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ABSTRACT Bariatric surgery provides effective and durable weight loss in patients with 
severe obesity. Both the surgical procedure and postoperative management, including 
dietary and behavioral changes, are known to induce long-term alterations in gut 
microbiota composition. However, their impact on microbial and host proteome profiles 
remains poorly understood. In this prospective, multicenter cohort study, we compared 
the fecal metaproteome profile of 45 patients with severe obesity at preoperative 
baseline (T0) and 2 years after surgery (T1). Patients were randomized to receive either 
Roux-en-Y gastric bypass or one anastomosis gastric bypass. At T1, the relative abun­
dance of the bacterial genera Akkermansia, Anaerotignum, Desulfovibrio, Streptococcus, 
and Veillonella significantly increased, whereas that of Faecalibacterium and Romboutsia 
decreased. Furthermore, we observed a significant increase in the relative abundance 
of microbial enzymes involved in glycolysis, short-chain fatty acid biosynthesis, amino 
acid metabolism, and cofactor/vitamin biosynthesis, alongside various outer membrane 
proteins encoded by Enterobacterales. Conversely, several proteins involved in oxida­
tive phosphorylation and sporulation were reduced. Moreover, 74 human proteins, 
primarily associated with immune functions, showed a significant increase in relative 
abundance at T1, while numerous digestive enzymes displayed a downward trend. Our 
data reveal that a distinct reshaping of the fecal proteome and metaproteome persists 
2 years after bariatric surgery. Future studies are needed to elucidate the mechanistic 
aspects of host-microbiota interaction and to identify associations with long-term clinical 
outcomes.

IMPORTANCE Bariatric surgery is widely recognized as the most effective and dura­
ble intervention for severe obesity; however, its long-term molecular effects on gut 
microbiota-host interactions remain poorly understood. By applying shotgun metapro­
teomics to fecal samples collected before and 2 years after surgery, our study provides 
novel insights into the functional consequences of bariatric bypass procedures. We 
demonstrate sustained alterations in both microbial and host protein profiles, including 
metabolic enzymes, outer membrane proteins, and immune-related factors, revealing a 
long-lasting remodeling of gut ecosystem functions. These findings underscore the value 
of metaproteomics in uncovering molecular mechanisms underlying bariatric surgery 
outcomes and may ultimately guide the development of microbiome- or host-targeted 
strategies to optimize therapy and long-term patient care.

KEYWORDS bariatric surgery, gut microbiota, mass spectrometry, metabolism, 
metaproteomics, obesity, proteomics

B ariatric surgery is a highly effective therapeutic option for patients affected by 
severe obesity (body mass index [BMI] >35 kg/m2), achieving successful outcomes 

in terms of weight loss and reduction of adiposity. The term bariatric/metabolic surgery 
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(BMS) is now preferred, as it emphasizes the powerful effect of these procedures on 
improving metabolic control in diseases such as type 2 diabetes (1). Two of the 
main BMS techniques, Roux-en-Y gastric bypass (RYGB) and one anastomosis gastric 
bypass (OAGB), entail the surgical exclusion of a segment of the small intestine from 
the nutrient stream, thereby reducing the absorptive surface area and contributing to 
reduced nutrient absorption. This intentional hypoabsorptive component contributes 
to weight loss and metabolic improvements (2). Given the anatomical and physiologi­
cal changes that occur after gastric bypass surgery, patients are at increased risk of 
micronutrient deficiencies. They therefore require management by a dietitian-nutrition­
ist to ensure proper nutritional assessment, postoperative monitoring, and appropri­
ate supplementation (3). However, the long-term success of these procedures is also 
influenced by additional factors, still not fully understood, that modulate central and 
peripheral appetite regulation as well as metabolic control (4).

Such anatomical and physiological modifications of the gastrointestinal tract are 
expected to significantly impact the composition and functionality of the gut microbiota 
(GM). While numerous clinical trials have consistently reported significant alterations 
to the GM composition in obese patients undergoing RYGB, OAGB, and vertical sleeve 
gastrectomy (VSG) (5–7), the first proof of a specific contribution of the GM to reduced 
weight and adiposity after BMS in experimental animal models was provided by Liou 
and coworkers in 2013 (8). Hence, a key role of the GM in the long-term success of 
BMS has been postulated, also given the potential impact of microbial metabolites 
on the complex network of receptors, hormones, and enzymatic functions involved in 
physiological systems, namely the gut-brain axis and the gut-liver axis, that contribute 
to appetite, energy expenditure, and metabolism (9). Three months post-intervention, 
shotgun sequencing analysis of human fecal samples showed more extensive changes in 
the relative abundance of several bacterial taxa after RYGB than after VSG, with common 
variations including a relative increase in Streptococcus, Escherichia, and Anaerotruncus 
and a relative decrease in Faecalibacterium, Dorea, and Anaerostipes (10, 11). GM changes 
after RYGB and VSG were also compared at 3, 9, and 12 months post-intervention, 
with RYGB leading to numerous changes at the phylum and genus levels associated 
with significant weight loss (11, 12). In contrast, only a small number of changes in the 
relative abundance of microbial genera were observed after VSG, with no changes in 
alpha-diversity (12). Notably, an increased abundance of the genera Klebsiella, Escheri­
chia, Streptococcus, and Veillonella was observed at both short- and long-term follow-ups 
following RYGB (13). The more pronounced effects of RYGB compared to VSG may be 
attributed to the absence of small intestinal bypass in the latter, resulting in reduced 
hypoabsorption and, consequently, less weight loss. This differential outcome was also 
evident when comparing RYGB with laparoscopic adjustable gastric banding (LAGB) (14).

While of greatest interest and significance, almost all the current evidence examining 
the GM alterations in BMS clinical trials is based on DNA sequencing data, which lack 
information on the actual functional remodeling of the GM. A pioneering investigation 
into functional variations occurring in the human GM following BMS has been provided 
by Sanchez-Carrillo and colleagues (15). Using a metaproteomic approach, these authors 
investigated the changes in the relative abundance of microbial functions in the pooled 
fecal material of 40 severely obese individuals at baseline and after a calorie-restricted 
diet followed by RYGB or VSG. The study reported changes in the abundance of several 
GM functions related to energy production and redox balance 3 months after BMS. Their 
valuable, yet preliminary, results highlight how metaproteomics is beginning to advance 
the understanding of biological processes involving the GM by enabling the analysis of 
the longitudinal dynamics of microbial functions within the microbial community (16).

To date, a single DNA sequencing-based study has directly compared GM alterations 2 
years after RYGB and OAGB, reporting only minor differences between the two proce­
dures. These findings likely reflect the similar physiological impact of small intestinal 
bypass shared by both surgical techniques (17). Here, we extend this analysis within the 
same patient cohort by characterizing not only structural changes in the GM but also 
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its functional dynamics. Through metaproteomic profiling of stool samples, we further 
assess variations in the host fecal proteome, thereby providing an integrated view of 
host-microbe post-surgery interactions.

MATERIALS AND METHODS

Patients and samples

Forty-five patients affected by severe obesity, candidates to laparoscopic BMS between 
May 2018 and January 2020 in three Italian, academic, high-volume centers, were 
selected from a multicenter, prospective, cohort study described elsewhere (17). 
Inclusion and exclusion criteria, study design, approvals, and registration on clinicaltri­
als.gov (Unique Protocol ID: NCT03412149) were previously reported (18). Patients were 
randomized between Roux-en-Y gastric bypass (RYGB) and one anastomosis gastric 
bypass (OAGB/MGB) groups. Detailed patients’ characteristics are provided in Table 
S1. Following BMS, management by a dietitian-nutritionist was performed. The focus 
of dietary counseling was the adaptation of patients’ eating behavior to the surgical 
procedure and the general qualitative aspects of a healthy, nutrient-dense diet (19). A 
standard, supplementary long-term regimen was recommended to all operated patients, 
including vitamins B1, B9, B12, folate, D, and iron (3).

Fresh stool samples were collected before (T0) and after (T1) surgical intervention 
from the 45 patients included in the study and stored at −80°C until processing. The 
study was conducted in accordance with the principles of the CONSORT 2010 statement 
(20).

Protein extraction and digestion

Protein extraction from fecal samples was performed as follows. After thawing, 
approximately 200 mg of material was collected from each fecal sample. After the 
addition of a 5-mm steel bead (Qiagen, Hilden, Germany) and extraction buffer (2% SDS, 
100 mM DTT, 20 mM Tris-HCl [pH 8. 5], with 2 μL of buffer added per mg of fecal pellet), 
the samples were incubated at 95°C for 10 min at 500 rpm using a Fisherbrand Isotemp 
Cooling Shake Touch Shaker (Thermo Fisher Scientific, Waltham, USA), homogenized at 2 
m/s for 10 min using a Fisherbrand Bead Mill 24 Homogenizer (Thermo Fisher Scientific), 
and centrifuged at 16,000 × g for 10 min. At the end, the supernatants (protein extracts) 
were collected and analyzed by SDS-PAGE to estimate the protein concentration. The 
protein extracts (40–200 μL, depending on the estimated protein concentration) were 
then concentrated and purified by protein precipitation with trichloroacetic acid (TCA) 
and acetone. Specifically, an equal volume of 20% TCA solution was added to each 
protein extract, mixed by inversion, and incubated for 30 min on ice. After centrifugation 
at 16,000 × g for 15 min at 4°C, the TCA supernatants were removed, and 250 μL of 
cold acetone was added. The samples were then vortexed for 1 min, incubated for 2 h 
at −20°C, and centrifuged at 16,000 × g for 10 min at 4°C. After removal of the acetone 
supernatant, protein pellets were resuspended in 100 μL of solubilization buffer (8 M 
urea, 20 mM DTT, and 20 mM Tris-HCl, pH 8.5).

Proteins were then processed according to a modified filter-aided sample preparation 
protocol (21, 22). Accordingly, 20–50 µL of the resuspended proteins were loaded onto 
an Amicon Ultra-0.5 filtration device (30 kDa cutoff; Merck, Darmstadt, Germany) and 
centrifuged at 14,000 × g for 15 min. Then, 200 μL of solubilization buffer, 100 μL of 50 
mM iodoacetamide in solubilization buffer, 100 μL of solubilization buffer (twice), and 
100 μL of 50 mM ammonium bicarbonate were added sequentially to the filters, with 
each step followed by centrifugation at 14,000 × g for 10 min. Finally, proteins were 
digested with trypsin (1 μg per sample, dissolved in 50 mM ammonium bicarbonate 
solution) overnight at 37°C. After centrifugation at 14,000 × g for 15 min, the first 
eluate was collected. Then, 100 μL of elution solution (20% acetonitrile and 0.2% formic 
acid) was added to each filter, and after centrifugation at 14,000 × g for 15 min, a 
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second eluate was collected and mixed with the first. Finally, the peptide mixtures were 
concentrated using a Concentrator Plus (Eppendorf, Hamburg, Germany) and stored at 
−20°C until liquid chromatography-tandem mass spectrometry (LC-MS/MS) analysis.

LC-MS/MS analysis

LC-MS/MS analysis was conducted in the Proteomics Laboratory at Porto Conte Ricerche 
Srl (Alghero, Italy) using an LTQ Orbitrap Velos mass spectrometer (Thermo Fisher 
Scientific), equipped with an EASY-spray ion source and coupled to an UltiMate 3000 
RSLCnano LC system (Thermo Fisher Scientific). Peptide mixtures (4 μg per run) were 
first loaded, concentrated, and desalted on a trapping pre-column (Acclaim PepMap 
C18, 75 μm × 2 cm nanoViper, 3 μm, 100 Å, Thermo Fisher Scientific) with a mobile 
phase of 0.05% trifluoroacetic acid in 2% acetonitrile at a flow rate of 5 μL/min. The trap 
loading duration was set to 3.1 min. Peptide separation was then carried out using a 
C18 EASY-spray column (PepMap RSLC C18, 75 μm × 50 cm, 2 μm, 100 Å, Thermo Fisher 
Scientific) at 35°C and a flow rate of 250 nL/min over a 247-min gradient. The gradient 
consisted of two phases: 2.5%–37.5% eluent B (0.1% formic acid in 80% acetonitrile) in 
eluent A (0.1% formic acid) for 242 min, followed by 37.5%–99% eluent B for 5 min. 
Samples were analyzed in a randomized order. The mass spectrometer was set up in 
data-dependent acquisition (DDA) mode as described previously (23).

Bioinformatic analysis

Peptide identification and quantification were carried out using Proteome Discoverer 
(v.2.5; Thermo Fisher Scientific), as described previously (24). Sequest-HT was used as the 
search engine with the following search parameters: precursor mass range, 350–5,000 
Da; minimum peak count, 6; S/N threshold, 2; enzyme, trypsin (full); maximum missed 
cleavage sites, 2; peptide length range, 5–50 amino acids; precursor mass tolerance, 
10 ppm; fragment mass tolerance, 0.02 Da; static modification, cysteine carbamido­
methylation; dynamic modification, methionine oxidation. Searches were conducted 
against a combination of two sequence databases, namely, a collection of human 
gut metagenomes (available at https://ftp.cngb.org/pub/SciRAID/Microbiome/human­
Gut_9.9M/GeneCatalog/IGC.pep.gz) (25) and the Homo sapiens reference proteome 
retrieved from UniProtKB/Swiss-Prot (release 2021_04). Peptides were categorized as 
“microbial” or “human” when belonging to the first or second database, respectively; 
peptides that matched both databases were categorized as “ambiguous.” Percolator was 
employed for peptide validation, setting the false-discovery rate (FDR) threshold to 1% 
at the PSM, peptide, and protein levels. Offline mass recalibration and label-free MS1 
quantitation were performed using Spectrum Files RC and Minora Feature Detector 
nodes, respectively. Optimal settings for retention time and mass tolerance windows 
were calculated by Minora based on the mass accuracy and retention time variance 
distributions. A consensus feature list was defined based on the outputs of Feature 
Mapper and Precursor Ions Quantifier nodes. The MS1 signals of all peptides significantly 
matching with at least one MS2 spectrum from at least one sample were mapped across 
runs and quantified by calculating the integrated area of the chromatographic peak.

Unipept Desktop (v.2.0.0) was used to carry out peptide taxonomic annotation (26), 
selecting the three available options (“equate I and L,” “filter duplicate peptides,” and 
“advanced missed cleavage handling”). Protein sequences were subjected to functional 
annotation using the eggNOG-mapper web application (v.2.1.12, available at http://
eggnog-mapper.embl.de/ at the time of the analysis) (27), keeping default parameters 
and then choosing Cluster of Orthologous Groups (COG) and Kyoto Encyclopedia of 
Genes and Genomes (KEGG) orthology (KO) as the main functional classifications (28, 
29). Meta4P (v.1.5.5) was used to parse identification, quantification, and annotation 
data and generate aggregated abundance tables (30). Microbial and host peptides 
were processed in separate analyses. Microbial peptide abundances were normalized 
across samples based on the total microbial peptide abundance measured in each 
sample; for peptides mapping to multiple proteins, the functional annotations of all the 
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mapped proteins were considered. The abundances of bacterial KEGG KO functions were 
calculated as follows: (i) regardless of the taxonomic annotation (i.e., generically assigned 
to “bacteria”) and (ii) based on the specific annotation at various taxonomic levels. 
The abundance of any given microbial taxon, function, or taxon-specific function was 
estimated by summing the normalized abundances of all peptides annotated with that 
feature(s). For example, the abundance of an order-specific KO function (e.g., enolase 
encoded by Bacteroidales) was calculated by summing the abundances of all microbial 
peptides having enolase (K01689) as KO functional annotation and Bacteroidales as 
taxonomic annotation at the order level. Host peptides were grouped into master 
proteins by Proteome Discoverer’s protein grouping algorithm, according to the principle 
of maximum parsimony. Master protein abundances were normalized based on the total 
host protein abundance measured in each sample. Ambiguous peptides were excluded 
from the final analysis.

Statistical analysis and graph generation

The Perseus computational platform (v.1.6.7.0) (31) was used to perform Principal 
Component Analysis (PCA) and differential analysis on aggregated abundance tables. 
According to earlier reports (24), taxon, function, and taxon-specific function abundance 
data were subjected to binary logarithmic transformation to approximate a normal 
distribution (subsequently checked using the Kolmogorov-Smirnov test); features not 
reaching 70% of valid values in at least one group (for each comparison) were filtered 
out; missing values were replaced with a constant value, calculated as the binary 
logarithm of the lowest abundance value (approximated to the nearest integer) minus 
1; differential abundance between groups was tested with a two-tailed paired Student’s 
t-test; the obtained P-values were corrected for multiple testing by calculating an FDR 
according to Benjamini and Hochberg (32), considering q = 0.05 as the significance 
threshold. Features mapped to fewer than three peptide sequences were filtered out 
from the final list of significant features.

A Kruskal-Wallis test with Dunn’s correction for multiple testing, available in GraphPad 
Prism (v.9.0.0), was performed to compare abundance ranking distributions.

Pearson correlations were calculated using an R script based on the cor.test function. 
Then, FDR was calculated using Benjamini-Hochberg’s correction for multiple testing.

Violin, scatter, and correlation plots were created using GraphPad Prism.
The lists of UniProt accession numbers corresponding to the significantly differential 

human proteins were imported in STRING (https://string-db.org) (33) and Reactome 
(https://reactome.org/) (34) to perform network and enrichment analyses, respectively. In 
STRING, a high confidence score (0.7), a high FDR stringency (1%), and MCL clustering 
(inflation = 3) were selected.

RESULTS

Experimental design and general metrics

Fecal samples were collected from 45 patients before (T0) and after (T1) BMS. Patients 
undergoing the two different surgical procedures were analyzed as a single group 
because their metabolic outcomes were comparable (17), and the sample size within 
each individual subgroup was insufficient to achieve adequate statistical power (35). 
After protein extraction and digestion, the obtained tryptic peptides were analyzed by 
LC-MS/MS. Database searching against a collection of human gut metagenomes and the 
Homo sapiens reference proteome yielded 101,602 non-redundant peptide sequences, 
comprising 94,691 microbial, 6,771 human, and 140 ambiguous peptides. Preliminary 
observations showed a significant increase at T1 in the microbial-to-human peptide 
abundance ratio (P = 0.033), suggesting a possible expansion of microbial biomass 
and/or reduction of the host components within the fecal samples. In subsequent 
analyses, microbial and human data sets were treated independently and subjected to 
distinct normalization procedures.
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Microbial peptides were further subjected to taxonomic and functional annota­
tion. Specifically, the percentages of microbial peptides that could be unambiguously 
annotated at the phylum, class, order, family, genus, and species levels of taxonomy were 
69%, 66%, 65%, 47%, 45%, and 26%, respectively. Human peptides were grouped into 
829 protein groups, each represented by a “master” protein.

Richness, alpha, and beta diversity were explored as preliminary metrics of the study 
to compare the general structure of the patients’ fecal metaproteomes at T1 compared 
to those at T0. As shown in Fig. 1a, no significant differences were observed between T1 
and T0 in terms of the number of microbial taxa, microbial functions, or host proteins 
quantified. On the contrary, a significant increase in alpha-diversity was measured at T1, 
considering the abundance distribution of both microbial taxa and host proteins (Fig. 
1b).

Beta diversity was also investigated via PCA. As shown in Fig. S1 to S3, no clear 
clustering could be found in PCA plots, possibly due to the well-known high interindivid­
ual variability in microbiome composition.

Taxonomic changes in the fecal metaproteome after BMS

Abundance values of microbial peptides were aggregated based on their taxonomic 
annotations. Accordingly, a total of 50 phyla, 62 classes, 112 orders, 157 families, 
299 genera, and 469 species were detected. Then, taxonomic data were subjected to 
statistical analysis to determine which GM taxa had significantly changed their relative 
abundance after BMS. As a result, a significantly higher relative abundance at T1 was 
measured for 15 taxa, while five taxa were found to be significantly more abundant at T0. 
Focusing on the taxonomic rank of genus, which provides the optimal balance between 
taxonomic definition and annotation yield, Akkermansia, Anaerotignum, Desulfovibrio, 

FIG 1 Richness (a) and alpha-diversity (b) measured based on microbial taxa (left), microbial functions 

(middle), and host proteins (right). Richness was calculated based on the number of features quantified 

in each sample, while alpha-at diversity was calculated according to Shannon’s index using the feature 

abundance distributions as inputs. Each dot indicates the difference between the values measured at T1 

and T0 for a single patient. The horizontal thick black lines indicate the median of the distributions, while 

the thinner lines indicate the upper and lower quartiles. A dotted horizontal line indicates a difference in 

abundance between T1 and T0 equal to zero. The P-values obtained using the paired sample t-test are 

shown at the top of each violin plot.
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Streptococcus, and Veillonella were found to be significantly more abundant at T1 
compared to T0, while Faecalibacterium and Romboutsia showed the opposite behavior 
(Fig. 2). The list of all the taxa (at the various hierarchical levels) showing statistically 
significant differences in abundance between T1 and T0 is presented in Table S2.

Functional changes in the fecal metaproteome after BMS

The abundance values of microbial peptides were also aggregated based on their KEGG 
KO annotations. A total of 1,801 non-redundant KO functions (regardless of taxonomic 
annotation) were detected. Overall, the number of phylum-, class-, order-, family-, and 
genus-specific KO functions was 2,427, 2,898, 3,122, 3,647, and 3,883, respectively. 
Functional data were subsequently subjected to statistical analysis to identify KO 
functions whose relative abundance significantly changed after BMS. All KO functions, 
across the different levels of taxonomic specificity, that showed statistically significant 
differences between T1 and T0 are listed in Table S3. To summarize the results and 
make them easier to illustrate graphically, KO functions that shared most or all pepti­
des were grouped together. In each group, if the same KO function was significant 
at different levels of taxonomic specificity (e.g., phylum Bacteroidota, class Bacteroidia, 
and order Bacteroidales), the lowest level was selected (Bacteroidales in this example). 
After grouping, 28 KO functions significantly more abundant at T1 than at T0 and 6 KO 
functions significantly less abundant at T1 than at T0 were observed.

The 28 functions that were relatively higher at T1 were further grouped based on 
metabolic and biological categories according to the KEGG pathway classification system 
(with minor modifications). The first metabolic category included six glycolytic enzymes, 
as shown in Fig. 3. Four of them were unambiguously assigned to the bacterial genus 
Streptococcus, in line with taxonomic results. A phosphoglycerate mutase specifically 
expressed by members of the genus Prevotella was also significantly increased at T1. 
Finally, a glucose-6-phosphate isomerase encoded by members of the Bacillota phylum 

FIG 2 Bacterial genera with significantly different abundance between T1 and T0 in the analyzed patient cohort. Genera 

with higher abundance at T1 are shown in panel a, while those with higher abundance at T0 are shown in panel b. Each dot 

indicates the difference between the relative abundance values measured at T1 and T0 for a single patient. The horizontal 

thick black lines indicate the median of the distributions, while the thinner lines indicate the upper and lower quartiles. A 

dotted horizontal line indicates a difference in abundance between T1 and T0 equal to zero. The q-values obtained using the 

paired sample t-test and adjusted for multiple testing according to Benjamini and Hochberg are shown at the top of each 

violin plot.
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(mainly belonging to Streptococcaceae and Oscillospiraceae, although the abundance 
distribution of the peptide sequences assigned to these two families narrowly missed the 
significance threshold) was also included among the differential glycolytic enzymes.

The second category included nine protein functions involved in carbohydrate 
metabolism pathways other than glycolysis and showing a significantly higher relative 
abundance at T1, as illustrated in Fig. 4. Two of them were enzymes linking glucose and 
pyruvate metabolism with short-chain fatty acid biosynthesis, namely acetyl-CoA C-
acetyltransferase and formate C-acetyltransferase. Specifically, the former was expressed 
by members of the order Eubacteriales, while the latter by members of the class 
Gammaproteobacteria. Furthermore, a typical propionogenic enzyme, methylmalonyl-
CoA epimerase, encoded by members of the Negativicutes class, was significantly higher 
at T1. Enzymes related to lipid metabolism were also found, including two expressed by 
Enterobacterales and involved in glycerolipid metabolism (namely, glycerol dehydrogen­
ase and PEP-glycerone phosphotransferase). The list also included two genetically 
conserved components of the phosphotransferase system, involved in sugar transloca­
tion into the bacterial cell, and transaldolase, a key enzyme of the pentose phosphate 
pathway.

Enzymes involved in amino acid metabolism that were found to be significantly 
higher in abundance at T1 are shown in Fig. 5a. These included the housekeeping 
glutamate dehydrogenase from Streptococcus, acetylornithine/N-succinyldiaminopime­
late aminotransferase encoded by members of Eubacteriales, active in both the arginine 
and lysine biosynthetic pathways, and methionine-gamma-lyase expressed by Bacillota, 
relevant for methionine biosynthesis. Interestingly, most of the peptides of the latter two 
enzymes were assigned to members of the Oscillospiraceae/Oscillibacter lineage.

Two enzymes related to cofactor and vitamin metabolism were also included among 
the differential protein functions higher at T1, as depicted in Fig. 5b. Among them, 6,7-
dimethyl-8-ribityllumazine synthase, expressed by Prevotella, is involved in riboflavin 
(vitamin B2) metabolism, whereas NAD(P)H-quinone dehydrogenase, encoded by 
members of Gammaproteobacteria, belongs to the ubiquinone (coenzyme Q10) 
biosynthesis pathway.

Among protein functions related to nucleotide binding and metabolism showing 
significantly higher abundance at T1 (Fig. 5c), we found a nucleotide phosphodiesterase/
nucleotidase from Faecalibacterium and a DNA-binding protein from Enterobacterales.

Finally, six of the differential KO functions higher in abundance at T1 belonged to the 
cell wall and the outer membrane of gram-negative bacteria, as shown in Fig. 6. These 
included murein lipoprotein and several porins, which could be assigned to the 
Pseudomonadota/Gammaproteobacteria/Enterobacterales/Enterobacteriaceae lineage (at 
different levels of depth and significance). The peptidoglycan-associated lipoprotein 
encoded by Desulfovibrio also exhibited a significant increase in relative abundance at T1 
compared to T0.

Among the protein functions with significantly higher abundance at T0 compared to 
T1 (Fig. 7), we found two well-conserved enzymes involved in nucleotide metabolism 
(namely, nucleoside-diphosphate kinase and dihydroorotate dehydrogenase), a subunit 
of the F-type ATPase, and a spore coat protein, both expressed by Eubacteriales, and two 
proteins encoded by members of Bacteroidota, specifically L-arabinose isomerase from 
Bacteroidales and a serine-protease inhibitor (serpin) from Prevotella.

Comparison with fecal metaproteome features from healthy subjects

Then, we aimed to contextualize the abundance variations in taxa and functions 
observed in BMS patients relative to the general population. To this purpose, we 
compared the relative ranking distributions of the microbial taxonomic and functional 
features measured in this study with those measured in a published meta-analysis of 
fecal metaproteomics data sets from 134 healthy individuals (36). Relative ranking was 
preferred over relative abundance measures to minimize potential batch effects arising 
from variability in sample preparation and instrumentation across data sets. Bacterial 
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genera found to be significantly more abundant at T1 than at T0 in BMS patients in this 
study (Fig. 2a) exhibited different relative abundance ranking trends. As shown in Fig. 8a, 
the relative abundance ranks of Streptococcus and Akkermansia in BMS patients at T0 
were comparable to those measured in healthy subjects, whereas those measured at T1 
were significantly higher. Furthermore, the relative abundance rank of Veillonella in BMS 
patients was significantly higher than that measured in healthy subjects, both at T0 and 
T1. Conversely, the relative abundance rank of Desulfovibrio was significantly lower in 
BMS patients at T0 compared to healthy subjects but recovered substantially at T1. 
Finally, Faecalibacterium and Romboutsia, whose relative abundance decreased at T1 (Fig. 
2b), showed lower relative abundance ranks in BMS patients compared to healthy 
subjects; this difference was significant at both time points for Faecalibacterium, but only 
at T1 for Romboutsia (Fig. 8b).

Regarding taxon-specific KEGG KO functions, we limited the comparison to those that 
changed significantly in abundance between T1 and T0 (Fig. 3 to 7) and for which 
abundance data were available in the “healthy” data set (i.e., generic, phylum-specific, 
and genus-specific KOs). Most KOs that significantly increased at T1 compared to T0 also 
showed significantly higher abundance ranks in BMS patients than in healthy subjects, 
particularly for functions encoded by Streptococcus (Fig. S4 and S7). Interestingly, in 
nearly all these cases, the T1 abundance rank was even more divergent from the healthy 
data set rank than the T0 rank. Conversely, glucose-6-phosphate isomerase, expressed by 
members of Bacillota, as well as transaldolase and the mannose PTS system generically 

FIG 3 Taxon-specific KEGG KO functions belonging to the glycolysis pathway and showing a significantly 

higher abundance at T1 compared to T0 in the analyzed patient cohort. The lowest taxonomic annotation 

level associated with a significant difference was selected for each KO function. Each dot indicates the 

difference between the relative abundance values measured at T1 and T0 for a single patient. The 

horizontal thick black lines indicate the median of the distributions, while the thinner lines indicate the 

upper and lower quartiles. A dotted horizontal line indicates a difference in abundance between T1 and 

T0 equal to zero. The q-values obtained using the paired sample t-test and adjusted for multiple testing 

according to Benjamini and Hochberg are shown at the top of each violin plot. Functions are ordered by 

their KO number.
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assigned to bacteria, exhibited significantly lower abundance ranks in BMS patients than 
in healthy subjects, with ranks measured at T1 approaching those of the healthy cohort 
(Fig. S4 and S5). Regarding functions detected at significantly higher levels at T0 than at 
T1 in this study (Fig. S8), bacterial nucleoside-diphosphate kinase and dihydroorotate 
dehydrogenase exhibited significantly lower abundance ranks in BMS patients compared 
to healthy subjects, with the T1 rank deviating even further from the healthy cohort than 
T0. In contrast, serpin B encoded by Prevotella showed a completely opposite trend.

FIG 4 Taxon-specific KEGG KO functions belonging to carbohydrate metabolism pathways other than 

glycolysis and showing a significantly higher abundance at T1 compared to T0 in the analyzed patient 

cohort. The lowest taxonomic annotation level associated with a significant difference was selected for 

each KO function. Each dot indicates the difference between the relative abundance values measured at 

T1 and T0 for a single patient. The horizontal thick black lines indicate the median of the distributions, 

while the thinner lines indicate the upper and lower quartiles. A dotted horizontal line indicates a 

difference in abundance between T1 and T0 equal to zero. The q-values obtained using the paired sample 

t-test and adjusted for multiple testing according to Benjamini and Hochberg are shown at the top of 

each violin plot. Functions are ordered by their KO number.
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Human fecal proteins changing in abundance after BMS

Eighty-eight human proteins detected in the fecal samples were found to be differen-
tially expressed between the two time points analyzed, based on the statistical analysis 
results. More specifically, 74 of them were significantly more abundant at T1 compared to 
T0, while the remaining 14 followed the opposite trend, as detailed in Table S4. Enrich­
ment analysis of proteins higher in T1 revealed several significantly enriched functional 
pathways, including neutrophil degranulation, glycolysis, muscle contraction, and the 
immune system. Many of these proteins are known to interact and form molecular 
networks, as illustrated in Fig. 9.

On the other hand, most of the proteins higher in T0 were enzymes secreted by the 
pancreas and involved in protein digestion, along with other functions related to 
immunity. These proteins are listed in Table 1.

Correlation between metaproteome features and clinical parameters

Finally, the main metaproteome features measured in this study (namely, abundances of 
microbial phyla and genera; generic, phylum-specific, and genus-specific KO functions; 
and host proteins) were correlated with patients' clinical parameters, including BMI and 
excess BMI loss values (Table S1), as well as several anthropometric and blood parameters 
(Table S5). More specifically, metaproteome features at T0 were correlated both with 
clinical parameters at T0 and with their relative variation between T1 and T0; notably, the 
latter correlations may have predictive value. Furthermore, metaproteome features at T1 

FIG 5 Taxon-specific KEGG KO functions belonging to amino acid metabolism (a), cofactor and vitamin metabolism (b), and 

nucleotide binding and metabolism (c) pathways and showing a significantly higher abundance at T1 compared to T0 in the 

analyzed patient cohort. The lowest taxonomic annotation level associated with a significant difference was selected for each 

KO function. Each dot indicates the difference between the relative abundance values measured at T1 and T0 for a single 

patient. The horizontal thick black lines indicate the median of the distributions, while the thinner lines indicate the upper and 

lower quartiles. A dotted horizontal line indicates a difference in abundance between T1 and T0 equal to zero. The q-values 

obtained using the paired sample t-test and adjusted for multiple testing according to Benjamini and Hochberg are shown at 

the top of each violin plot. Functions are ordered by their KO number.
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were correlated with clinical parameters at the same time point, as well as with their 
variation between T1 and T0.

As shown in Fig. 10, the fecal amount of methyl-galactoside transport system 
substrate-binding protein encoded by Dorea measured at T0 showed a significant 
positive correlation with blood cholesterol concentration measured at T0, while the fecal 
amount of endo-1,4-beta-xylanase encoded by Prevotella measured at T1 showed a 
significant negative correlation with blood HDL concentration measured at T1. Moreover, 
a positive correlation was observed between the fecal amount of nitrogen fixation 
protein NifU (with generic taxonomic assignment to bacteria) measured at T1 and the 
relative variation of the blood cortisol concentration between T1 and T0 (Fig. S9). No 
significant correlations with potential predictive value were found between the metapro­
teome features measured at T0 and excess BMI loss (i.e., the primary BMS outcome).

DISCUSSION

Metaproteomic analysis of a longitudinal sample set from 45 obese patients successfully 
enabled us to capture the dynamic functional changes that occur in the human GM after 
BMS.

To the best of our knowledge, only one prior metaproteomic study has explored 
changes in GM functions following BMS in human patients. In that study, Sanchez-
Carrillo et al. examined a cohort of 40 patients at baseline and at 1 and 3 months 

FIG 6 Taxon-specific KEGG KO functions belonging to the bacterial cell wall or membranes and showing 

a significantly higher abundance at T1 compared to T0 in the analyzed patient cohort. The lowest 

taxonomic annotation level associated with a significant difference was selected for each KO function. 

Each dot indicates the difference between the relative abundance values measured at T1 and T0 for a 

single patient. The horizontal thick black lines indicate the median of the distributions, while the thinner 

lines indicate the upper and lower quartiles. A dotted horizontal line indicates a difference in abundance 

between T1 and T0 equal to zero. The q-values obtained using the paired sample t-test and adjusted for 

multiple testing according to Benjamini and Hochberg are shown at the top of each violin plot. Functions 

are ordered by their KO number.
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post-RYGB or VSG, using a pooling approach in which two fecal sample pools were 
created from 20 individuals each. In contrast, a key strength of our study is the use of an 
individualized, longitudinal design that includes both baseline and 2-year post-surgery 
samples for all 45 participants. This approach improves the reliability and resolution of 
our findings compared to pooled sample studies and significantly expands the current 
understanding of long-term functional changes in the GM after BMS. Additionally, all 
patients in our study underwent comparable surgical procedures (RYGB or OAGB) that 
share similar anatomical and physiological characteristics, specifically the resection of the 
proximal jejunum. This uniformity resulted in consistent clinical outcomes, including 
comparable excess weight loss and improvements in key metabolic markers (17). 
Importantly, this study also presents matched proteomic data from both the GM and 
host, revealing significant functional shifts associated with biliopancreatic secretions 2 
years post-surgery.

The first particularly intriguing finding from our analysis is that metaproteomic data 
robustly recapitulate previous observations regarding taxonomic changes obtained via 
DNA sequencing approaches. It is well established that metaproteomics, which com­
bines taxonomic and functional information, can provide an accurate measure of the 
contribution of each taxon to the total microbial biomass within a particular sample (37). 
In a complex microbial community, certain taxa can maintain a constant biomass while 
showing changes in the abundance of specific protein functions. Conversely, others can 
vary their contribution to the total biomass over time, implying a change in the relative 
abundance of their whole proteome within the global community metaproteome. 

FIG 7 Taxon-specific KEGG KO showing a significantly higher abundance at T0 compared to T1 in the 

analyzed patient cohort. The lowest taxonomic annotation level associated with a significant difference 

was selected for each KO function. Each dot indicates the difference between the relative abundance 

values measured at T1 and T0 for a single patient. The horizontal thick black lines indicate the median of 

the distributions, while the thinner lines indicate the upper and lower quartiles. A dotted horizontal line 

indicates a difference in abundance between T1 and T0 equal to zero. The q-values obtained using the 

paired sample t-test and adjusted for multiple testing according to Benjamini and Hochberg are shown at 

the top of each violin plot. Functions are ordered by their KO number.
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Investigating the metaproteome profile with a focus on taxon-specific functions, as in 
this study, may help determine whether a certain biological function correlates with the 
global abundance trend of the taxon responsible for it or follows an independent 
trajectory (36, 38, 39). Furthermore, several published studies have demonstrated that 
the functional profile of the fecal metaproteome remains relatively stable over time (40–
42). This supports the reliability of comparing pre- and post-surgery fecal profiles within 
the same patient via a longitudinal design, as employed in this work.

Although previous metagenomic studies reported somewhat different taxonomic 
outcomes—likely explained by the lack of fully standardized methodologies for sample 
collection and storage, DNA extraction and sequencing, and bioinformatic analysis—a 
common variation observed after RYGB and/or OAGB is an increase in GM alpha-diversity 
(43–45). The two components of alpha-diversity, richness and evenness, reflect the loss 

FIG 8 Relative abundance ranking distribution of microbial genera shown in Fig. 2, as measured in this study (BMS T0 and BMS T1) and in a collection of fecal 

metaproteome data sets from healthy individuals (healthy). Genera with higher abundance at T1 are shown in panel a, while those with higher abundance at 

T0 are shown in panel b. Each circle represents an individual subject/patient. The horizontal thick black lines indicate the median of the distributions, while 

the thinner lines indicate the upper and lower quartiles. Statistical significance was calculated using a Kruskal-Wallis test with Dunn’s correction for multiple 

comparisons (*P < 0.05; **P < 0.01; ****P < 0.0001).
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or gain of taxa and ecological balance, respectively. Our metaproteomic analysis showed 
an increase in alpha-diversity after BMS, despite a stable richness of microbial taxa. 
This indicates a reorganization of microbial abundances rather than the addition or loss 
of taxa, reflecting greater ecosystem stability, functional redundancy, and potentially 
improved host-microbiome interactions post-BMS. Higher GM alpha-diversity values may 
result from modified gut architecture and digestive ecology, as well as adherence to the 
recommended post-BMS healthy diet (46).

Other consistent variations observed after BMS in previous DNA sequencing-based 
studies include the relative increase of the bacterial genera Akkermansia, Veillonella, and 
Streptococcus, together with members of the Pseudomonadota phylum (14, 45, 47, 48). 
Strikingly, the keystone GM genus Faecalibacterium is consistently among the very few 
genera reported to decrease after surgery (7, 11, 49). Here, we confirmed by metapro­
teomics that the relative abundances of Akkermansia, Veillonella, and Streptococcus are 
significantly increased up to 2 years after BMS. Increased Akkermansia can be explained 

FIG 9 STRING networks based on host proteins with significantly higher abundance at T1 compared to T0. The main protein 

networks were related to defense response (red), muscle contraction (apricot), glycolysis (beige), and citrate cycle (lemon). See 

Table S4 for detailed information about the color code and protein accession numbers associated with each network.
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by reduced caloric intake and dietary shifts following BMS, since this genus utilizes 
host-derived substrates rather than dietary ones (23, 50). However, microbial alterations 
observed following RYGB and OAGB cannot be ascribed solely to reductions in caloric 
intake or nutrient absorption (8). The rapid delivery of meals into the jejunum and 
the shortening of the small intestine lead to profound physicochemical environmental 
changes that, in turn, are expected to alter the spatial distribution of microbial taxa, 
with a relative enrichment of fermentative and aerotolerant species in distal segments (8, 
51). This can explain the significant increase in the relative abundance of Streptococcus 
within the metaproteome after BMS, which our analysis links mainly to glycolytic activity. 
Furthermore, this finding is consistent with the significantly higher relative abundance 
of its syntrophic genus Veillonella, whose growth is usually supported by the lactate 
produced by Streptococcus (52). The main fermentation products of Veillonella, in turn, 
are acetate and propionate (53). Consistent with this, our data show a significantly 
increased abundance at T1 of methylmalonyl-CoA/ethylmalonyl-CoA epimerase encoded 
by Negativicutes (the class to which Veillonella belongs). This enzyme is key to the 
succinate pathway, one of the main bacterial routes for propionate production. We also 
observed a concurrent, significant increase in the relative abundance of Anaerotignus 
(a member of the Lachnospiraceae family) at T1. This genus also grows on lactate and 
produces predominantly acetate and propionate as fermentation end-products (54); 
notably, the most abundant protein detected for this bacterial genus in our study was 
propionate CoA-transferase. This functional evidence is of particular interest 2 years 
post-BMS, given the multifaceted roles of propionate: it influences metabolic regula­
tion by affecting hepatic gluconeogenesis and lipogenesis, modulates appetites via 
the release of anorexigenic hormones (PYY and GLP-1), and, more broadly, regulates 
transcription with significant implications for host physiopathology (55–57).

Desulfovibrio was also significantly increased in our cohort of BMS patients at T1. It 
is well established that the synthesis and circulation of bile acids (BAs), as well as their 
signaling pathways, undergo substantial changes after BMS. These include the rapid 
delivery of undiluted bile to the distal ileum and the colon, which partially contrasts 
with the increased pool size of reabsorbed BAs and BA-activated secretion of satiety gut 
hormones GLP-1 and PYY (58, 59). In mice, Desulfovibrio has been linked to enhanced 
cecal production of secondary BAs and increased BA hydrophobicity, which, in turn, 
facilitates intestinal cholesterol absorption (60). Moreover, Desulfovibrio-derived H2S has 
been shown to activate hepatic FXR and suppress CYP7A1 expression (60), affecting 
BA metabolism and promoting gallstone development (60). Notably, gallstones are a 

TABLE 1 Human proteins with significantly higher abundance in T0 compared to T1a

UniProt 
accession

Protein name q-value Difference 
(T0 − T1)

P13473 Lysosome-associated membrane glycoprotein 2 0.00,358 5.390
A0A0A0MT69 Immunoglobulin kappa joining 4 (fragment) 0.03,700 3.167
P15085 Carboxypeptidase A1 0.00,001 1.794
Q9BYE9 Cadherin-related family member 2 0.00,001 1.479
P15086 Carboxypeptidase B 0.00,225 1.159
P01009 Alpha-1-antitrypsin 0.00,256 1.123
P07477 Trypsin-1 0.00,225 1.033
P09093 Chymotrypsin-like elastase family member 3A 0.00,001 1.012
Q99895 Chymotrypsin-C 0.00,347 0.977
Q6UWV6 Ectonucleotide pyrophosphatase/phosphodiesterase 

family member 7
0.00,097 0.859

P0DP04 Immunoglobulin heavy variable 3-43D 0.03,203 0.826
P09923 Intestinal-type alkaline phosphatase 0.00,212 0.814
P01602 Immunoglobulin kappa variable 1-5 0.01,825 0.794
Q9UGM3 Deleted in malignant brain tumors 1 protein 0.01,825 0.609
aDifference values and q-values were obtained by paired sample Student’s t-test followed by Benjamini and 
Hochberg’s adjustment for multiple testing. Proteins are ordered by decreasing difference value.
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common complication of BMS (61). Taken together, these observations suggest that 
Desulfovibrio abundance could represent a potential target for reducing gallstone risk 
following BMS.

Variations in the abundance of Faecalibacterium are of particular interest, as this 
genus is a keystone member of the GM, consistently detected in healthy human 
metaproteomes and valued as the top contributor to butyrate biosynthesis (36). 
Cross-sectional studies investigating its relative abundance in lean and obese indi­
viduals have yielded conflicting data. While most studies do not report significant 
changes, some showed a lower abundance of Faecalibacterium in obese compared 
to lean adults (44, 62, 63); conversely, others reported increased abundance in obese 
children and adults (64–69) or a reduced butyrate-producing capacity in lean subjects 
(70). Interestingly, in longitudinal studies, decreased abundance of Faecalibacterium 
correlates with weight loss as early as 3 months after BMS (7, 11, 49). The increased 
concentration of BAs, including chenodeoxycholic acid (CDCA) and deoxycholic acid 
(DCA), well documented in humans and animal models, can contribute to the lowered 
abundance of Faecalibacterium (71). Faecalibacterium, unlike Akkermansia or members of 
Pseudomonadota, is inhibited by CDCA and DCA (72). Furthermore, DCA can promote 
the growth of Akkermansia muciniphila in vivo (72). Our metaproteomic approach 
confirmed a significantly lower proportion of Faecalibacterium in the fecal metaproteome 
2 years after BMS. Other changes in post-intervention nutrition can induce physiological 
changes to which Faecalibacterium has adapted (7, 49). Strikingly, we identified 2′,3′-
cyclic-nucleotide 2′-phosphodiesterase/3′-nucleotidase as the sole function encoded 
by Faecalibacterium found to be significantly increased in relative abundance 2 years 
post-BMS. This suggests that Faecalibacterium may use this enzyme to reclaim nucleo­
sides as building blocks or energy sources (nucleotide salvage pathway) as a form of 
adaptation to a low-nutrient and more competitive gut environment.

Together with Faecalibacterium, only Romboutsia, a spore-forming bacterium 
belonging to Peptostreptococcales, showed significantly lower abundance at T1. 
Interestingly, Intestinibacter, also belonging to Peptostreptococcales, was less abundant 
at T1 with significance approaching the threshold (q-value 0.056). These results are 
consistent with our previous metaproteomic study on GM modification after obesogenic 
ad libitum feeding in rats (23) and with a metagenomics-based human investigation 
demonstrating a profound reduction of Romboutsia after RYGB, linked with a decrease in 
glycerophospholipids implicated in obesity-induced fatty liver disease (12).

In this study, we aimed to contextualize the changes in gut microbiota composition 
and function observed in BMS patients within the broader framework of the general 

FIG 10 Scatter plots showing significant Pearson correlations between taxon-specific KEGG KO functions and patients’ 

clinical parameters. Linear regression lines (mean and 95% CI) are shown. The Pearson correlation coefficient (R) and the 

false discovery rate (FDR), calculated according to Benjamini-Hochberg’s correction for multiple testing, are also shown. 

(a) Correlation between the log-transformed relative abundance of methyl-galactoside transport system substrate-binding 

protein encoded by Dorea, as measured in patients’ fecal metaproteomes at T0, and cholesterol, as measured in patients’ 

blood at T0. (b) Correlation between the log-transformed relative abundance of endo-1,4-beta-xylanase encoded by 

Prevotella, as measured in patients' fecal metaproteomes at T1, and HDL, as measured in patients' blood at T1.
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population. To this end, we compared our data with a recent meta-analysis of fecal 
metaproteome data sets from healthy subjects across diverse global cohorts (36). 
Although this collection of data sets cannot be considered a true control group, given 
that the metaproteomic profiles were generated using heterogeneous experimental and 
analytical methods that are not fully comparable with those used in the present study, 
the main result of the comparison is nonetheless noteworthy. Specifically, in most cases, 
the abundance ranks measured at T1 in BMS patients deviated further from the healthy 
population than those measured at T0. This suggests that post-operative microbiome 
remodeling, driven by anatomical, physiological, metabolic, and nutritional factors, leads 
to a structural and functional equilibrium that diverges from that of a healthy, normal-
weight population. Further studies involving matched control groups are needed to 
validate these observations and better elucidate their biological significance. Finally, 
it should be noted that the statistical test used to compare ranking data with the 
healthy population (Kruskal-Wallis test) does not account for the paired nature of pre- 
and post-BMS data. Consequently, some comparisons between T0 and T1 appeared 
non-significant in this context, despite having reached significance in the previous 
paired-data analysis. Therefore, the results of the paired analysis should be considered 
the primary and most reliable reference for the comparison between T0 and T1 in BMS 
patients.

Two bacterial enzymes involved in specific nutrient-absorption pathways correla­
ted significantly with patients’ clinical data: the methyl-galactoside transport system 
substrate-binding protein encoded by Dorea correlated positively with cholesterol at T0, 
while endo-1,4-beta-xylanase encoded by Prevotella correlated negatively with HDL at 
T1. Specifically, changes in the abundance of the methyl-galactoside transport system 
substrate-binding protein are likely to be induced by either greater galactose availabil­
ity or reduced availability of alternative sugars. Conversely, variations in endo-1,4-beta-
xylanase abundance may reflect changes in the intake of xylan-rich dietary fibers. 
Although our current data cannot establish a direct mechanistic link between these 
microbial pathways and host cholesterol metabolism, the robustness of these associa­
tions underscores the potential of metaproteomics to identify microbial biomarkers 
associated with cholesterol profiles in BMS patients.

Animal models offer valuable insights into metaproteomic changes following BMS, 
holding strong translational potential for human medicine. In a pioneering study, 
Haange et al. reported increased levels of acetylornithine deacetylase, ornithine 
carbamoyltransferase, and glutamate dehydrogenase in the GM of post-BMS mice (73). 
Similarly, in our human cohort, we observed a marked increase in glutamate dehy­
drogenase, along with elevated levels of acetylornithine/N-succinyldiaminopimelate 
aminotransferase, an enzyme also involved in arginine biosynthesis.

Although no taxa within the Bacteroidota phylum exhibited significant changes in 
abundance at T1, the relative abundances of specific proteins encoded by members of 
this phylum decreased significantly at T1, including L-arabinose isomerase assigned to 
Bacteroidales and serpin B assigned to Prevotella. Post-surgery, L-arabinose isomerase 
may be downregulated due to a lower intake of arabinose-rich fibers. Notably, serpin B is 
a serine-protease inhibitor that Prevotella may produce as a defense mechanism against 
cell damage and inflammation caused by host digestive enzymes, such as trypsin and 
chymotrypsin-like elastase family member 3A (74). The lowered abundance of bacterial 
serpin after BMS is consistent with the significant reduction we observed in these host 
serine proteases and other digestive enzymes.

Indeed, only a few human proteins showed a significant decrease after gastric bypass 
(n=14). These were mostly related to the reduction of the gastric mucosa and the surgical 
rerouting of bile and pancreatic secretions (9 out of 14). Defining a specific combination 
of host and microbial proteins affected by biliopancreatic fluid rerouting and detectable 
in fecal samples deserves further investigation. Once validated, this knowledge holds the 
promise for prompting the evaluation and treatment of the adverse effects of bilio­
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pancreatic fluid diversion, specifically maldigestion and abdominal complaints, which are 
caused by exocrine pancreatic insufficiency in a significant proportion of patients (75).

While gastric and pancreatic secreted proteins were reduced, a larger number of 
host proteins were significantly more abundant after BMS. These changes are consistent 
with the enrichment of several functional pathways, including neutrophil degranula­
tion, glycolysis, muscle contraction, and the immune system. Interestingly, the most 
significant variation concerned lactotransferrin (also known as lactoferrin), an iron-bind­
ing glycoprotein with established antimicrobial and immunomodulatory activities (76–
78). Other intestinal proteins showing marked increases in relative abundance after BMS 
are well known for their roles in mucosal homeostasis (lipocalin-1, meprin A, alpha-2-
macroglobulin, galectin-3 binding protein, ACE2, and leukocyte elastase inhibitor), 
intestinal inflammation (neutrophil effectors myeloperoxidase and neutrophil elastase), 
and antimicrobial defense (S100-A8 and REG3A). The increased abundance of the 
metalloprotease meprin A at T1 is noteworthy, as it is known to be highly expressed 
in the healthy gut to regulate host-microbiome interactions, but significantly reduced 
in inflammatory bowel disease (79, 80). Consistently, RNA-seq data have previously 
demonstrated that the pathways most enriched in the distal small intestine after BMS 
include muscle contraction, immune activation, and especially antimicrobial peptides 
like REG3A (81). Furthermore, REG3A has been found to regulate glucose homeostasis 
and insulin resistance in obese diabetic mice (82).

Together, these findings underscore the value of metaproteomics in capturing the 
functional dimension of GM dynamics and highlight potential microbial and host protein 
biomarkers that could inform the management of post-surgical outcomes, including 
nutritional adaptation and metabolic health.
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