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Abstract
Background:  Obesity  is  a  complex,  multifactorial  condition  increasingly  associated  with
alterations  in  the  gut  microbiome.  However,  large-scale  studies  integrating  taxonomic,
functional, and strain-level information remain limited.

Methods:  We  analyzed  1,543  publicly  available  human  fecal  whole-genome  shotgun
metagenomes  from  11  independent  cohorts,  classifying  individuals  as  normal-weight,
overweight, or obese according to body mass index. Taxonomic and enzymatic functional
profiling were integrated with multivariate analyses, correlation testing, Random Forest-
based feature ranking,  taxonomic back-tracing,  and comparative analysis  of  operational
protein sequence clusters.

Results:  Increasing  body mass  index  (BMI)  was  associated with  gradual  changes  in  the
relative abundance of specific microbial taxa, including enrichment of Clostridium fessum,
Prevotella  pectinovora,  and  Segatella  copri.  Functional  profiling  identified  enrichment  of
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genes  involved  in  branched-chain  amino  acid  catabolism,  aminoacyl-tRNA-mediated  biosynthesis,  nucleotide
metabolism, and lipid biosynthesis, together with depletion of functions related to short-chain fatty acid production,
energy metabolism, and vitamin biosynthesis. Taxonomic back-tracing indicated that a limited subset of microbial
taxa accounted for a substantial proportion of the reads assigned to BMI-associated enzymatic functions. Analysis of
three  selected  enzymes  further  revealed  differences  in  the  richness,  prevalence,  and  distribution  of  operational
protein sequence clusters across BMI categories.

Conclusion: Obesity-associated gut microbiome variation involves not only species-level compositional differences
but  also  changes  in  microbial  functional  potential  and  strain-level  enzyme  sequence-cluster  distribution.  These
findings identify candidate microbial functions and protein sequence clusters for future functional and experimental
validation.

INTRODUCTION
Obesity represents a major global health burden, with prevalence rising across both industrialized and

developing regions
[1]

. It is a multifactorial condition resulting from complex interactions among genetic

predisposition, dietary habits, lifestyle, and environmental factors
[2,3]

. Pathophysiologically, obesity is

characterized by chronic low-grade inflammation and metabolic alterations
[4]

, which substantially increase

the risk of several other chronic diseases as well as certain cancers
[5]

.

In recent years, the gut microbiota has emerged as a crucial regulator of metabolic and immune homeostasis

within a bidirectional network of interactions with the host
[6-8]

. Both microbial composition and functional

capacity can influence fat accumulation, glucose and lipid metabolism, and systemic inflammatory

responses
[9-14]

. Notably, obese individuals often exhibit reduced microbial diversity, shifts in dominant taxa,

and alterations in microbial functional potential compared with non-obese individuals
[15-18]

.

Despite these advances, current studies investigating gut microbiota alterations in obesity are limited by

heterogeneous study designs, small sample sizes, and a focus primarily on taxonomic characterization. While

16S rRNA gene sequencing has offered valuable insights into microbial community structure, it lacks the

resolution needed to explore functional potential
[19,20]

. Even shotgun metagenomic studies often prioritize

taxonomic analysis over functional profiling
[21,22]

 and none have ever tried to explore genetic variability at the

strain level. Moreover, the lack of large-scale microbiota comparisons and the limited integration of data

from independent studies significantly restricts the generalizability and robustness of existing findings
[22-24]

.

Consequently, the gut microbiota–associated metabolic pathways altered in obesity and the microbial taxa

underlying these functional shifts remain poorly defined.

To address these gaps, we performed a comprehensive meta-analysis of publicly available human gut

metagenomic datasets, representing one of the largest shotgun metagenomic collections analyzed to date

from independent cohorts stratified by body mass index (BMI). By integrating taxonomic, enzymatic

functional, and strain-level genetic profiling, we systematically compared the gut microbiota of normal-

weight, overweight, and obese individuals. This approach allowed us not only to identify recurrent

taxonomic patterns and metabolic pathways altered in obesity, but also to link these functional shifts to

specific microbial taxa and correlated metabolic functions. Remarkably, this study also moves forward with

respect to the current state of the art by exploring whether strain-level genetic variation is associated with

increased BMI.
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MATERIALS AND METHODS
Metagenomic datasets and bioinformatics pipeline

In this study, 1,755 publicly available whole-genome shotgun (WGS) metagenomic datasets from adult fecal

samples were initially retrieved from 11 studies [Supplementary Table 1]. Studies were selected based on the

availability of raw sequencing data and their relevance to obesity-related research. At the sample level,

datasets lacking complete BMI information, failing the predefined quality-control criteria, or belonging to

disease groups not directly related to obesity were excluded. Following this curation process, 1,543

metagenomic samples were retained for downstream analyses. Corresponding BioProjects included

PRJEB1220, PRJEB17632, PRJEB1786, PRJEB4336, PRJEB5224, PRJEB6070, PRJEB7774, PRJEB8347,

PRJNA32089, PRJNA422434, and PRJNA48479. Sample metadata, read counts after quality and host DNA

filtering, and the analytical depths used for taxonomic and functional profiling are provided in

Supplementary Table 2.

To improve cross-study comparability, all raw sequencing datasets were reanalyzed using a standardized

pipeline. Raw sequencing data in FASTQ format were downloaded from the NCBI Sequence Read Archive

and quality-filtered using fastq-mcf, applying an average quality score threshold greater than 20 and a

minimum read length greater than 100 bp
[25]

.

Following quality filtering and host DNA removal, the retained reads were processed using the

METAnnotatorX2 bioinformatics pipeline
[26]

 for both taxonomic and functional profiling.

METAnnotatorX2 was configured to analyze a fixed number of 100,000 reads per sample for taxonomic

profiling and up to 5,000,000 reads per sample for functional profiling. All retained samples contained at

least 100,000 reads and were therefore analyzed at the same taxonomic depth. For functional profiling,

samples retaining at least 5,000,000 reads after quality and host DNA filtering were analyzed at this fixed

depth, whereas samples below this threshold were processed using all remaining reads.

For taxonomic profiling, Megablast was used to classify each metagenomic read, using an updated, manually

curated, and taxonomically corrected non-redundant sequence database of genomes retrieved from NCBI

servers. The generation of the taxonomic database was reported in detail by Milani et al.
[26]

. Reads with > 94%

nucleotide identity to reference genomes were classified at the species level, while those below this threshold

were assigned to the genus level as undefined species.

Functional profiling was performed using DIAMOND (version 2.1.9), mapping reads to a curated enzymatic

sequence database derived from Rhea
[27]

, with a minimum query coverage of 80%, an E-value threshold of 1 ×
10

-8
, and a maximum of one target sequence per query.

Taxonomic and enzymatic profiles were expressed as relative abundances within each sample. Taxonomic

abundances were additionally corrected for species genome size using the normalization implemented in

METAnnotatorX2
[26]

. Zero values were retained as non-detections, without pseudocount addition or zero

replacement. No centered log-ratio transformation was applied. No global low-abundance or prevalence

filter was imposed before multivariate screening; all detected features were initially retained and subsequently

selected according to the integrated statistical criteria described below.

To identify microbial taxa associated with specific enzymatic functions, we performed back-tracking analysis

using the METAnnotatorX2 pipeline
[26]

. This allowed taxonomic attribution of enzymatic codes to specific

microbial species, thereby yielding a taxonomic profile of reads associated with the enzymatic functions of

interest. For each enzymatic function, a microbial taxon was considered assigned when its mean relative

                                                                                           

https://file.oaecenter.com/published/pdf/b5ad6f628b5933b4996f1d639e474f3f/1793669159/mrr5027-SupplementaryMaterials.zip
https://file.oaecenter.com/published/pdf/b5ad6f628b5933b4996f1d639e474f3f/1793669159/mrr5027-SupplementaryMaterials.zip


Page 4 of 22 Petraro et al. Microbiome Res Rep. 2026;5:27

abundance in the corresponding function-specific back-tracing profile was equal to or greater than the 90th

percentile of that profile. Taxa below this threshold were considered not assigned.

Statistical analyses

All analyses were performed using R software (version 4.4.3). Principal Coordinates Analysis (PCoA) based

on Bray-Curtis distances was applied to evaluate global differences in microbiota composition among BMI

groups. Bray-Curtis dissimilarity was calculated on relative abundance profiles using the vegan package, and

PCoA was performed using the ape package. Overall differences in gut microbiota composition among BMI

categories were assessed by permutational multivariate analysis of variance (PERMANOVA) using the

adonis2 function of the vegan package, based on Bray-Curtis dissimilarities and 9,999 permutations.

Homogeneity of multivariate dispersions was evaluated using the betadisper function followed by a

permutation test with 9,999 permutations.

Partial Least Squares (PLS) regression was used to identify microbial taxa and enzymatic functions associated

with BMI as a continuous variable, whereas Partial Least Squares Discriminant Analysis (PLS-DA) was used

to identify features discriminating among BMI groups. Both analyses were performed using the mixOmics

package. Predictor variables were internally mean-centered and scaled to unit variance before PLS and PLS-

DA modeling. PLS and PLS-DA were used as exploratory supervised approaches for feature ranking based

on VIP scores rather than as standalone predictive classifiers. Accordingly, features were retained only when

supported by the additional statistical criteria described below, and no biological interpretation was based on

PLS or PLS-DA results alone. Associations between microbial taxa abundance and BMI as a continuous

variable were assessed using Spearman’s rank correlation, with p-values adjusted for multiple testing using

the Benjamini-Hochberg procedure and significance set at false discovery rate (FDR) <​ 0.05. Spearman

correlation analyses were performed using the cor.test function in the stats package, and false discovery rate

correction was applied using the Benjamini-Hochberg method.

Differences in relative abundances across groups were evaluated using the Kruskal-Wallis test followed by

pairwise Wilcoxon rank-sum tests, with multiple-comparison corrections. Kruskal-Wallis tests were

performed using the kruskal.test function in the stats package. Pairwise comparisons were then assessed

using Wilcoxon rank-sum tests, and p-values were corrected for multiple testing. Adjusted P-values <​ 0.05

were considered statistically significant.

Functional richness was calculated for each sample as the number of unique enzymatic functions (Rhea

codes) detected with non-zero abundance. Differences in functional richness among BMI categories were

assessed using the Kruskal-Wallis test followed by pairwise Wilcoxon rank-sum tests with Benjamini-

Hochberg correction. Because functional richness estimates may be influenced by sequencing depth, a

sensitivity analysis was additionally performed by restricting the analysis to samples uniformly profiled at

5,000,000 reads.

A Random Forest model was used as a complementary feature-ranking approach, with permutation

importance applied to identify features contributing most strongly to BMI-group discrimination.

Permutation importance scores were calculated from a separate model refitted on the full dataset and were

the only importance measure used in the reported analyses; impurity importance scores were not used.

Random Forest models were built using the ranger and caret packages, with BMI class used as the response

variable and taxonomic or functional profiles used as predictors. Feature relevance was evaluated using

variable importance scores and used as an additional criterion to support the identification of BMI-

associated taxa and functions.
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To assess the influence of the numerically largest contributing study, a targeted sensitivity analysis was

performed by excluding BioProject PRJEB4336 and repeating Bray-Curtis-based PERMANOVA with 999

permutations and Random Forest permutation-importance analyses for both taxonomic and functional

profiles. Full methodological details are reported in the Supplementary Methods, while the corresponding

additional results are provided in the Supplementary Results.

To improve reproducibility, the R script used for the statistical analyses is provided as Supplementary code.

Strain-level enzyme sequence-cluster analysis

Microbial species of interest were included if they were identified by taxonomic back-tracing as contributors

to all three enzymatic functions under investigation [branched-chain amino acid transaminase (Rhea 24813),

phosphatidylserine decarboxylase (Rhea 20828), and nucleotide diphosphatase (Rhea 10248)]. Selected

species were classified into two groups.

The first group included taxa significantly associated with BMI, irrespective of the direction of the

association, as defined by VIP scores in both PLS and PLS-DA analyses, a statistically significant Spearman

correlation with BMI (FDR <​ 0.05), and additional support from permutation importance scores derived

from the full-data Random Forest classifier, together with overall relative abundance and prevalence.

The second group included species not significantly associated with BMI based on statistical criteria, but

highly prevalent across the cohort (prevalence > 50% across all BMI categories) and consistently linked to the

same enzymatic functions on taxonomic back-tracing analysis. For each selected species, genome sequences

of all available strains were downloaded from the National Center for Biotechnology Information (NCBI)

RefSeq database to ensure high-quality assemblies.

For each enzymatic function of interest, homologous protein sequences were retrieved from UniProt (Swiss-

Prot and TrEMBL)
[28]

 to build function-specific reference databases. Alignments were then performed using

DIAMOND (version 2.1.9) against the downloaded genomes to identify homologous sequences (--query-

cover 80, --evalue 1 × 10
-8
, --max-target-seqs 1, --outfmt 6, -b 8, -c 1, and --threads 60).

Candidate protein sequences were further analyzed using InterProScan (version 5.63-95.0)
[29]

 to verify the

presence of conserved domains characteristic of the target functions. Only sequences with the expected

domains were retained. A stringent e-value threshold (1 × 10
-100

) was applied to increase confidence in

functional assignments. Protein sequences were clustered using MMseqs2
[30]

 at 80% amino acid identity, with

a minimum alignment coverage of 80% of the shorter sequence, to define operational species-specific protein

sequence clusters for downstream comparative analyses. These thresholds were used as operational criteria

for grouping homologous sequences and were not interpreted as evidence of catalytic or functional

divergence among clusters.

To determine the distribution of these operational protein sequence clusters across the metagenomic

samples, all protein sequences retained after domain validation were assigned unique identifiers and

incorporated into a custom DIAMOND-formatted database. Up to 5,000,000 quality- and host-filtered reads

per sample were searched against this database using the Custom Reactions Database module of

METAnnotatorX2; samples retaining fewer than 5,000,000 reads were analyzed using all remaining reads.

Alignments were retained using an e-value threshold of 1 × 10
-8

 and a minimum query coverage of 80%.

DIAMOND was configured to retain only one target sequence per read (--max-target-seqs 1); therefore, each

read contributed to only one sequence-level assignment. Sequence-level hits were subsequently assigned to

their corresponding operational protein sequence clusters using custom annotation and category files.

https://file.oaecenter.com/published/pdf/b5ad6f628b5933b4996f1d639e474f3f/1793669159/mrr5027-SupplementaryMaterials.zip
https://file.oaecenter.com/published/pdf/b5ad6f628b5933b4996f1d639e474f3f/1793669159/mrr5027-SupplementaryMaterials.zip
https://file.oaecenter.com/published/pdf/b5ad6f628b5933b4996f1d639e474f3f/1793669159/mrr5027-SupplementaryMaterials.zip
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For each sample, cluster relative abundance was calculated by summing the relative abundances of all protein

sequences belonging to the same cluster. Sequence relative abundance was calculated as the number of reads

assigned to each sequence divided by the total number of reads analyzed for custom functional profiling and

expressed as a percentage. Clusters with a relative abundance greater than 0.001% were considered detected.

Differences in the number of detected clusters per sample among BMI groups were assessed using the

Kruskal-Wallis test, followed by pairwise Wilcoxon rank-sum tests with Benjamini-Hochberg correction.

Adjusted P values below 0.05 were considered statistically significant.

RESULTS AND DISCUSSION
Cohort characteristics and preliminary microbiota variation analysis

A total of 1,755 adult human fecal metagenomes were initially retrieved from eleven publicly available whole-

genome shotgun (WGS) sequencing studies. These datasets were identified through a systematic search in

metagenomic public repositories targeting obesity-related cohorts with comprehensive available metadata

[Supplementary Table 1]. Following standardized quality control procedures and exclusion of samples

lacking complete BMI data or not meeting quality thresholds, 212 samples were removed. The final curated

dataset consisted of 1,543 high-quality metagenomic samples [Supplementary Table 2], stratified into three

groups based on BMI classification
[31]

, normal weight (BMI <​ 25; n = 644), overweight (25 ≤ BMI <​ 30; n =

419), and obese (BMI ≥ 30; n = 480). When publicly available, additional metadata were collected, including

geographic location, age (years), and sex [Supplementary Table 2]. However, these variables were not

consistently available across all cohorts. Given their known impact on gut microbiota composition
[32-35]

, the

lack of uniformly available metadata prevented stratified analyses and represents a source of residual

heterogeneity that could not be fully controlled in the present study.

Species-level taxonomic and enzymatic functional profiling analyses [Supplementary Tables 3 and 4] were

performed uniformly across all samples
[26]

 to enable consistent comparison of microbial community

structures and metabolic pathways. Reads with sequence identity below 94%, indicating putative novel taxa

without reference genomes, were marked as “below species threshold” (BST). Reads matching multiple

species within the same genus were labeled as “multihit species”. Both cases were treated as individual

taxonomic units in downstream analyses.

To assess overall differences in gut microbiota composition across BMI categories, we performed a Principal

Coordinates Analysis (PCoA) based on Bray-Curtis dissimilarities [Supplementary Figure 1]. The ordination

showed substantial overlap among BMI categories, without a clear separation of the three groups.

PERMANOVA nevertheless detected a statistically significant association between BMI category and overall

microbiota composition (pseudo-F = 5.67, R
2
 = 0.0073, P <​ 0.001). However, BMI category explained only

0.73% of the total compositional variation, indicating a very small effect size. Multivariate dispersion also

differed significantly among groups (PERMDISP F = 23.59, P <​ 0.001), suggesting that the PERMANOVA

result may partly reflect differences in within-group dispersion.

A targeted sensitivity analysis excluding the numerically largest BioProject showed that the association with

BMI category remained statistically detectable but quantitatively limited for both taxonomic composition (R
2

= 0.00772, pseudo-F = 4.21, P = 0.001) and functional composition (R
2
 = 0.00759, pseudo-F = 4.14, P = 0.001).

Concordance at the individual-feature level was partial and greater for taxonomic than for functional

profiles, as detailed in the Supplementary Statistical Analyses.

To further evaluate whether obesity is associated with more subtle shifts in the gut microbiota, we estimated

species-level richness across the three BMI groups. No statistically significant differences in species richness

were  detected  among  BMI  categories ,  as  assessed  by  the  Kruskal-Wall is  test  (P  =  0 .80)
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[Supplementary Table 5]. Taken together, these results indicate that BMI categories are associated with

statistically detectable but quantitatively limited differences in overall gut microbiota composition, while

species richness remains comparable across groups. Obesity may therefore be more prominently associated

with changes in the relative abundance of specific microbial taxa rather than with marked global community

restructuring, in agreement with previous reports
[6,19,36]

.

Differential abundance of gut microbial taxa across BMI groups

Since the global analyses indicated only a limited association between BMI category and overall microbiota

composition, with no differences in species richness, we next investigated whether specific microbial taxa

were differentially associated with BMI groups through a supervised multivariate statistical approach.

Among the 2,892 microbial taxa initially profiled [Supplementary Table 3], we focused on those in the top

10% of importance scores (VIP) in both PLS (VIP ≥ 1.73) [Supplementary Table 6] and PLS-DA (VIP ≥ 1.54)

statistical analyses [Supplementary Table 7] that also had a significant Spearman correlation with BMI (ρ,

FDR <​ 0.05). Additional support was provided by permutation importance scores from a machine learning

Random Forest classifier (RF importance). This multi-criterion approach identified 29 taxonomic units, of

which 12 were fully resolved species, which were assessed for prevalence and mean abundance across BMI

groups, revealing gradual microbial shifts along the obesity gradient [Supplementary Table 8].

Among taxa enriched in the gut of obese individuals [Figure 1A], Clostridium fessum [Table 1] and other

Clostridium spp. [Supplementary Table 8] were particularly prominent, consistent with previous reports of

their enrichment in the gut of obese populations and in patients with metabolic syndrome. Prevotella

pectinovora also increased with BMI [Table 1], in line with prior observations describing an expansion of

Prevotella species in obesogenic contexts
[16,37]

. However, the role of this genus in host metabolism and health

remains debated, as the effects of Prevotella spp. appear to be highly context-dependent and influenced by

diet, species- and strain-level diversity, host-related factors, and interactions with other members of the gut

microbiota
[38]

. Similarly, several Segatella species [Supplementary Table 8], including S. copri [Table 1],

increased with BMI. Notably, S. copri has previously been associated with insulin resistance and altered host

metabolic profiles, features commonly linked to obesity and its metabolic complications
[39,40]

. These effects

have been proposed to be mediated, at least in part, by the microbial biosynthesis of branched-chain amino

acids, whose altered metabolism has been associated with impaired insulin sensitivity and obesity
[41,42]

.

Moreover, it has also been linked to high-fiber diets and improved glucose metabolism, underscoring its

context-dependent metabolic effects
[17,43,44]

.

In contrast, Enterocloster citroniae and Bacteroides intestinalis [Table 1 and Figure 1A] were negatively

associated with BMI and depleted in the gut of individuals with obesity. The reduction of Bacteroides species

is a recurrent feature of obesity-associated dysbiosis and has been linked to impaired polysaccharide

utilization and altered host-microbe metabolic interactions
[45,46]

.

While these taxonomic associations provide valuable insights into species-level compositional shifts linked to

BMI, they do not fully capture the functional consequences of these shifts; therefore, we complemented the

taxonomic analysis with functional profiling of the gut microbiome across BMI groups.

Functional shifts in the gut microbiome across BMI categories

In parallel with the taxonomic analysis, we characterized the functional profile of the gut microbiota in the

three BMI groups using the same multivariate workflow applied to taxonomic data (PLS, PLS-DA, Spearman

correlation with BMI, and Machine Learning Random Forest validation) [Supplementary Tables 9-11].
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Figure 1. BMI-associated shifts in microbial taxa and enzymatic functions. (A) Bar plots displaying the prevalence of a subset of the 29
taxa identified through the multi-criteria statistical pipeline. Bars are color-coded by BMI group: brown (obese), yellow (overweight), and
light blue (normal-weight). The relative abundance values of each species in the three BMI groups are shown alongside the plots; (B)
Heatmap illustrating the importance of a subset of the 77 enzymatic functions identified through the statistical selection pipeline,
evaluated across three complementary criteria: VIP scores from PLS and PLS-DA models, and Spearman’s correlation coefficients (rho)
with BMI. Each row represents one enzymatic function and includes the corresponding Rhea ID, and a dedicated color code indicates the
associated metabolic pathway. Bar plots show the percentage variation (Δ%) in relative abundance for overweight vs normal-weight
(yellow) and obese vs normal-weight (brown) comparisons. BCAA: Branched-chain amino acid; FDR: false discovery rate; SCFA: short-
chain fatty acid; BMI: body mass index; VIP: variable importance in projection; PLS: Partial Least Squares; PLS-DA: Partial Least Squares
Discriminant Analysis.

Functional richness, defined as the number of enzymatic functions (unique Rhea codes) detected with non-

zero abundance per sample, differed significantly across BMI categories. In the complete dataset, obese

individuals showed fewer detectable functions than normal-weight individuals (1,626 vs. 2,021; Kruskal-

Wallis P = 9.33 × 10
-26

; FDR-corrected pairwise P <​ 0.001; Supplementary Table 12). Because the absolute

number of detectable functions was influenced by sequencing depth, the analysis was repeated in the 1,221

samples uniformly profiled at 5,000,000 reads. In this subset, median functional richness was 2,201.5, 2,358.5,

and 1,971 functions in normal-weight, overweight, and obese individuals, respectively. The overall difference

remained significant (Kruskal-Wallis P = 1.19 × 10
-10

), with obese individuals retaining significantly lower

https://file.oaecenter.com/published/pdf/b5ad6f628b5933b4996f1d639e474f3f/1793669159/mrr5027-SupplementaryMaterials.zip
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functional richness than normal-weight individuals after Benjamini-Hochberg correction (adjusted P = 1.37

× 10
-4
). These results indicate lower functional richness in obese individuals, although the absolute estimates

were partly influenced by sequencing depth.

Table 1. Microbial taxa significantly associated with BMI, showing VIP scores (PLS and PLS-DA), Spearman correlations, Machine
Learning Random Forest permutation importance values, changes in prevalence (percentage points), and relative changes in
abundance between normal-weight and obese individuals

Taxon
Association with
BMI

Statistical support

VIP(PLS) VIP(PLS-DA) Spearman ρ RF importance
Prevalence
change
NW → OB (pp)*

Relative
abundance
change
NW → OB (%)*

Clostridium fessum Positive (↑ BMI) 3.11 3.99 0.21 0.0025 8.79 pp 41.50%

Prevotella pectinovora Positive (↑ BMI) 3.38 2.46 0.17 0.001 16.27 pp 220.90%

Segatella copri Positive (↑ BMI) 2.57 4.06 0.1 0.001 8.57 pp 82.00%

Enterocloster citroniae Negative (↓ BMI) 2.49 3.99 -0.13 0.0004 -11.61 pp -67.70%

Bacteroides intestinalis Negative (↓ BMI) 1.83 1.94 -0.08 0.0003 -6.20 pp -53.70%

*: Prevalence change was calculated as the percentage-point difference between obese and normal-weight individuals, whereas relative abundance
change was calculated as the percentage change in mean relative abundance in obese individuals compared with the normal-weight group. VIP:
Variable importance in projection; PLS: Partial Least Squares; PLS-DA: Partial Least Squares Discriminant Analysis; BMI: body mass index; RF:
Random Forest; NW: Normal-weight; OB: Obese.

Of the 9,254 annotated enzymatic functions, the supervised multivariate statistical approach comprising

multivariate and correlation-based filtering identified 77 BMI-associated functions, of which 33 were

positively correlated and 44 negatively correlated with BMI [Supplementary Tables 4, 9-12]. Detailed

statistical analyses, selection criteria, and full functional annotations are provided in the Supplementary

Results, while a representative subset of BMI-associated enzymatic functions is shown in Figure 1B.

Functions enriched in obesity were mainly involved in branched-chain amino acid catabolism (Rhea code:

24813), nucleotide metabolism (Rhea codes: 10248 and 12484), gluconeogenesis (Rhea code: 11064 and

18617), lipid biosynthesis (Rhea code: 20828), oxidative stress response, microbial biosynthetic activity (Rhea

code: 31575 and 62620) along with nitrogen metabolism and protein synthesis (Rhea code: 20121 and 14305)

[Table 2]. Together, these associations define a metagenomic functional profile characterized by shifts in

genes related to energy metabolism, biosynthetic activity, and oxidative-stress response at higher BMI
[5,47-53]

.

Consistent with these findings, a recent fecal metagenomic study reported reduced fermentative potential

and an increased microbial capacity to respond to oxidative stress in individuals with obesity
[54]

.

Conversely, enzymes depleted with increasing BMI predominantly included those involved in short-chain

fatty acid (SCFA) production, including butyrate and propionate biosynthesis (Rhea code: 13585, 42292 and

28046), oxidative phosphorylation and central energy metabolism (Rhea code: 40523 and 29091), β-oxidation

and redox balance (Rhea code: 16185 and 22432), as well as thiamine biosynthesis (Rhea code: 23096; and

19893) [Table 2]. The depletion of SCFA-related pathways is particularly relevant, as butyrate and propionate

are key microbial metabolites involved in maintaining intestinal barrier integrity, immune regulation, and

metabolic homeostasis
[70 ,71]

. In particular, reduced microbial capacity for butyrate and propionate

biosynthesis may weaken tight-junction organization and epithelial barrier function, thereby increasing

intestinal permeability and facilitating the translocation of lipopolysaccharide and other microbial products

into the circulation
[72]

. This process may promote metabolic endotoxemia and, consequently, the chronic

low-grade systemic inflammation that characterizes obesity
[73,74]

. Together, these patterns indicate reduced

https://file.oaecenter.com/published/pdf/b5ad6f628b5933b4996f1d639e474f3f/1793669159/mrr5027-SupplementaryMaterials.zip
https://file.oaecenter.com/published/pdf/b5ad6f628b5933b4996f1d639e474f3f/1793669159/mrr5027-SupplementaryMaterials.zip
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Table 2. Microbial enzymes associated with BMI: trends of increase and decrease in relation to obesity

Trend
Rhea
code

Enzyme Summary description and potential relevance to obesity Reference

Enzymes
increased
with BMI

24813
Branched-chain amino acid
transaminase

Initiates BCAA catabolism, leading to the formation of branched-
chain keto acids (BCKAs), whose accumulation has been
associated with insulin resistance and metabolic inflexibility in the
host

[47]

10248 Nucleotide diphosphatase

Hydrolyzes dUTP to dUMP and diphosphate, contributing to
microbial nucleotide-pool homeostasis. Its increased abundance
may indicate altered microbial nucleotide metabolism associated
with higher BMI

[50]

12484 5′-Nucleotidase
Converts AMP to adenosine, whose increased levels have been
associated with pro-inflammatory signaling and impaired glucose
regulation in obese subjects

[50]

11064 Fructose-bisphosphatase
Catalyzes a key gluconeogenic step, potentially suggesting an
increased microbial capacity for endogenous sugar production and
dietary energy extraction in the obese gut

[55]

18617
Phosphoenolpyruvate carboxykinase
(PEPCK)

Promotes gluconeogenesis and carbon recycling, which may
support higher energy yield and metabolic efficiency in obesogenic
microbiota

[56]

20828 Phosphatidylserine decarboxylase
Drives microbial phospholipid biosynthesis, which may potentially
influence lipid metabolism and inflammatory pathways

[57]

31575 8-oxo-dGTP diphosphatase (MutT)
Protects microbial DNA from oxidative damage; its enrichment
may reflect adaptation to the pro-oxidative intestinal environment
associated with obesity

[58]

62620 Thioredoxin-dependent peroxiredoxin
Detoxifies peroxides via thioredoxin; increased abundance may
reflect microbial coping mechanisms in response to obesity-
related oxidative stress

[59]

20121 Glutamine-tRNA ligase
Catalyzes aminoacylation of tRNA; its enrichment may be
consistent with enhanced microbial biosynthetic and translational
activity in dysbiotic, obesity-associated microbiomes

[60]

14305 Proline-tRNA ligase

Proline-tRNA ligase catalyzes the ATP-dependent attachment of
proline to tRNA^Pro, essential for bacterial protein synthesis.
Translation-related genes, including aminoacyl-tRNA synthetases,
are often enriched in obesity-associated microbiomes, which may
suggest higher microbial growth and activity

[61]

Enzymes
decreased
with BMI

13585 Butyrate kinase
Catalyzes the terminal step of butyrate formation; its reduction
may indicate diminished SCFA production, potentially contributing
to gut barrier dysfunction and systemic inflammation

[62]

42292 Phosphate acyltransferase
Participates in butyrate biosynthesis; lower abundance may
indicate a reduced representation of anti-inflammatory SCFA
pathways in the obese gut.

[63]

28046 Phosphate propanoyltransferase
Catalyzes propionate formation; its decrease may suggest reduced
capacity to produce SCFAs, which are involved in the regulation of
lipogenesis and insulin sensitivity

[63]

40523 Succinate dehydrogenase
Links the TCA cycle to electron transport; changes in SDH levels
may influence microbial respiration and metabolic fluxes

[64]

29091
NADH: ubiquinone reductase (H+-
translocating)

Key component of oxidative phosphorylation; its reduced
abundance may be associated with lower ATP generation,
potentially favoring a more hypoxic and fermentative intestinal
environment

[65]

16185 Aldehyde dehydrogenase (NAD+)
Detoxifies reactive aldehydes; its decline may suggest altered
redox balance and could be associated with the accumulation of
pro-inflammatory metabolites

[66]

22432 3-Hydroxyacyl-CoA dehydrogenase
Involved in β-oxidation of fatty acids; reduced abundance may
suggest impaired microbial lipid catabolism and could potentially
contribute to host fat accumulation

[67]

23096 Hydroxymethylpyrimidine kinase

Catalyzes an early step in thiamine (vitamin B1) biosynthesis.
Reduced abundance of this enzyme may limit microbial thiamine
production and could thereby influence host carbohydrate
metabolism

[68,69]

19893 Phosphooxymethylpyrimidine kinase
Acts in the thiamine biosynthetic pathway; decreased abundance
may suggest reduced microbial production of B-vitamins
associated with obesity-related micronutrient imbalances

[68]
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BMI: Body mass index; dUTP: deoxyuridine triphosphate; dUMP: deoxyuridine monophosphate; AMP: adenosine monophosphate; SCFA: short-
chain fatty acid; TCA: tricarboxylic acid; SDH: succinate dehydrogenase; NADH: reduced nicotinamide adenine dinucleotide; BCAA: branched-chain
amino acid.

microbial functions supporting intestinal barrier integrity, metabolic homeostasis, redox balance, and

micronutrient availability in obesity
[62,63,68,75]

.

Overall, the functional remodeling across BMI groups highlights a progressive enrichment of pathways

related to amino acid turnover alongside a concomitant depletion of short-chain fatty acid production,

oxidative and redox metabolism, and vitamin B biosynthesis. This shift supports the hypothesis that the gut

microbiota contributes to metabolic dysregulation in obesity not only through compositional changes but

also via functional reprogramming, ultimately affecting host energy balance, inflammation, and

micronutrient availability
[22,54]

.

Back-tracing of microbial taxa involved in relevant metabolic reactions

Building on the functional shifts identified above, we investigated which bacteria were associated with reads

assigned to these BMI-associated enzymatic functions. To this end, a back-tracing analysis was performed to

link key enzymatic functions to their microbial sources. Specifically, we focused on 10 enzymatic functions

(Rhea codes: 24813, 12484, 11064, 18617, 20828, 31575, 62620, 20121, 10248, and 14305) [Supplementary

Tables 13-22 and Figure 2], which were identified in the previous functional analysis as significantly and

positively correlated with BMI and as part of metabolic pathways potentially enriched in obese individuals.

These included branched-chain amino acid (BCAA) catabolism, gluconeogenesis and energy metabolism,

oxidative stress response, nucleotide metabolism, lipid metabolism, and aminoacyl-tRNA-mediated protein

biosynthesis. These functions represented a subset of the 33 catalytic activities previously associated with

increasing BMI, as described above. These positively associated functions were prioritized because the back-

tracing analysis was used to identify microbial contributors for the subsequent strain-level investigation of

enzyme sequence-cluster heterogeneity. Functions negatively associated with BMI were not selected for this

downstream analysis because their reduced abundance and detection at higher BMI could make it difficult to

distinguish differences in sequence-cluster distribution from an overall depletion of the corresponding

function. Accordingly, the back-tracing analysis was not intended as a comprehensive assessment of all

positively and negatively associated enzymatic functions.

For each enzymatic function, we performed back-tracing to identify the microbial taxa responsible.

We first investigated the contribution of specific taxa linked above to obesogenic contexts by the overall

taxonomic-based meta-analysis [Supplementary Table 8]. The back-tracing analysis revealed that

Clostridium (including C. fessum), Prevotella (such as P. pectinovora, P. merdae), Prevotellamassilia and

Segatella (such as S. copri) accounted for most of the reads associated with BMI-related enzymatic functions

[Figure 2]. These taxa were represented across multiple reactions, notably BCAA catabolism (Rhea code:

24813), aminoacyl-tRNA biosynthesis (Rhea codes: 20121, 14305), lipid metabolism (Rhea code: 20828), and

gluconeogenesis (Rhea codes: 11064, 18617). Their recurrent presence across multiple metabolic pathways

indicates that they represent major taxonomic contributors to the corresponding BMI-associated

metagenomic functional profiles. Additional microbial contributors included members of the genera

Coprococcus, Dialister, Leyella, and Holdemanella (including H. porci), whose mean relative abundance was

equal to or greater than the function-specific 90th percentile for most of the analyzed functions.

In contrast, species of microbial genera such as Roseburia and Vescimonas, Alloprevotella, Pseudoprevotella,

Brachyspira, Selenomonas, and Mesosutterella did not appear to contribute substantially to the functions

under investigation despite being among those associated with BMI in terms of relative abundance in the
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Figure 2. Assignment of microbial taxa to BMI-associated enzymatic functions. Heatmap showing the assignment of microbial taxa to 10
enzymatic functions previously identified as positively associated with BMI and enriched in obese individuals. Taxa include those identified
in the taxonomic meta-analysis as BMI-associated, as well as additional contributors revealed by back-tracing analysis. Green cells
indicate assigned taxa, defined as taxa whose mean relative abundance was equal to or greater than the 90th percentile of the
corresponding function-specific back-tracing profile; black cells indicate taxa below this threshold. BCAA: Branched-chain amino acid;
BMI: body mass index.

whole microbiota [Supplementary Table 8 and Figure 2]. This does not imply that BMI-associated taxa not

represented among carriers of these functions are functionally irrelevant in obesity. Rather, it suggests that

these activities may be encoded only by specific strains within those microbial taxa, thereby weakening the
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correspondence between species abundance and function-associated microbial read abundance.

In addition to the latter microbial taxa, our back-tracing analysis revealed several additional microbial

contributors to BMI-related enzymatic functions (average abundance ≥ 0.01) [Figure 2], which were not

highlighted by the analysis of overall gut microbiota taxonomic profiles, thus not listed in Supplementary

Table 8. Some of these taxa, such as Collinsella aerofaciens, Ruminococcus intestinalis, and Dorea, have been

shown to participate in gluconeogenesis (Rhea code: 18617), nucleotide metabolism (Rhea code: 10248), and

Aminoacyl-tRNA metabolism (Rhea code: 14305) [Figure 2] and have previously been reported to correlate

with obesity or metabolic dysregulation, supporting their potential role in shaping gut functional profiles in

obesogenic contexts
[76]

.

Importantly, we also identified microbial taxa not yet extensively characterized in association with obesity,

including Phocaeicola dorei and Barnesiella intestinihominis, which exhibited significant representation in

key enzymatic functions such as BCAA catabolism (Rhea 24813), aminoacyl-tRNA biosynthesis (Rhea 20121,

14305), redox system (Rhea code: 62620), and gluconeogenesis (Rhea code: 18617) [Figure 2]. These findings

suggest that the spectrum of microbial contributors to obesity-associated metabolic pathways may be

broader than previously recognized, identifying candidates for future functional validation.

Intriguingly, these latter taxa did not appear to be present at differential relative abundance in whole

microbiota profiles of low- and high-BMI individuals but conversely appear involved in encoding functions

whose abundance differs.

Obesity-associated functional remodeling involves differences in strain-level enzyme sequence-
cluster distribution and richness

Recent large-scale metagenomic studies have shown that genetic variation within microbial species can

influence metabolic capacities and other biological properties, and that the distribution of such variation may

be shaped by host- and environment-related selective pressures
[77-79]

.

After identifying the microbial taxa contributing to obesity-associated functions, we investigated whether the

limited concordance with bacterial taxa positively associated with BMI in the overall taxonomic analysis was

accompanied by within-species enzyme sequence heterogeneity that was not captured by species-level

abundance alone. To assess this, we selected three enzymatic activities positively associated with BMI for

subsequent strain-level analysis: branched-chain amino acid transaminase (Rhea 24813), phosphatidylserine

decarboxylase (Rhea 20828), and nucleotide diphosphatase (Rhea 10248) [Table 2 and Supplementary Table

23]. These enzymes were selected because they represent distinct and well-defined catalytic activities within

metabolic processes of potential relevance to obesity-associated microbiome alterations, including branched-

chain amino acid, phospholipid, and nucleotide metabolism, respectively. Sixteen candidate species, linked to

all three functions through taxonomic back-tracing, were initially selected. This set included two microbial

species previously identified as significantly associated with BMI in the overall taxonomic analysis, namely S.

copri, which was positively associated with BMI, and Bacteroides intestinalis, which was negatively associated

with BMI [Supplementary Table 8], together with highly prevalent species not significantly associated with

BMI across the overall taxonomic analysis (prevalence > 50% across all BMI categories) [Supplementary

Table 23]. The inclusion of both BMI-associated species and highly prevalent species not emerging from the

overall taxonomic analysis was intended to examine whether enzyme sequence-cluster distributions could

provide information not captured by species-level abundance differences alone.

To characterize strain-level enzyme sequence diversity, we analyzed all publicly available genomes for the

selected species [Supplementary Table 23] and identified putative genes for each of the three enzymatic

activities. Candidate genes were further filtered based on conserved protein domains and sequence similarity
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to reference enzymes. Only species harboring at least one high-confidence gene candidate with the expected

conserved domains and a stringent alignment threshold (e-value ≤ 1 × 10
-100

) were retained for downstream

analysis, resulting in a final set of eight species, including S. copri and seven highly prevalent taxa

[Supplementary Table 24].

Identified genes were clustered at 80% amino acid identity and 80% coverage to define operational protein

sequence clusters, yielding overall 17 clusters for nucleotide diphosphatase, 36 clusters for phosphatidylserine

decarboxylase, and 12 clusters for branched-chain amino acid transaminase. The retained protein sequences

were subsequently searched against the metagenomic datasets from normal-weight, overweight, and obese

individuals, and sequence-level assignments were aggregated according to their corresponding operational

protein sequence clusters. Clusters with a relative abundance greater than 0.001% in each sample were

considered detected [Supplementary Table 25].

Notably, 34 of the 36 phosphatidylserine decarboxylase sequence clusters and most of the nucleotide

diphosphatase sequence clusters were assigned to Bacteroides uniformis. This species was included because it

was highly prevalent across BMI categories and was consistently identified by taxonomic back-tracing as a

carrier of all three selected enzymatic functions, although its overall species-level abundance was not

significantly associated with BMI. This pattern highlights the additional resolution provided by the sequence-

cluster analysis, as within-species sequence distributions may differ across BMI categories even in the

absence of marked changes in total species abundance. Accordingly, the results for these two enzymes mainly

reflect sequence heterogeneity within B. uniformis and identify this species as a relevant model for future

investigation of strain-level enzyme diversity.

The mean number of detected genetic variant clusters per sample differed significantly across BMI categories

for all three enzymatic functions (Kruskal-Wallis P <​ 0.001 for phosphatidylserine decarboxylase and

nucleotide diphosphatase; P = 0.0032 for branched-chain amino acid transaminase). Pairwise comparisons

indicated lower cluster counts in obese individuals, particularly for phosphatidylserine decarboxylase,

whereas the absolute differences were modest for the other functions [Figure 3 and Supplementary Table 26].

Beyond these differences in cluster counts, individual variants differed markedly in their genomic

representation across species.

Accordingly, qualitative differences in variant detection (prevalence) across BMI categories emerged from

metagenomic profiling [Figure 3 and Supplementary Table 26]. A limited number of low-prevalence variants

for nucleotide diphosphatase (variants 7 and 17) and branched-chain amino acid transaminase (variant 3)

were detected exclusively in normal-weight individuals. Although these variants were supported by a limited

number of sequences and represented a small fraction of the total strain-level diversity, their restricted

detection suggests that specific low-prevalence variants may be preferentially depleted along the BMI

gradient. In contrast, most phosphatidylserine decarboxylase variants were shared across BMI categories,

although the mean number of variant clusters detected per sample was lower in obese individuals [Figure 3

and Supplementary Table 26].

Comparison of prevalence among shared variants revealed that 10 of the 15 shared nucleotide diphosphatase

variants and 29 of the 35 shared phosphatidylserine decarboxylase variants showed lower prevalence in obese

individuals relative to the arithmetic mean prevalence across the three BMI groups. The corresponding

percentage changes ranged from -60.8% to -1.8% for nucleotide diphosphatase and from -54.8% to -0.1% for

phosphatidylserine decarboxylase [Figure 3 and Supplementary Table 26]. This coordinated pattern across

variants associated with different species, including species showing comparable taxonomic abundance

across BMI categories, is consistent with a redistribution of strain-level enzyme variant prevalence across
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Figure 3. Obesity-associated functional remodeling involves differences in strain-level enzyme variant distribution and variant-cluster
richness. Bar plots show the mean ± standard deviation of genetic variant clusters detected per sample for the three BMI-associated
enzymatic functions. Kruskal-Wallis P values are reported above the plots. The accompanying tables indicate the species carrying each
variant and the proportion of strains harboring it. The three heatmaps display the percentage change in the prevalence of each variant in
the obese group relative to the arithmetic mean prevalence across the normal-weight, overweight, and obese groups. BCAA: Branched-
chain amino acid; BMI: body mass index.

BMI groups and supports their potential functional relevance to obesity.

In contrast, branched-chain amino acid transaminase exhibited a more heterogeneous pattern [Figure 3],

with variants 4, 5, 10, and 11, associated with S. copri and Bacteroides species, showing higher prevalence in

obese individuals relative to the arithmetic mean prevalence across the three BMI groups, with increases

ranging from 1.1% to 14.0%.
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Taken together, these results suggest that obesity-associated functional rearrangements of the gut

microbiome include differences in variant-cluster richness as well as in the prevalence and distribution of

individual strain-level enzyme variants. This identifies strain-level enzyme variant distribution as an

additional dimension of obesity-associated microbiome variation and provides candidate variants for future

functional and experimental investigation.

Study limitations

This study has some limitations that should be acknowledged. The integration of metagenomic datasets from

11 independent BioProjects increased the overall sample size and broadened the population coverage of the

study, but also introduced heterogeneity related to cohort composition, sequencing platforms and depth,

library preparation, and DNA extraction procedures. Reprocessing all datasets through the same quality-

control and bioinformatic pipeline improved cross-study comparability, although residual technical and

cohort-related effects could not be completely eliminated. Moreover, BMI categories were unevenly

represented across BioProjects and geographic regions, while age and sex were available only for subsets of

cohorts. Restricting the analysis to samples with complete metadata would have substantially reduced both

sample size and study representation and could have introduced additional selection bias. A targeted

sensitivity analysis excluding the largest BioProject showed that the small global association with BMI

remained detectable, although concordance at the individual-feature level was only partial. Because the

excluded BioProject contributed 290 of the 480 obese individuals, study-related effects could not be

disentangled from the substantial reduction in sample size and the altered representation of the obese group.

Residual confounding related to study source, geographic origin, age, sex, diet, medication use, and other

unmeasured host characteristics therefore cannot be totally excluded.

The use of BMI as the principal criterion for defining obesity warrants consideration in light of both its

practical value and its intrinsic limitations. The cut-offs adopted in this study are based on internationally

recognized BMI categories and have been widely applied in epidemiological and gut microbiome research,

providing a standardized framework for comparing normal-weight, overweight, and obese populations

across independent cohorts
[31,80,81]

. The use of these categories was therefore appropriate for harmonizing the

heterogeneous publicly available datasets included in the present multi-cohort analysis. Nevertheless, BMI

remains an indirect measure of adiposity and does not distinguish fat mass from lean mass or adequately

capture visceral adiposity and body fat distribution. Moreover, the relationship between BMI, adiposity, and

metabolic risk may differ across populations, while individuals within the same BMI category may display

substantially different metabolic profiles, including metabolically healthy and metabolically unhealthy

obesity phenotypes
[82-85]

. Thus, while BMI-based classification enabled consistent stratification across the

included studies, it may have provided limited resolution for identifying microbiome associations more

specifically related to body composition, adipose tissue distribution, or metabolic health.

The cross-sectional nature of the study limits the interpretation of temporal and causal relationships between

microbiome features and obesity. Functional annotations provide information on microbial genetic potential

rather than direct measurements of gene expression, enzymatic activity, or metabolite production. Similarly,

the 80% amino acid identity and coverage thresholds used in the strain-level analysis define operational

protein sequence clusters and do not demonstrate catalytic or functional divergence. Proteins assigned to

different clusters may retain equivalent functions, whereas proteins grouped within the same cluster may still

differ at functionally relevant residues. Structural prediction, active-site comparison, phylogenetic functional

inference, and biochemical validation will therefore be required to establish whether the identified clusters

encode proteins with distinct activities. The predominance of Bacteroides uniformis in two enzyme panels

should also be considered when interpreting the broader applicability of these sequence-cluster patterns.
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Functional richness estimates may retain some sensitivity to sequencing depth despite standardized data

processing. In addition, PLS, PLS-DA, and Random Forest were applied primarily as complementary

exploratory approaches for feature prioritization rather than as independently validated predictive models.

Overall, the present findings provide a foundation for future investigations integrating harmonized clinical

metadata, body-composition and metabolic measurements, batch-aware statistical approaches, structural and

functional characterization of the identified protein sequence clusters, and complementary multi-omic or

experimental validation.

CONCLUSIONS
Using an integrated multivariate and machine learning-based statistical workflow, we examined the

relationship between gut microbiome composition, functional potential, and obesity across a wide BMI

spectrum represented by 1,543 individuals. Consistent with previous reports, obesity was not associated with

major alterations in gut community structure or species richness. Instead, it was associated with gradual

changes in the relative abundance of specific taxa, including increases in C. fessum, P. pectinovora, and S.

copri, and decreases in E. citroniae and B. intestinalis. These findings suggest that compositional changes in

obesity are often subtle, highlighting the importance of high-resolution methods for accurate analysis.

By integrating taxonomic profiling with systematic functional annotation, we identified consistent patterns

of metabolic remodeling associated with higher BMI. In particular, obesity corresponded with enrichment of

functions related to branched-chain amino acid metabolism, anabolic and biosynthetic processes, and

nucleotide turnover, along with a reduction in pathways involved in short-chain fatty acid production,

oxidative metabolism, and vitamin biosynthesis. The extensive multi-cohort nature of the dataset not only

increased confidence in the observed functional associations but also allowed for a more comprehensive

understanding of gut microbiome changes across diverse populations. Functional back-tracing further

showed that only a limited subset of microbial species contributes to BMI-associated enzymatic activities,

while other taxa with compositional variation contribute only marginally to these functional changes.

Through strain-resolved analyses based on comparative genomics and metagenomics, we went beyond

classical analytical methods to examine how the distribution of genetic clusters across representative

enzymes correlates with BMI. Our data indicate that obesity-associated functional remodeling is associated

not only with species-level shifts but also with differences in strain-level enzyme protein-cluster richness,

distribution, and prevalence across BMI groups. This strain-level enzyme cluster distribution provides a

previously underexplored perspective on microbiome variability, providing additional resolution on

metagenomic differences that are not captured by species-level abundance alone and helping to reconcile

discrepancies from prior taxonomic studies.

Overall, our findings underscore the value of combining large-scale shotgun metagenomic data with

integrated functional and strain-level comparative genomics analyses to improve understanding of host-

microbiome interactions. Moreover, the discovery of metabolic pathways and strain-level genetic clusters

linked to obesity offers a basis for future functional and experimental validation and could contribute to a

deeper understanding of this complex condition.
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