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Abstract 

Background  16S rRNA sequencing has revealed structural alterations in the gut microbiomes of medical workers, 
particularly those working in intensive care unit (ICU). This study aims to further compare the taxonomic and func-
tional characteristics of gut microbiomes between ICU staff and non-medical individuals using metagenomic 
sequencing.

Methods  A prospective cross-sectional cohort study was conducted, fecal samples from 39 individuals in each 
group—ICU staff and non-medical subjects were analyzed using metagenomic sequencing. PERMANOVA (using 
the adonis function) was employed to analyze the genus-level profiles and assess the impact of individual parameters 
on the gut microbiome. Multiple databases were utilized to annotate and compare the functional differences in gut 
microbiomes between the two groups.

Results  We observed that ICU staff exhibited a significant decrease in gut microbiome diversity, characterized 
by a marked decline in Actinobacteria and a substantial increase in Bacteroides and Bacteroidaceae. CAZy annota-
tion revealed a notable increase in carbohydrate-active enzymes within the ICU staff cohort. Kyoto Encyclopedia 
of Genes and Genomes (KEGG) analysis further indicated an elevated risk of endocrine and metabolic disorders, 
along with enhanced glycan biosynthesis and metabolism. Additionally, KEGG pathway enrichment analysis high-
lighted significant enrichment in cancer-related pathways. Analysis using the Virulence Factor Database (VFDB) 
showed a higher abundance of virulence factors associated with immune modulation, invasion, and antimicrobial 
activity/competitive advantage among ICU staff. Notably, no discernible difference in the presence of antibiotic resist-
ance genes within the gut microbiomes was observed between the two groups. Importantly, all aforementioned 
differences demonstrated clear gender disparities.
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Introduction
Intensive care unit (ICU) patients are at an elevated 
risk of intestinal dysbiosis due to the use of medica-
tions such as broad-spectrum antibiotics, proton pump 
inhibitors, opioids, and catecholamines, as well as 
underlying diseases, poor nutrition, mechanical venti-
lation, and the ICU environment [1, 2]. Notably, broad-
spectrum antibiotics indiscriminately eliminate both 
pathogenic and commensal gut microbiomes, facilitat-
ing the rapid colonization by drug-resistant pathogens 
[2, 3]. This dysbiosis could lead to reduced short-chain 
fatty acid (SCFA) production, increased infection sus-
ceptibility, immune dysregulation, cytokine storms, 
worsened organ dysfunction, and higher mortality rates 
[4, 5].

In addition to intestinal dysbiosis in ICU patients, a 
prior study employing 16S rRNA sequencing revealed 
significant deviations in gut microbiome diversity among 
full-time medical workers, accompanied by altera-
tions in microbial composition and functionality. Nota-
bly, both short-term and long-term medical workers 
exhibited increased abundances of taxa such as Clostri-
diaceae, Clostridium, Dialister, and Desulfovibrio, along-
side a decreased abundance of Bacteroides compared to 
non-medical individuals. Additionally, the department 
in which medical staff worked (ICU versus non-ICU) 
had a marked influence on their gut microbiomes. Fur-
thermore, the study suggested a potential correlation 
between the gut microbiomes of medical workers and the 
microbiota present in hospital environments [6].

Pathogenic bacteria, particularly multidrug-resist-
ant organisms (MDROs), primarily disseminate within 
healthcare facilities through direct contact [7]. Front-
line medical staff in ICUs continually interact with criti-
cally ill patients harboring MDROs and are exposed to 
the unique ICU environment for extended periods. This 
elevated risk of contact and exposure may lead to the 
integration of numerous pathogenic microorganisms 
and their associated antibiotic resistance genes (ARGs) 
into the gut microbiomes of ICU healthcare profession-
als, who could then act as carriers. Moreover, medical 
staff colonized with MDROs may become novel infection 
sources, potentially triggering outbreaks within a defined 
scope. Therefore, it is crucial to investigate whether the 
gut microbiomes of ICU staff harbor ARGs.

However, traditional molecular techniques, such as PCR 
amplification of 16S rRNA genes, provide limited taxo-
nomic resolution and do not adequately address microbial 
functionality or the complex interactions within the micro-
biome. In contrast, metagenomics enables direct sequenc-
ing of the entire metagenomic DNA, thereby overcoming 
limitations associated with PCR, including primer restric-
tions and amplification biases. Moreover, metagenomics 
offers comprehensive taxonomic classifications and quan-
titative insights into functional and metabolic profiles [8]. 
However, the functional alterations and ARG carriage 
within the gut microbiomes of ICU staff remain poorly 
understood. Metagenomic sequencing offers a compre-
hensive approach to elucidate both the compositional and 
functional characteristics of gut microbiota, as well as the 
prevalence of ARGs. Therefore, there is an urgent need for 
metagenomic analysis to systematically compare the taxo-
nomic and functional profiles, along with ARG carriage 
of gut microbiomes, between ICU staff and non-medical 
individuals. Previous studies have shown that human gut 
microbiota differ by gender [9, 10], influencing disease sus-
ceptibility in men versus women, including conditions such 
as obesity, diabetes, gout, inflammatory bowel disease, Alz-
heimer’s disease, autism, depression, and various autoim-
mune diseases [9]. Gender-based subgroup analysis is also 
warranted.

In this study, we employed metagenomic sequencing to 
analyze fecal samples collected from ICU staff and healthy 
non-medical controls. The primary objectives were to 
detect variations in gene expression within their gut micro-
biomes, compare microbial community structures, and 
annotate functional differences using multiple databases, 
including Gene Ontology (GO), Kyoto Encyclopedia of 
Genes and Genomes (KEGG), evolutionary genealogy of 
genes: Non-supervised Orthologous Groups (eggNOG), 
carbohydrate-active enZymes (CAZy), virulence factor 
database (VFDB), and comprehensive antibiotic resistance 
database (CARD). Additionally, we investigated the rela-
tionship between ARGs and microbial communities.

Materials and methods
Ethics statement
This study protocol received approval from the Eth-
ics Committee of Union Hospital, Tongji Medical Col-
lege, Huazhong University of Science and Technology 

Conclusions  Our findings indicated that ICU staff exhibited a reduction in gut microbiome diversity which was asso-
ciated with an increase in virulence factors and carbohydrate-active enzymes, as well as with a heightened suscepti-
bility to endocrine and metabolic diseases and cancers.
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(Permission Permission No. 0468). The study has 
been registered on ClinicalTrials with the identifier 
NCT06524765, on the date of 07/11/2024. Written 
informed consent was obtained from each participant.

Participants and sample collection
We strictly screened all doctors and nurses in the adult 
mixed medical-surgical ICU of Union Hospital, Tongji 
Medical College, Huazhong University of Science and 
Technology according to the inclusion and exclusion 
criteria, and a total of 39 full-time medical staff were 
recruited. For the past five years, all included ICU staff 
have been scheduled to undertake one 8-h night shift 
every 3–5 days. They are granted approximately two rest 
days each week, with the remaining days assigned to 10-h 
day shifts. The inclusion criteria for ICU staff encom-
passed (1) individuals aged 25–40  years, irrespective of 
their ethnicity or gender; (2) doctors and nurses directly 
engaged in the treatment and care of ICU patients, pos-
sessing a minimum of five years of ICU experience, and 
having been absent from frontline duties for less than 1 
consecutive month.

The non-medical control group included 39 healthy 
individuals who had not worked at or visited hospitals for 
a year prior to participating in this study. The inclusion 
criteria for the non-medical control included (1) individ-
uals aged 25–40  years, irrespective of their ethnicity or 
gender; (2) individuals who do not reside with a health-
care professional employed in an ICU. The inclusion cri-
teria for the non-medical control group encompassed (1) 
individuals aged between 25 and 40 years, irrespective of 
their ethnicity or gender; (2) persons who do not cohabit 
with a healthcare professional employed in an ICU.

The exclusion criteria encompassed: (1) active gastro-
intestinal infections or chronic gastrointestinal disor-
ders; (2) substantial dietary modifications or significant 
weight fluctuations exceeding 5  kg within a 3-month 
period; (3) use of antibiotics, proton pump inhibitors, 
prebiotics, and probiotics (including yogurt) in the last 
4 weeks; (4) alcohol consumption within the past week; 
(5) recent treatment with high-risk immunosuppressive 
or cytotoxic medications, such as medium to high doses 
of glucocorticoids (20  mg/day or more) for a duration 
exceeding 4 weeks; (6) a history of major gastrointestinal 
surgery; (7) chronic conditions that may affect gut micro-
biomes; (8) congenital or acquired immunodeficiency 
disorders; (9) unwillingness to provide information on 
dietary habits, physical activity, and other lifestyle factors 
that could influence microbiome composition; (10) preg-
nancy or breastfeeding.

Demographics and baseline characteristics, including 
age, gender, body mass index (BMI), ethnic group, edu-
cation level, smoking status, comorbid conditions, Bristol 

stool (form) scale (BSFS), exercise frequency, daily sleep 
duration, dietary preferences, mealtime regularity, his-
tory of digestive diseases, presence of foul-smelling flatu-
lence or stools, severe halitosis, and pollen-food allergy, 
were collected.

Fecal sample collection and DNA extraction
Fecal samples were collected from each participant 
within thirty minutes of defecation and promptly stored 
at –80 ℃. All sample collections were completed in the 
morning and within one week following study enroll-
ment. Genomic DNA was extracted using the HiPure 
Stool DNA Mini Kit (Magen) according to the manufac-
turer’s protocol. The DNA concentration was quantified 
using a Qubit fluorometer (Thermo Fisher Scientific), 
and the integrity of the extracted genomic DNA was 
assessed via 1.5% agarose gel electrophoresis. Quality 
control criteria included: DNA concentration ≥ 20  ng/
μL, volume ≥ 20 μL, total amount ≥ 400 ng, with good or 
slightly degraded DNA integrity; or DNA concentration 
between 5 and 20  ng/μL, volume ≥ 20 μL, total amount 
between 100 and 400 ng, with good or slightly degraded 
DNA integrity.

Metagenomic sequencing
All samples were sequenced on the Illumina NovaSeq 
6000 platform. RawReads were processed using Trim-
momatic (version 0.39) for adapter trimming and qual-
ity filtering with parameters: LEADING:3, TRAILING:3, 
SLIDINGWINDOW:50:20, MINLEN:100. KneadData 
(version 0.10.0) was utilized to remove contaminant 
sequences originating from the host, resulting in Clean 
Reads. The CleanReads were assembled into Contigs 
using MEGAHIT (version 1.2.9), with Contigs shorter 
than 500 bp being discarded. Prodigal (version 2.6.3) was 
utilized to predict coding DNA sequences (CDS) on the 
contigs, discarding those shorter than 100  bp. CD-HIT 
(version 4.8.1) was applied to cluster the genes obtained 
from each sample and remove redundancy, with a thresh-
old of coverage > 90% and identity > 95%. Salmon (version 
1.10.1) was utilized to calculate the transcripts per mil-
lion (TPM) values for each gene in each sample. Using 
TPM values as relative abundances, species abundance 
and functional abundance were subsequently derived by 
summing the TPM values.

Taxonomic profiling
Bacteria, archaea, fungi, and viral sequences were 
extracted from the NR database (dated 2022–07–16) to 
form a sub-database. This sub-database was then aligned 
against a non-redundant gene set using DIAMOND 
(version 2.0.11) [11] with the following parameters: –
evalue 0.00001 –max-target-seqs 10. Based on the top 10 
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sequences ranked by Score, the taxonomy classification 
of each gene was determined using the lowest common 
ancestor (LCA) method implemented in MEGAN soft-
ware (version 6.24.20) [12]. The abundance of each taxo-
nomic group was calculated by summing the abundances 
of genes assigned to that group. Additionally, Linear dis-
criminant analysis effect size (LefSe) (version 1.1.2) anal-
ysis was performed on features with a relative abundance 
exceeding 0.0001.

α‑diversity and β‑diversity
Α-diversity (within-sample diversity) was estimated 
based on the gene profiles of each sample according to 
the Simpson index, Shannon index and Chao 1 index. 
β-diversity (between-sample diversity) was assessed 
using principal component analysis (PCA), principal co-
ordinates analysis (PCoA), and non-metric multidimen-
sional scaling (NMDS). These analyses were conducted 
using the Vegan R package. β-diversity metrics were 
calculated using Bray–Curtis dissimilarity and Jaccard 
distance. To detect statistically significant differences in 
β diversity between groups, a permutational multivari-
ate analysis of variance (PERMANOVA) and analysis of 
similarity (ANOSIM) were employed.

Functional annotation of non‑redundant genes
Using DIAMOND (version 2.0.11) [11], the non-redun-
dant gene set was aligned against the Non-Redundant 
Protein Sequence Database (NR) sub-database, with 
an E-value threshold of < 1e−5. The top hit was selected, 
and the corresponding GO number was retrieved based 
on the accession number. To obtain KEGG Orthology 
(KO) annotations for non-redundant genes, Kofam-
Scan [13] was employed with a threshold E-value < 1e−4, 
selecting the KO annotation with the smallest e-value 
as the definitive annotation. Additionally, enrichment 
analysis of KEGG pathways was conducted based on sig-
nificantly different KOs identified by metagenomeSeq 
[14]. EggNOG annotations were obtained for non-
redundant genes using eggNOG-mapper (version 2.1.9) 
[15]. To identify antibiotic resistance genes within the 
non-redundant gene set, the CARD 2023 database was 
utilized [16]. The CARD ontology encompasses three 
categories: antimicrobial resistance (AMR) Gene Family, 
Drug Class, and Resistance Mechanism. The Resistance 
Gene Identifier (RGI) tool (version 6.0.1) of the CARD 
database, which employs the DIAMOND algorithm, was 
used to annotate antibiotic resistance genes, providing 
annotations for these three categories and subsequently 
calculating their relative abundance. Carbohydrate-active 
enzymes in the non-redundant gene set were identi-
fied using dbcan3 [17], referencing the CAZy database. 
dbcan3 employs a combination of three methods for 

identification: (1) searching the dbcan-specific HMM 
database using HMMER, (2) searching the CAZyme 
sequence database using DIAMOND, and (3) eCAMI. 
Annotations were retained when at least two of these 
three methods provided consistent CAZyme annotations. 
BLASTP (Protein–Protein BLAST 2.5.0+) was used to 
align the non-redundant genes against the Virulence Fac-
tor Database (VFDB) [18], applying an E-value threshold 
of < 1e−5, with the top hit serving as the annotation result. 
The total abundance of non-redundant genes within each 
functional category was summed to represent the abun-
dance of that functional category.

Statistical analysis
All statistical analyses were conducted using GraphPad 
Prism, version 8 (GraphPad Software, La Jolla, CA, USA). 
Demographic information of participants was analyzed 
using two-tailed Mann–Whitney U test, Chi-squared 
test, or Fisher’s exact test as appropriate. The two-tailed 
Mann–Whitney U test was employed to assess the sig-
nificance of the metagenomic data. To evaluate the effect 
of host characteristics on the gut microbiome, PER-
MANOVA was performed at the amplicon sequence var-
iant (ASV) level using the adonis function from the vegan 
R-package. Statistical significance was set at P < 0.05.

Results
Participant characteristics
This study included 78 healthy Chinese participants, 
comprising 39 ICU staff and 39 non-medical controls. 
The basic characteristics of all the participants are sum-
marized in Table 1. ICU staff and non-medical controls 
exhibited similar characteristics in terms of age, gen-
der, BMI, ethnic group, education level, smoking status, 
comorbidities, BSFS, exercise frequency, daily sleep dura-
tion, mealtime regularity, history of digestive diseases, 
presence of foul-smelling flatulence or stools, severe 
halitosis, and pollen-food allergy. Both groups had a 
male proportion of 41%. Notably, non-medical controls 
reported more frequent exercise within the past year and 
more regular meal times compared to ICU staff.

Distinct gut microbial diversity and structure in ICU staff
We conducted PERMANOVA on the gut microbial com-
position across the entire cohort to examine whether ICU 
medical work status correlated with the overall commu-
nity structure. Stratification of ICU staff and non-medical 
controls accounted for 33.8% of the gut microbiota vari-
ance (adonis P = 0.001). This effect size exceeded those of 
other collected confounding factors (Table 2), indicating 
that ICU medical work status was a primary determinant 
of gut microbiome composition in our study population.
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Table 1  Demographics and baseline characteristics

Total (n = 78) ICU staff (n = 39) Non-medical controls 
(n = 39)

P value

Working time in ICU, median (IQR), years 9 (6–13) 9 (6–13) – –

Age, median (IQR), years 30 (26–34) 31 (28–34) 39 (26–30) 0.0632

Gender

 Male 32 (41.0) 16 (41.0) 16 (41.0) –

 Female 23 (59.0) 23 (59.0)

BMI, median (IQR), kg/m2 22.8 (20.7–24.6) 22.7 (21.0–24.2) 23.4 (20.3–24.7) 0.8057

Ethnic group

 Han 74 (93.7) 39 (100) 35 (89.7) 0.1153

 Others 4 (10.3) 0 (0) 4 (10.3)

Education level

 ≤ High school 1 (1.3) 0 (0) 1 (2.6)  > 0.9999

 University or college 63 (80.8) 33 (84.6) 30 (76.9) 0.3887

 Master or doctor 14 (17.9) 6 (15.4) 8 (20.5) 0.5551

Smoking status 5 (6.4) 3 (7.7) 2 (5.1)  > 0.9999

Comorbidities

 Neuropsychiatric disorder 3 (3.8) 2 (5.1) 1 (2.6)  > 0.9999

 Skin disease 5 (6.4) 3 (7.7) 2 (5.1)  > 0.9999

 Tumor 2 (2.6) 1 (2.6) 1 (2.6) –

 Chronic kidney disease 1 (1.3) 1 (2.6) 0 (0)  > 0.9999

 Upper respiratory tract disease 1 (1.3) 0 (0) 1 (2.6)  > 0.9999

 Metabolic disease 5 (6.4) 4 (10.3) 1 (2.6) 0.3584

BSFS

 Type 1 1 (1.3) 0 (0) 1 (2.6)  > 0.9999

 Type 2 5 (6.4) 2 (5.1) 3 (7.7)  > 0.9999

 Type 3 8 (10.3) 7 (17.9) 1 (2.6) 0.0564

 Type 4 39 (50.0) 17 (43.6) 22 (56.4) 0.2575

 Type 5 18 (23.1) 10 (25.6) 8 (20.5) 0.5909

 Type 6 5 (6.4) 3 (7.7) 2 (5.1)  > 0.9999

 Type 7 2 (2.6) 0 (0) 2 (5.1) 0.4935

Exercise frequency within the past 1 year

 Often (> 6 times/week) 10 (12.8) 2 (5.1) 8 (20.5) 0.0421*

 Occasionally (3–6 times/week) 23 (29.5) 11 (28.2) 12 (30.8) 0.8039

 Rarely (1–2 times/week) 43 (55.1) 26 (66.7) 17 (43.6) 0.0405*

 Never (0 times/week) 2 (2.6) 0 (0) 2 (5.1) 0.4935

Daily sleep duration

 < 5 h 0 (0) 0 (0) 0 (0) –

 5–6 h 14 (17.9) 9 (23.1) 5 (12.8) 0.2379

 6–7 h 40 (51.3) 20 (51.3) 20 (51.3) –

 7–8 h 23 (29.5) 9 (7.7) 14 (35.9) 0.2144

 > 8 h 1 (1.3) 1 (2.6) 0 (0)  > 0.9999

Dietary preferences

 Animal-based diet 19 (24.4) 11 (28.2) 8 (20.5) 0.4287

 Vegetarian diet 4 (5.1) 2 (5.1) 2 (5.1) –

 Sweet diet 2 (2.6) 2 (5.1) 0 (0) 0.4935

 Salty diet 10 (12.8) 5 (12.8) 5 (12.8) –

 Balanced diet 48 (61.5) 24 (61.5) 24 (61.5) –

Mealtime regularity

 Very regular 10 (12.8) 2 (5.1) 8 (20.5) 0.0421*

 Regular 53 (67.9) 26 (66.7) 27 (69.2) 0.8083
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To investigate whether gut microbial diversity and 
structure differed between ICU staff and non-medical 
controls, we first assessed the α-diversity within each 
individual. ICU staff exhibited lower microbial diversity 
compared to non-medical controls, which was reflected 
in the Chao1 index (Fig.  1A, Table  S1). However, when 
comparing α-diversity by gender within two groups 
individually, no significant differences were observed 
(Fig. 2A).

β diversity analysis using PCA, PCoA, and NMDS dem-
onstrated distinct segregation of bacterial community 
structures between ICU staff and non-medical controls 
(Figs. 1B–D, 2B–D). PERMANOVA and ANOSIM tests 
based on Bray–Curtis dissimilarity and Jaccard distance 
revealed significant differences in β diversity between 
the two groups (Fig.  1E, F). However, when comparing 
β-diversity by gender within each group individually, 
only the PERMANOVA and ANOSIM tests of Jaccard 

Table 1  (continued)

Total (n = 78) ICU staff (n = 39) Non-medical controls 
(n = 39)

P value

 Irregular 15 (19.2) 11 (28.2) 4 (10.3) 0.0443*

History of digestive diseases

 Constipation 13 (16.7) 6 (15.4) 7 (17.9) 0.7613

 Frequent abdominal pain 3 (3.8) 0 (0) 3 (7.7) 0.2403

 Gastroesophageal reflux 3 (3.8) 1 (2.6) 2 (5.1)  > 0.9999

 Indigestion 7 (9.0) 2 (5.1) 5 (12.8) 0.4309

 Food intolerance 2 (2.6) 0 (0) 2 (5.1) 0.4935

Foul-smelling flatulence or stools within the past 
3 months

20 (25.6) 8 (20.5) 12 (30.8) 0.2996

Severe halitosis within the past 3 months 9 (11.5) 5 (10.3) 4 (10.3)  > 0.9999

Pollen-food allergy 5 (6.4) 3 (7.7) 2 (5.1)  > 0.9999

Values are numbers (percentages) unless stated otherwise. Abbreviations: IQR, interquartile range; n, number; BSFS, Bristol stool (form) scale. P values indicate 
differences between ICU staff and Non-ICU staff. P < 0.05 was considered statistically significant

Table 2  PERMANOVA (adonis) analysis of the host parameters’ impact on gut microbiota using genus profiles

Abbreviations: PERMANOVA, permutational multivariate analysis of variance; BMI, body mass index; ICU, intensive care unit; BSFS, Bristol stool (form) scale

Confounding factor Effect size (R2) adonis P (999 
permutations)

Age 0.01199 0.502

BMI 0.00987 0.731

Gender 0.01224 0.456

Ethnic group 0.00944 0.784

Education level 0.02299 0.54

Smoking 0.01036 0.669

Working time in ICU 0.01868 0.096

Comorbidities 0.08291 0.58

BSFS 0.01217 0.466

Exercise frequency within within the past 1 months 0.0139 0.354

Daily sleep duration 0.0081 0.919

Dietary preference 0.12376 0.056

Mealtime regularity 0.02002 0.08

History of digestive diseases 0.09569 0.866

Foul-smelling flatulence or stools within the past 3 months 0.00997 0.721

Severe halitosis within the past 3 months 0.01208 0.493

Pollen-food allergy 0.01406 0.299

Grouping (ICU/non-ICU) 0.0338 0.001***

Grouping (doctor/nurse) 0.02257 0.643
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distance showed significant differences among the four 
subgroups (Fig. 2E, F).

The abundance of gut microbiota, including taxa 
from the Actinobacteria phylum down to the Bifidobac-
teriales order, Coriobacteriia class, Bifidobacteriaceae 
family, and Bifidobacterium genus, was significantly 

reduced in ICU staff compared to non-medical con-
trols. This reduction was observed exclusively in female 
ICU staff. Additionally, male ICU staff exhibited signifi-
cantly lower levels of Coriobacteriia (class) and Bifido-
bacteriaceae (family). Within the Bacteroidetes phylum, 
the abundance of taxa including the Bacteroidaceae 

Fig. 1  Alterations in gut microbiome diversity and structure among ICU staff compared to non-medical controls. A Violin plots illustrate 
the α-diversity of gut microbiomes, as measured by Simpson, Shannon, and Chao 1 indices, for intensive care unit (ICU) staff and non-medical 
controls. The boxplots depict the interquartile range (IQR), with the midline indicating the median. B Principal component analysis (PCA), C Principal 
coordinates analysis (PCoA), and D non-metric multidimensional scaling (NMDS) were conducted to analyze the gut microbiome composition 
between the two groups. E Permutational multivariate analysis of variance (PERMANOVA) and F analysis of similarity (ANOSIM) were employed 
to assess statistically significant differences in β-diversity using Bray–Curtis dissimilarity and Jaccard distance metrics. The boxplots represent 
the IQR, with the midline indicating the median. G–L Stacked bar charts display the taxonomic composition of gut microbiomes at the phylum, 
class, order, family, genus, and species levels for both groups, each represented by distinct colors. M Cladograms generated by linear discriminant 
analysis effect size (LEfSe) highlight the taxonomic differences between ICU staff and non-medical controls from phylum to genus levels. N LEfSe 
analysis identified significantly differing gut microbial taxa between the two groups, with findings presented for phylum, family, and genus levels 
(linear discriminant analysis (LDA) score > 4.0, P < 0.05). *P < 0.05; ns, not significant
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family, Tannerellaceae family, Bacteroides genus, and 
Bacteroides fragilis species was significantly higher in 
ICU staff compared to non-medical controls. The sig-
nificant elevation in the Bacteroidaceae and Tannerel-
laceae families was also observed in female ICU staff, 
whereas the significant increase in Bacteroides (genus) 

and Bacteroides fragilis (species) was exclusive to male 
ICU staff. Within the Firmicutes phylum, the abun-
dance of taxa including the Bacilli family, Negativicutes 
family, Lactobacillales order, Clostridiaceae family, 
and Clostridium genus was significantly higher in ICU 
staff compared to non-medical controls. Male ICU staff 

Fig. 2  Differences in the diversity and structure of gut microbiomes between ICU staff and non-medical controls within the same gender. A Violin 
plots illustrate the α-diversity of gut microbiome profiles, as measured by Simpson, Shannon, and Chao 1 indices, for intensive care unit (ICU) staff 
and non-medical controls. The boxplots depict the interquartile range (IQR), with the midline indicating the median. B Principal component analysis 
(PCA), C principal coordinates analysis (PCoA), and D non-metric multidimensional scaling (NMDS) were conducted to analyze the gut microbiome 
composition among four groups based on gender. E Permutational multivariate analysis of variance (PERMANOVA) and F analysis of similarity 
(ANOSIM) were employed to assess statistically significant differences in β-diversity using Bray–Curtis dissimilarity and Jaccard distance metrics. The 
boxplots represent the IQR, with the midline indicating the median. G–L Stacked bar charts display the taxonomic composition of gut microbiomes 
at the phylum, class, order, family, genus, and species levels for the four groups, each represented by distinct colors. M–P Cladograms generated 
using Linear Discriminant Analysis (LDA) model results highlight the bacterial hierarchy. Differences are indicated by the color of the most abundant 
class, with the diameter of each circle proportional to the abundance of the taxon. Each ring represents a lower taxonomic level. Linear Discriminant 
Analysis Effect Size (LEfSe) analysis (LDA score > 3.0, P < 0.05) identified genera that significantly differ among the gut microbiomes from phylum 
to species levels. *P < 0.05; ns, not significant
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also exhibited lower abundances of Siphoviridae sp. 
(Figs 1G–N; 2G–P; Fig. S1; Fig. S2; Table S2).

Functional annotation analysis of gut microbiomes 
with GO, KEGG and EggNOG
GO analysis yielded a total of 3736 entries, including 
1166 biological process entries, 174 cellular components 
entries, and 2396 molecular function entries (Table S3). 
Among the top 30 pathways, a notable decrease was 
observed in interspecies interaction within biological 
processes among ICU staff, particularly pronounced in 
female ICU staff. Additionally, ICU staff exhibited signifi-
cant reductions in reproduction-related biological pro-
cesses and toxin activity within molecular functions. In 
contrast, male ICU staff demonstrated a marked increase 
in small molecule sensor activity compared to non-medi-
cal male controls (Fig. S3A, B; Table S3).

A total of 43 KEGG pathway and 23 EggNOG ortho-
logues groups were analyzed between the two groups. 
Detailed results for the top 30 KEGG pathways and all 
EggNOG orthologues are presented in Fig.  3A, B and 
Fig. S3C, D. Among these gene families, genes associated 
with transport and catabolism within cellular processes, 
as well as those implicated in endocrine and metabolic 
diseases, were upregulated in ICU staff, particularly in 
females. Additionally, genes involved in glycan biosyn-
thesis and metabolism were significantly upregulated in 
ICU staff. Conversely, genes related to translation within 
genetic information processing were downregulated 
in the gut microbiomes of ICU staff, especially males, 
compared to controls (Fig. 3A, B, H, I; Table S4). KEGG 
enrichment analysis visualized the top 30 pathways 
using a bubble chart, displaying gene enrichment degree 
(x-axis), the number of enriched genes (bubble size), and 
P values (color intensity). Differentially expressed genes 
were predominantly found in cancer-related pathways, 
neuroactive ligand–receptor interactions, cytokine–
cytokine receptor interactions, and other signaling 

pathways within the gut microbiomes of ICU staff com-
pared to non-medical controls (Fig.  3C). Female ICU 
staff’s gut microbiomes exhibited enriched genes related 
to cancer, aromatic compound degradation, ubiquitin-
mediated proteolysis, and other pathways compared to 
non-medical females (Fig. 3J). Moreover, male ICU staff’s 
gut microbiomes showed enriched gene expression pri-
marily in cancer, Ras, PI3K-Akt, and other signaling 
pathways compared to non-medical males (Fig. 3K).

The EggNOG analysis results revealed that, irrespec-
tive of gender, the gut microbiomes of ICU staff exhibited 
a greater abundance of extracellular structures compared 
to non-medical controls (Fig. S3C, D; Table S5).

Carbohydrate active enzyme profiling of gut microbiomes
To examine differences in carbohydrate metabolism 
between these microbial communities, functional 
annotations were generated by querying the CAZy 
database, and hierarchical annotation was analyzed 
based on the distribution of six enzyme classes across 
the different gut microbiomes (Table  S6). Overall, the 
enzymes annotated from the metagenomes showed a 
high levels of glycoside hydrolases (GHs) and glycosyl-
transferases (GTs) in the studied gut microbiomes. At 
the family level, CAZy annotations were predominantly 
composed of GH families (2, 3, and 13) and GT families 
(2 and 4). Comparative analysis revealed distinct differ-
ences between the two groups. ICU staff demonstrated 
substantial elevations in GHs and polysaccharide lyases 
(PLs), with notable enhancements in GTs and carbo-
hydrate esterases (CEs), particularly among males. 
Specifically, a significant increase in carbohydrate-
binding modules (CBMs) was exclusively observed in 
male ICU staff compared to non-medical male con-
trols (Fig.  3D–G). Furthermore, the enzymes GT2, 
GH2, GT4, and GH92 were more abundant in ICU 
staff, especially among males. GH20 was more preva-
lent in ICU staff compared to non-medical controls. 

(See figure on next page.)
Fig. 3  Comparison of functional annotation of gut microbiomes by KEGG and CAZy between ICU staff and non-medical controls. A 
Heatmaps depict Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis from metagenomic sequencing across the general population 
(encompassing both genders) in intensive care unit (ICU) staff and non-medical controls, as well as within gender-stratified subpopulations (H). 
B Comparison of enriched KEGG orthologue group markers across 30 functional categories between the entire populations of the two groups, 
and between gender-matched subgroups within each cohort (I). C Dot plots illustrate KEGG pathway enrichment analysis of 30 verified genes 
across the general population and within gender-stratified subpopulations (J, K). In these plots, color intensity denotes the P-value, while dot 
size indicates the number of genes involved. D Heatmaps depict carbohydrate-degrading enzymes (CAZy) from metagenomic sequencing 
across the general population and within gender-stratified subpopulations (L). E CAZy comparisons were conducted between the entire 
populations of the two groups and among gender-specific subgroups within each cohort (M). F Heatmaps illustrate the distribution of the top 
30 dominant CAZy families, categorized under various classes, across the general population and within gender-stratified subpopulations (N). 
Clustering is determined by the relative abundance of each family. G Functional comparisons based on CAZy classification were conducted 
between the entire populations of the two groups and among gender-specific subgroups within each cohort (O). Boxplots represent 
the interquartile range (IQR) between the first and third quartiles, with the midline indicating the median. *P < 0.05, **P < 0.01; ns, not significant
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Conversely, enzymes such as GH13, GH32, GT35, and 
GH77 showed reduced abundance in ICU staff, with 
a particular decline observed among females. Nota-
bly, GH105 was solely more abundant in female ICU 

staff relative to non-medical female controls. In con-
trast, GH1 was less abundant in ICU staff compared to 
non-medical controls (Fig. 3F, G, N, O). Exclusively in 
male ICU staff, the enzymes GH43, GH3, and CBM91 

Fig. 3  (See legend on previous page.)
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exhibited increased abundance compared to non-medi-
cal male controls (Fig. 3L–O).

Virulence profiling of gut microbiomes
The virulence factors were categorized into the following 
classes: immune modulation, adherence, motility, effec-
tor delivery system, nutritional and metabolic factors, 
stress survival, exoenzymes, regulation, biofilm forma-
tion, post-translational modification, invasion, exotoxins, 
antimicrobial activity/competitive advantage, and oth-
ers. ICU staff demonstrated a higher prevalence of viru-
lence factors associated with immune modulation and 
antimicrobial activity/competitive advantage exclusively 
among females. Additionally, increased invasion capabili-
ties were observed in ICU staff, specifically among males, 
compared to non-medical controls (Fig. 4A, B, D, E).

The depiction in Fig. 4C, F and Fig. S4A, B highlights 
the diverse functions of virulence factors from gut 
microbiomes among ICU staff compared to non-med-
ical controls. The top 50 functions of VFDB emphasize 
this variability. Virulence factors such as Capsule, LPS, 
LOS, and O-antigen were observed in bacteria exhibit-
ing enhanced glycosyltransferase activity and the pres-
ence of glycosyltransferase family 2 proteins in ICU staff, 
including both male and female subsets. Notably, the 
type III secretion apparatus (TTSS) from bacteria with 
increased hybrid sensor histidine kinase/response regu-
lator activity (functioning as an effector delivery mecha-
nism) and Capsule from bacteria with enhanced type 8 
capsular polysaccharide synthesis protein (related to 
immune modulation) were exclusively noted in ICU staff, 
encompassing both genders. Moreover, the virulence fac-
tor pyoverdine from bacteria with elevated FpvR (a vital 
component in nutrition and metabolism), AslA (arylsul-
fatase-like gene) (associated with invasion mechanisms), 
and acriflavine resistance protein B (AcrAB; exhibit-
ing antimicrobial activity/competitive advantage) were 
observed in ICU staff but were particularly prominent 
among male ICU staff. The virulence factor LetA/S from 
bacteria with increased hybrid sensor histidine kinase/
response regulator (acting as a regulatory mechanism) 
was solely observed among male ICU staff, in contrast 
to non-medical male controls.  TTSS-secreted effectors 
from bacteria with decreased glycogen hydrolase activity 
(acting as an effector delivery mechanism) were noted in 
ICU staff, with this reduction being particularly evident 
among female ICU staff. Decreased elongation factor Tu 
(integral to adherence and crucial for biofilm formation) 
was exclusively observed in female ICU staff. Similarly, 
the virulence factor BopD with decreased sugar-binding 
transcriptional regulator (lacI), which is also pivotal for 
biofilm formation, was uniquely observed among female 
ICU staff.

Among the top 20 drug-resistant bacterial species 
reported in the ’Antimicrobial Resistance Profile of Clini-
cal Isolates in Hospitals Across China: Report from the 
CHINET Antimicrobial Resistance Surveillance Program, 
2023’ [19], 10 species were found to secrete virulence fac-
tors (Fig. 5). The abundance of virulence factors in ICU 
staff was significantly elevated compared to non-medical 
controls. Specifically, these included LPS, Phospholipase 
C, HemO cluster, and Ata from Acinetobacter baumannii; 
AslA from Escherichia coli; HxuABC from Haemophi-
lus influenzae; AcrAB from Klebsiella pneumoniae; LPS, 
Pyoverdine, and Flagella from Pseudomonas aeruginosa; 
and CbpA/PspC and PsaA from Streptococcus pneumo-
niae. Notably, the virulence factors unique to Acinetobac-
ter baumannii were exclusively detected in ICU staff and 
absent from non-medical controls. Conversely, the levels 
of T2SS from Acinetobacter baumannii, AS, Cytolysin, 
and Ebp pili from Enterococcus faecalis; Scm, Acm, and 
EcbA from Enterococcus faecium; Paa, BFP, and Per from 
Escherichia coli; HSI-I from Pseudomonas aeruginosa; 
Clumping factor and CNA from Staphylococcus aureus; 
β-hemolysin/cytolysin, PI-1, and PI-2a from Streptococ-
cus agalactiae; and RlrA islet and PI-2 from Streptococcus 
pneumoniae were notably lower in ICU staff compared to 
non-medical controls (Fig. 5).

Resistance gene annotation analysis of gut microbiomes
Metagenomics and computational methods serve as 
potent molecular tools for investigating microbial 
communities, ARGs, and their interrelations across 
diverse samples, eliminating the need for isolating pure 
cultures [20]. Through high-throughput sequencing-
based metagenomics analyses using a CARD database, 
263 CARD AROs belonging to 31 drug classes were 
identified. The majority of the top 30 AROs exhib-
ited resistance to a single drug class, with the excep-
tion of adeF, qacG, ErmB, Erm(35), ErmF, and tet(X), 
which conferred resistance to disinfecting agents and 
antiseptics, fluoroquinolones, glycylcyclines, lincosa-
mides, macrolides, streptogramins A and B, and tet-
racycline (Table  S7). Overall, there was no significant 
disparity in the abundance of AROs between the two 
groups (Fig. 6A). Notably, the abundance of ARO adeF, 
an efflux pump conferring resistance to fluoroqui-
nolones and tetracyclines, was significantly increased 
in ICU staff compared to non-medical controls. Con-
versely, the overall abundance of specific AROs, includ-
ing Tet(t) (resistant to tetracycline via antibiotic target 
protection), Tet(40) (resistant to tetracycline through 
efflux pump mechanisms), dfrF (resistant to diami-
nopyrimidines by antibiotic target replacement), and 
vanU_in_vanG_cl (resistant to glycopeptides due to 
antibiotic target alteration), was decreased in ICU staff, 
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Fig. 4  Comparison of virulence factors from gut microbiomes between ICU staff and non-medical controls. A Heatmaps depict virulence 
categories aligned from the Virulence Factor Database (VFDB) within gut microbiomes across the entire population (both genders included) 
of intensive care unit (ICU) staff and non-medical controls, as well as comparing gender-specific subgroups within each cohort (D). B Comparison 
of virulence categories between the entire populations of both groups, and within gender-specific subsets within each cohort (E). C Heatmaps 
and comparative analysis illustrate key functions of VFDB across the entire populations of both groups, as well as within gender-specific subgroups 
within each cohort (F). Boxplots represent the interquartile range (IQR) between the first and third quartiles, with the midline indicating the median. 
*P < 0.05, **P < 0.01, ***P < 0.001; ns, not significant
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particularly among males, compared to non-medical 
controls. Additionally, the abundance of ARO dfrF was 
also significantly decreased in female ICU staff com-
pared to non-medical female controls. Furthermore, a 
notable decline in the presence of AROs tet(O) (resist-
ant to tetracycline via antibiotic target protection) 
and nimJ (resistant to nitroimidazoles via antibiotic 

inactivation) was exclusively observed among male ICU 
staff, in contrast to non-medical male controls (Fig. 6B, 
C).

The bacteria Parabacteroides distasonis and Bacte-
roides fragilis, harboring ARGs, exhibited significantly 
elevated levels in ICU staff, particularly among males, 
compared to non-medical controls. Conversely, other 

Fig. 5  Differences in virulence factors from nine drug-resistant bacterial species in the gut microbiomes among the Top 20 most common 
antibiotic-resistant bacteria in China between ICU staff and non-medical controls. Boxplots represent the interquartile range (IQR) between the first 
and third quartiles, with the midline indicating the median. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001

Fig. 6  Variations in the composition and abundance of AROs detected by CARD between ICU staff and non-medical controls. A Comparison 
of the total abundance of antibiotic resistance ontologies (AROs) between intensive care unit (ICU) staff and non-medical controls. B Comparison 
of the abundance of the top 30 abundant AROs across the entire population (encompassing both genders) of the two groups, as well 
as between gender-specific subgroups within each cohort (C). D Comparison of the top 30 abundant bacteria harboring AROs across the entire 
population of the two groups, as well as within gender-specific subgroups within each cohort (E). F Heatmaps depict the six drug-resistant 
bacterial species among the top 20 most common antibiotic-resistant bacteria in China across the total population (inclusive of both genders) 
of the two groups, further differentiated between gender-specific subgroups within each cohort (H). G Comparison of the abundance of six 
drug-resistant bacterial species across the entire populations of the two groups, as well as among gender-specific subgroups within each cohort 
(I). J–O Circle maps illustrate the attribution analysis of AROs and bacterial species among various groups: ICU staff (J), non-medical controls (K), 
female ICU staff (L), male ICU staff (M), non-medical female controls (N), and non-medical male controls (O). The inner circle depicts the distribution 
of AROs within each species, while the outer circle outlines the species distribution of all sample genes within the respective group. Boxplots 
represent the interquartile range (IQR) between the first and third quartiles, with the midline indicating the median. *P < 0.05, **P < 0.01, ***P < 0.001, 
****P < 0.0001; ns, not significant

(See figure on next page.)
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bacteria carrying ARGs, namely Dorea longicatena 
and Blautia obeum, displayed notably decreased abun-
dance in ICU staff, including both male and female sub-
sets. Specifically, Siphoviridae sp. showed a significant 

reduction exclusively among male ICU staff relative to 
non-medical male controls. Anaerostipes hadrus was 
also significantly decreased in ICU staff, with a particu-
lar emphasis on male ICU staff, relative to non-medical 

Fig. 6  (See legend on previous page.)
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controls. Coprococcus comes was less abundant in ICU 
staff compared to non-medical controls. Furthermore, 
Bifidobacterium longum, Bifidobacterium pseudocatenu-
latum, and Bifidobacterium adolescentis exhibited sig-
nificantly reduced abundance in ICU staff, particularly 
among females, when compared to non-medical controls 
(Fig. 6D, E, Table S7).

For specific antibiotics, overall, no discernible differ-
ence was observed in the relative abundance of AROs 
between the two groups. The relatively low abundance of 
AROs conferring resistance to oxazolidinone in ICU staff, 
particularly among females, compared to non-medical 
controls, suggests that any increase in their prevalence 
is of minimal significance (Fig.  S5A; Table  S8). Never-
theless, male ICU staff exhibited a lower abundance of 
AROs conferring resistance to both streptogramin A and 
streptogramin B compared to non-medical male controls 
(Fig. S5B).

Among the top 20 drug-resistant bacterial species 
reported in the ’Antimicrobial Resistance Profile of Clini-
cal Isolates in Hospitals Across China: Report from the 
CHINET Antimicrobial Resistance Surveillance Pro-
gram, 2023’ [19], only six drug-resistant bacterial spe-
cies were detected in our analyzed samples: Escherichia 
coli, Klebsiella pneumoniae, Staphylococcus aureus, Ente-
rococcus faecium, Enterococcus faecalis, and Klebsiella 
aerogenes (Fig.  6F, G; Table  S9). Remarkably, ICU staff, 
particularly female staff, exhibited lower levels of Entero-
coccus faecium compared to non-medical controls. How-
ever, no significant differences were observed between 
the two groups for the other five drug-resistant bacterial 
species across both genders (Fig. 6H, I).

Correlation between AROs and microbial communities
The occurrence of AROs generally correlates with the 
structure and composition of bacterial communities. 
Therefore, this study also examined the correlation 
between bacterial community structure and ARO pro-
files. Firmicutes and Bacteroidetes were the two predomi-
nant phyla in antibiotic-resistant bacteria among samples 
collected from ICU staff and non-medical controls, irre-
spective of gender (Fig. 6J–P).

Discussion
Research utilizing 16S rRNA amplicon sequencing has 
demonstrated differences in the gut microbiome between 
ICU staff and non-medical controls [6]. Our study reveals 
distinct gut microbiome diversity, composition, phe-
notypes, and functions in ICU staff through metagen-
omic sequencing. Gender-based discrepancies are also 
observed.

Microbial communities are essential for sustain-
ing healthy ecosystems. In our study, ICU staff 

exhibited reduced gut microbiome diversity, with 
lower levels of Actinobacteria and higher levels of 
Bacteroides/Bacteroidaceae. Both genders showed 
decreased gut microbiota abundance. Actinobacteria, 
a key phylum, produce diverse secondary metabolites 
that maintain gut homeostasis, regulate immunity, and 
generate antibiotics, antifungals, and anticancer com-
pounds [21–23]. Specifically, Bifidobacteria, a genus 
within Actinobacteria, contribute to gut barrier main-
tenance through the production of SCFAs like acetate 
and butyrate [21]. Butyrate positively correlates with 
increased expression of the MUC2 gene, which encodes 
a mucin glycoprotein essential for forming the mucous 
layer and maintaining the intestinal barrier [24]. Among 
alcohol-dependent individuals, increased intestinal per-
meability is associated with reduced Bifidobacteria levels 
[25]. Lower Bifidobacteria levels could increase gut per-
meability, facilitating LPS translocation into the blood-
stream [26]. Actinobacteria aid in carbohydrate and fatty 
acid metabolism, immunoinflammatory regulation, and 
the biodegradation of resistant starch [27–29]. Specifi-
cally, Bifidobacteria utilize GHs to hydrolyze glycosidic 
bonds, degrading plant-derived carbohydrates such as 
starch and polysaccharides [30–32]. They also convert 
linoleic acid into conjugated linoleic acids, which offer 
health benefits including anti-cancer, anti-atherosclero-
sis, anti-diabetes, and anti-obesity properties, as well as 
enhanced immunity [33, 34]. Actinobacteria, particularly 
Bifidobacteria, modulate immune responses by induc-
ing regulatory T-cells [35, 36], making them of signifi-
cant interest for probiotic applications [21]. Conversely, 
Bacteroides fragilis, a prominent gut bacterium, exhibits 
pro-oncogenic properties, competes for nutrients, con-
tributes to autoimmune disorders, and acts as a multi-site 
pathogen [37–41]. Disturbances in the gut microbiome 
may pose risks to ICU staff, evident from increased endo-
crine/metabolic risks, especially in females, and activa-
tion of cancer-related pathways as indicated by KEGG 
analysis.

ICU staff exhibited a higher prevalence of virulence 
factors linked to immune modulation (females), invasion 
(males), and antimicrobial activity (females), as revealed 
by VFDB analysis. Our study reveals that ICU staff with 
high GT activity may exhibit enhanced immune modu-
lation related to virulence, primarily through synthesiz-
ing bacterial components like Capsule, LPS, LOS, and 
O-antigen. Elevated levels of hybrid sensor histidine 
kinase/response regulators in ICU staff could enhance 
effector delivery via TTSS, crucial for virulence in Gram-
negative bacteria [42]. Pyoverdine from the gut microbi-
omes of ICU staff may translocate into the host, bind to 
iron, impair mitochondrial function, trigger mitophagy, 
and cause mitochondrial damage [43]. Elevated levels of 
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AslA from Escherichia coli in ICU staff may enhance the 
pathogen’s ability to cross the blood–brain barrier, poten-
tially leading to meningitis [44]. Increased expression of 
the efflux pump AcrAB from Klebsiella pneumoniae in 
ICU staff may contribute to antimicrobial resistance and 
pathogenesis [45, 46].

Variations in the diversity and composition of gut 
microbiomes among ICU staff may result in notable 
metabolic differences compared to non-medical controls. 
Specifically, ICU staff exhibited a substantial increase 
in glycan biosynthesis and metabolism, as evidenced 
by KEGG analysis. This was paralleled by a significant 
elevation in carbohydrate-active enzymes (including 
GHs, GTs, CEs, and PLs) in ICU staff, as annotated by 
CAZy. Notably, a particularly pronounced increase was 
observed in male ICU staff.

MDRO-infected individuals and carriers may pose a 
significant risk of spreading infection in ICUs, where 
ARGs may be promiscuously spread via various mech-
anisms. For example, carbapenem-resistant pOXA-
48 plasmids could transfer both between and within 
patients, primarily mediated by ST11 Klebsiella pneu-
moniae. This strain could colonize patients and transfer 
the plasmid to other Enterobacteriaceae species, includ-
ing Escherichia coli, Citrobacter freundii, and Enterobac-
ter cloacae [7]. Super-spreaders of carbapenem-resistant 
Enterobacteriaceae exist, with frequent pOXA-48 trans-
mission observed in specific wards and single rooms 
within wards [7]. Despite differences in gut microbiome 
diversity, our study found no significant overall difference 
in ARG abundance between ICU staff and non-medical 
controls. However, male ICU staff exhibited higher lev-
els of adeF but lower levels of tet(t), tet(40), dfrF, and 
vanU_in_vanG_cl. No significant difference in antibiotic 
resistance based on gut microbiome resistance genes 
was observed between groups. Nevertheless, ICU staff 
showed significantly increased abundances of Bacteroides 
fragilis carrying ARGs. Bacteroides could cause intra-
abdominal infections and bacteremia due to compro-
mised intestinal walls [37, 47, 48]. Additional potential 
infections caused by Bacteroides include skin, respiratory, 
and cerebral abscesses [37, 48, 49].

Intestinal dysbiosis could influence the development of 
enterogenic sepsis and lung infections [50–52]. Among 
the top 20 antibiotic-resistant bacteria identified in the 
CARD 2023 [19], six were detected in both ICU staff 
and non-medical controls. Notably, Enterococcus fae-
cium levels were reduced in ICU staff, particularly among 
females. Among the 20 most prevalent drug-resistant 
infections, there was a significant increase in virulence 
factors originating from various pathogens in ICU staff. 
These include LPS, Phospholipase C, the HemO clus-
ter, and Ata from Acinetobacter baumannii; AslA from 

Escherichia coli; HxuABC from Haemophilus influenzae; 
AcrAB from Klebsiella pneumoniae; LPS, Pyoverdine, 
and Flagella from Pseudomonas aeruginosa; and CbpA/
PspC and PsaA from Streptococcus pneumoniae. Surpris-
ingly, virulence factors derived from Acinetobacter bau-
mannii were exclusively found in ICU staff. Among these 
virulence factors, Phospholipase C facilitates bacterial 
invasion, while Ata plays a key role in adhesion to host 
matrices and membranes (Table  S10). Nevertheless, the 
current study employing metagenomics and strain-level 
identification cannot definitively ascertain the transmis-
sion dynamics of ARGs. It remains unclear whether the 
transfer of ARGs occurs between patients, within indi-
vidual patients, or between patients and ICU staff.

Limitations
This study has several limitations. First, the lack of a 
longitudinal design prevents establishing temporal vari-
ations in gut microbiomes between ICU staff and non-
medical controls. Second, while distinct taxonomic and 
functional features were observed, metagenomic func-
tional analysis, though superior to 16S rRNA amplicon 
sequencing, could not elucidate causal relationships or 
assess long-term health implications. Third, the limited 
sample size, especially when stratified by gender, may 
weaken statistical power and increase the risk of Type 
II errors. Additionally, the study included only healthy 
ICU staff from a single center and 39 healthy non-med-
ical individuals, potentially introducing selection bias. 
Another limitation is the exclusive focus on fecal sam-
ples, neglecting other microbiota sources like oral, skin, 
or urinary tract samples. The exclusion of medical work-
ers from general wards also limits the comparison of gut 
microbiota composition and function. Lastly, the absence 
of environmental samples related to the ICU environ-
ment adds another limitation.

Conclusions
This study reveals that ICU staff exhibit reduced gut 
microbiome diversity, elevated levels of virulence fac-
tors (especially from drug-resistant bacteria), increased 
carbohydrate-active enzymes, and higher risks of endo-
crine/metabolic diseases and cancer, with notable gen-
der-specific variations. Notably, no significant difference 
in ARG abundance was observed between ICU staff and 
non-medical controls. Monitoring and enhancing the gut 
microbiomes of ICU staff is imperative. Healthcare pro-
fessionals, particularly those in ICUs, should urgently 
prioritize their personal health.
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