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ABSTRACT
The gut microbiota changes throughout life, potentially influencing health and triggering physiological disorders. Frailty syn-
drome (FS) is an age-related condition that reduces quality of life and increases hospitalization and mortality risks, making 
early detection and prevention essential in older populations. This study analyzed 16S rRNA gene and metagenomics sequencing 
of fecal samples from 203 older adults (FS: n = 64, non-FS (NFS): n = 139) to assess the role of gut microbiota in FS and related 
comorbidities, such as sarcopenia and impaired lower extremity function (ILEF) or anthropometric variables. Consistent taxo-
nomic patterns were observed: Eggerthella, Parabacteroides, and Erysipelatoclostridium were significantly abundant in FS, while 
Christensenellaceae R-7 group, Erysipelotrichaceae UCG-003, and Hungatella were enriched in NFS. Christensenellaceae R-7 
group was also associated with better mobility. Metagenomics analysis identified 680 KEGG functions differing between groups, 
categorized into 28 metabolic pathways. FS individuals had overrepresented biotin metabolism, antimicrobial resistance, and 
energy production, but underrepresented ribosomal and protein synthesis and sporulation pathways. Resistome analysis found 
the tetM/tetO (K18220) gene most abundant, alongside tetracycline, β-lactam, and macrolide resistance, primarily mediated 
by antibiotic efflux and transporters. These findings highlight distinct microbial and functional signatures associated with FS, 
underscoring the complex interplay between the gut microbiota and host physiology in aging. Adjusting for covariates, age and 
diabetes acted as confounding factors in FS for both 16S gene and metagenomics sequencing. This study offers new insights into 
fundamental questions in the biology of aging and opens avenues for microbiota-targeted strategies to improve the quality of life 
in older adults.

1   |   Introduction

Frailty syndrome (FS) is a multidimensional clinical condition 
characterized by increased vulnerability to adverse health out-
comes due to the cumulative decline in physiological reserve 
and function in older adults. Considering that FS is a hetero-
geneous syndrome, the standardization of a diagnostic method 
is challenging. It can be identified either through a physical 

phenotype (Fried et  al.  2001)—marked by weakness, weight 
loss, exhaustion, slowness, and low activity—or by the accumu-
lation of health deficits across multiple systems, reflecting bio-
logical aging and diminished resilience to stressors (Mitnitski 
et  al.  2001). Importantly FS is a state that precedes disability, 
and its early detection and prevention are crucial to mitigate 
its detrimental clinical consequences. In fact, frail individuals 
are more prone to experience a series of adverse clinical events 
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after exposure to even small stressors. Several physiological 
mechanisms are more pronounced in patients with FS com-
pared to healthy elderly individuals, including chronic inflam-
mation, redox balance alteration, mitochondrial dysfunction, 
genomic damage, loss of proteostasis, and metabolic alterations 
(Davinelli et  al.  2021). These changes contribute to dysfunc-
tion in nervous, neuroendocrine, cardiovascular, respiratory, 
renal, immune, and musculoskeletal systems (Khan et al. 2019; 
Rodríguez-Mañas et al. 2013).

The rapid growth of the elderly population in the world has 
contributed to an increasing prevalence of FS, presenting sub-
stantial challenges for the healthcare systems and the whole 
society (Dent et  al.  2019). Chronic conditions, malnutrition, 
reduced physical activity, and social isolation can contribute 
to its development, together with the high incidence of comor-
bidities such as cardiovascular disease, diabetes, and cognitive 
impairment, further increasing susceptibility to FS (Rodríguez-
Mañas et al. 2013). The prevalence of FS among the global older 
population is estimated to be between 4% and 27%, increasing 
with age (Khan et al. 2019). Despite the widespread nature of 
FS, it is frequently underdiagnosed. The healthcare system pre-
dominantly focuses on managing acute illnesses, whereas FS 
requires a comprehensive, multidisciplinary approach that ad-
dresses not only physical but also psychological and social fac-
tors (O'Caoimh et al. 2018).

The gut microbiome, also referred to as “the second genome,” 
undergoes dynamic changes throughout aging. Certain bac-
terial taxa and their associated metabolic functions could in-
fluence health status and trigger physiological disorders (Guo 
et al. 2022). The microbiota carries out functions that human 
cells cannot perform and plays a crucial role in human metab-
olism, the development of the immune system, the prevention 
of infections, and even the proper functioning of the brain and 
nervous system. These microbial communities are dynamic 
and can change in response to various factors, including diet, 
disease, and antibiotic use, but also change across the lifes-
pan. In older adults, the diversity of gut microbiota tends to 
decrease, which can lead to an imbalance in microbial com-
munities (Ragonnaud and Biragyn 2021; Schoultz et al. 2025), 
despite some studies reporting conflicting trends regarding 
age-related diversity (Badal et al. 2020). This imbalance con-
tributes to a chronic, low-grade inflammatory state termed 
“inflammaging,” which is thought to be key to FS (Claesson 
et  al.  2012). Several studies have demonstrated that frail in-
dividuals tend to have less microbial diversity and a lower 
abundance of beneficial bacteria, such as Bifidobacterium and 
Lactobacillus species (O'Toole and Jeffery  2015). Moreover, 
the gut microbiota is closely linked to nutritional status, and 
poor dietary habits often associated with FS can further dis-
rupt the microbial balance.

Emerging evidence suggests the relationship between gut mi-
crobiota and FS development. van Tongeren et al.  (2005) re-
ported significant alterations in the microbiota composition 
of older adults with FS, characterized by reduced levels of 
Bacteroides/Prevotella, Lactobacillus, and Faecalibacterium 
prausnitzii and increased levels of the Enterobacteriaceae 
family. Claesson et  al.  (2012) demonstrated that healthier 
older adults tend to have a microbial profile similar to younger 

adults and exhibit better results in pro-inflammatory markers 
and cognitive function tests. Further studies by Ghosh et al. 
(2020) and Ye et al. (2023) suggest that fiber-rich dietary inter-
ventions, particularly those based on the Mediterranean diet, 
can modulate the gut microbiota in both mice and humans 
with FS, shifting the microbial profile toward that of non-frail 
individuals and reducing inflammatory markers associated 
with FS.

These findings underscore the complex interplay between the 
gut microbiota, diet, and aging, suggesting potential manage-
ment avenues for FS by modulating the microbiota. Probiotic 
and prebiotic supplements, along with dietary changes promot-
ing gut health, are being investigated as strategies to mitigate 
FS (Sánchez et al. 2022). While the relationship between FS and 
gut microbiota is still being explored, understanding the mech-
anisms behind this interaction holds promise for developing 
therapeutic strategies that could improve the health and qual-
ity of life for older adults worldwide. Accordingly, this article 
aims to identify and analyze gut microbiota taxa related to FS 
and the functional analysis of their genes among older adults 
from Spain.

2   |   Materials and Methods

2.1   |   Study Design and Participants

Fecal samples were obtained from participants in the third 
wave of the Seniors-ENRICA-2 cohort, which includes 
community-dwelling individuals aged between 70 and 
86 years, holding a national healthcare card, and living in two 
districts of the city of Madrid (Spain) and four surrounding 
large towns (Ortolá et al. 2022; García-Esquinas et al. 2021). 
Socio-demographic, lifestyle, and morbidity data were col-
lected through a computer-assisted telephone interview, fol-
lowed by two home visits for a physical examination, dietary 
history acquisition, and biological samples collection. The in-
formation was obtained with questionnaires, scales, and per-
formance tests validated or widely used in the literature. All 
individuals provided written informed consent and collected 
a fecal sample in sterile tubes containing 10 mL of RNAlater 
Solution (Invitrogen).

In this study, approved by the Ethics Committee of FISABIO 
(Cod: 20230127/08), a sub-sample of 203 individuals 
(ENRICA-EE) was selected according to their frailty status (FS 
and non-frailty status, NFS). FS was defined, based on the Fried 
phenotype, as having three or more of the following five crite-
ria (Fried et al.  2001): (i) exhaustion, evaluated as responding 
“≥ 3 days a week” to either of the following two questions from 
the Center for Epidemiologic Studies Depression Scale (Ruiz-
Grosso et al. 2012): “I felt that anything I did was a big effort” 
or “I felt that I couldn't keep on doing things”; (ii) muscle weak-
ness, defined as maximum grip strength on the dominant hand 
≤ 30 kg in men and ≤ 18 kg in women, measured with a Jamar dy-
namometer (Ottenbacher et al. 2002; García-García et al. 2011); 
(iii) low physical activity, defined as walking ≤ 2.5 h per week 
in men and ≤ 2 h in women; (iv) slow walking speed, defined as 
taking ≥ 3 s to complete the 3-m walking speed test (Guralnik 
et al. 1994); (v) unintentional weight loss, ≥ 4.5 kg of body weight 
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lost in the preceding year. To align with our study population 
and available data, we adopted slight modifications of the Fried 
definition: using absolute rather than population-based cutoffs 
for muscle weakness and slow walking speed to allow for di-
rect comparison across different cohorts and settings, especially 
when population-specific distributions differ widely, and using 
walking time rather than calculating total energy expenditure 
across multiple physical activities, because it is easier to recall 
and report accurately, especially in older populations, and re-
flects overall mobility and endurance.

Among other comorbidities, sarcopenia and impaired lower ex-
tremity function (ILEF) were also assessed due to their common 
association with FS and aging. The Short Physical Performance 
Battery score (SPPB) (Guralnik et al. 1994) was used to evalu-
ate the lower extremity function, combining the results of three 
tests: gait speed, chair stand, and balance. Scores from 0 to 9 were 
considered as ILEF, while 10–12 indicated a better performance. 
Sarcopenia was defined as the presence of low muscle mass (ap-
pendicular skeletal muscle mass measured with bioelectrical 
impedance analysis < 20 kg in men and < 15 kg in women) plus 
low muscle strength (average hand grip strength < 27 kg in men 
and < 16 kg in women) and/or low physical performance (> 15 s 
for five rises in the chair stand test) (Cruz-Jentoft et al. 2019). 
Lifestyle variables were also considered; participants were clas-
sified as “never”, “former” or “current” smokers, and alcohol 
consumption was categorized as “weekly,” “monthly,” or “rare.”

2.2   |   Sample Preparation

Upon arrival, all fecal samples were processed on the same day 
in a Class II biological safety cabinet under sterile conditions. 
The samples were then homogenized by vigorous mixing with 
10 mL of phosphate-buffered saline (PBS), followed by centrifu-
gation for 5 min at 2000 rpm and 4°C to remove any solid debris. 
The resulting microbial suspension was stored at −80°C for fu-
ture analysis.

2.3   |   DNA Isolation and Purification

Genomic DNA was isolated from 500 μL of fecal microbial sus-
pension using the QIAamp Fast DNA Stool Mini Kit (QIAGEN), 
incorporating both enzymatic and mechanical lysis steps to en-
sure efficient disruption of bacterial cell walls. Samples were 
pre-treated with lysozyme (20 μL, 37°C, 30 min), followed by 
bead-beating with 100 μL glass beads and heat at 95°C during 
5 min. Samples were then centrifuged, and the supernatant was 
transferred to new tubes containing 45 μL of proteinase K. The 
protocol continued following the manufacturer's instructions. 
DNA concentrations were determined using the Qubit DNA HS 
Assay Kit (Thermo Fisher Scientific).

2.4   |   16S rRNA Gene Amplification, Library 
Preparation and Sequencing

The V3–V4 hypervariable regions of the 16S rRNA gene were 
amplified from extracted DNA following the 16S Metagenomic 
Sequencing Library Preparation Illumina protocol. Extraction 

controls were amplified and sequenced in parallel with the sam-
ples. PCR amplification was done with primers: 5′-TCGTCGGC
AGCGTCAGATGTGTATAAGAGACAGCCTACGGGNGGCW
GCG-3′ (forward) and 5′-GTCTCGTGGGCTCGGAGATGTGT
ATAAGAGACAGGACTACHVGGGTATCTATCC-3′ (reverse). 
Amplicons were purified using AMPure XP beads (Macherey-
Nagel). Then, Illumina sequencing adaptors and dual-index 
barcodes (Nextera XT v2 index kit) were added to the ampli-
cons using an 8-cycle PCR. Libraries were pooled at equimolar 
concentrations and sequencing was done using a paired-end, 
2 × 300 pb cycle run on an Illumina NextSeq2000 following the 
manufacturers' recommendations.

2.5   |   Metagenomic Library and Sequencing

Whole-genome sequencing was conducted using the total DNA 
extracted from the fecal samples. Metagenome libraries were 
obtained with Illumina's Nextera XT DNA Library Preparation 
Kit: input DNA (0.2 ng/μL) was tagmented (tagged and frag-
mented simultaneously) by the kit transposome and the unique 
barcodes, allowing amplification by PCR in subsequent steps. 
(Macherey-Nagel), PCR products were purified using AMPure 
XP beads (Macherey-Nagel) and excess contaminants were re-
moved by washing with 80% ethanol. An equimolar library pool 
was prepared and sequenced using Illumina NextSeq 2 × 300 pb 
paired-end reagent P2 kit on a NextSeq2000 system, according 
to the manufacturer's instructions.

2.6   |   Data Processing

For 16S and metagenomics analysis, raw reads were quality 
checked by the use of the Fastp program (Chen et al. 2018) and 
mapped against the human genome using Bowtie2 (Langmead 
and Salzberg 2012) to remove nonspecific amplification reads or 
those of human origin usually appearing in metagenomic sam-
ples. All samples passed quality control thresholds, including 
minimum sequencing depth (at least 105 reads for 16S and 106 
for metagenomics) and metadata completeness. Therefore, no 
samples were excluded from the analyses.

2.6.1   |   16S rRNA Amplicons

16S taxonomic profiling was performed using the DADA2 
package (v1.20.0) in R (Callahan et al. 2016). PCR primers were 
removed with the cutadapt routine, and sequences were quality-
checked using DADA2 v.1.20 (Callahan et al. 2016). Reads were 
trimmed to remove bases with quality scores below 20 and those 
shorter than 100 bases, with entropy lower than 70. The V3-V4 
primers were trimmed and reads with more than five expected 
errors were discarded. All samples passed quality control thresh-
olds. Amplicon Sequence Variants (ASVs) were built by estimat-
ing base transition error rates, dereplicating reads, and merging 
forward and reverse pairs with at least 15 overlapping bases. 
Taxonomy was assigned to each ASV by aligning against the 
Silva v.138.1 database using Blastn with ≥ 95% identity and 100% 
coverage. The best alignment (≥ 97% identity) was selected, and 
the species of this alignment was assigned to the corresponding 
ASV. All samples achieved the plateau in rarefaction curves.
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2.6.2   |   Metagenomic Analysis

To assess the taxonomy, by means of Kaiju (v.1.9.2) (Menzel 
et  al.  2016), using the NCBI nr + euk reference database 
(10th May 2023), with a maximum of 5 mismatches allowed 
and a minimum matching length of 25 amino acids. For the 
functional assignment, the shotgun metagenomic sequences 
passing the quality assessment and non-human reads were 
analyzed with the SqueezeMeta v.1.6.2 pipeline (Tamames 
and Puente-Sánchez 2019). The software FLASH was used to 
join overlapping pairs and obtain longer sequences, and se-
quential metagenome assemblies were done with Megahit to 
obtain contigs of DNA sequences from each sample and anno-
tated against the Kyoto Encyclopedia of Genes and Genomes 
(KEGG) database.

2.6.3   |   Resistome Analysis

To elucidate the role of gut resistome in FS, the amino acid 
SqueezeMeta ORF sequences were aligned against the ca-
nonical CARD database (v.3.2.8; 23rd October 2023), by 
means of the RGI tool (v.6.0.3; 21st September 2023) (Alcock 
et  al.  2023), with input type parameter equal to “protein”. 
Simultaneously, ORF sequences were also analyzed by means 
of the AMRFinderPlus tool (v.3.11.26; 15th November 2023) 
against the Reference Gene Catalog database (Feldgarden 
et  al.  2021), with “protein” and “plus” parameters. Only the 
members of each read pair showing at least 80% sequence 
identity and 70% read coverage against the hit sequence were 
selected.

2.7   |   Statistical Analysis

Descriptive statistics were run on all data. Differences be-
tween FS and NFS participants were assessed via the Wilcoxon 
or Fisher exact test for continuous and categorical variables, 
respectively.

The effect of frailty on taxonomy and functional ortho-
log gene abundances was first modeled using the formula 
~frailty. From 16S sequences information, alpha diversity 
was estimated with the Shannon diversity index and Chao1 
richness estimator (vegan library, R), while beta diversity was 
evaluated with the Bray–Curtis dissimilarity and visualized 
by Principal Coordinates Analysis (PCoA). Normalization 
data and differentially abundant bacterial taxa were identi-
fied with the ANCOM-BC package (Lin and Peddada  2020), 
and distinctive microbial patterns were assessed using 
PERMANOVA. The Boruta random forest algorithm (Kursa 
and Rudnicki  2010) was applied to confirm differentially 
abundant taxa. Functional differential analyses of metage-
nomic reads (transcripts per million) were performed using 
the DESeq2 pipeline, followed by enrichment analysis group-
ing significant KEGG functions into metabolic pathways 
through a hypergeometric distribution. Correlation analyses 
for both normalized 16S and metagenomic read data and con-
tinuous clinical variables were performed using the mixOmics 
sPLS-canonical approach (Lê Cao et al. 2011). For associations 
involving categorical clinical variables, PERMANOVA tests 

were conducted using Bray-Curtis dissimilarities and results 
were visualized using PCoA plots.

A sensitivity analysis was performed in alpha diversity using 
linear mixed-effects models (nlme package, R) with the formula 
~frailty + variable to evaluate the potential confounding effect of 
anthropometric and clinical variables that differed between FS 
and NFS groups (Table 2). For beta diversity, sensitivity analy-
ses were conducted using PERMANOVA (Bray–Curtis dissim-
ilarity) with the model ~ frailty + variable + frailty × variable to 
assess both confounding and possible effect modification. A 
multivariate PERMANOVA analysis was done including all FS 
criteria simultaneously (~BCdissimilarity + exhaustion + weight 
loss + low activity + reduced gait speed + grip strength), to evalu-
ate the independent association of each criterion with taxonomic 
and functional microbiome profiles. All results are reported in 
Table S1.

All analyses were performed in R. Statistical significance was 
defined as adjusted p-values < 0.05 after Benjamini–Hochberg 
correction, except for enriched metabolic pathways, where raw 
p-values were provided.

3   |   Results

3.1   |   Description of the Study Participants

Fecal samples were obtained from 203 participants in the 
Seniors-ENRICA-2 cohort, 103 females (76.56 ± 4.74 years) and 
100 males (75.21 ± 4.25 years). Based on FS criteria, the individ-
uals were categorized into 64 FS and 139 NFS (Table 1). Clinical 
data from 201 individuals (Table  2) revealed a strong associa-
tion between FS and comorbidities. Osteoarthritis was the most 
prevalent co-occurrence condition in FS individuals, followed 
by diabetes, cardiovascular disease, and depression (p-values: 
7.33e-07, 0.0015, 0.0036, and 0.0015, respectively). Respiratory 
conditions were slightly more frequent in NFS, but differences 
were not significant (p = 0.78), suggesting that not all chronic 
conditions contribute equally to FS. Tobacco and alcohol use 
were more frequently reported in NFS, although only alcohol 
consumption differed significantly between groups (p = 6e-04). 
Sarcopenia, a key aging-related condition, was notably more 
prevalent in FS individuals (14 FS vs. 1 NFS), similar to the in-
dividuals with impaired lower extremity function (ILEF) (47 FS 
vs. 5 NFS).

3.2   |   Impact of FS on Fecal Microbiota 
Composition

For the 16S rRNA gene, alpha diversity analysis (Chao1) re-
vealed higher genus-level richness in the FS group compared 
to NFS (p = 0.0015; Figure S1A), notably between FS females 
and males (p = 0.044), and between frail and non-frail males 
(p = 2.55e-5; Figure  S1B). No significant differences were 
found using the Shannon index (Figure  S1C). Thus, the mi-
crobiota in the FS group presented higher richness but was 
uneven, especially for the frail male group. Beta diversity 
analyses at genus level showed significant differences in the 
gut microbiota structure between the FS and NFS groups, with 
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significant sex-specific differences (PERMANOVA p < 0.01; 
Figure  1B,C). Notably, group comparisons showed that all 
combinations involving FS were significant, except between 
NFS males and females.

To account for potential confounding factors, we next adjusted 
for covariates. The effect of age, alcohol, and diabetes was sta-
tistically significant (p = 0.0133, 0.041, 0.0133) (Table  S1B), 
indicating that the effect of FS on gut microbiota composi-
tion was also explained by these covariates. The results for 
the FS criteria showed that exhaustion (p = 0.033) and weight 
loss (p = 0.041) were each independently associated with the 
bacterial composition, whereas grip strength (p = 0.386), gait 
speed (p = 0.474), and low activity (p = 0.064) did not show 
independent associations and may overlap with other criteria 
(Table S1C).

Due to the comorbidity of study participants, additional differ-
ential abundance analyses were conducted to assess whether 
other pathologies mentioned in Table  2 might affect the gut 
microbiota composition in our cohort without considering FS 
status. Significant microbiota shifts were only associated with 
diabetes (p = 0.0022, Figure  S2). No differences were detected 
for other clinical variables.

The phylum profiles in both groups FS and NFS were simi-
lar (Figure  1A). However, Firmicutes was significantly more 
abundant in the NFS group (p = 0.018), while Fusobacteriota 
was significantly higher in the FS group (p = 0.014) (Table S2). 
Differential abundance analysis between the FS and NFS 
groups conducted using the ANCOM-BC test revealed 23 bac-
terial genera with statistical differences in the inter-group 
comparison, with 20 confirmed by Boruta feature selection 
(Figure  2A, Table  S2B). Eggerthella became significantly 
more abundant in the FS group than in the NFS group. Other 
genera within Firmicutes, such as Clostridium innocuum, 
Christensenella, Oscillibacter, Anaerotruncus, Anaerofilum, 
Erysipelatoclostridium, and Streptococcus, were higher in 
FS. Additionally, Bacteroides, Parabacteroides, Sutterella, 
and the Prevotellaceae NK3B31 group also showed increased 
abundance in FS. Interestingly, the family Muribaculaceae-
associated group and the genera Erysipelotrichaceae UCG-003, 
Christensenellaceae R7 group, Parasutterella, Coprococcus, 
and Hungatella were more abundant in the NFS group. When 
we compared FS.F and FS.M groups (Figure  2B), only seven 
taxa were confirmed by Boruta. However, five taxa presented 
high differences between groups (Log2FC > ±2). The genus 
Enterobacter and family Desulfovibrionaceae were increased in 
frail females, while the genera Frisingicoccus, Anaeroplasma, 
Escherichia-Shigella, and not assigned genera from Firmicutes 
and Bacteroidota phyla showed higher abundance in FS males. 
The previously observed differences in the overall microbiota 
composition among sex-grouped individuals with FS might be 
influenced by these specific taxa.

Taxonomic differences were observed for the four FS criteria, 
as well as for osteoarthritis and diabetes; however, no specific 
taxa were differentially abundant in sarcopenia. Notably, five 
genera were enriched in individuals with exhaustion, while 
three were consistently depleted. Similar patterns were ob-
served for grip strength, reduced gait speed and low physical T
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activity. This analysis suggests that while some genera are 
uniquely associated with specific clinical features, others like 
Parabacteroides, Erysipelatoclostridium, Christensenellaceae 
R-7 group, Erysipelotrichaceae UCG-003, and Hungatella 
showed consistent patterns across multiple frailty-related fea-
tures (Figure 3A).

We assessed correlations between 16S taxonomy and con-
tinuous clinical data related to lower limb function (ILEF) 
and weight (Figure  3B, Table  S4). Lower physical perfor-
mance—reflected by reduced SPPB scores, gait speed, and 

sit-to-stand test—was negatively correlated with six genera, 
indicating that higher abundances of these taxa are asso-
ciated with poorer physical performance at the lower limbs 
(ρ < −0.5 for SPPB score). Only Flavonifractor, Clostridium 
innocuum group, Eubacterium brachy group, and Hungatella 
showed statistical significance (Figure  3B). In contrast, the 
Christensenellaceae R-7 group was positively correlated with 
the SSPB score (ρ = 0.53; p = 0.0355). Intestinibacter was neg-
atively correlated with weight (ρ = −0.55; p = 0.0003), but 
showed weak positive associations with both SPPB score 
(ρ = 0.25; p = 0.054) and sit-to-stand test (ρ = 0.22; p = 0.16), 

TABLE 2    |    Clinical information from 201 individuals out of the 203 included in the study.

Features FS (n = 64) NFS (n = 137) p-value

Age—mean ± σ 78.7 ± 4.5 n = 139
74.6 ± 3.9

0.00019

Sex—no. (%) n = 139

Male 15 (23.44%) 85 (61.15%) 5.92e-06

Female 49 (76.56%) 54 (38.85%)

Tobacco—no. (%)

Never 44 (68.8%) 68 (49.6%) 0.084

Former 15 (23.4%) 56 (40.9%)

Current 5 (7.8%) 13 (9.5%)

Alcohol—no. (%)

Weekly 18 (28.1%) 80 (58.4%) 6.00e-04

Monthly 5 (7.8%) 18 (13.1%)

Rare 39 (60.9%) 37 (27.0%)

Education level—no. (%)

Primary 43 (67.2%) 73 (53.3%) 0.096

Secondary 14 (21.9%) 24 (17.5%)

University 7 (10.9%) 40 (29.2%)

BMI (kg/m2)—mean ± σ 28.76 ± 4.9 26.4 ± 3.13 0.003

Energy (kcal/day)- mean ± σ 1790.2 ± 259.2 1934.8 ± 247.1 0.0053

MEDAS—mean ± σ 7.31 ± 1.4 8.04 ± 1.66 0.055

Diabetes—no. (%) 19 (29.7%) 13 (9.5%) 0.0015

Respiratory disease—no. (%) 8 (12.5%) 13 (9.5%) 0.78

Cardiac disease—no. (%) 16 (25%) 11 (8.03%) 0.0036

Depression—no. (%) 12 (18.8%) 5 (3.8%) 0.0015

Cancer—no. (%) 10 (15.6%) 10 (7.6%) 0.11

Osteoarthritis—no. (%) 42 (65.6%) 37 (27.0%) 7.33e-07

Rheumatoid arthritis—no. (%) 7 (10.9%) 10 (7.3%) 0.38

Sarcopenia—no. (%) 14 (21.8%) 1 (0.73%) 1.2e-06

ILEF—no. (%) 47 (73.4%) 5 (3.6%) 4.05e-25

Note: Adjusted p-value resulted from the Wilcoxon or Fisher test. The number of cases (no.) and percentage of cases (%) are indicated within each group for categorical 
clinical data. Mean ± standard deviation (σ) is shown for continuous clinical data.
Abbreviations: BMI, Body Mass Index; ILEF, impaired lower-extremity function; considered when the SPPB score is < 9; MEDAS, Mediterranean Diet Adherence 
Screener; considering the higher score (from 0 to 14), the greater the adherence.
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implying a possible link of both Christensenellaceae R-7 group 
and Intestinibacter to better mobility. As lower SPPB scores 
indicate impaired lower limb function (ILEF), these results 
support associations between specific gut microbes and phys-
ical performance in aging.

3.3   |   Shotgun Metagenomics

3.3.1   |   Taxonomic Study Beyond Bacteria

A total of 5.6e+08 paired-end reads and an average of 2.7 
(±0.83) million reads per sample were obtained. Non-bacterial 
taxa were minimally represented, with only 0.049% of reads 
assigned to Eukarya and 4.011% to viral sequences. The viral 
taxa with the higher abundances were the Caudoviricetes 
class and Microviridae and Inoviridae families, all three corre-
sponding to phage viruses that infect prokaryotes. Differential 
abundance analysis by ANCOM-BC revealed Inoviridae as 
the only family significantly differing between FS and NFS 

(p = 0.007; log2fc = −0.45), with a higher abundance in the 
NFS group.

3.3.2   |   Functional Analysis

The PERMANOVA test of functional data showed significant 
differences between FS and NFS groups (p = 0.00166) and among 
FS individuals grouped by sex (p = 0.0366), but not within the 
NFS group (p = 0.215) (Figure S4). When adjusting for covari-
ates, age, MEDAS, and diabetes had statistically significant 
interactions with FS (p = 0.019, 0.023, 0.004) (Table  S1D). The 
FS criteria exhaustion (p = 0.216) and weight loss (p = 0.471), 
grip strength (p = 0.370), gait speed (p = 0.658), and low activity 
(p = 0.509) did not show independent associations and may over-
lap with other criteria (Table S1E).

Significant differences in bacterial functional profiles were 
also linked to comorbidities such as diabetes (p = 0.001) and 
alcohol consumption (p = 0.011) (Figure S3); but no significant 

FIGURE 1    |    (A) Taxonomic composition at the genus level was found for each group (FS, NFS). The y-axis represents the relative abundance as-
signed to each genus colored by phyla. (B) Principal Coordinates Analysis (PCoA) based on Bray-Curtis distances of FS and NFS groups comparison 
and (C) gender-grouped samples at the genus level. FS, frail, NFS, non frail.
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differences were observed for other categorical clinical features. 
These results corroborate the previous taxonomic finding and 
suggest that FS is associated with both compositional and func-
tional shifts in the gut microbiome.

Differential analysis using DESeq2 identified 680 KEGG func-
tions with significant differences between FS and NFS groups 

(p < 0.05). Of these, the enrichment analysis identified 209 KEGG 
functions grouped into 28 metabolic pathways statistically dif-
ferent (Figure 4). Among the overrepresented pathways in the 
FS group, very high significance (p < 0.001) was found in biotin 
(vit. B7) metabolism (p = 0.0006) and central carbon metabolism 
in cancer (p = 0.0006). Several KEGG were involved in the BioU 
and BioI biotin biosynthesis pathways (Figure 4A), leading to the 

FIGURE 2    |    Barplot of differentially abundant taxa in (A) FS compared to NFS group and (B) frailty individuals (FS.F vs. FS.M) performed by 
ANCOM-BC test and confirmed by Boruta algorithm. Taxonomic levels were indicated as p, phylum; f, family; g, genus. FS, frail, NFS, non-frail.

FIGURE 3    |    (A) Heatmap of Log2FC values of differentially abundant taxa for each categorical clinical feature. Significant differences performed 
by the ANCOM-BC test (p < 0.05) and confirmed by Boruta were marked with an asterisk (*). Positive values indicate an increase in the taxon among 
individuals meeting the feature, while negative values indicate a decrease in the taxon compared with the individuals not meeting the feature. (B) 
Heatmap of the correlation between taxa abundances and continuous clinical features with a Spearman correlation coefficient equal to or greater 
than ±0.5. Statistically significant correlations were marked with an asterisk (*). Taxonomic levels were indicated as p, phylum; f, family; g, genus.
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production of desthiobiotin, a key precursor of biotin involved in 
the breakdown of fats, carbohydrates and proteins. Conversely, 
pathways related to cell growth and protein synthesis were 
significantly underrepresented in FS (Figure  4A). These in-
cluded the ribosome (p = 1.7e−10), tRNA biogenesis (p = 0.0014), 
aminoacyl-tRNA biosynthesis (p = 0.0061), transcription ma-
chinery (p = 0.026), chaperones and folding catalysts (p = 0.031) 
and RNA polymerase (p = 0.043) pathways, suggesting reduced 
microbial protein synthesis capacity in frailty-associated micro-
biomes. Notably, 26 out of the 27 KEGG functions within the 
cell growth pathway were all involved in different sporulation 
stages, and the remaining function (K06400) corresponded to a 
site-specific DNA recombinase (Table S3).

Additional overrepresented pathways in the FS group 
(p = 0.01–0.001) included vitamin B6 metabolism, transport-
ers, glycosaminoglycan degradation, glutamatergic synapse, 
antimicrobial resistance genes, penicillin and cephalosporin 
biosynthesis, lipoic acid metabolism, β-lactam resistance, and 
lysosome functions (Figure  4B). In the vitamin B6 pathway, 
three key KEGG functions involved in the novo synthesis of pyr-
idoxine, the active form of vitamin B6, were increased.

Additional metabolic pathways overrepresented in FS 
(p = 0.01–0.05) included those involved in carbohydrate metab-
olism, amino acid metabolism, energy production, and cellular 
signaling (Figure 4C). These processes are primarily related to 
energy acquisition and storage, the synthesis and degradation of 
fundamental biomolecules, and the adaptation to environmen-
tal changes.

Notably, β-lactam resistance KEGG functions were enriched in 
FS, including BlaZ (K17836), MexA/B (K03585, K18138), and 
OMP/OprM components (K12340, K18139), all involved in mul-
tidrug efflux systems, outer membrane proteins, and multidrug 

resistance operons implicated in breaking down and export-
ing antibiotics or drugs from inside the cell to the exterior. In 
contrast, several functions associated with antibiotic binding 
proteins or entry mechanisms—for example, Opp transporters 
(K10823, K15581–83), BlaR1 (K02172), and PBP1a2 (K05366)—
were underrepresented in FS (Figure  S5). Additionally, seven 
KEGG functions related to antimicrobial resistance were in-
creased in the FS group, including multidrug efflux (K18300, 
K18302, K18303), tetracycline inactivation (K18221), and ami-
noglycoside resistance (K00984, K00561).

Together, these findings suggest that the gut microbiota of older 
adults could employ different resistance mechanisms depending 
on FS status. Antibiotic resistance-related pathways were more 
frequent in the FS group, while sporulation-related KEGG func-
tions were enriched in the NFS group.

3.4   |   Correlation Analyses

3.4.1   |   Associations of 16S Bacterial Taxa With 
Functional Orthologs

In the FS group, strong positive correlations (ρ > 0.6) were 
observed between genera such as Erysipelatoclostridium, 
Holdemania, Escherichia-Shigella, and Roseburia and KEGG 
functions involved in transport, metabolism, and stress path-
ways (Figure  5A, Table  S4B), while the Eubacterium siraeum 
group showed even stronger associations (ρ > 0.8) with global 
metabolism and genetic information processing. In contrast, 
Bacteroides, Dorea, and Agathobacter were negatively correlated 
with these functions, suggesting divergent functional roles 
within the microbial community. Negative correlations were 
also observed between a cluster of 24 functions and Bacteroides, 
Eggerthella, Agathobacter, Lachnoclostridium, Dorea, Blautia, 

FIGURE 4    |    Sankey-dotplot of the statistically different pathways identified through an enrichment analysis conducted using KEGG functions 
with adjusted p-value < 0.05 in a DESeq2 test between FS and NFS groups. Pathways were divided into different plots depending on their statistical 
significance: p < 0.001 (A), p < 0.01 (B) and p < 0.05 (C). Overrepresented functions in the FS group are colored blue, while underrepresented func-
tions in the FS group are colored red. FS, frail; NFS, non frail.
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Flavonifractor, and Veillonella. In contrast, various uncertain 
Clostridia genera along with the Christensenellaceae R-7 group 
were highly correlated (ρ > 0.5) with these same functions in-
volved in nucleotide metabolism (K03784, K09769), cofactor and 
vitamin metabolism (K12960, K15971), genetic information pro-
cessing (K21929, K01408), and transporters (K01997, K18346), 
among others.

In the NFS group, Intestinimonas, Lachnoclostridium, 
Flavonifractor, Negativibacillus, Subdoligranulum, Oscillospira, 
and Ruminococcaceae UBA1819 clustered together due to the 
strong positive correlation with many KEGG functions in-
volved in different metabolic pathways (Figure 5B, Table S4C). 
Escherichia-Shigella and Muribaculaceae also correlated posi-
tively (ρ < 0.5) with transporters, transcription regulators, and 
enzymes involved in central metabolism. These same functions 
were negatively associated (ρ > −0.4) with Faecalibacterium, 
Barnesiella, Holdemania, Alistipes, Erysipelotrichaceae UCG-
003, Fusicatenibacter, Butyricimonas, Roseburia, Coprococcus, 
and Bifidobacterium. These patterns suggest that specific mi-
crobial taxa contribute differently to functional potential de-
pending on frailty status, with FS-associated bacteria linked 
to host–microbe interaction functions and stress-related 
pathways.

3.4.2   |   Associations of Functional Orthologs With 
Clinical Variables

Significant correlations (ρ > ±0.5) were observed between cer-
tain KEGG functions and the ILEF criteria, weight, and BMI 
(Figure S6, Table S4D). For the ILEF, significant positive correla-
tions were found between the SPPB score and K00700, K06023, 
and K01571 (p = 4.5e-5, 0.00013, 0.0002); gait speed, balance, 
and sit-stand were also positively correlated with K00700 
(p = 0.00012, 3.8e-5, 0.006), involved in certain carbohydrates 
metabolism that may be linked to better physical function. 
Conversely, several KEGG orthologs were negatively correlated 

with the SPPB score and its components, including K19158 
(toxin YoeB), K15725 (heavy metal efflux system), K00382 (dihy-
drolipoyl dehydrogenase), K04047 (DNA-binding protein), and 
K17218 (sulfide: quinone oxidoreductase). Additional negative 
associations with functional capacity were seen for K04757 (ser-
ine/threonine-protein kinase), K01337 (lysyl endopeptidase), 
K01807 (ribose 5-phosphate isomerase A), K07118 (hypothet-
ical protein), and K00752 (hyaluronan synthase), all of which 
increased in abundance as lower-limb mobility declined. These 
functions might have a metabolic effect on the microbiota of 
these individuals.

Furthermore, negative correlations were found between BMI 
and weight with several KEGG functions (K14759, K12309, 
K06638, K14673, K04618, K08104, K17250, and K16955), sug-
gesting that enrichment of these functions in the microbiome 
may be linked to healthier status. These KEGG orthologs are 
involved in energy production, nutrient processing, and bacte-
rial metabolism. Notably, K14759 is a multifunctional enzyme 
involved in phylloquinone (vitamin K1) biosynthesis, while 
K12309 and K04618 are key enzymes in galactose metabolism.

3.5   |   Gut Resistome Analysis

From the 10,424 KEGG functions identified in the metage-
nome analysis, 119 (1.14%) were associated with antimicro-
bial resistance (AR) based on the CARD RGI database and 
140 (1.34%) according to the Reference Gene Catalog data-
base. The FS group exhibited a 10%–15% higher abundance 
of reads linked to AR genes compared to the NFS group. The 
tetracycline resistance gene K18220 (tetM/tetO) was the most 
abundant across both databases, besides seven more KEGG 
functions present in over 90% of all individuals, potentially 
serving as a core reservoir for AR genes in the gut microbiota 
(Figure  6). These particular genes were implicated in AR to 
β-lactam (K17836; β-lactamase class A), also AR to macrolides 
as K00561, an erythromycin resistance methyltransferase 

FIGURE 5    |    Heatmap of the correlation between genera and functional orthologs in the (A) FS group and (B) NFS group. sPLS canonical approach 
was made to represent the 50 variables that contributed the most to the variance in the data on each component. FS, frail; NFS, non frail.
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found in many gram-positive pathogens or the macrolide ef-
flux protein K08217. These also included genes conferring re-
sistance to tetracyclines (e.g., K18221, K18214), lincosamides 
(e.g., K19545), and chloramphenicol (e.g., K19271). Efflux and 
transporter-related mechanisms dominated, followed by anti-
biotic inactivation and target modification.

Out of the total AR genes represented in Figure 6, 16 KEGG func-
tions showed statistically significant differences between FS and 
NFS (Figure S7, Table S5). We detected in FS a high prevalence 
of beta-lactam resistance KEGG functions K17836, K03585, and 
K18138 (p = 0.0013, 0.0057, 0.0075), which are part of the multi-
drug efflux systems and multidrug resistance operons implicated 
in breaking down and exporting antibiotics or drugs from the in-
side to the outside. Other KEGG functions that increased in the 
FS group were K18221 (p = 0.0036), a tetracycline monooxygen-
ase; K00984 (p = 0.0029), the streptomycin 3″-adenylyltransferase; 
K00561 (p = 0.011), which is an adenine dimethyltransferase; 
K03455 (p = 0.043), an H+ antiporter; and K16089 and K02014 
(p = 0.0029, 0.035), both siderophore receptor proteins. A low 
prevalence of 7 KEGG functions was detected in FS: K07258 
(p = 0.015), a penicillin-binding protein; K18346 and K07260 
(p = 0.0032, 0.025), responsible for vancomycin resistance; K03043 
(p = 0.029), rifamycin-resistant beta-subunit of RNA polymerase; 
K06147 (p = 0.017), component of the ABC transporter system; 
K00520 (p = 0.016), a mercuric reductase; and K07667 (p = 0.014), 
involved in the regulation of the kdp operon.

4   |   Discussion

The role of gut microbiota in FS has been widely studied. However, 
the conclusions remain inconsistent due to variability in evalua-
tion scales and limited consideration of comorbidities across dif-
ferent studies. This variability may contribute to the mixed results 
reported in the literature, complicating the establishment of a de-
finitive link between gut microbiota composition and FS.

The clinical data analysis performed in this work suggests a 
close relationship between FS, musculoskeletal decline, and 
physical function, indicating that these factors may serve as 
complementary markers of biological aging rather than as iso-
lated clinical outcomes.

With respect to alpha diversity analysis, our study identified a 
higher Chao1 index in the microbiota of frail individuals, sug-
gesting increased species richness. However, no significant 
differences in the Shannon diversity index were observed be-
tween FS and NFS groups, indicating similar species evenness 
across groups. These findings are similar to previous studies by 
Almeida et al. (2022) and Xu et al. (2021), which also reported 
no significant differences in alpha diversity between frail and 
non-frail older adults defined by Fried phenotype. Conversely, 
when alternative clinical measures were used to define FS, 
Claesson et al. (2012) demonstrated reduced species richness as-
sociated with increased functional dependence, highlighting the 

FIGURE 6    |    Representation of the percentage of individuals in each group (FS, NFS) with ortholog genes (KEGG functions) from two antimicro-
bial resistance databases. Significant differences in KEGG functions between groups are highlighted with an asterisk (*). FS, frail; NFS, non frail.
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potential variability in gut microbiota responses to FS (Ticinesi 
et  al.  2019). The discrepancies observed may be attributed to 
differences in study designs, population demographics, and FS 
assessment criteria, underscoring the need for standardized 
methodologies in future research.

We also observed compositional differences in gut microbiota 
associated to FS. Frail individuals had reduced Firmicutes and 
increased Proteobacteria, Actinobacteria, Verrucomicrobia, 
and Synergistetes. Similarly, Almeida et al. (2022) observed de-
creased Firmicutes and elevated Verrucomicrobia abundance 
in frail older adults. At the genus level, this study identified 
the enrichment of Eggerthella, Christensenella, Oscillibacter, 
Anaerotruncus, Anaerofilum, Bacteroides, Parabacteroides, 
Sutterella, and Streptococcus in frail individuals. These gen-
era are consistent with microbial profiles previously linked 
to FS and biological aging. Specifically, the higher abun-
dance of Eggerthella in FS subjects aligns with findings 
from Jackson et al.  (2016), Picca et al.  (2019), and Margiotta 
et  al.  (2020), regardless of whether FS was defined by the 
Rockwood index or the Fried phenotype. Several of these 
genera, including Parabacteroides and Anaerotruncus, have 
been previously linked to unhealthy aging and institution-
alized older adults (Claesson et  al.  2012; Ghosh et  al.  2022), 
supporting their potential role as microbial markers of FS. In 
contrast, commensal bacteria like the Christensenellaceae 
genera, which are taxonomic markers of healthy aging, typ-
ically become more abundant with age but are depleted 
during unhealthy aging, as observed in the present study. 
We found Erysipelotrichaceae UCG-003, Christensenellaceae 
R-7 group, Parasutterella, Coprococcus, and Hungatella to 
be more abundant in the NFS group. Notably, we also saw 
a higher abundance of both Christensenellaceae R-7 group 
and Intestinibacter in the individuals with better mobility 
in lower limbs (SPPB score). Studies have reported elevated 
levels of Akkermansia and Erysipelotrichaceae UCG-003 
in the gut microbiome of healthy elders (Singh et  al.  2019; 
Ghosh et  al.  2022), and Christensenellaceae R-7 group 
has been associated with reduced visceral adipose tissue  
and improved metabolic profiles in elderly populations 
(Tavella et  al.  2021). Centenarians, who can be considered 
extreme examples of healthy aging, have an enrichment of 
Christensenellaceae in their intestinal microbiota, which pro-
motes positive immune function, has anti-inflammatory ac-
tivity, and contributes to metabolic homeostasis (Ferrucci and 
Fabbri 2018).

Although physical frailty and sarcopenia are closely related 
conditions, both characterized by muscle impairment, no sig-
nificant taxonomic or functional differences were observed 
in sarcopenia cases in this study. However, in our research, 
the SPPB score and its components were negatively correlated 
with six bacterial taxa, suggesting that higher abundances of 
these taxa are linked to poorer physical performance of the 
lower limbs (ILEF condition). Additionally, osteoarthritis 
was associated with a higher abundance of Streptococcus. 
Previous studies have reported differences in the microbiota 
among sarcopenic individuals (Casati et al. 2019), which may 
be attributed to variations in diagnostic criteria for this set of 
geriatric syndromes, highlighting the need for standardized 
approaches and consensus in their assessment.

The metagenome functional analysis revealed that biotin metab-
olism was the pathway with the most significant increase in the 
FS group. Biotin is a crucial cofactor in the catabolism of carbo-
hydrates and proteins. High protein intake has been proposed as 
a strategy to mitigate FS and sarcopenia, with protein-enriched 
diets shown to shift bacterial metabolism toward amino acid 
degradation (Beaumont et al. 2017). Additionally, other overrep-
resented pathways in the FS group were associated with energy 
production and the metabolism of alanine, aspartate, and glu-
tamate. Aspartic acid, together with asparagine and glutamic 
acid, provides amino groups for the synthesis of glutamine and 
alanine, whose carbon skeletons can only be used for de novo 
synthesis of TCA cycle intermediates and glutamine. Calvani 
et al. (2018) reported elevated serum levels of aspartic acid, as-
paragine, and glutamic acid as key descriptors of the amino acid 
profile in older adults with FS.

Additionally, the overrepresentation of exosome-related genes in 
FS individuals suggests the ability of their intestinal bacteria to 
interact with the host and with other bacterial cells through the 
release of small extracellular vesicles. Bacterial exosomes may 
influence the host by transporting bioactive metabolites, regu-
lating immune response, or modulating inflammation (Ayyar 
and Moss 2021). Bacterial extracellular vesicles could potentially 
increase gut permeability and contribute to low-grade chronic 
inflammation status (“inflammaging”). High levels of pro-
inflammatory markers can predict the risk of cardiovascular 
diseases, FS, multimorbidity, and decline of physical and cogni-
tive function (Ferrucci and Fabbri 2018; Xu et al. 2021). Further 
assays will be performed in serum samples from this present 
cohort to determine if alterations in pro- and anti-inflammatory 
markers are related to FS.

Another key finding of the functional analysis in our study is 
the potential differences in bacterial survival strategies linked 
to FS. Ribosomal functions were found to be overrepresented in 
the NFS group together with sporulation ortholog genes. These 
genes, associated with different stages of bacterial sporulation, 
included SpoII and SpoIII proteins, as well as genes responsible 
for the assembly of spore coats (e.g., SpoIVA and SpoV proteins). 
Spore-forming bacteria are a crucial part of the human gut mi-
crobiota, primarily from the families Clostridiaceae, Bacillaceae, 
and Lachnospiraceae, with roles in health and disease (Egan 
et al. 2021). Sporulating bacteria play a role in immune modu-
lation and gut homeostasis. They are also impacted by FS, sug-
gesting that disruptions in spore-forming communities might 
influence immune responses in older adults (Secaira-Morocho 
et al. 2020). Bacillus subtilis has been demonstrated to promote 
the development of gut-associated lymphoid tissues (GALT). 
Notably, this effect was found to be sporulation-dependent, as 
mutants lacking the spoA gene were unable to induce GALT for-
mation. It is suggested that sporulation enables B. subtilis cells 
to persist in the gut long enough to facilitate GALT development 
(Rhee et al. 2004). The increased presence of sporulation-related 
functions in the NFS group suggests that spore-forming bacteria 
are more likely to survive in the non-frail population.

From our metagenomic analysis, we noticed a burden of AR 
KEGG functions present in over 90% of all individuals. Recent 
studies have demonstrated that the gut microbiome may act 
as a reservoir of AR genes, potentially to be transferred to 
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opportunistic pathogens. Some AR genes have previously been 
described to be ubiquitous in all subjects regardless of age, po-
tentially forming part of the core resistome (Anthony et al. 2021). 
Interestingly, aging was found to be associated with a higher 
burden of AR, especially genes encoding multidrug efflux pumps 
(Tavella et al. 2021; Lu et al. 2014). Similar results were found in 
this study since antibiotic efflux and transporters were the dom-
inant mechanisms in our cohort. We also see in this study that 
AR genetic information is 10%–15% higher in frail individuals, 
similar to a previous study in which elderly people from nursing 
homes had an increased number, abundance, and diversity of an-
timicrobial resistance genes compared to healthy subjects (Araos 
et al. 2019). A recent review on antibiotic resistance in the elderly 
by Theodorakis et al. (2024) highlights that prolonged immobil-
ity can result in the development of ulcers and chronic wounds, 
which act as entry points for resistant pathogens.

Additionally, malnutrition and chronic low-grade inflamma-
tion associated with FS further contribute to the persistence 
and spread of antibiotic-resistant pathogens (Theodorakis 
et al. 2024). The most prevalent KEGG functions we obtained 
in the FS group were related to tetracycline, followed by amino-
glycoside, β-lactam, and macrolide resistance. Wu et al. (2021) 
described that tetracycline, macrolide–lincosamide–strepto-
gramin (MLS), aminoglycoside, and sulfonamide and sulfone 
(SS) were the top five AR gene types in each of the age groups, 
with tetracycline being the most abundant in elders. Moreover, 
our results suggest that β-lactam resistance mechanisms are dif-
ferent between FS and NFS groups; overrepresented functions 
in FS are linked to β-lactam degradation and export outside the 
bacteria, whereas underrepresented functions are associated 
with antibiotic entry mechanisms. No previous literature has 
been found about these different mechanisms in the gut bacte-
ria. Still, Theodorakis et al. (2024) described that an extended-
spectrum beta-lactamase-producing Enterobacteriaceae had 
the highest median prevalence in the elderly. The importance of 
antibiotic-resistant gut bacteria as an immediate and long-term 
threat to human health is well established, particularly in vul-
nerable groups such as elderly individuals with a debilitated im-
mune system. However, there is limited information on how the 
human intestinal resistome changes during unhealthy aging.

In the correlation analysis between taxonomic composition and 
functional data in the NFS group, weak negative correlations 
were observed between certain KEGG functions and butyrate-
producing bacteria, including genera such as Faecalibacterium, 
Butyricimonas, Roseburia, Coprococcus, and Clostridiaceae 
genera. Numerous functions were identified, primarily related 
to transporter proteins, transcription factors, and enzymes in-
volved in global metabolism, among others. Since butyrate-
producing bacteria are widely associated with healthy aging 
(Claesson et al. 2012; Gosh et al. 2020; Araújo et al. 2024), fur-
ther metatranscriptomic analysis could help determine whether 
these functions are actively transcribed and explore their poten-
tial implications in these healthy individuals.

This study highlights the complex interplay between gut micro-
biota, functional frailty, and aging, emphasizing the need for in-
tegrative approaches to address variability in current findings. 
Our results provide important insights into the microbial pro-
files associated with FS, particularly the enrichment of potential 

pathogenic taxa and depletion of beneficial commensals in frail 
individuals. Additionally, functional analyses revealed key meta-
bolic pathways and resistance mechanisms that could influence 
FS progression and host health. By identifying specific microbi-
ota taxa and functions linked to FS, this work contributes to fu-
ture investigations for a better understanding of the gut bacteria's 
role in aging-related conditions. Additional covariates in micro-
biome analyses enhance the biological relevance of associations 
and help to improve targeted interventions in older adults.

Although this study offers new insights, some limitations were 
found. Detailed information on diet and medication would help 
to better understand host–microbiome interactions. Additionally, 
a more balanced distribution of frail men and women might 
strengthen sex-related analyses, and including rural populations 
could make the findings apply more broadly. Furthermore, be-
cause covariate adjustment was limited to sensitivity analyses, 
residual confounding may remain, suggesting that future studies 
should examine these associations in detail. To our knowledge, 
this is the first study that has specifically investigated the profile 
of microbiome antimicrobial resistance in elderly populations with 
geriatric syndromes such as FS. Furthermore, given the ecological 
and functional significance of spore-forming bacteria, a compre-
hensive analysis of the resistome alongside the sporobiota in the 
gut of older individuals could offer valuable insights into their 
interactions and combined roles in host health and microbial 
resilience.
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resistance pathway. Overrepresented KEGG functions in the frail (FS) 
group are colored blue, while underrepresented functions in the FS 
group are colored red. Taken from https://​www.​genome.​jp/​kegg and 
rendered by Pathview (Luo and Brouwer  2013). Figure S6: Network 
map of the correlations between the KEGG functions and continuous 
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clinical data. Spearman coefficient (ρ) equal to or greater than ±0.5 was 
used to plot the connections. Figure S7: Boxplots of the statistically sig-
nificant KEGG functions involved in AR for the DESeq2 test between 
FS and NFS groups from both CARD and Reference Gene Catalog da-
tabases. FS, frail; NFS, non frail. Table S1: Linear mixed effect model 
from the 16S taxonomy alpha diversity using the model matrix FS + vari-
able. Table S2: 16S taxonomic analysis between groups at the phylum 
level. Table S3: Sporulation-related KEGG functions underrepresented 
in FS. Table S4: Correlation analysis between 16S characterized gen-
era and continuous clinical information performed by mixOmics sPLS-
canonical. Table S5: Differential KEGG functions between FS and NFS 
in the resistome analysis. 
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