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Abstract

Background The responses of the infant gut microbiota to infection significantly disrupt the natural intrahost
evolutionary processes of the microbiome. Here, we collected a 16-month longitudinal cohort of infant gut microbi-
omes affected by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2). Then, we developed a multicriteria
approach to identify core interaction network driving community dynamics under environmental disturbances, which
we termed the Conserved Variated Interaction Group (CVigroup).

Results The CVigroup showed significant advantages on pinpointing a sparse set associated with the disturbances,
as validated both our own and publicly available datasets. Leveraging the Oxford Nanopore Technology, we found
this group facilitates the ecosystem'’s adaptation to environmental disruptions by enhancing the mobility of mobile
genetic elements, including the reinforcement of the twin-arginine translocation pathway in response to increased
virulence factors. Furthermore, the CVigroup serves as an effective indicator of ecosystem health. The timescale

for the gut microbiota’s adaptation extends beyond 10 months. Members of the CVIgroup, such as Bacteroides thetaio-
taomicron and Faecalibacterium, exhibit varying degrees of genomic structural variants, which contribute to guiding
the community toward a new stable state rather than returning to its original configuration.

Conclusions Collectively, the CVigroup offers a snapshot of the gut microbiota’s adaptive response to environmental
disturbances. The disruption and subsequent adaptation of the gut microbiota in infants after COVID-19 infection
underscores the necessity of re-evaluating reference standards in the context of the post-pandemic era.
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Background

The stepwise assembly of human gut microbiome is
a complex process that begins at birth [1-3]. While
considerable research has focused on the predictable
assembly of gut microbiota in healthy infants [4-11],
environmental factors, including maternal microbiome
[12, 13], lifestyle [4, 14] and pathogenic infections [15—
17], profoundly shape the gut microbiome. Among
these factors, the ongoing implications of COVID-19
have become particularly concerning, especially regard-
ing long COVID, which affects 10% to 30% of individu-
als in China even five years after the pandemic began
[18]. Despite increasing attention, the role of gut micro-
biota dysfunction as a mechanism behind long COVID
remains poorly understood [19, 20]. Thus, our study
seeks to investigate the response of infant gut microbi-
ota to severe acute respiratory syndrome coronavirus 2
(SARS-CoV-2). A key challenge is identifying biologically
relevant features within the gut ecosystem that can effec-
tively indicate its response to the virus.

Interaction networks, which incorporate extensive eco-
logical data, offer more precise ecosystem evaluations
compared to mere species abundance metrics [21, 22].
Prior research has established robust methodologies for
their construction, such as NetMoss [23]. However, pin-
pointing microbial groups that exhibit specific sensitivi-
ties to distinct environmental factors remains a challenge
[22]. Networks based on cross-sectional data often strug-
gle to represent the consistency of microbial interactions
over time or across different locations [23—25]. Further-
more, the techniques employed to handle high-dimen-
sional data can profoundly influence outcomes [26-28],
highlighting the necessity for improved methods to accu-
rately depict microbial community responses to environ-
mental changes.

In this study, we developed a multicriteria approach
aimed at identifying a core set of interaction networks
that drive community dynamics across temporal scales
under environmental disturbances. We refer to this envi-
ronmentally sensitive cluster as the Conserved Variated
Interaction Group (CVIgroup). This framework builds on
criteria established in previous studies [29-31], includ-
ing the network’s sensitivity to environmental responses,
conservativeness in time series, and structural sparsity.
We applied the CVIgroup framework to a longitudinal
cohort of infants with severe acute respiratory SARS-
CoV-2 infection. By integrating data from Oxford Nano-
pore Technology (ONT) and Illumina sequencing, we
assembled metagenome-assembled genomes (MAGs) for
the members of the CVIgroup, with the goal of clarifying
how the CVIgroup responds to viral infections.
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Methods

Cohort recruitment

After obtaining informed consent from the guardians, we
tracked a longitudinal cohort of 58 infants on a monthly
basis, collecting and analyzing infant feces from May
2022 to September 2023 in Xiamen, Fujian Province,
China. Concurrently, comprehensive cohort information
was compiled. In total, 397 fecal samples were included
in this study (Table S1). The ethical review of this study
has been formally registered in the Chinese National
Medical Research Registration and Information System
(https://www.medicalresearch.org.cn/) under registra-
tion number HSR-24—-000233.

Sample collection and DNA extractions

Parents collected infant stool samples at home and stored
them in an incubator with an ice box, maintaining a tem-
perature of approximately 4 °C. Delivery personnel were
promptly contacted to ensure the samples were trans-
ported to the laboratory within 30 min to 3 h after col-
lection. Upon receipt at the laboratory, we aliquoted and
preserved the samples in an ultra-low temperature medi-
cal freezer set at —80 °C, maintaining optimal conditions
until DNA extraction. The DNA was extracted using the
Fast DNA Stool Mini Kit (Qiagen, Germany) and stored
in the ultra-low temperature medical freezer at —80 °C
for future analysis.

16S rRNA library construction and sequencing

DNA samples were quantified using the Invitrogen Qubit
4.0 Spectrophotometer (Thermo Fisher Scientific, USA)
and normalized to a concentration of 10 ng/pl. Subse-
quently, the V3-V4 hypervariable region of the bacterial
16S rRNA gene was sequenced on the Illumina NovaSeq
instrument. The obtained paired-end reads (2 x 250 bp)
were refined using the DADA2 [32] pipeline, resulting
in the generation of amplicon sequence variants (ASVs).
Taxonomic assignments of ASV representative sequences
were performed with a confidence threshold of 0.8 by a
pre-trained Naive Bayes classifier which was trained on
the Greengenes2 [33]. We filtered to retain only those
ASVs exhibiting a relative abundance of at least 0.1% in
a minimum of two samples, resulting in a final dataset of
1,149 ASVs.

Calculation of microbiome stability index

According to a previous study, the Average Variation
Degree (AVD) serves as a robust metric for assessing the
stability of microbial communities [34]. Typically, a lower
AVD value signifies greater community stability. First,
we calculate the variation degree a; for each of the 1,149
ASVs as follows:
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In this formula, x; represents the relative abundance of
ASV; in each sample i, while x; and §; denote the mean
and standard deviation of the abundance of ASV; across
all samples, respectively.

Subsequently, the AVD is derived from the variation
degree:
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Here, k refers to the number of samples and # to the
number of ASVs.

Calculation of Gut Microbiome Health Index (GMHI)

To accommodate the specific characteristics of this study
cohort, the GMHI was adapted from the framework pro-
posed by Gupta et al. [35, 36]. The core concept of GMHI
involves identifying an optimal set of microbial features
(My and Mp) that are enriched in HC or depleted in
HC. Initially, we employed Wilcoxon differential testing
to distinguish between the HC and IC. For each sample
i, the "collective abundance" ¢ of species My and Mp is
defined as follows:

Rayyi
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Here, Ryy,;,i and Rap,,; represent the abundance of My
and Mp in sample i; |Mp| and |Mp| denote the size of the
set My and Mp; Ip,; and Iy, are the index sets; and #;; is
the relative abundance of j in sample i.

Subsequently, the collective abundance ,, and
Yump,; are compared using the ratio of their respective
abundances:
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GHMI, reflects the relative collective abundance of My

in sample i compared to that of Mp. Specifically, a posi-

tive GHMI,; indicates a higher prevalence of My microor-

ganisms in the sample, while a negative GHMI; signifies

a predominance of Mp microorganisms. A ratio of zero

implies an equilibrium between these two microbial
groups.
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Pipeline of the identification of CVigroup
In neuroimaging research, Structural Covariance Net-
works (SCNs) are frequently employed to elucidate the
effects of diseases on brain structure [37]. Addition-
ally, we found that covariance can be more informative
through repeated drills with simulated data (details in
the supplementary methods). We then calculated taxon-
taxon covariance matrices for both the HC group and
the IC group, each group consisted of 1,149 ASVs. These
matrices, denoted as Cov(i,j)HC and Cov(i,j)IC respec-
tively, were calculated on a monthly basis.

For each pair of taxa i and j, we calculated the covari-
ance Cov (i, j) e using the relative abundance data in HC.

The covariance Cov (i, j) e 18 given by:

1 n — _
D (X = X0) (X = X))

(6)
where X;; is the relative abundance of taxon i in sam-
ple k of group A; X; is the mean relative abundance of
taxon i in HC; and # is the sample size of HC. Similarly,
for each pair of bacteria i and j, calculate the covariance
Cov(i, j) Ic using the relative abundance data in IC.

By examining the differences between these covari-
ance matrices, ACov(i,j), we constructed 10 Differential
Structural Covariance Networks (DSCNs).

Cov (i,j)HC =

The difference in covariance matrices was calculated
as:

ACov(i,j) = Cov(i,j) ;o — Cov(is]) e )

Subsequently, hierarchical clustering was performed
to reorder the indices based on the covariance differ-
ence in DSCNs. This reordering aimed to position similar
microbial groups closer together, facilitating the identifi-
cation of patterns. The covariance differences ACov(i, j)
were then normalized relative to the maximum monthly
ACov(i, ) value:

_ ACov(i,))
nor ¢ (8)
ACov(i,j)

max

ACov(i,j)

With a threshold of 10 from the reordered DSCNs [31],
the DSCNs were then decomposed into eigenvalues and
eigenvectors, where the eigenvector weights (v;) indi-
cated the importance of each microbial group within the
corresponding feature dimension. We focused on the first
principal component (PC1) due to its significant contri-
bution to the overall variance (Fig. 1c).

To measure the balance, fine-grained information,
smoothness, and continuity of the data, we set the
window size to 3 to capture rapid dynamic changes,
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Fig. 1 Disruption of microbial ecosystems by viral infections. a Schematic illustration of the study cohort. b Taxa distribution at phylum level.
Stacked bar charts compare the distribution of species at the phylum level between two distinct cohorts. ¢ PCoA plots at the ASV level are
presented, accompanied by box plots showing sample values on the PCo1 and PCo2 axes. Statistical analysis indicates no significant differences
between the two groups on either axis (two-sided Wilcox test, p > 0.05). d Comparative distribution of AVD and GHMI. This section displays

the comparative distribution of AVD and GHMI across various cohorts. e Data source information of RSRT and RFmarkers. Detailed information
on RSRT and RFmarkers is provided, supported by pie plots illustrating the taxa composition within each dataset

employing a fixed-length sliding window (n=28). For each
window, we calculated the average eigenvector weights
(v;) for the top 5% of taxa (second-sparsification). This
methodology smoothed temporal fluctuations, thereby
highlighting microbial groups conservatively deemed
important over the window. By ranking these aver-
age eigenvector weights, we identified the most critical
microbial groups within each window. These groups,
constituting 20 members, were classified under the
CVlIgroup.

lllumina library preparation and sequencing

According to the DNA extraction method described
above, metagenomic DNA was extracted from 18 fae-
cal samples (sample information in Table S9). DNA
samples were quantified using the Invitrogen Qubit 4.0
Spectrophotometer (Thermo Fisher Scientific, USA).
Qualified DNA samples were sheared to 400 bp with a
Covaris M220 device, and then concentrated using NEX-
TFLEXTM Rapid DNA-Seq Kit (Bioo Scientific, USA)
following the manufacturer’s instructions. Nanopore



Zhu et al. Microbiome (2025) 13:72

sequencing libraries were prepared using the One-pot
Native Barcoding kit (EXP-NBD104, Oxford Nanopore
Technologies) and the Ligation Sequencing kit (SQK-
LSK109, Oxford Nanopore Technologies).

The fast5 data from nanopore reads were base-called
with Guppy v.3.03 using the recommended parameter
settings. Next, Fitlong v.0.2.1 was applied to filter pass
reads shorter than 500 bp, producing clean data. The
reads were then assembled with metaFlye v.2.9 [38], and
high-quality long reads were mapped to contigs using
minimap2. After two rounds of polishing with Racon
v.1.5.0, Pilon v.1.24 was used to generate the final genome
assemblies.

Metagenomic binning

Metabat v.2.12.1 [39], CONCOCT v.0.5.0 [40], and Max-
bin2 v.2.2.5 [41] were employed to generate the initial
bins for each sample. Subsequently, DASTool v.1.1.0 [42]
was utilized to merge the bins produced by multiple soft-
ware tools, facilitating regeneration and refinement of
the bins through RefineM v.0.0.24. The quality of the bins
was assessed using CheckM v.1.0.12 [43]. Initially, marker
genes within the bin sequences were identified using
Hidden Markov Models (HMM) and compared against
universal single-copy genes via HMMER v.3.1.2. The bins
were incorporated into the reference phylogenetic tree
using pplacer, which enabled the identification of a spe-
cific set of pedigree markers for quality assessment of the
bins. Following this, dRep v.3.4.2 was applied to perform
redundant clustering, while Mash [44] facilitated the
comparison of these high-quality Metagenome-Assem-
bled Genomes (MAGs). Two rapid clustering methods
based on average nucleotide identity (ANI) were imple-
mented, with a default threshold established at 99%.

(See figure on next page.)
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Ultimately, deredundant MAGs were obtained, followed
by annotation using GTDBTK v.2.3.0.

Identification of mobile genetic elements (MGEs)

of CVigroup

Based on the taxonomic annotation results, we selected
the MAGs associated with CVIgroup members at the
genus level, retaining only those MAGs present in both
the HC and IC cohorts. This process will yield 8 CVI-
group members and a total of 16 MAGs. We then sub-
sequently annotate these MAGs for MGEs utilizing
geNomad [45].

Functional annotation of the genome

We conducted KEGG functional annotation on the genes
encoded by the MAG genomes and MGEs to quantify the
number of annotated genes in each pathway. To mini-
mize potential bias in the annotation results, we selected
results with a gene count difference exceeding three
between the HC and IC groups in the subsequent analy-
sis. Besides, we looked at MAGs involved in virulence.

Results

Viral infections disrupt the gut ecosystem of infants

From June 2022 to September 2023, we conducted a
comprehensive longitudinal study to analyze the gut
microbiomes of infants in relation to first SARS-CoV-2
infection. We collected monthly stool samples from 58
infants aged 15 to 30 months, resulting in a total of 397
samples spanning the period before and after infection
with Omicron variants (Fig. 1a). Of these, 246 samples
were from 46 infected infants, referred to as the infected
cohort (IC). The remaining 151 samples, obtained from

Fig. 2 Framework for CVigroup identification and alterations in the microbial interaction network. a Dataset description. The system identification
process employs training data for model development, while test data is reserved for performance validation. b Construction process of DSCNs.
Covariance matrices are generated for both temporal cohort groups. Disparities for each DSCN unit are computed using a specific formula

detailed in the Methods section. ¢ Eigen decomposition. After initial sparsification, eigen decomposition is applied to the DSCNs. The eigenvector
of the principal component (PC1) is extracted, and then, 8 average feature values are derived via a sliding window technique. d Phylogenetic tree.
The phylogenetic tree represents 90 taxa post-sparsification, with phylum classifications denoted by distinct colors. The outer gray bars depict

the importance fraction of the 20 CVigroup members. e Predictive ability of different methods. ROC curves illustrate the classification performance
using three distinct 20-marker sets: CVIgroup, NetMoss markers, and RFmarkers, within this study. f Interaction networks associated with CVigroup
post first-sparsification. This panel illustrates the intricate relationships within the HC and IC cohorts, stratified by age groups. Each node,

depicted as either a solid or hollow circle, represents a member of the CVIgroup or other taxa, respectively, with colors indicating their taxonomic
classifications. The edges between nodes signify significant taxon-taxon correlations (P <0.05), with an absolute SparCC's rho threshold of 0.3 used
for visualization. g Variability in networks structure across cohorts: Box plots illustrating the variability indices in networks structure across different
age cohorts (n=11), and using a two-sided Wilcoxon test for pane. h PCoA mapping of compositional distribution. PCoA charts the compositional
distribution of CVIgroup members across various subjects, providing insights into the spatial arrangement and clustering of these members
within different cohorts. i. Abundance and interaction of CVigroup members. A scatter plot displays the differences in abundance among CVigroup
members, visualizing these abundances along with their respective contributions to networks connectivity
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53 infants who had not yet been infected, constituted the
healthy cohort (HC), as detailed in Table S1. Using 16S
rRNA sequencing, we analyzed the dynamic shifts in
microbial composition. At the phylum level, we observed
significant decreases in the relative abundances of Actin-
obacteriota and Verrucomicrobiota in the IC compared to
the HC (p < 0.01) among the top five categories (Fig. 1b,
Fig. Sla). However, Principal Coordinates Analysis
(PCoA) at the ASV level did not exhibit significant dif-
ferentiation between groups (Fig. 1c).

Our findings revealed a significant increase in the Aver-
age Variation Degree (AVD) (p < 0.01) following viral
infection, indicating a pronounced reduction in microbial
community stability (Fig. 1d). Further age-based analysis
revealed that AVD in HC gradually decreased with age,
suggesting improved microbial community stability over
time. However, this stabilization trend was attenuated in
IC (Fig. 1d). To elucidate this pattern, we used a mixed
linear model to compare the effects of age and viral infec-
tion on the microbial ecosystem. Both factors significantly
impacted AVD, with age having a more pronounced effect
than viral infection (Fig. S1b). Thus, while microbial com-
munity stability generally increases with age, this process
is significantly hindered in the presence of viral infection.
Furthermore, the Gut Microbiome Health Index (GMHI)
was developed using 20 taxa identified through random
forests, referred to as RFmarkers (Table S3).

Notably, 13 of these RFmarkers are part of the Reported
SARS-COV-2 Relevant Taxa (RSRT) set (Fig. le,
Table S4). Our analysis showed a significant decrease
in GMHI during the disease state (p < 0.01), indicat-
ing impaired gut health. In contrast, in the HC, GMHI
gradually increased with age, while in the IC, it remained
relatively constant. Mixed linear model analysis demon-
strated that the effect of viral infection on GMHI was sig-
nificantly greater than that of age (Fig. S1b). This finding
explains why GMHI in IC remains constant across age
groups, suggesting that the influence of viral infection
outweighs the age-related improvements in GMHI.

Taxon-taxon interaction network markedly expanded

after infection

We then developed a comprehensive computational
framework grounded in the principles of sensitivity,
conservatism, and sparsity optimization. Initially, we

(See figure on next page.)
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partitioned the data (Fig. 2a, Table S5) and used the train-
ing dataset to construct differential covariance networks
(DSCNs) (Fig. 2b). In these networks, each cell ACov (i, j)
reflects the change in covariance between taxon i and j
in the IC relative to the HC. 90 taxa were identified after
initial sparsification, and then eigen decomposition was
performed on their DSCNs. Principal Component 1
(PC1) was selected for its significance (Fig. 2c). To detect
taxa most responsive to viral infection over time, we ana-
lyzed consecutive time windows, ultimately pinpointing
20 taxa with the highest average weights (Fig. 2c). These
taxa, designated as the CVIgroup, consist of a diverse
array of microbial taxa: 10 from the phylum Bacteroidota,
8 from Firmicutes, 1 from Proteobacteria, and 1 unclassi-
fied member (Fig. 2d, Table S7).

Subsequently, we assessed the efficacy of the CVI-
group in distinguishing between HC and IC, comparing
its performance with NetMoss markers and RFmarkers.
The CVIgroup achieved a higher accuracy, evidenced
by an area under the curve (AUC) of 0.68 (Fig. 2e). To
ensure its external applicability, we tested the CVIgroup
on a separate dataset, where it maintained superior per-
formance with an AUC of 0.74 (Fig. 2e). Additionally,
to further assess the reproducibility of the CVIgroup’s
computational process, we compiled an industrial cohort
(INDC) and a non-industrial cohort (NINDC) from pre-
vious studies [4]. This dataset was meticulously parti-
tioned, with 625 samples used for model training, while
the remaining samples served as the test set (Table S6).
Finally, CVIgroup showed a robust advantage in this
analysis (Fig. S2).

Next, we characterized the connectivity among CVI-
group members across different age groups in two
cohorts (Fig. 2f, Fig. S3). Compared to the HC, the IC
exhibited significantly increased modularity and mark-
edly decreased network density (Fig. 2g). This trend was
generally robust in analyses with different cutoffs (Fig. 2f,
Fig. S3). Interestingly, the infection did not significantly
alter the overall composition of the CVIgroup commu-
nity (Fig. 2h), suggesting it was unlikely a driving factor in
the interactome differences. To further elucidate this, we
calculated z-scores to normalize the effect size of differ-
ential abundance, the results showed no significant corre-
lation between network structure drivers and abundance
shifts among CVIgroup members (Fig. 2i, Table S8).

Fig. 3 Mobile genetic elements displayed high variation due to virus infection. a Comparisons of MGEs between the microbiomes of individuals
from HC and IC. MGEs count of genes identified by geNomad. Black lines represent data of individual species. Statistical analysis indicates
significant differences between the two groups (paired Wilcox test, p < 0.01). b Schematic of the pathway. Functional genes associated

with the plasmid-encoded TatABC transporter are present in the mobile genome of IC but not HC. ¢ Phylogenetic tree of the retrieved virulence
factor-carrying MAGs in gut. d Correlation matrix using Spearman rank correlation between TatA, TatB and TatC transport proteins and virulence

factors
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Mobile genome of CVigroup response to a perturbed
ecosystem

The transfer of genetic information among organisms
may shed light on response mechanisms within eco-
systems. We then incorporated both Oxford Nanopore
Technology (ONT) and Illumina reads to compile 16 rep-
resentative genomes of CVIgroup members (Table S10)
and utilized geNomad [45] to identify their mobile
genetic elements (MGEs). Our findings indicate a signifi-
cant increase in the number of MGEs in these CVIgroup
members within the IC group (Fig. 3a, p < 0.01). The
functional analysis of these mobile genes encompasses
7 KEGG pathways (Table S11). In comparison to the HC
group, following viral infection, there was an increase in
classifications related to pathways involving metabolism,
genetic information processing, and human diseases,
including pathways associated with amino acid metabo-
lism, replication and repair, and neurodegenerative dis-
orders (Fig. S4, Table S11). For example, after infection,
plasmid-encoded genes related to the twin-arginine
translocation (Tat) pathway increased, including TatA,
TatB and TatC transport proteins (Fig. 3b).

Tat pathway is an important virulence factor in dif-
ferent bacterial pathogens [46—48]. A worrisome trend
is the increasing number of genes encoding various
virulence factors within the microbial community after
viral infection, including those associated with immune
modulation (Fig. 3c, Fig. S5). Specifically, we quantified
the spearman correlation between TatA, TatB and TatC
transport proteins and virulence factors in ecosystem
(Fig. 3d). 5 categories of virulence factors exhibit a sig-
nificant association with TatA and TatB, particularly
in the regulation and motility categories, which show a
strong positive correlation with these TatA and TatB. In
contrast, TatC shows no significant correlation with the
virulence factor genes number.

Ecological drivers of the dynamic of disturbed ecosystems

To further investigate the use of the CVIgroup in assess-
ing the recovery of gut ecosystem, we first applied

(See figure on next page.)
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iterative Principal Component Analysis (iPCA) to deter-
mine when stabilization occurs in the CVIgroup system
[31]. This critical point was found at 20 months of age
(Fig. 4a), consistent with previous studies [31]. To mini-
mize age-related confounding effects, we performed
subsequent analyses on data collected from 20 months
onwards (n=286). Concurrent AVD and GHMI results
indicated that although ecosystem fluctuations gradu-
ally stabilized over time, they still exhibited a large vari-
ance compared to the state before the infection (Fig. 4b).
Next, we performed eigenvector decomposition of the
CVIgroup covariance matrices across different infec-
tion stages. The first three principal components (PC1,
PC2, and PC3) accounted for 86.48% of the total vari-
ance, and we used these components to generate spa-
tial coordinates for each infection period (Fig. 4c). Our
findings indicated that ecosystem variability peaked dur-
ing Period 3, approaching a state of recovery by Period
10 (Fig. 4c). The combined data suggest that after envi-
ronmental disturbances, the ecosystem requires a con-
siderable recovery period and may stabilize at a new
equilibrium rather than fully reverting to its original
healthy state.

We further elucidated the key microbial taxa driving
ecosystem restoration (Fig. 4d), identifying Bacteroides
stercoris (B. stercoris), Bacteroides thetaiotaomicron (B.
thetaiotaomicron), Bacteroides caccae (B. caccae), Fae-
calibacterium (ASV15), and Faecalibacterium (ASV22).
Collinearity analysis of the genomes of B. thetaiotaomi-
cron and Faecalibacterium revealed that structural vari-
ations occurred in the genomes of these species during
infection (Fig. 4e-g, Fig. S6). By aligning the genome of
B. thetaiotaomicron from IC with that from HC, we iden-
tified five types of structural variants (SVs): deletions,
insertions, duplications, inversions, and translocations.
Additionally, we identified 162 SVs longer than 50 bp, 116
SVs longer than 1 Kb, with the longest fragment meas-
uring 590,771 bp (Fig. 4f). Gene variations were mainly
related to functions such as carbohydrate metabolism,
replication and repair, and translation (Fig. 4g).

Fig. 4 Resilience of Microbial Communities. a iPCA test. Using 30 months as the reference time point, we performed the iPCA test. The eigenvalue
represents the degree of difference at each time point relative to the reference, defined mathematically through the PC1 obtained via iPCA. The
inset illustrates the degree of variation in the data relative to the preceding point. b This scatter plot presents the unique microbial community
profiles (AVD and GHMI) of individuals at each infection stage. € This PCA plot shows the centroids of microbial communities across different
infection stages. Arrows depict the temporal progression of these stages. The inset indicates the weighted Euclidean distance of each spatial

point from the reference point, "Health". d Decomposition of each taxon's contribution to the three principal components. Arrows highlight taxa
with significant contributions, elucidating their roles in the microbial community structure. This dataset was categorized into distinct infection
periods: Health (Period 0), 1 month post-infection (Period 1), 2 months post-infection (Period 2), and continuing monthly up to 10 months
post-infection (Period 10), resulting in 11 distinct periods. e Collinearity analysis between the IC genome and the HC genome of B. thetaiotaomicron.
f The number of SVs identified for B. thetaiotaomicron. g The differentially pathway between the two genomes, where the red font indicates a higher

number of genes in the IC group than in the HC, and vice versa in blue
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Discussion

Here, our extensive 16-month observation of infants
firstly exposed to SARS-CoV-2 offers profound insights
into their disturbed ecosystems. We observed significant
changes in the microbial community AVD and GHMI,
suggesting that the ecosystem has been disturbed. How-
ever, the analysis of community composition based on
microbial relative abundance did not reveal significant
changes, which contrasts with previous research find-
ings [49]. Furthermore, relying solely on abundance dif-
ferences to characterize the disrupted ecosystem proved
overly simplistic, resulting in a variety of marker types
that complicate future selection and ultimately fail to
meet the original objective [23]. To address these chal-
lenges, we developed a scalable CVIgroup framework
boasts several pivotal features, including the sensitivity
to environmental responses, conservativeness in time
series, and structural sparsity. This framework has con-
sistently outperformed traditional metrics across various
datasets by capturing higher-dimensional information
and providing more nuanced insights.

We found that the interaction network of the CVIgroup
may adapt to environmental disturbances by expand-
ing the interaction network itself, rather than altering
taxonomic abundance. To investigate this further, we
combined data from ONT and Illumina sequencing to
assemble MAGs for the members of the CVIgroup. These
taxa may enhance specific community functions by shar-
ing the MGEs [50], such as the Tat pathway. The trans-
fer of these related genes may enhance the efficiency of
delivering folded proteins into the periplasm within the
gut after infection [51]. Previous studies indicate that
the Tat pathway, when expressed under certain environ-
mental conditions, is linked to the virulence factors of
various bacterial pathogen [47, 48]. Our findings sup-
port that virulence factors within the microbial commu-
nity increase following infection. Notably, 5 categories of
virulence factors show significant associations with TatA
and TatB, particularly in the regulation and motility cat-
egories, which demonstrate a strong positive correlation
with these components.

Furthermore, 3 months post-infection, the variabil-
ity of the microbial community peaked, this process is
dynamically consistent with the host’s immune response
[52]. Ecosystems require prolonged periods to recover
from environmental disturbances. During this dynamic
process, CVIgroup members, such as B. thetaiotaomi-
cron and Faecalibacterium display varying degrees of
genomic SVs, suggesting that SVs can have a consider-
able impact in adaptive divergence between populations
[53, 54]. Most mutations that confer resistance to adverse
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conditions are largely irreversible [55, 56], which means
that recovery often does not restore the ecosystem to its
original state. Instead, it frequently results in the estab-
lishment of a new equilibrium. This underscores the
complex interplay between microbial communities, eco-
logical resilience, and adaptive mechanisms.
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