: Plt, Platelets; Ca, Calcium; Na,
Sodium; CRP, C-reactive protein; WBC, White Blood Cell count; Hb, Hemoglobin; Creat., Creatinine.
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A consistent depletion of beneficial, anti-inflammatory genera was observed. This

included a significant reduction in Akkermansia (LDA score = 3.8, p < 0.001), which was
negatively correlated with CRP levels (r = —0.45, p < 0.001). The abundances of the
butyrate producers Roseburia (DESeq2 log2FC = —2.1, p = 0.003) and Eubacterium (MaAsLin2
coefficient = —0.67, p = 0.0087) were also markedly reduced.

Conversely, opportunistic pathogens were enriched. Streptococcus was identified as

a potential dysbiosis biomarker (LDA score = 4.2, p < 0.001) and was strongly associated
with formula feeding and elevated CRP. Staphylococcus (DESeq2 log2FC = 1.9, p = 0.004)
and Enterococcus were both linked to cesarean delivery (r = 0.39, p = 0.002 and » = 0.41,
p < 0.001, respectively).

3.5. Influence of Demographic Factors on Microbiome Structure

The random forest classifier demonstrated strong performance in discriminating
infant feeding modes based on gut microbiome composition (Figure 5). Cross-
validation revealed excellent discriminative ability for breastfed infants (AUC = 0.85,
95% CI: 0.79-0.91), very good discrimination for formula-fed infants (AUC = 0.82,
95% CI: 0.76-0.88), and good discrimination for mixed-fed infants (AUC = 0.78,
95% CI: 0.71-0.85). Overall multiclass classification achieved an AUC of 0.81
(95% CI: 0.75-0.87), indicating robust model performance (Supplementary Figure S2,
Supplementary Table 54).

Age and sex: The inflammatory genus Escherichia-Shigella was significantly enriched
in male infants (r = 0.32, p = 0.003; DESeq?2 log2FC = 2.3, p = 0.0026) and younger
infants (<6 months; r = —0.41, p < 0.001), who also presented relatively high levels of
Clostridium sensu stricto 1 (r = —0.35, p = 0.003) (Figure 5). In contrast, female infants
and older infants presented greater abundances of the beneficial genera Bifidobacterium
(r=—0.35, p <0.001) and Bacteroides, respectively.

Residence: Rural infants presented relatively high abundances of Clostridium sensu
stricto 1 (LDA score = 3.5, p = 0.002) and Klebsiella (r = 0.38, p < 0.001) (Figure 5B).
Delivery mode: Cesarean delivery was associated with an increased abundance of
pathobionts such as Klebsiella (r = 0.45, p < 0.001) and Enterococcus, and a reduc-
tion in beneficial taxa such as Prevotella (MaAsLin2 coefficient = —0.89, p = 0.008)
(Figure 5D). Vaginal delivery was associated with increased levels of Bifidobacterium
(Supplementary Figure S3).

Feeding Practices: Formula feeding was a major driver of dysbiosis, showing strong
positive associations with Streptococcus (r = 0.47, p < 0.001) and Staphylococcus (r = 0.39,
p = 0.002). Exclusive breastfeeding promoted a healthier microbiota enriched with
Bifidobacterium (r = —0.42, p < 0.001) and Lactobacillus (r = —0.36, p = 0.004). Based on
the AUC analysis, the Rikenellaceae RC9 gut group emerged as a notable discriminator
for both the formula feeding (AUC = 0.758) and breastfeeding (AUC = 0.745) groups.
Dickeya also exhibited strong performance for the formula-fed group (AUC = 0.682),
whereas Fastidiosipila was significant for the breastfed group (AUC = 0.701) (Figure 5C;
Supplementary Figure 54).
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Figure 5. Gut microbial composition by demographic and clinical factors in the RVGE cohort. A
multipanel figure presents the relative abundance patterns of the most variable bacterial genera
across four demographic and clinical variables: degree of dehydration (A), residence type (B), feeding
mode (C), and mode of delivery (D). Horizontal bar plots show the mean relative abundance (%) of
each genus, with dot plots displaying the mean abundance and 95% confidence intervals for each
genus across the respective groups. Abbreviations: Plt, Platelets; Ca, Calcium; Na, Sodium; CRP,
C-reactive protein; WBC, White Blood Cell count; Hb, Hemoglobin; Creat., Creatinine; CS, Cesarean;
NVD, normal vaginal delivery.

3.6. Synergistic Associations and Clinical Correlations with Gut Microbiomes

The combination of cesarean delivery and formula feeding had synergistic associations,
amplifying dysbiosis to produce the most unfavorable microbial profile. This was charac-
terized by a non-linear potentiation, resulting in the highest abundance of Staphylococcus
(r=10.42, p < 0.001) and the most severe depletion of Bifidobacterium (r = —0.51, p < 0.001)
and Akkermansia (r = —0.64, p < 0.001). The magnitude of these shifts in the combined group
substantially exceeded the individual effects of either factor alone, indicating a convergent
biological impact on microbial colonization.
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Strong genus-clinical correlations were evident across the cohort: Escherichia-Shigella
abundance was positively correlated with WBC (r = 0.49, p < 0.001) and CRP (r = 0.56,
p <0.001), whereas Bifidobacterium and Faecalibacterium abundance was negatively correlated
with inflammation. The presence of Klebsiella was strongly linked to severe dehydration
(r=0.52, p <0.001).

3.7. Metabolic Pathway Alterations and Functional Profiles

Predicted metagenomic analysis revealed profound restructuring of microbial metabolic
potential in RVGE, characterized by a shift away from homeostasis and toward inflam-
mation, with demographic factors strongly influencing these functional profiles (Figure 6,
Supplementary Table S5). A core finding was the marked predicted enrichment of proin-
flammatory pathways, including lipopolysaccharide (LPS) biosynthesis (ko00540), which
was significantly enriched in the RVGE cohort (LDA score = 4.1, p < 0.001) and among
formula-fed infants (LDA score = 3.8, p = 0.002). Concurrently, pathways for xenobi-
otic degradation (ko00480) were elevated in cesarean-delivered infants (LDA score = 3.5,
p = 0.007).
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Figure 6. Functional correlation heatmap of microbial genera and KOs grouped by demographic
variables and metabolic pathways. Heatmap illustrates the correlation patterns between significant
KOs (x-axis) and associated microbial genera (y-axis), organized by demographic associations and
metabolic pathways. Genera are grouped according to their predominant demographic variables
(formula-fed, urban, rural, CS-delivered, and breastfed), whereas KOs are categorized by their
metabolic functions. The color gradient represents correlation coefficients ranging from —1 (navy
blue) to +1 (red), with white indicating a neutral correlation. The annotation bars provide immediate
visual reference to the grouping structures, with genera colored by demographic association and
KOs colored by metabolic pathway. LEfSe identified biomarkers distinguishing multiple categorical
classes (LDA score > 2.0, p < 0.05).

In contrast, protective metabolic pathways were significantly depleted. Butanoate
metabolism (ko00650) was reduced in severely dehydrated patients (LDA score = 4.5,
p <0.001), correlating with taxonomic predicted depletion of key butyrate producers like
Faecalibacterium (r = 0.52, p = 0.003). Similarly, folate biosynthesis pathways (ko00790)
were underrepresented in RVGE infants (LDA score = 3.2, p = 0.009), aligning with lower
abundances of Bifidobacterium.
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Demographic factors further shaped the functional landscape. Breastfed infants
showed enrichment in vitamin B12 biosynthesis (ko00750; LDA score = 3.9, p < 0.001), while
formula-feeding was associated with enhanced starch and sucrose metabolism (ko00500;
LDA score = 4.2, p < 0.001) and specific enrichment of iron complex outer membrane
receptor protein K02014 (LDA score = 4.21, p < 0.001). Rural residence was linked to
methane metabolism (ko00680; LDA score = 3.6, p = 0.005) and plant polysaccharide degra-
dation, while cesarean delivery was associated with branched-chain amino acid transporter
KO1999 (LDA score = 3.65, p < 0.001).

Integration of taxonomic and functional data revealed key genus-pathway associations:
Bifidobacterium with folate biosynthesis, Escherichia-Shigella with branched-chain amino
acid transport in cesarean-delivered infants, and Prevotella with methane metabolism in
rural populations (Supplementary Table S5). Random forest modeling confirmed the
clinical relevance of these shifts, identifying LPS biosynthesis as the top predictor of
severe outcomes (AUC = 0.82) and butanoate metabolism as predictive of milder disease
(AUC =0.79).

3.8. Clinical and Inflammatory Correlations

The taxonomic—functional relationships revealed critical links between microbiome
composition, metabolic activity, and host inflammation. Faecalibacterium and Bacteroides
exhibit strong negative correlations with systemic inflammation markers (CRP: r = —0.42,
p = 0.0027; WBC count: r = —0.37, p < 0.05), reinforcing their role in maintaining
gut homeostasis and immune tolerance. In contrast, Escherichia-Shigella and Klebsiella
were positively correlated with proinflammatory markers (CRP: r = 0.51, p < 0.001;
WBC: r = 048, p = 0.0057). Cesarean delivery was associated with reduced represen-
tation of primary bile acid biosynthesis (ko00120, padj = 0.0083), which may disrupt bile
acid-mediated antimicrobial defense and lipid metabolism. Additionally, urban infants
presented a greater abundance of antibiotic resistance genes (ko01501, padj = 0.0053), likely
due to greater exposure to antimicrobial agents in urban environments.

The integration of LOS data with microbiome profiles revealed significant associations
between microbial composition and hospitalization outcomes. Infants with prolonged
LOS (>7 days) exhibited a specific dysbiotic signature, defined by a significant increase
in Proteobacteria abundance (r = 0.48, p = 0.002) concurrent with a significant decrease in
Akkermansia (r = —0.52, p < 0.001). Multivariate analysis confirmed that the combination of
cesarean delivery and formula feeding remained an independent predictor of extended
LOS after controlling for disease severity ( = 2.3, 95% CI: 1.3-3.8, t = 3.2, p = 0.006).

4. Discussion

The gut microbiome plays a pivotal role in modulating host immunity and pathogen
resistance, particularly in pediatric populations vulnerable to RVGE [1,58]. This study
revealed significant associations between demographic factors, microbial community struc-
ture, and clinical outcomes in infants hospitalized with acute rotavirus infection. By
integrating taxonomic profiling with functional pathway analysis, this study demonstrates
how early-life exposures, including feeding practices, delivery mode, and geographic
residence, shape microbiome composition and metabolic potential, thereby influencing
disease severity.

The study cohort revealed notable demographic differences between RVGE patients
and healthy controls. Compared with controls, RVGE cases included an increased pro-
portion of females, younger infants, and more urban residents. This agrees with local
incidence [58], and contrasts with global epidemiological patterns, where rotavirus typ-
ically shows male and rural predominance [59], suggesting possible region-specific or
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sampling-related factors. Formula feeding was significantly more common among RVGE
patients, whereas delivery mode did not differ significantly between groups [60]. These
findings underscore the potential influence of early-life feeding practices on gut microbiota
development and RVGE susceptibility.

RVGE infants exhibit pronounced abnormalities, including elevated white blood cell
counts, anemia, and elevated C-reactive protein (CRP) [61], reflecting a state of systemic
inflammation [62]. CRP levels showed the strongest association with microbial dysbio-
sis, serving as a proxy for gut barrier disruption [40]. Severe dehydration is exclusively
observed in RVGE infants and is linked to osmotic diarrhea from malabsorbed carbohy-
drates [63]. These clinical parameters collectively underscore the systemic impact of RVGE,
which extends beyond gastrointestinal symptoms [64].

4.1. Influence of Age and Sex on Microbiome and Severity

The infant gut microbiome demonstrated significant age-dependent variations.
Younger infants presented distinct microbial profiles characterized by a greater abun-
dance of pathobionts and lower levels of beneficial taxa, patterns indicative of an immature
and vulnerable gut ecosystem [4]. These findings align with the window of highest vul-
nerability before adaptive immunity fully matures [6,65]. Older infants showed gradual
microbial maturation consistent with dietary diversification [66], although they remained
dysbiotic compared with healthy controls. The negative correlation between microbial
diversity and inflammatory markers indicates that RVGE-associated inflammation may
itself impede normal microbiome developmental trajectories [67]. These age-stratified
patterns highlight the dynamic nature of the infant gut microbiome and identify a critical
window for potential microbiome-targeted interventions [68].

Sex-specific differences in microbiota structure were also observed. Male infants
presented more pronounced dysbiosis, with significant enrichment of inflammatory gen-
era that correlated with elevated clinical markers of disease severity. This aligns with
prior studies indicating sex-based immunological differences that influence microbial col-
onization and response to infection [69]. Compared with male infants, female infants
presented increased abundances of protective taxa and decreased levels of inflammatory
markers, highlighting a protective hormonal or immunological influence. These findings
position sex as an underrecognized determinant of early microbial programming and
disease susceptibility.

4.2. Impact of Geographic Residence and Local Epidemiology

Geographic residence has a potentially substantial effect on microbial structure. Rural
infants displayed increased levels of certain opportunistic pathogens, possibly reflecting
broader environmental exposures. In contrast, urban infants had higher abundances of
genera linked to dietary diversity. These geographic disparities highlight the necessity
for region-specific public health strategies designed to optimize early-life microbiota and
mitigate infection risk [70,71].

4.3. The Critical Role of Feeding Practices

Feeding modality has one of the strongest influences on microbial structure. Formula
feeding was associated with reduced microbial diversity and enrichment of pathobionts.
The absence of human milk oligosaccharides (HMOs) in formula, which are crucial for
promoting the growth of keystone genera such as Bifidobacterium, likely contributes to this
dysbiotic state [8,72]. The anti-inflammatory effects of Bifidobacterium, which are mediated
through acetate production and immune modulation, are critical for rotavirus contain-
ment [73]. Conversely, formula-fed infants presented upregulated microbial pathways for
starch metabolism, reflecting an adaptive shift to complex carbohydrates [74]. Mixed-fed
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infants exhibited an intermediate state of dysbiosis, potentially indicating only partial pro-
tection from breastfeeding [75]. These findings reinforce the clinical importance of exclusive
breastfeeding for promoting microbial resilience and reducing disease severity, indicating
its candidate promotion as a key microbiome-based RVGE prevention strategy [76,77].

The enrichment of Gammaproteobacteria is a recognized dysbiosis signature in
early life, particularly in formula-fed infants, where taxa such as Klebsiella and Es-
cherichia/Shigella often expand [78-80]. In diarrheal settings, these genera commonly
increase, and Proteobacteria expansion is broadly linked to inflammatory gut states [80,81].

Within this context, Dickeya, a Gammaproteobacterium within Pectobacteriaceae, is
primarily known as a plant-associated pathogen; reports from human infant stool are
uncommon, so any apparent enrichment should be interpreted cautiously and ideally
validated with shotgun metagenomics or culture, to exclude environmental or reagent
contamination [82,83].

In contrast, SCFA-associated lineages, including classic butyrate-producing bacteria,
support epithelial integrity and temper mucosal inflammation; their predicted depletion is
repeatedly observed in inflammatory bowel disease and correlates with impaired barrier
function [84,85].

Taken together, these findings indicate a formula-feed-associated shift toward proin-
flammatory conditions. Gammaproteobacteria (Klebsiella, Escherichia/Shigella, and Dickeya)
alongside depletion of beneficial SCFA producers may mark a gut ecosystem that is less
capable of resolving viral injury, potentially predisposing preterm infants to more severe
rotavirus disease and underscoring the role of diet-driven microbiota in neonatal infectious
susceptibility [79,86].

Our analysis identified feeding mode as the most robust demographic differentiator
between the RVGE and control cohorts. This strong association is mechanistically explained
by the profound impact of formula feeding on the infant gut microbiome, which in turn ex-
acerbates rotavirus pathogenesis. Formula-fed infants in our study exhibited a microbiome
primed for severe disease, characterized by the depletion of beneficial, immunomodulatory
genera such as Akkermansia and Faecalibacterium, and the enrichment of proinflammatory
pathobionts like Escherichia-Shigella and Streptococcus [87]. This configuration likely fa-
cilitates more severe disease through a dual mechanism: first, by impairing gut barrier
integrity due to a loss of mucin-degrading (Akkermansia) and butyrate-producing (Faecal-
ibacterium) bacteria, and second, by creating a proinflammatory milieu that amplifies the
tissue damage caused by rotavirus replication [84,85,87]. In contrast, breastfeeding fosters
a microbiome enriched in Bifidobacterium (r = —0.42 with breastfeeding), which supports
barrier function and immune regulation, thereby mitigating pathogenesis and resulting in
the milder clinical outcomes we observed [8,72,73].

4.4. The Potential Impact of Delivery Mode and Synergistic Risk Factors

The high cesarean section rate was primarily driven by medical indications like prior
cesarean delivery, yet multilevel analysis and provider interviews identified significant
non-clinical contributors. These included systemic factors such as convenience incen-
tives, insufficient supervision, and inadequate guideline implementation, alongside clinical
management factors like incomplete partograph use [88,89]. The delivery mode further
modulated the microbial composition. Cesarean delivery disrupts normal microbial succes-
sion, leading to the enrichment of opportunistic pathogens and the depletion of beneficial
taxa acquired during vaginal birth [90]. Cesarean-born infants miss critical microbial in-
oculation from the maternal vaginal and fecal microbiota, which appears to predispose
them to overgrowth of pathogens linked to severe nosocomial infections [91]. A synergistic
association was observed when cesarean delivery was combined with formula feeding,



Viruses 2025, 17, 1542

19 of 27

resulting in increased dysbiosis, with the lowest levels of beneficial mucin degraders and
the highest levels of pathobionts [87]. These results emphasize the need for strategies such
as targeted probiotics to restore a healthy microbiome in cesarean-delivered infants [67].

4.5. Core Taxonomic and Functional Dysbiosis in RVGE

Rotavirus-infected infants presented significantly reduced microbial alpha diversity,
which was strongly inversely correlated with both systemic inflammation and dehydration
severity. This dysbiosis pattern aligns with established mechanisms linking microbial
disruption to impaired viral clearance and prolonged duration of diarrhea [3,92].

Phylum-level analysis revealed a profoundly disrupted Firmicutes-to-Bacteroidetes
(F/B), characterized by a marked depletion of Bacteroidetes and dominance of Firmi-
cutes, with the severity of this imbalance tracking directly with clinical dehydration
status [15,93]. The enrichment of Proteobacteria in severely dehydrated infants aligns
with global studies linking this phylum to inflammatory gut dysbiosis [80,94,95]. Its associ-
ation with inflammation supports its proposed role as a “pathobiont” that thrives in, and
potentially exacerbates, disrupted gut environments [80]. Our machine learning results are
consistent with emerging trends in microbiome diagnostics, where Proteobacteria consis-
tently emerge as a top biomarker for gastrointestinal pathology [96], warranting further
investigation into its potential as a therapeutic target [97].

The dysbiosis was multilayered, as evidenced by (1) the elevation of inflammation-
associated genera that exacerbate symptoms through LPS production [63,98]; (2) the critical
depletion of mucin-degrading taxa, impairing gut barrier function; and (3) the reduction
in key anti-inflammatory butyrate producers and immunomodulatory taxa [36,99]. These
collective microbial disruptions highlight the microbiome’s central immunomodulatory
role in RVGE pathogenesis [87] and strongly advocate the development of microbiome
restoration strategies as a compelling strategic direction [100-102].

4.6. Underlying Metabolic Shifts and Clinical Implications

Functional profiling revealed distinct metabolic alterations associated with RVGE.
Phylum-level analysis revealed profound microbial dysbiosis in the RVGE gut microbiome,
characterized by a marked dominance of Firmicutes and a significant bloom of Proteobacte-
ria in cases of severe dehydration [63]. This shift in the taxonomic landscape was closely
linked to functional metabolic deficiencies, notably a deficit in butyrate production. Concur-
rently, the depletion of beneficial taxa involved in vitamin synthesis and anti-inflammatory
processes further underscores the disrupted metabolic equilibrium [103].

A core finding was the significant upregulation of nutrient scavenging pathways,
such as ABC transporters, alongside a collective depression in protective metabolic func-
tions. This includes impaired biosynthesis of short-chain fatty acids (SCFAs) and folate,
coupled with an increase in proinflammatory pathways such as LPS biosynthesis and
proteolysis [93,104,105]. These impairments collectively contribute to compromised nu-
trient absorption and a loss of immunoregulation. Furthermore, specific demographic
exposures shaped the functional capacity of the microbiome. Formula feeding was associ-
ated with an increase in carbohydrate and protein metabolism, whereas cesarean delivery
correlated with altered bile acid and xenobiotic degradation pathways, suggesting an adap-
tation to distinct early-life niches [106-109]. Conversely, breastfeeding enriched pathways
essential for vitamin biosynthesis and SCFA production, and rural residence was linked to
increased metabolic capabilities for fiber degradation [73,110].

The functional implications of these taxonomic and metabolic shifts are profound.
The depletion of SCFA producers likely impairs gut barrier integrity and immune tol-
erance, whereas the enrichment of LPS-producing pathobionts may drive systemic
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inflammation [104]. Cesarean delivery-associated reductions in bile acid metabolism could
further disrupt lipid absorption and microbial homeostasis [111], and the enrichment of
xenobiotic degradation pathways in urban infants may reflect environmental pollutant
exposure with potential long-term health consequences [112]. These findings demonstrate
that RVGE pathophysiology is associated with a collective microbial metabolic shift away
from homeostasis and toward inflammation. This underscores the potential for early-life
interventions, such as breastfeeding or targeted microbiota restoration, to recalibrate these
dysfunctional metabolic trajectories, offering novel therapeutic avenues for mitigating
enteric infections [113,114].

4.7. Clinical Relevance and Therapeutic Implications

Our findings hold significant translational potential for the clinical management of
pediatric rotavirus infection. The microbial signatures we identified could serve as valuable
tools for risk stratification and the development of targeted interventions [20]. For instance,
the consistent depletion of Akkermansia, Faecalibacterium, and Bifidobacterium, coupled with
the enrichment of Proteobacteria and Escherichia-Shigella, provides a candidate biomarker
profile for identifying infants at high risk of severe RVGE [20,115]. In a clinical setting, a
rapid microbiome assessment at diagnosis could potentially flag these high-risk patients
for more intensive monitoring and supportive care, optimizing resource allocation and
potentially improving outcomes.

Furthermore, our data suggest concrete pathways for microbiome-based interventions
to mitigate disease severity and promote recovery. The profound depletion of keystone taxa
like Akkermansia and butyrate producers (Faecalibacterium, Roseburia) points to specific func-
tional deficits—namely, impaired mucosal barrier integrity and reduced anti-inflammatory
SCFA production—that could be therapeutically targeted [116].

Targeted Probiotics and Synbiotics: Our results strongly advocate for the development
of next-generation probiotics and synbiotics tailored to the specific dysbiosis of RVGE and
the patient’s demographic background. For example, probiotic formulations containing
Akkermansia muciniphila or Faecalibacterium prausnitzii could be evaluated for their ability to
restore gut barrier function and reduce inflammation [117,118]. Similarly, Bifidobacterium
strains, which were strongly associated with breastfeeding and milder disease, could be
administered to formula-fed or cesarean-delivered infants as a preventive or adjunctive
therapy. These could be combined with prebiotics (e.g., human milk oligosaccharide
analogs, fructooligosaccharides, or specific mucins) that selectively nourish these beneficial
taxa, creating a synergistic synbiotic approach [119,120].

Dietary Modulations: The powerful protective association of breastfeeding under-
scores that diet is a primary lever for modulating the gut microbiome. For non-breastfed
infants, our functional data, which show a loss of butanoate metabolism, suggest that
nutritional interventions with prebiotic fibers that promote SCFA production (e.g., galac-
tooligosaccharides, resistant starch) could be beneficial. In the convalescent phase, a dietary
regimen designed to “re-boot” a healthy microbiome—rich in the fibers and nutrients
that support Bifidobacterium and Akkermansia—could potentially shorten the duration of
dysbiosis and accelerate full recovery [21,121].

4.8. Limitations

Several limitations of this study should be considered. The cross-sectional design
captures a single time point during acute infection, which restricts our ability to infer causal
relationships between the observed microbiome states and disease progression or to track
microbial recovery longitudinally. While 16S rRNA sequencing provides robust community
profiling, it lacks the strain-level resolution and functional precision offered by shotgun
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metagenomics, potentially omitting critical virulence factors or metabolic capabilities. It
is important to note that the functional metabolic pathways (KOs) discussed herein are
predictions based on 165 rRNA data via Tax4Fun and were not directly measured by
metagenomic sequencing. Although stringent inclusion criteria controlled for major con-
founders such as recent antibiotic use, other unmeasured variables, such as detailed dietary
history, household size, or specific environmental exposures, could influence microbiome
composition. The study was conducted within a single geographic region, which may limit
the generalizability of the findings to populations with different genetic backgrounds, diets,
and healthcare practices. Furthermore, the reliance on parent-reported data for some demo-
graphic factors may introduce recall bias. Our analysis lacked viral load quantification or
strain-level rotavirus characterization, which could influence disease severity. The potential
impact of the hospital environment itself on the microbiome, particularly for infants deliv-
ered by cesarean section, was not assessed. Finally, while the use of multiple statistical and
machine learning approaches strengthens biomarker identification, the predictive models
require validation in independent, prospective cohorts to confirm their clinical utility.

5. Conclusions

This cross-sectional study indicates that early-life demographic factors are associated
with distinct gut microbiome configurations during RVGE and that these configurations
track clinical severity. We identified a signature of RVGE-associated dysbiosis characterized
by a loss of microbial diversity, a disrupted Firmicutes—Bacteroidetes ratio, the depletion of
beneficial commensals (Akkermansia, Faecalibacterium, and Bifidobacterium), and the enrich-
ment of proinflammatory pathobionts (Escherichia—Shigella, and Klebsiella). Furthermore,
integrated functional analysis revealed a collective shift in microbial metabolism away
from protective functions such as butyrate synthesis and inflammatory pathways such
as LPS biosynthesis. The convergence of multiple machine learning models on specific
taxa and pathways as candidate biomarkers underscores the role of the microbiome as
a key mediator of clinical outcomes. These findings provide a mechanistic basis for the
observed disparities in RVGE severity and offer a compelling rationale for developing
targeted, microbiota-based interventions. Promoting breastfeeding and vaginal delivery,
alongside developing next-generation probiotics and prebiotics tailored to high-risk demo-
graphic groups, represents a promising strategic direction for reducing the global burden
of pediatric rotavirus infection. Finally, our findings contribute to an accumulating body of
evidence positioning the gut microbiome as a critical mediator of rotavirus outcomes, with
implications for public health strategies in vulnerable populations.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/v17121542/s1, Table S1: Demographic and Clinical Characteristics
of Rotavirus-Infected Infants (RVGE) vs. Healthy Controls. Table S2: Length of Stay Analysis by
Demographic and Clinical Factors in RVGE Cohort. Table S3: Berger—Parker Index of Microbial
Community Dominance Across Demographic and Clinical Variables. Table S4: Machine Learning
Classifier Performance Metrics. Table S5: KEGG Orthologs (KOs) significantly associated with
bacterial genera and patient demographics. Figure S1. Bacterial diversity analysis: Rarefaction
curves. Figure S2. Machine Learning Analysis of Microbiome-Based Feeding Mode Classification.
Figure S3. Receiver Operating Characteristic (ROC) curves showing the performance of the top
discriminative bacterial genera in classifying infants by mode of delivery. Figure S4. Receiver
Operating Characteristic (ROC) curves showing the performance of the top discriminative bacterial
genera in classifying infants by feeding practices.

Author Contributions: E.R.A.: Conceptualization, Methodology, Writing—Original Draft Prepara-
tion, Writing—Review and Editing. M.R.: Conceptualization, Methodology, Software, Validation,
Formal Analysis, Resources, Data Curation, Writing—Original Draft Preparation, Writing—Review


https://www.mdpi.com/article/10.3390/v17121542/s1
https://www.mdpi.com/article/10.3390/v17121542/s1

Viruses 2025, 17, 1542 22 of 27

and Editing. I.A.A.: Conceptualization, Writing—Original Draft Preparation, Writing—Review and
Editing. FES.A.-E.: Resources, Writing—Original Draft Preparation, Writing—Review and Editing.
AM.E.: Investigation, Validation, Writing—Original Draft Preparation, Writing—Review and Editing.
E.AA-A,HAO, HAH, YAA, SAZ and A.A A.: Validation, Writing—Review and Editing.
M.S.: Conceptualization, Methodology, Software, Data Curation, Writing—Original Draft Prepara-
tion, Writing—Review and Editing. All authors have read and agreed to the published version of
the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: The ethics committee approved the study protocol at the
Faculty of Pharmacy, Al-Azhar University, Assiut, Egypt (ZA-AS/PH/12/C /2022, approved on 18
September 2022), adhering to the Declaration of Helsinki guidelines.

Informed Consent Statement: Written informed consent was obtained from parents or legal
guardians for participation and stool microbiome analysis.

Data Availability Statement: Raw sequencing data were deposited in the NCBI Sequence Read
Archive (SRA) under BioProject PRINA1251983. R scripts are available at https://gist.github.com/
Mohammedramadan2012.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.

10.

11.

12.

13.

Troeger, C.; Forouzanfar, M.; Rao, P.C.; Khalil, I; Brown, A.; Reiner, R.C.; Fullman, N.; Thompson, R.L.; Abajobir, A.; Ahmed, M.;
et al. Estimates of global, regional, and national morbidity, mortality, and aetiologies of diarrhoeal diseases: A systematic analysis
for the Global Burden of Disease Study 2015. Lancet Infect. Dis. 2017, 17, 909-948. [CrossRef]

Tosisa, W.; Regassa, B.T.; Eshetu, D.; Irenso, A.A.; Mulu, A.; Hundie, G.B. Rotavirus infections and their genotype distribution
pre- and post-vaccine introduction in Ethiopia: A systemic review and meta-analysis. BMC Infect. Dis. 2024, 24, 836. [CrossRef]
Harris, V.; Ali, A; Fuentes, S.; Korpela, K.; Kazi, M,; Tate, J.; Parashar, U.; Wiersinga, W.J.; Giaquinto, C.; de Weerth, C.; et al.
Rotavirus vaccine response correlates with the infant gut microbiota composition in Pakistan. Gut Microbes 2018, 9, 93-101.
[CrossRef]

Gensollen, T.; Iyer, S.S.; Kasper, D.L.; Blumberg, R.S. How colonization by microbiota in early life shapes the immune system.
Science 2016, 352, 539-544. [CrossRef] [PubMed]

Chibuye, M.; Mende, D.R.; Spijker, R.; Simuyandi, M.; Luchen, C.C.; Bosomprah, S.; Chilengi, R.; Schultsz, C.; Harris, V.C.
Systematic review of associations between gut microbiome composition and stunting in under-five children. NP] Biofilms
Microbiomes 2024, 10, 46. [CrossRef]

Backhed, F; Roswall, J.; Peng, Y.; Feng, Q.; Jia, H.; Kovatcheva-Datchary, P,; Li, Y.; Xia, Y.; Xie, H.; Zhong, H.; et al. Dynamics and
stabilization of the human gut microbiome during the first year of life. Cell Host Microbe 2015, 17, 690-703. [CrossRef] [PubMed]
Jeong, S. Factors influencing development of the infant microbiota: From prenatal period to early infancy. Clin. Exp. Pediatr. 2022,
65, 439-447. [CrossRef]

Pannaraj, P.S.; Li, F; Cerini, C.; Bender, ].M.; Yang, S.; Rollie, A.; Adisetiyo, H.; Zabih, S.; Lincez, PJ.; Bittinger, K.; et al. Association
between breast milk bacterial communities and establishment and development of the infant gut microbiome. JAMA Pediatr.
2017, 171, 647-654. [CrossRef]

Aziz, T.; Hussain, N.; Hameed, Z.; Lin, L. Elucidating the role of diet in maintaining gut health to reduce the risk of obesity,
cardiovascular and other age-related inflammatory diseases: Recent challenges and future recommendations. Gut Microbes 2024,
16, 2297864. [CrossRef]

Dominguez-Bello, M.G.; Godoy-Vitorino, F,; Knight, R.; Blaser, M.J. Role of the microbiome in human development. Gut 2019, 68,
1108-1114. [CrossRef] [PubMed]

Stinson, L.F,; Norrish, I.; Mhembere, F.; Cheema, A.S.; Mullally, C.A.; Payne, M.S.; Geddes, D.T. Seeding and feeding: Nutrition
and birth-associated exposures shape gut microbiome assembly in breastfed infants. Gut Microbes 2025, 17, 2557981. [CrossRef]
Heston, S.M.; Hurst, J.H.; Kelly, M.S. Understanding the influence of the microbiome on childhood infections. Expert Rev.
Anti-Infect. Ther. 2024, 22, 529-545. [CrossRef]

Campbell, D.E.; Li, Y.; Ingle, H.; Baldridge, M.T. Impact of the Microbiota on Viral Infections. Annu. Rev. Virol. 2023, 10, 371-395.
[CrossRef] [PubMed]


https://gist.github.com/Mohammedramadan2012
https://gist.github.com/Mohammedramadan2012
https://doi.org/10.1016/S1473-3099(17)30276-1
https://doi.org/10.1186/s12879-024-09754-7
https://doi.org/10.1080/19490976.2017.1376162
https://doi.org/10.1126/science.aad9378
https://www.ncbi.nlm.nih.gov/pubmed/27126036
https://doi.org/10.1038/s41522-024-00517-5
https://doi.org/10.1016/j.chom.2015.04.004
https://www.ncbi.nlm.nih.gov/pubmed/25974306
https://doi.org/10.3345/cep.2021.00955
https://doi.org/10.1001/jamapediatrics.2017.0378
https://doi.org/10.1080/19490976.2023.2297864
https://doi.org/10.1136/gutjnl-2018-317503
https://www.ncbi.nlm.nih.gov/pubmed/30670574
https://doi.org/10.1080/19490976.2025.2557981
https://doi.org/10.1080/14787210.2024.2340664
https://doi.org/10.1146/annurev-virology-111821-115754
https://www.ncbi.nlm.nih.gov/pubmed/37071931

Viruses 2025, 17, 1542 23 of 27

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Engevik, M.A_; Banks, L.D.; Engevik, K.A.; Chang-Graham, A.L.; Perry, J.L.; Hutchinson, D.S.; Ajami, N.J.; Petrosino, J.E,;
Hyser, ].M. Rotavirus infection induces glycan availability to promote ileum-specific changes in the microbiome aiding rotavirus
virulence. Gut Microbes 2020, 11, 1324-1347. [CrossRef]

Ramani, S.; Stewart, C.J.; Laucirica, D.R.; Ajami, N.J.; Robertson, B.; Autran, C.A.; Shinge, D.; Rani, S.; Anandan, S.; Hu, L.; et al.
Human milk oligosaccharides, milk microbiome and infant gut microbiome modulate neonatal rotavirus infection. Nat. Commun.
2018, 9, 5010. [CrossRef]

Omatola, C.A.; Olaniran, A.O. Rotaviruses: From Pathogenesis to Disease Control-A Critical Review. Viruses 2022, 14, 875.
[CrossRef]

Vangay, P; Johnson, A.J.; Ward, T.L.; Al-Ghalith, G.A.; Shields-Cutler, R.R.; Hillmann, B.M.; Lucas, S.K.; Beura, L K.; Thompson,
E.A,; Till, LM.; et al. US immigration westernizes the human gut microbiome. Cell 2018, 175, 962-972. [CrossRef] [PubMed]
Ahn, J.; Hayes, R.B. Environmental Influences on the Human Microbiome and Implications for Noncommunicable Disease. Annu.
Rev. Public Health 2021, 42, 277-292. [CrossRef] [PubMed]

Flandroy, L.; Poutahidis, T.; Berg, G.; Clarke, G.; Dao, M.C.; Decaestecker, E.; Furman, E.; Haahtela, T.; Massart, S.; Plovier, H.;
et al. The impact of human activities and lifestyles on the interlinked microbiota and health of humans and of ecosystems. Sci.
Total Environ. 2018, 627, 1018-1038. [CrossRef]

Castafio-Rodriguez, N.; Underwood, A.P,; Merif, J.; Riordan, S.M.; Rawlinson, W.D.; Mitchell, H.M.; Kaakoush, N.O. Gut
Microbiome Analysis Identifies Potential Etiological Factors in Acute Gastroenteritis. Infect. Immun. 2018, 86, e00060-18.
[CrossRef]

Huo, W.; Qiao, Y,; Li, E.; Li, M,; Che, L. Interplay between nutrition, microbiota, and immunity in rotavirus infection: Insights
from human and animal models. Front. Vet. Sci. 2025, 12, 1680448. [CrossRef]

Kim, A.H.; Hogarty, M.P,; Harris, V.C.; Baldridge, M.T. The Complex Interactions Between Rotavirus and the Gut Microbiota.
Front. Cell. Infect. Microbiol. 2020, 10, 586751. [CrossRef]

Guarino, A.; Guandalini, S.; Vecchio, A.L. Probiotics for prevention and treatment of diarrhea. J. Clin. Gastroenterol. 2011, 45,
5149-5153. [CrossRef]

Han, Z.; Min, Y,; Pang, K.; Wu, D. Therapeutic Approach Targeting Gut Microbiome in Gastrointestinal Infectious Diseases. Int. ].
Mol. Sci. 2023, 24, 15654. [CrossRef] [PubMed]

Yang, H.; Fan, X.; Mao, X.; Yu, B.; He, J.; Yan, H.; Wang, ]. The protective role of prebiotics and probiotics on diarrhea and gut
damage in the rotavirus-infected piglets. J. Anim. Sci. Biotechnol. 2024, 15, 61. [CrossRef]

Mederle, A.L.; Dima, M.; Stoicescu, E.R.; Capastraru, B.F,; Levai, C.M.; Hategan, O.A.; Maghiari, A.L. Impact of Gut Microbiome
Interventions on Glucose and Lipid Metabolism in Metabolic Diseases: A Systematic Review and Meta-Analysis. Life 2024, 14,
1485. [CrossRef] [PubMed]

Steyer, A.; Miceti¢-Turk, D.; Fijan, S. The Efficacy of Probiotics as Antiviral Agents for the Treatment of Rotavirus Gastrointestinal
Infections in Children: An Updated Overview of Literature. Microorganisms 2022, 10, 2392. [CrossRef]

Allen, S.J.; Martinez, E.G.; Gregorio, G.V.; Dans, L.F. Probiotics for treating acute infectious diarrhoea. Cochrane Database Syst. Rev.
2010, 2010, Cd003048. [CrossRef]

Sasaran, M.O.; Marginean, C.O.; Adumitrachioaiei, H.; Melit, L.E. Pathogen-Specific Benefits of Probiotic and Synbiotic Use in
Childhood Acute Gastroenteritis: An Updated Review of the Literature. Nutrients 2023, 15, 643. [CrossRef]

Esona, M.D.; McDonald, S.; Kamili, S.; Kerin, T.; Gautam, R.; Bowen, M.D. Comparative evaluation of commercially available
manual and automated nucleic acid extraction methods for rotavirus RNA detection in stools. . Virol. Methods 2013, 194, 242-249.
[CrossRef] [PubMed]

Guarino, A.; Ashkenazi, S.; Gendrel, D.; Lo Vecchio, A.; Shamir, R.; Szajewska, H. European Society for Pediatric Gastroenterology,
Hepatology, and Nutrition/European Society for Pediatric Infectious Diseases evidence-based guidelines for the management of
acute gastroenteritis in children in Europe: Update 2014. ]. Pediatr. Gastroenterol. Nutr. 2014, 59, 132-152. [CrossRef]
Schnadower, D.; Tarr, P1.; Gorelick, M.H.; O’Connell, K.; Roskind, C.G.; Powell, E.C.; Rao, J.; Bhatt, S.; Freedman, S.B. Validation
of the Modified Vesikari Score in Children With Gastroenteritis in 5 US Emergency Departments. ]. Pediatr. Gastroenterol. Nutr.
2013, 57, 514-519. [CrossRef]

Lacey, J.; Corbett, J.; Forni, L.; Hooper, L.; Hughes, F; Minto, G.; Moss, C.; Price, S.; Whyte, G.; Woodcock, T; et al. A
multidisciplinary consensus on dehydration: Definitions, diagnostic methods and clinical implications. Ann. Med. 2019, 51,
232-251. [CrossRef]

King, CK;; Glass, R.; Bresee, ].S.; Duggan, C.; Centers for Disease Control and Prevention. Managing acute gastroenteritis among
children. MMWR Recomm. Rep. 2003, 52, 16.

Kelly, ].R.; Kennedy, PJ.; Cryan, J.E; Dinan, T.G.; Clarke, G.; Hyland, N.P. Breaking down the barriers: The gut microbiome,
intestinal permeability and stress-related psychiatric disorders. Front. Cell. Neurosci. 2015, 9, 392. [CrossRef]


https://doi.org/10.1080/19490976.2020.1754714
https://doi.org/10.1038/s41467-018-07476-4
https://doi.org/10.3390/v14050875
https://doi.org/10.1016/j.cell.2018.10.029
https://www.ncbi.nlm.nih.gov/pubmed/30388453
https://doi.org/10.1146/annurev-publhealth-012420-105020
https://www.ncbi.nlm.nih.gov/pubmed/33798404
https://doi.org/10.1016/j.scitotenv.2018.01.288
https://doi.org/10.1128/IAI.00060-18
https://doi.org/10.3389/fvets.2025.1680448
https://doi.org/10.3389/fcimb.2020.586751
https://doi.org/10.1097/mcg.0b013e3182257e98
https://doi.org/10.3390/ijms242115654
https://www.ncbi.nlm.nih.gov/pubmed/37958637
https://doi.org/10.1186/s40104-024-01018-3
https://doi.org/10.3390/life14111485
https://www.ncbi.nlm.nih.gov/pubmed/39598283
https://doi.org/10.3390/microorganisms10122392
https://doi.org/10.1002/14651858.CD003048.pub3
https://doi.org/10.3390/nu15030643
https://doi.org/10.1016/j.jviromet.2013.08.023
https://www.ncbi.nlm.nih.gov/pubmed/24036075
https://doi.org/10.1097/MPG.0000000000000375
https://doi.org/10.1097/MPG.0b013e31829ae5a3
https://doi.org/10.1080/07853890.2019.1628352
https://doi.org/10.3389/fncel.2015.00392

Viruses 2025, 17, 1542 24 of 27

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.
52.

53.

54.

55.

56.

57.
58.

59.

60.

61.

62.

Vandeputte, D.; Kathagen, G.; D’hoe, K.; Vieira-Silva, S.; Valles-Colomer, M.; Sabino, J.; Wang, J.; Tito, R.Y.; De Commer, L.; Darzi,
Y.; et al. Quantitative microbiome profiling links gut community variation to microbial load. Nature 2017, 551, 507-511. [CrossRef]
[PubMed]

Mattiello, E; Verbist, B.; Faust, K.; Raes, J.; Shannon, W.D.; Bijnens, L.; Thas, O. A web application for sample size and power
calculation in case-control microbiome studies. Bioinformatics 2016, 32, 2038-2040. [CrossRef]

Ramadan, M.; Hetta, H.F; Saleh, M.M.; Ali, M.E.; Ahmed, A.A.; Salah, M. Alterations in skin microbiome mediated by
radiotherapy and their potential roles in the prognosis of radiotherapy-induced dermatitis: A pilot study. Sci. Rep. 2021, 11, 5179.
[CrossRef] [PubMed]

Hurst, S.A. Declaration of Helsinki and protection for vulnerable research participants. JAMA 2014, 311, 1252. [CrossRef]
Callahan, B.J.; McMurdie, PJ.; Rosen, M.J.; Han, A.W.; Johnson, A.J.; Holmes, S.P. DADAZ2: High-resolution sample inference
from Illumina amplicon data. Nat. Methods 2016, 13, 581-583. [CrossRef] [PubMed]

Ramadan, M.; Solyman, S.; Yones, M.; Abdallah, Y.; Halaby, H.; Hanora, A. Skin Microbiome Differences in Atopic Dermatitis and
Healthy Controls in Egyptian Children and Adults, and Association with Serum Immunoglobulin E. Omics |. Integr. Biol. 2019, 23,
247-260. [CrossRef]

Quast, C.; Pruesse, E.; Yilmaz, P; Gerken, J.; Schweer, T.; Yarza, P; Peplies, J.; Glockner, F.O. The SILVA ribosomal RNA gene
database project: Improved data processing and web-based tools. Nucleic Acids Res. 2012, 41, D590-D596. [CrossRef]

Wang, Q.; Garrity, G.M.; Tiedje, ].M.; Cole, J.R. Naive Bayesian classifier for rapid assignment of rRNA sequences into the new
bacterial taxonomy. Appl. Environ. Microbiol. 2007, 73, 5261-5267. [CrossRef]

Pasolli, E.; Truong, D.T.; Malik, F.; Waldron, L.; Segata, N. Machine learning meta-analysis of large metagenomic datasets: Tools
and biological insights. PLoS Comput. Biol. 2016, 12, €1004977. [CrossRef]

Dhariwal, A.; Chong, J.; Habib, S.; King, LL.; Agellon, L.B.; Xia, J. MicrobiomeAnalyst: A web-based tool for comprehensive
statistical, visual and meta-analysis of microbiome data. Nucleic Acids Res. 2017, 45, W180-W188. [CrossRef]

Knights, D.; Costello, E.K.; Knight, R. Supervised classification of human microbiota. FEMS Microbiol. Rev. 2011, 35, 343-359.
[CrossRef]

Afhauer, K.P; Wembheuer, B.; Daniel, R.; Meinicke, P. Tax4Fun: Predicting functional profiles from metagenomic 16S rRNA data.
Bioinformatics 2015, 31, 2882-2884. [CrossRef] [PubMed]

Kanehisa, M.; Goto, S. KEGG: Kyoto Encyclopedia of Genes and Genomes. Nucleic Acids Res. 2000, 28, 27-30. [CrossRef] [PubMed]
Weiss, S.; Xu, Z.Z.; Peddada, S.; Amir, A ; Bittinger, K.; Gonzalez, A.; Lozupone, C.; Zaneveld, ].R.; Vazquez-Baeza, Y.; Birmingham,
A.; et al. Normalization and microbial differential abundance strategies depend upon data characteristics. Microbiome 2017, 5, 27.
[CrossRef] [PubMed]

Wise, J.L.; Cummings, B.P. The 7-«-dehydroxylation pathway: An integral component of gut bacterial bile acid metabolism and
potential therapeutic target. Front. Microbiol. 2023, 13, 1093420. [CrossRef]

Ingram, J.; Jorgensen, S.E.; Fath, B.D. Berger-Parker Index. Encycl. Ecol. 2008, 2008, 332-334.

Anderson, M.].; Walsh, D.C. PERMANOVA, ANOSIM, and the Mantel test in the face of heterogeneous dispersions: What null
hypothesis are you testing? Ecol. Monogr. 2013, 83, 557-574. [CrossRef]

Love, M.L;; Huber, W.; Anders, S. Moderated estimation of fold change and dispersion for RNA-seq data with DESeq2. Genome
Biol. 2014, 15, 550. [CrossRef]

Segata, N.; Izard, J.; Waldron, L.; Gevers, D.; Miropolsky, L.; Garrett, W.S.; Huttenhower, C. Metagenomic biomarker discovery
and explanation. Genome Biol. 2011, 12, R60. [CrossRef] [PubMed]

Mallick, H.; Rahnavard, A.; Mclver, L.J.; Ma, S.; Zhang, Y.; Nguyen, L.H.; Tickle, T.L.; Weingart, G.; Ren, B.; Schwager, E.H; et al.
Multivariable association discovery in population-scale meta-omics studies. PLoS Comput. Biol. 2021, 17, €1009442. [CrossRef]
Benjamini, Y.; Hochberg, Y. Controlling the false discovery rate: A practical and powerful approach to multiple testing. J. R. Stat.
Soc. Ser. B (Methodol.) 1995, 57, 289-300. [CrossRef]

R Core Team, R. R: A Language and Environment for Statistical; R Foundation for Statistical Computing: Vienna, Austria, 2021.
Hurst, ].H.; Heston, S.M.; Kelly, M.S. Host microbiome-pathogen interactions in pediatric infections. Curr. Opin. Infect. Dis. 2023,
36, 399-404. [CrossRef]

Tate, J.E.; Burton, A.H.; Boschi-Pinto, C.; Parashar, U.D.; World Health Organization-Coordinated Global Rotavirus Surveillance
Network. Global, regional, and national estimates of rotavirus mortality in children <5 years of age, 2000-2013. Clin. Infect. Dis.
2016, 62, S96-5105. [CrossRef]

Kumbhare, S.V.; Patangia, D.V.; Patil, R.H.; Shouche, Y.S.; Patil, N.P. Factors influencing the gut microbiome in children: From
infancy to childhood. J. Biosci. 2019, 44, 49. [CrossRef]

Angel, ].; Franco, M.A.; Greenberg, H.B. Rotavirus immune responses and correlates of protection. Curr. Opin. Virol. 2012, 2,
419-425. [CrossRef]

Mantadakis, E.; Chatzimichael, E.; Zikidou, P. Iron Deficiency Anemia in Children Residing in High and Low-Income Countries:
Risk Factors, Prevention, Diagnosis and Therapy. Mediterr. |. Hematol. Infect. Dis. 2020, 12, e2020041. [CrossRef] [PubMed]


https://doi.org/10.1038/nature24460
https://www.ncbi.nlm.nih.gov/pubmed/29143816
https://doi.org/10.1093/bioinformatics/btw099
https://doi.org/10.1038/s41598-021-84529-7
https://www.ncbi.nlm.nih.gov/pubmed/33664352
https://doi.org/10.1001/jama.2014.1272
https://doi.org/10.1038/nmeth.3869
https://www.ncbi.nlm.nih.gov/pubmed/27214047
https://doi.org/10.1089/omi.2019.0011
https://doi.org/10.1093/nar/gks1219
https://doi.org/10.1128/AEM.00062-07
https://doi.org/10.1371/journal.pcbi.1004977
https://doi.org/10.1093/nar/gkx295
https://doi.org/10.1111/j.1574-6976.2010.00251.x
https://doi.org/10.1093/bioinformatics/btv287
https://www.ncbi.nlm.nih.gov/pubmed/25957349
https://doi.org/10.1093/nar/28.1.27
https://www.ncbi.nlm.nih.gov/pubmed/10592173
https://doi.org/10.1186/s40168-017-0237-y
https://www.ncbi.nlm.nih.gov/pubmed/28253908
https://doi.org/10.3389/fmicb.2022.1093420
https://doi.org/10.1890/12-2010.1
https://doi.org/10.1186/s13059-014-0550-8
https://doi.org/10.1186/gb-2011-12-6-r60
https://www.ncbi.nlm.nih.gov/pubmed/21702898
https://doi.org/10.1371/journal.pcbi.1009442
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x
https://doi.org/10.1097/QCO.0000000000000949
https://doi.org/10.1093/cid/civ1013
https://doi.org/10.1007/s12038-019-9860-z
https://doi.org/10.1016/j.coviro.2012.05.003
https://doi.org/10.4084/mjhid.2020.041
https://www.ncbi.nlm.nih.gov/pubmed/32670519

Viruses 2025, 17, 1542 25 of 27

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.
74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

Chung The, H.; Le, S.H. Dynamic of the human gut microbiome under infectious diarrhea. Curr. Opin. Microbiol. 2022, 66, 79-85.
[CrossRef]

Karampatsas, K.; Osborne, L.; Seah, M.L.; Tong, C.Y.W.; Prendergast, A.J. Clinical characteristics and complications of rotavirus
gastroenteritis in children in east London: A retrospective case-control study. PLoS ONE 2018, 13, e0194009. [CrossRef]
Aliabadi, N.; Tate, ].E.; Haynes, A.K,; Parashar, U.D.; Centers for Disease Control and Prevention (CDC). Sustained decrease in
laboratory detection of rotavirus after implementation of routine vaccination—United States, 2000-2014. MMWR Morb. Mortal.
Wkly. Rep. 2015, 64, 337-342.

Stewart, C.J.; Ajami, N.J.; O’Brien, J.L.; Hutchinson, D.S.; Smith, D.P.; Wong, M.C.; Ross, M.C.; Lloyd, R.E.; Doddapaneni, H.;
Metcalf, G.A; et al. Temporal development of the gut microbiome in early childhood from the TEDDY study. Nature 2018, 562,
583-588. [CrossRef]

Kelly, J.C.; Nolan, L.S.; Good, M. Vaginal seeding after cesarean birth: Can we build a better infant microbiome? Med 2021, 2,
889-891. [CrossRef] [PubMed]

Vandenplas, Y.; Berger, B.; Carnielli, V.P; Ksiazyk, J.; Lagstrom, H.; Sanchez Luna, M.; Migacheva, N.; Mosselmans, ].-M.; Picaud,
J.-C.; Possner, M.; et al. Human milk oligosaccharides: 2’-fucosyllactose (2’-FL) and lacto-N-neotetraose (LNnT) in infant formula.
Nutrients 2018, 10, 1161. [CrossRef]

Yurkovetskiy, L.; Burrows, M.; Khan, A.A.; Graham, L.; Volchkov, P; Becker, L.; Antonopoulos, D.; Umesaki, Y.; Chervonsky, A.V.
Gender bias in autoimmunity is influenced by microbiota. Immunity 2013, 39, 400-412. [CrossRef]

Sonnenburg, E.D.; Smits, S.A.; Tikhonov, M.; Higginbottom, S.K.; Wingreen, N.S.; Sonnenburg, J.L. Diet-induced extinctions in
the gut microbiota compound over generations. Nature 2016, 529, 212-215. [CrossRef]

Rook, G.A.; Raison, C.L.; Lowry, C.A. Microbial ‘old friends’, immunoregulation and socioeconomic status. Clin. Exp. Immunol.
2014, 177, 1-12. [CrossRef] [PubMed]

Bode, L.; Jantscher-Krenn, E. Structure-function relationships of human milk oligosaccharides. Adv. Nutr. 2012, 3, 3835-391S.
[CrossRef]

Henrick, B.M.; Rodriguez, L. Bifidobacteria-mediated immune system imprinting. Cell Rep. 2021, 35, 109054. [CrossRef]

Li, Y,; Xia, S.; Jiang, X.; Feng, C.; Gong, S.; Ma, J.; Fang, Z.; Yin, J.; Yin, Y. Gut Microbiota and Diarrhea: An Updated Review. Front.
Cell. Infect. Microbiol. 2021, 11, 625210. [CrossRef]

Greenfield, K.G.; Harlow, O.S.; Witt, L.T.; Dziekan, E.M.; Tamar, C.R.; Meier, ].; Brumbaugh, ].E.; Levy, E.R.; Knoop, K.A. Neonatal
intestinal colonization of Streptococcus agalactiae and the multiple modes of protection limiting translocation. Gut Microbes 2024,
16, 2379862. [CrossRef]

Guo, Q.; Goldenberg, ].Z.; Humphrey, C.; El Dib, R.; Johnston, B.C. Probiotics for the prevention of pediatric antibiotic-associated
diarrhea. Cochrane Database Syst. Rev. 2019, 4, Cd004827. [CrossRef]

Victora, C.G.; Bahl, R.; Barros, A.].; Franca, G.V.; Horton, S.; Krasevec, J.; Murch, S.; Sankar, M.].; Walker, N.; Rollins, N.C.; et al.
Breastfeeding in the 21st century: Epidemiology, mechanisms, and lifelong effect. Lancet 2016, 387, 475-490. [CrossRef]

Ho, T.T.B.; Groer, M.W.; Kane, B.; Yee, A.L.; Torres, B.A.; Gilbert, J.A.; Maheshwari, A. Dichotomous development of the gut
microbiome in preterm infants. Microbiome 2018, 6, 157. [CrossRef] [PubMed]

Inchingolo, E; Inchingolo, A.M.; Latini, G.; Ferrante, L.; de Ruvo, E.; Campanelli, M.; Longo, M.; Palermo, A.; Inchingolo, A.D;
Dipalma, G. Difference in the Intestinal Microbiota between Breastfeed Infants and Infants Fed with Artificial Milk: A Systematic
Review. Pathogens 2024, 13, 533. [CrossRef] [PubMed]

Rizzatti, G.; Lopetuso, L.R.; Gibiino, G.; Binda, C.; Gasbarrini, A. Proteobacteria: A Common Factor in Human Diseases. BioMed
Res. Int. 2017, 2017, 9351507. [CrossRef]

Mizutani, T.; Aboagye, S.Y.; Ishizaka, A.; Afum, T.; Mensah, G.I.; Asante-Poku, A.; Asandem, D.A.; Parbie, PK.; Abana, C.Z.-Y,;
Kushitor, D.; et al. Gut microbiota signature of pathogen-dependent dysbiosis in viral gastroenteritis. Sci. Rep. 2021, 11, 13945.
[CrossRef] [PubMed]

Hugouvieux-Cotte-Pattat, N.; Pédron, J.; Van Gijsegem, E. Insight into biodiversity of the recently rearranged genus Dickeya.
Front. Plant Sci. 2023, 14, 1168480. [CrossRef]

Van Gijsegem, F.; van der Wolf, ].M.; Toth, I.K. Plant Diseases Caused by Dickeya and Pectobacterium Species; Springer: Cham,
Switzerland, 2021.

Dong, L.-N.; Wang, M.; Guo, J.; Wang, ].-P. Role of intestinal microbiota and metabolites in inflammatory bowel disease. Chin.
Med. ]. 2019, 132, 1610-1614. [CrossRef]

Ferrer-Picon, E.; Dotti, I.; Corraliza, A.M.; Mayorgas, A.; Esteller, M.; Perales, J.C.; Ricart, E.; Masamunt, M.C.; Carrasco, A.;
Tristan, E.; et al. Intestinal Inflammation Modulates the Epithelial Response to Butyrate in Patients with Inflammatory Bowel
Disease. Inflamm. Bowel Dis. 2020, 26, 43-55. [CrossRef] [PubMed]

Liu, M,; Chen, C.; Kang, S.; Kwon, ].-L; Jin, J.; Che, H. Effect of different feeding methods and gut microbiota on premature infants
and clinical outcomes. Front. Nutr. 2022, 9, 888304. [CrossRef] [PubMed]


https://doi.org/10.1016/j.mib.2022.01.006
https://doi.org/10.1371/journal.pone.0194009
https://doi.org/10.1038/s41586-018-0617-x
https://doi.org/10.1016/j.medj.2021.07.003
https://www.ncbi.nlm.nih.gov/pubmed/35590163
https://doi.org/10.3390/nu10091161
https://doi.org/10.1016/j.immuni.2013.08.013
https://doi.org/10.1038/nature16504
https://doi.org/10.1111/cei.12269
https://www.ncbi.nlm.nih.gov/pubmed/24401109
https://doi.org/10.3945/an.111.001404
https://doi.org/10.1016/j.celrep.2021.109054
https://doi.org/10.3389/fcimb.2021.625210
https://doi.org/10.1080/19490976.2024.2379862
https://doi.org/10.1002/14651858.CD004827.pub5
https://doi.org/10.1016/S0140-6736(15)01024-7
https://doi.org/10.1186/s40168-018-0547-8
https://www.ncbi.nlm.nih.gov/pubmed/30208950
https://doi.org/10.3390/pathogens13070533
https://www.ncbi.nlm.nih.gov/pubmed/39057760
https://doi.org/10.1155/2017/9351507
https://doi.org/10.1038/s41598-021-93345-y
https://www.ncbi.nlm.nih.gov/pubmed/34230563
https://doi.org/10.3389/fpls.2023.1168480
https://doi.org/10.1097/CM9.0000000000000290
https://doi.org/10.1093/ibd/izz119
https://www.ncbi.nlm.nih.gov/pubmed/31211831
https://doi.org/10.3389/fnut.2022.888304
https://www.ncbi.nlm.nih.gov/pubmed/35978959

Viruses 2025, 17, 1542 26 of 27

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.
97.

98.

99.

100.

101.

102.

103.

104.

105.

106.

107.

108.

109.

110.

111.

112.

Cani, P.D.; Depommier, C.; Derrien, M.; Everard, A.; de Vos, WM. Akkermansia muciniphila: Paradigm for next-generation
beneficial microorganisms. Nat. Rev. Gastroenterol. Hepatol. 2022, 19, 625-637. [CrossRef]

Oraby, D. Studying Factors Associated with Increased Prevalence of Caesarean Section in Cairo and Gharbia Governorates. 2023.
Available online: https://egypt.unfpa.org/sites/default/files/pub-pdf/final_cs_report.pdf (accessed on 12 November 2025).
Elnakib, S.; Abdel-Tawab, N.; Orbay, D.; Hassanein, N. Medical and non-medical reasons for cesarean section delivery in Egypt:
A hospital-based retrospective study. BMC Pregnancy Childbirth 2019, 19, 411. [CrossRef]

Mitchell, C.M.; Mazzoni, C.; Hogstrom, L.; Bryant, A.; Bergerat, A.; Cher, A.; Pochan, S.; Herman, P.; Carrigan, M.; Sharp, K.; et al.
Delivery Mode Affects Stability of Early Infant Gut Microbiota. Cell Rep. Med. 2020, 1, 100156. [CrossRef] [PubMed]

Gleizes, O.; Desselberger, U.; Tatochenko, V.; Rodrigo, C.; Salman, N.; Mezner, Z.; Giaquinto, C.; Grimprel, E. Nosocomial
rotavirus infection in European countries: A review of the epidemiology, severity and economic burden of hospital-acquired
rotavirus disease. Pediatr. Infect. Dis. ]. 2006, 25, S12-521. [CrossRef]

Valles-Colomer, M.; Falony, G.; Darzi, Y.; Tigchelaar, E.F.,; Wang, J.; Tito, R.Y.; Schiweck, C.; Kurilshikov, A.; Joossens, M.;
Wijmenga, C.; et al. The neuroactive potential of the human gut microbiota in quality of life and depression. Nat. Microbiol. 2019,
4,623-632. [CrossRef]

Magne, F; Gotteland, M.; Gauthier, L.; Zazueta, A ; Pesoa, S.; Navarrete, P.; Balamurugan, R. The Firmicutes/Bacteroidetes Ratio:
A Relevant Marker of Gut Dysbiosis in Obese Patients? Nutrients 2020, 12, 1474. [CrossRef]

Dinh, D.M.; Ramadass, B.; Kattula, D.; Sarkar, R.; Braunstein, P.; Tai, A.; Wanke, C.A.; Hassoun, S.; Kane, A.V.; Naumova, E.N.;
et al. Longitudinal analysis of the intestinal microbiota in persistently stunted young children in South India. PLoS ONE 2016, 11,
€0155405. [CrossRef]

Yan, Q.; Chen, Y.; Gao, E.-B.; Lu, Y.; Wu, J.; Qiu, H. The characteristics of intestinal microflora in infants with rotavirus enteritis,
changes in microflora before and after treatment and their clinical values. Sci. Rep. 2025, 15, 4312. [CrossRef] [PubMed]

Bull, M.].; Plummer, N.T. Part 1: The Human Gut Microbiome in Health and Disease. Integr. Med. 2014, 13, 17-22.

Bernaola Aponte, G.; Bada Mancilla, C.A.; Carreazo, N.Y.; Rojas Galarza, R.A. Probiotics for treating persistent diarrhoea in
children. Cochrane Database Syst. Rev. 2013, 2013, Cd007401. [CrossRef] [PubMed]

Longmore, D.K,; Batch, J].A.; McMahon, S.K.; Conwell, L.S. Klebsiella pneumoniae bacteraemia complicating rotavirus gastroen-
teritis in two infants with glucocorticoid deficiency. . Pediatr. Endocrinol. Metab. 2010, 23, 293-295. [CrossRef]

Jeon, S.G.; Kayama, H.; Ueda, Y.; Takahashi, T.; Asahara, T.; Tsuji, H.; Tsuji, N.M.; Kiyono, H.; Ma, ].S.; Kusu, T.; et al. Probiotic
Bifidobacterium breve induces IL-10-producing Tr1 cells in the colon. PLoS Pathog. 2012, 8, €1002714. [CrossRef]

Kassai, S.; de Vos, P. Gastrointestinal barrier function, immunity, and neurocognition: The role of human milk oligosaccharide
(hMO) supplementation in infant formula. Compr. Rev. Food Sci. Food Saf. 2024, 23, €13271. [CrossRef]

Zhu, W.; Winter, M.G.; Byndloss, M.X,; Spiga, L.; Duerkop, B.A.; Hughes, E.R.; Biittner, L.; De Lima Romao, E.; Behrendt, C.L.;
Lopez, C.A.; et al. Precision editing of the gut microbiota ameliorates colitis. Nature 2018, 553, 208-211. [CrossRef]

Miquel, S.; Martin, R.; Rossi, O.; Bermtdez-Humaran, L.G.; Chatel, ].M.; Sokol, H.; Thomas, M.; Wells, ].M.; Langella, P.
Faecalibacterium prausnitzii and human intestinal health. Curr. Opin. Microbiol. 2013, 16, 255-261. [CrossRef]

Kho, Z.Y,; Lal, S.K. The human gut microbiome—A potential controller of wellness and disease. Front. Microbiol. 2018, 9, 356589.
[CrossRef]

Levy, M,; Thaiss, C.A.; Zeevi, D.; Dohnalov4, L.; Zilberman-Schapira, G.; Mahdj, ].A.; David, E.; Savidor, A.; Korem, T.; Herzig, Y.;
et al. Microbiota-modulated metabolites shape the intestinal microenvironment by regulating NLRP6 inflammasome signaling.
Cell 2017, 168, 389-402. [CrossRef] [PubMed]

D’Aimmo, M.R;; Satti, M.; Scarafile, D.; Modesto, M.; Pascarelli, S.; Biagini, S.A.; Luiselli, D.; Mattarelli, P.; Andlid, T. Folate-
producing bifidobacteria: Metabolism, genetics, and relevance. Microbiome Res. Rep. 2024, 3, 11. [CrossRef]

Rios-Covian, D.; Langella, P.; Martin, R. From Short- to Long-Term Effects of C-Section Delivery on Microbiome Establishment
and Host Health. Microorganisms 2021, 9, 2122. [CrossRef]

Kerr, C.A.; Grice, D.M.; Tran, C.D.; Bauer, D.C.; Li, D.; Hendry, P.; Hannan, G.N. Early life events influence whole-of-life metabolic
health via gut microflora and gut permeability. Crit. Rev. Microbiol. 2015, 41, 326-340. [CrossRef]

Bolte, E.E.; Moorshead, D.; Aagaard, K.M. Maternal and early life exposures and their potential to influence development of the
microbiome. Genome Med. 2022, 14, 4. [CrossRef] [PubMed]

Biasucci, G.; Benenati, B.; Morelli, L.; Bessi, E.; Boehm, G. Cesarean Delivery May Affect the Early Biodiversity of Intestinal
Bacterial,2. J. Nutr. 2008, 138, 17965-1800S. [CrossRef] [PubMed]

Plaza-Diaz, J.; Ruiz-Ojeda, EJ.; Gil-Campos, M.; Gil, A. Mechanisms of action of probiotics. Adv. Nutr. 2019, 10, S49-S66.
[CrossRef]

Jia, W.; Xie, G.; Jia, W. Bile acid—microbiota crosstalk in gastrointestinal inflammation and carcinogenesis. Nat. Rev. Gastroenterol.
Hepatol. 2018, 15, 111-128. [CrossRef]

Claus, S.P.; Guillou, H.; Ellero-Simatos, S. The gut microbiota: A major player in the toxicity of environmental pollutants? npj
Biofilms Microbiomes 2016, 2, 16003. [CrossRef]


https://doi.org/10.1038/s41575-022-00631-9
https://egypt.unfpa.org/sites/default/files/pub-pdf/final_cs_report.pdf
https://doi.org/10.1186/s12884-019-2558-2
https://doi.org/10.1016/j.xcrm.2020.100156
https://www.ncbi.nlm.nih.gov/pubmed/33377127
https://doi.org/10.1097/01.inf.0000197563.03895.91
https://doi.org/10.1038/s41564-018-0337-x
https://doi.org/10.3390/nu12051474
https://doi.org/10.1371/journal.pone.0155405
https://doi.org/10.1038/s41598-025-88312-w
https://www.ncbi.nlm.nih.gov/pubmed/39910252
https://doi.org/10.1002/14651858.CD007401.pub3
https://www.ncbi.nlm.nih.gov/pubmed/23963712
https://doi.org/10.1515/JPEM.2010.23.3.293
https://doi.org/10.1371/journal.ppat.1002714
https://doi.org/10.1111/1541-4337.13271
https://doi.org/10.1038/nature25172
https://doi.org/10.1016/j.mib.2013.06.003
https://doi.org/10.3389/fmicb.2018.01835
https://doi.org/10.1016/j.cell.2015.10.048
https://www.ncbi.nlm.nih.gov/pubmed/26638072
https://doi.org/10.20517/mrr.2023.59
https://doi.org/10.3390/microorganisms9102122
https://doi.org/10.3109/1040841X.2013.837863
https://doi.org/10.1186/s13073-021-01005-7
https://www.ncbi.nlm.nih.gov/pubmed/35016706
https://doi.org/10.1093/jn/138.9.1796S
https://www.ncbi.nlm.nih.gov/pubmed/18716189
https://doi.org/10.1093/advances/nmy063
https://doi.org/10.1038/nrgastro.2017.119
https://doi.org/10.1038/npjbiofilms.2016.3

Viruses 2025, 17, 1542 27 of 27

113.

114.

115.

116.

117.

118.

119.

120.

121.

Plaza-Diaz, J.; Ruiz-Ojeda, EJ.; Vilchez-Padial, L.M.; Gil, A. Evidence of the anti-inflammatory effects of probiotics and synbiotics
in intestinal chronic diseases. Nutrients 2017, 9, 555. [CrossRef]

Wahlstrom, A.; Sayin, S.I.; Marschall, H.-U.; Backhed, F. Intestinal crosstalk between bile acids and microbiota and its impact on
host metabolism. Cell Metab. 2016, 24, 41-50. [CrossRef] [PubMed]

Sohail, M.U.; Al Khatib, H.A.; Al Thani, A.A.; Al Ansari, K.; Yassine, H.M.; Al-Asmakh, M. Microbiome profiling of rotavirus
infected children suffering from acute gastroenteritis. Gut Pathog. 2021, 13, 21. [CrossRef]

Yoo, J.Y.; Groer, M.; Dutra, S.V.O.; Sarkar, A.; McSkimming, D.I. Gut Microbiota and Immune System Interactions. Microorganisms
2020, 8, 1587. [CrossRef]

Hiippala, K.; Jouhten, H.; Ronkainen, A.; Hartikainen, A.; Kainulainen, V.; Jalanka, J.; Satokari, R. The Potential of Gut
Commensals in Reinforcing Intestinal Barrier Function and Alleviating Inflammation. Nutrients 2018, 10, 988. [CrossRef]
Kukov, A.; Peruhova, M.; Syarov, A.; Altankova, I.; Yurukova, N.; Goncharov, A.; Vazharova, R.; Mihova, A.; Velikova, T.
Alterations of gut bacteria Akkermansia muciniphila and Faecalibacterium prausnitzii in late post-transplant period after liver
transplantation. Iberoam. J. Med. 2022, 4, 45-51. [CrossRef]

Bozzi Cionci, N.; Baffoni, L.; Gaggia, F.; Di Gioia, D. Therapeutic Microbiology: The Role of Bifidobacterium breve as Food
Supplement for the Prevention/Treatment of Paediatric Diseases. Nutrients 2018, 10, 1723. [CrossRef] [PubMed]

Park, M.S.; Kwon, B.; Ku, S.; Ji, G.E. The efficacy of Bifidobacterium longum BORI and Lactobacillus acidophilus AD031 probiotic
treatment in infants with rotavirus infection. Nutrients 2017, 9, 887. [CrossRef] [PubMed]

Cheng, H.; Ma, Y,; Liu, X,; Tian, C.; Zhong, X.; Zhao, L. A systematic review and meta-analysis: Lactobacillus acidophilus for
treating acute gastroenteritis in children. Nutrients 2022, 14, 682. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.3390/nu9060555
https://doi.org/10.1016/j.cmet.2016.05.005
https://www.ncbi.nlm.nih.gov/pubmed/27320064
https://doi.org/10.1186/s13099-021-00411-x
https://doi.org/10.3390/microorganisms8101587
https://doi.org/10.3390/nu10080988
https://doi.org/10.53986/ibjm.2022.0010
https://doi.org/10.3390/nu10111723
https://www.ncbi.nlm.nih.gov/pubmed/30423810
https://doi.org/10.3390/nu9080887
https://www.ncbi.nlm.nih.gov/pubmed/28813007
https://doi.org/10.3390/nu14030682
https://www.ncbi.nlm.nih.gov/pubmed/35277042

	Introduction 
	Materials and Methods 
	Participants and Eligibility Criteria 
	Clinical Assessment 
	Sample Collection, PCR Amplification, and Sequencing of 16S rRNA 
	Bioinformatic Processing and Taxonomic Classification 
	Statistical Analysis 

	Results 
	Demographic and Clinical Characteristics of the Participants 
	Bacterial Diversity Analysis 
	Taxonomic Profiling of RVGE Microbiomes: Phylum-Level Associations with Demographic and Clinical Variables 
	Microbial Signatures: Genus-Level Stratification Reveals Demographic Patterns in RVGE 
	Influence of Demographic Factors on Microbiome Structure 
	Synergistic Associations and Clinical Correlations with Gut Microbiomes 
	Metabolic Pathway Alterations and Functional Profiles 
	Clinical and Inflammatory Correlations 

	Discussion 
	Influence of Age and Sex on Microbiome and Severity 
	Impact of Geographic Residence and Local Epidemiology 
	The Critical Role of Feeding Practices 
	The Potential Impact of Delivery Mode and Synergistic Risk Factors 
	Core Taxonomic and Functional Dysbiosis in RVGE 
	Underlying Metabolic Shifts and Clinical Implications 
	Clinical Relevance and Therapeutic Implications 
	Limitations 

	Conclusions 
	References

