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Abstract

Gut microbiota is associated with a variety of diseases, but its relationship with severe pneumonia remains to be explored. This study
primarily analyzed the intestinal microbiota of patients with severe pneumonia and examined its association with clinical data. We col-
lected clinical data from 96 patients with severe pneumonia for differential analysis and identified prognostic factors using logistic regres-
sion. Fecal samples from patients with severe pneumonia and healthy controls were collected and analyzed using 16S rRNA sequencing.
We applied three machine learning algorithms (LASSO, Random Forest, and SVM) to identify microbial markers associated with severe
pneumonia. The patients were grouped by “discharge status”. Significant differences were observed in age (p = 0.025), total length of hospi-
tal stay (p < 0.001), and C-reactive protein (CRP) (p < 0.001). Logistic regression analysis identified age (p = 0.024) and total hospital stay
(p < 0.001) as factors influencing the likelihood of improvement and discharge. Diversity analysis of collected stool samples revealed
differences between the two groups. LDA Effect Size (LEfSe) analysis highlighted significant microbial differences at various taxonomic
levels between the two populations. Three machine learning algorithms identified 9 microbial markers for severe pneumonia. A diagnostic
prediction model was constructed, with an area under the Receiver Operating Characteristic (ROC) curve of 0.969 (95% CI: 0.946-0.992).
Patients with severe pneumonia exhibit unique intestinal microbiota characteristics, which may be regulated by age and total length of

hospital stay, thereby influencing the disease’s prognosis.
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Introduction

Severe pneumonia (SP) is a critical pulmonary in-
fection caused by various pathogens, often accompa-
nied by complications such as acute respiratory failure
and multiple organ dysfunction, which consequently
lead to high mortality and disability risks (Torres et al.
2021). In recent years, researchers have been consis-
tently investigating the diverse factors influencing lung
infections in clinical practice, with particular focus on
risk factors associated with malnutrition in pneumonia
patients. Findings have indicated that factors such as
obesity and advanced age exert a significant influence
on the susceptibility to severe pneumonia (Silverio et
al. 2021). Elucidating the specific pathways through
which these factors influence the pathogenesis and
progression of pneumonia remains a question worthy
of in-depth exploration. Previous investigations have
demonstrated that host-related factors, such as obesi-
ty and age, can modulate the human microbiota, dis-
rupt host immune homeostasis, and thereby contrib-
ute to disease development (Honarpisheh et al. 2022).
The human body harbors a microecosystem character-
ized by a diverse composition, in which the microbi-
ota, comprising bacteria, viruses, and fungi, inhabits
various anatomic sites throughout the body, notably
the lungs and gut (Hashimoto 2023).

The lung microbiota has been found to be associ-
ated with a substantial number of pulmonary diseas-
es. Tian et al. (2024) recognized that respiratory tract
microbiota-based interventions hold promise for revo-
lutionizing asthma management. Budden and Romani
(2025) through an analysis of the regulatory roles of re-
spiratory tract microbiota in pneumonia, lung cancer,
and chronic obstructive pulmonary disease (COPD),
further concluded that microbiota-targeted therapeu-
tic approaches are feasible. These studies suggest that
the lung microbiome may modulate pulmonary in-
flammation; however, the specific mechanisms under-
lying this remain to be elucidated. Additionally, wheth-
er this microbiota is associated with the gut microbiota
remains inconclusive.

Compared to the lung microbiome, the gut micro-
biota has long been the focus of extensive research due
to its high relative abundance and species diversity, and
has been more thoroughly investigated to elucidate its
mechanistic roles. Accumulating evidence demon-
strates that gut microbiota dysbiosis is closely associ-
ated with the onset and progression of diverse patho-
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logical conditions, including common gastrointestinal
disorders such as inflammatory bowel disease (Qiu et
al. 2022) and colorectal cancer (Wong and Yu 2023),
as well as systemic diseases such as obesity (Gomes et
al. 2018), diabetes (Tatcu et al. 2021), and rheumatoid
arthritis (Zhao et al. 2022).

Studies have demonstrated that the use of compos-
ite probiotic formulations in the treatment of pneu-
monia patients can effectively improve prognosis and
accelerate recovery (Gutiérrez-Castrellon et al. 2022).
With the identification of the impact of gut health on
pulmonary immunity, the concept of the “gut-lung
axis” has garnered significant attention. Intestinal mi-
crobiota exert both local effects within the gastrointes-
tinal tract and distal influences on distant organs, such
as the lungs. This bidirectional interaction, termed the
“gut-lung axis’, serves as the foundational mechanism
underlying the use of the microbiome in the preven-
tion or treatment of respiratory diseases (Bulanda and
Wypych 2022). In recent years, dysbiosis of the gut mi-
crobiota has been considered to play a key role in the
occurrence, progression, and prognosis of pneumonia
(Nagata et al. 2023). These findings provide important
insights for further exploration of the mechanisms of
the gut-lung axis. Patients with pulmonary diseases
are frequently associated with dysbiosis, which is char-
acterized by the over proliferation of pathogenic bac-
teria and a reduction in beneficial bacteria. This dys-
biotic state may exacerbate pulmonary inflammatory
responses and potentially influence clinical outcomes
(Li et al. 2024). In severe pulmonary infections, alter-
ations in the gut microbiota are recognized as a critical
factor contributing to immune dysfunction, excessive
inflammatory activation, and a poor prognosis (Yang
and Cong 2021). The gut and lung engage in bidirec-
tional interactions via multiple mechanisms, includ-
ing circulating inflammatory cells and mediators, the
intestinal barrier, oxidative stress, immune responses,
and other related processes (Wang et al. 2023).

The current research is increasingly focusing on
exploring the relationship between the gut microbiota
and pneumonia. However, studies on the gut microbi-
ota in patients with severe pneumonia remain relative-
ly limited. This study aims to analyze gut microbiota
characteristics in patients with severe pneumonia us-
ing a machine learning algorithm and to discuss po-
tential correlations between gut microbiota and clini-
cal prognosis in this population.
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Experimental
Materials and Methods

Study population. Severe pneumonia patients di-
agnosed at Rongshui County People’s Hospital between
September 2022 and May 2023 were selected, and 105
volunteers were included as healthy controls. Fecal
samples and clinical data from the study population
were then collected. Inclusion criteria: i) The disease
group should meet the diagnostic criteria for severe
pneumonia, as detailed in Table SI; ii) The age of the
host in each group is over 18 years old; iii) The clinical
data of the disease group is complete, and all groups
have signed the consent form. Exclusion criteria: 1)
Malignant tumors; ii) Pregnant or lactating women;
iii) History of immunodeficiency; iv) History of signif-
icant disease. After screening, 96 patients with severe
pneumonia and 105 volunteers were included for fecal
intestinal microbiota analysis. This study has obtained
ethical approval from the Medical Ethics Committee
of Rongshui Miao Autonomous County People’s Hos-
pital (approval number: rsry-11-2025-03) and has been
strictly conducted in accordance with the principles
outlined in the Declaration of Helsinki.

Intestinal microbiota sequencing. Morning fecal
samples (10 g) were collected from patients with severe
pneumonia and healthy controls enrolled in the study.
Total bacterial genomic DNA samples were extract-
ed, and the quantity and quality of the extracted DNA
were measured, respectively.

The V4 region of the bacterial 16S rRNA gene was
amplified via PCR. Library construction was performed
using the TruSeq' DNA PCR-Free library preparation
kit (Illumina, Inc., USA). Then, Qubit quantification
was performed to assess library quality, and only li-
braries that passed quality control were sequenced on a
NovaSeq™ 6000 platform (Illumina, Inc., USA).

Raw sequencing reads with exact matches to the
barcodes were assigned to respective samples and
identified as valid sequences. The low-quality se-
quences were filtered (Gill et al. 2006; Chen and Jiang
2014). Paired-end reads were assembled, then Opera-
tional Taxonomic Unit (OTU) picking using Vsearch
v2.15.0 (Rognes et al. 2016). The Quantitative Insights
Into Microbial Ecology QIIME2 v2020.6 (Bolyen et al.
2019) pipeline was employed to process the OTUs and
sequencing data. OTU taxonomic classification was
conducted by searching the representative sequences
set against the SILVA138 database (Quast et al. 2013).

An OTU table was generated to record the abundance
of each OTU in each sample and its taxonomy.

Subsequently, data clustering was performed at the
OTU level. Taxonomic annotation was conducted for
representative sequences of each OTU, followed by
evaluation of species richness and diversity within the
samples. Alpha and beta diversity analyses were further
carried out for the gut microbiota to assess differences
in microbial community composition and structure
across samples (The detailed version of the intestinal
microbiota sequencing can be found in Supplementary
Information S1).

Machine learning method. In this study, we uti-
lized R (v4.4.1; R Core Team 2024) for LASSO ma-
chine learning analysis, random forest (RF) analysis,
and support vector machine (SVM) analysis to identify
the core intestinal microbiota associated with severe
pneumonia patients. First, we used the glmnet pack-
age for LASSO regression, setting the random seed to
“123” and employing mean squared error as the model
evaluation metric. The optimal A value (the minimum
A value) was determined using 5-fold cross-validation,
yielding 0.073, corresponding to the best model. Next,
the LASSO model was refitted, and the coeflicients
corresponding to the minimum A value were identified
by observing changes in the coefficients across differ-
ent A values. The indices of the non-zero coefficients
were identified, and the functional bacterial genera
were screened. Finally, the names of the bacterial gen-
era with non-zero coeflicients and their correspond-
ing coefficient values were extracted. Subsequently,
the randomForest package was used for RF analysis to
assess the importance of bacterial genera and identify
the bacteria with the most tremendous impact. Next,
SVM analysis was conducted using the e1071 package
to identify the core bacterial genera based on this an-
alytical approach. Finally, by intersecting the results
from LASSO, RFE, and SVM analyses, the core bacterial
genera most strongly associated with SP were identi-
fied, providing a foundation for subsequent biomarker
studies.

Statistical methods. All data were analyzed by
IBM SPSS Statistics for Windows v27.0 (IBM Corp.,
USA), R language v4.4.1, GraphPad Prism 9 software
(www.graphpad.com). The mean value + standard
deviation (Mean + SD) was used to express the data,
and the t-test or Mann-Whitney U test was used for
inter-group comparison; the frequency and percentage
were used to express the data, and the chi-square test
was used for inter-group comparison. A p-value < 0.05
was considered statistically significant.
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Results

Clinical characteristics of the severe pneumonia
population. In this study, 96 patients with SP were
included for clinical data analysis. Among them, 45
patients were discharged after improvement, and 51
patients were discharged without improvement. Ac-
cording to the statistical analysis of clinical data dif-
ferences, it can be seen from Table I that the age of
patients with SP in the improved discharge group was
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significantly lower than that in the non-improved dis-
charge group (p = 0.025). The total length of stay of
patients in the improved discharge group was signifi-
cantly longer than that of patients in the non-improved
discharge group (p < 0.001). In addition, the C-reactive
protein (CRP) levels of patients in the non-improved
discharge group were significantly elevated (p < 0.001).
When the body is stimulated by infections, inflamma-
tion, or tissue damage, CRP in the blood will rise rap-
idly. This accurately reflects the poor discharge status

Table I
Comparison of clinical data between the improved discharge group and the non-improved discharge group.
Item Improved( I(liiicil;)rge group Non—;;:)}:;\gld:d;slc)harge U »
Gender 0.435 0.510
Male 28 35
Female 17 16
Age 64.577 £ 15.878 71.804 + 15.277 -2.270 0.025
Total length of hospital stay 14.533 + 4.283 7.686 + 6.351 6.108 <0.001
APACHE II score 24.133 £5.880 26.520 £ 7.393 -1.728 0.087
Past history
Hypertension 0.996 0.318
Yes 21 29
No 24 22
Diabetes 2.438 0.118
Yes 13 8
No 32 43
Coronary disease 0.269 0.604
Yes 7 10
No 38 41
Personal history
Smoke 0.041 0.840
Yes 15 18
No 30 33
Excessive drinking 1.226 0.268
Yes 12 19
No 33 32
Test results
WBC (x10°/1) 14.706 + 6.293 14.020 + 9.545 0.402 0.689
N (%) 85.491 +9.472 82.269 £ 17.070 1.100 0.274
HGB (g/1) 98.591 + 40.885 99.522 + 35.780 -0.117 0.907
PLT (x10°/1) 224.767 £ 116.618 201.880 + 133.020 0.875 0.384
CRP (mg/l) 61.623 + 55.878 128.030 + 75.944 -4.293 <0.001
INR 1.196 + 0.436 1.241 £ 0.442 -0.493 0.623
Alveolar lavage fluid
Gram-Negative bacillus 0.178 0.673
+) 24 25
-) 21 26




2 Preliminary exploration of the lung-gut axis

of patients who did not improve. We then proceeded
to use “whether the patient was discharged after im-
provement” as the dependent variable, with clinical
characteristic indicators related to severe pneumo-
nia patients, such as gender, age, total length of stay,
APACHE II score, past history (hypertension, diabetes,
coronary disease), personal history (smoke, excessive
drinking), and relevant test results, as independent
variables. Logistic regression analysis was performed,
and the assignment details are shown in Table IIL
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Through univariate and multivariate logistic regression
analyses, we identified age (p = 0.031) and total hospi-
tal stay (p < 0.0001) as significant factors influencing
the outcome in patients with severe pneumonia. As
shown in the results of Table III, increasing age (OR
=0.970, 95% CI: 0.942-0.996) was found to be a risk
factor for discharge after improvement in severe pneu-
monia patients, while a more extended total hospital
stay (OR = 1.255, 95% CI: 1.147-1.398) was identified
as a protective factor for discharge after improvement.

Table IT
Assignment method.

Variable

‘ Assignment

Dependent variable

Whether the patient was discharged after improvement

‘No=0,Yes=l

Independent variable

Gender Female = 0, Male = 1

Age Substitute the original value
Total length of stay Substitute the original value
APACHE II score Substitute the original value
Hypertension No=0, Yes=1

Diabetes No=0, Yes=1

Coronary disease No=0, Yes=1

Smoke No=0, Yes=1

Excessive drinking No=0, Yes=1

WBC (x10°/1) Substitute the original value
HGB (g/l) Substitute the original value
PLT (x10°/1) Substitute the original value
CRP (mg/l) Substitute the original value

Gram-Negative bacillus

«_» _ 0) <z+>> -1

Analysis of bacterial characteristics in severe
pneumonia patients. To compare gut microbiota be-
tween patients with severe pneumonia and healthy
controls, this study collected fecal samples from both
groups and analyzed microbial community diversi-
ty using 16S rRNA sequencing. Statistical analysis
showed no significant differences in age or gender
between the two groups (Table SII). Fig. 1A-1F pres-
ents the a-diversity analysis of patients with severe
pneumonia, where the Richness, Chao 1, and Ob-
served Species indices were significantly higher than
those in the healthy control group (p = 0.017). These
indices suggest potential alterations in the gut micro-
biota of patients with severe pneumonia. Subsequent
principal component analysis (PCA) and principal
coordinate analysis (PCoA) revealed partial differenc-
es in the clustered distribution patterns of microbial

communities between the disease and control groups,
further indicating potential discrepancies in microbial
community distribution between the two groups (Fig.
1G-1H).

To further analyze the composition of intestinal
microbiota in patients with SP, we selected the top 10
microorganisms ranked by relative abundance in both
patients with SP and healthy individuals for compari-
son. We found that there were significant differences
in microbial composition between the two groups of
fecal samples at the level of phylum, class, order, family,
genus, and species (Fig. 2A-2F). At the phylum level,
compared to the healthy population, severe pneumo-
nia patients exhibited a reduced relative abundance of
Firmicutes and Bacteroidota, and an increased relative
abundance of Proteobacteria and Actinobacteriota in
their gut microbiota. At the genus level, the healthy
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Table IIT

Logistics regression analysis of clinical data of severe pneumonia patients.

Relevant parameter

Single factor Logistics analysis

Multi-factor Logistics analysis

Correlative factor
I o .
mproved dis Non improved OR 95%ClI » OR 95%ClI p
charge group | discharge group
Gender
Male 28 35 0.753 0.321-1.753 0.510
Female 17 16
Age
<55 10 7 0.970 0.942-0.996 0.031 0.963 0.931-0.994 0.024
> 55 35 44
Total length of hospital stay
<14 25 44 1.255 1.147-1.398 | <0.001 1.262 1.151-1.410 | <0.001
> 14 20 7
IAPACHE II score 24.133 £5.880 | 26.520 +7.393 0.947 0.886-1.007 0.091
Past history
IHypertension
Yes 21 29 0.664 0.294-1.483 0.319
No 24 22
Diabetes
Yes 13 8 2.184 0.822-6.112 0.123
No 32 43
Coronary disease
Yes 7 10 0.755 0.251-2.166 0.604
No 38 41
Personal history
Smoke
Yes 15 18 0.917 0.391-2.134 0.840
No 30 33
Excessive drinking
Yes 12 19 0.612 0.251-1.451 0.270
No 33 32
Test results
WBC (x10°/1) 14.706 £ 6.293 | 14.020 £ 9.545 1.010 0.961-1.064 0.685
HGB (g/.) 98.591 + 40.885| 99.522 + 35.780 0.999 0.989-1.010 0.906
224.767 +
PLT (x10°/1) 201.880 + 133.020 1.001 0.998-1.005 0.381
116.618
CRP (mg/l) 61.623 + 55.878|128.030 + 75.944 0.990 0.978-1.001 0.074
Alveolar lavage fluid
Gram-negative bacillus
(+) 24 25 1.189 | 0.533-2.666 | 0.673
) 21 26




Dim2 (5.6%)

-10-

SP NC

PCA

1

1

1

1

:

| !

0 10 20 30

Dim1 (6.5%)

SP NC

C

115

Chao 1

15000 = o SP
: A NC
[ ]
10000 E
R
"
.:E:&
° 4aa2 2.4
5000 -'r&n \dakast 4,
o338 vy
T H anghhy
HRH
0 2
T T

0.4+

0.2+

0.0

Pielou

0.6534 e SP

| Al A NC

s
aana
oo
ida

A A
At

:
adaranad, A
A
AL

y
Y
I YYYY

2 Preliminary exploration of the lung-gut axis
A Shannon B Simpson
0.3579 e SP 157 e SP
47 A NC A NC
0.1541
3= I I
1.0+ v -
2+ = T
o E
0.5+ . ‘
1 - L]
0 i T 0.0 1 1
SP NC SpP NC
D obs E Richness
200- e SP 200- e SP
0.0168 A NC 0.0168 A NC
150 150+ |
100 twitlissnn —-;ﬁh 100 Lttt |
50- :g.. A 50- A A
0 I I 0 T T

0.254

PCO2 (13.68%)
o
S

-0.254

-0.50

PCO1 (23.41%)

Fig. 1. Microbial diversity analysis of fecal samples. Analysis of a diversity (A-F) and B diversity (G-H) of intestinal microbiota in pa-
tients with severe pneumonia (SP) and normal controls (NC).
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Fig. 2. The microbial composition at different classification levels in fecal samples. Stacked plot of the relative abundances of the top 10
intestinal microorganisms at the phylum (A), class (B), order (C), family (D), genus (E), and species (F) levels. Cladogram (G) and LDA
bar plot (H) of microorganisms associated with fecal samples from patients with severe pneumonia and normal controls.

population exhibited a higher abundance of Bacteroi-
des, Faecalibacterium, Phascolarctobacterium, and Me-
gamonas in their gut microbiota. At the species level,
severe pneumonia patients had a gut microbiota with
higher abundances of Enterobacteriaceae and Bacteroi-
daceae.

Furthermore, LEfSe analysis revealed significant
differences in microbiota abundance at various taxo-
nomic levels between the two groups (Fig. 2G-2H).
These results indicate that the gut microbiota of pa-
tients with SP appears to differ from that of healthy in-
dividuals, providing important insights into the char-
acteristic microbiota of SP patients.

Machine learning methods were used to screen
for core microbial markers. To further identify intes-
tinal microbiota biomarkers specific to patients with
severe pneumonia, we employed 16S rRNA sequencing
to analyze fecal samples and applied multiple machine
learning algorithms to identify microbial biomarkers.

The regularization path plot (Fig. 3A) and cross-val-
idation error plot (Fig. 3B) of the LASSO algorithm
demonstrate that as the A value increases, both the
model’s feature coeflicients and the cross-validation
tend to converge to zero. In the RF algorithm, as the
number of decision trees increases, the model error
exhibits a rapid decline followed by stabilization (Fig.
3C). Additionally, we present the importance rankings
of the top 15 microbial biomarkers (Fig. 3D). Employ-
ing the 5-fold cross-validation methodology, the SVM
algorithm demonstrates a decreasing cross-validation
error rate alongside increasing accuracy, with the latter
stabilizing as the number of microbial biomarkers in-
creases (Fig. 3E-3F). Ultimately, the LASSO algorithm
identified 16 genera, the RF algorithm selected 23 gen-
era, and the SVM algorithm screened 101 genera.
Subsequently, we selected the genera that consis-
tently appeared across the microbial communities gen-
erated by all three algorithms, ultimately identifying
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nine microbial genera as characteristic markers for SP
patients (Fig. 4A). These nine characteristic microbi-
al markers were Finegoldia, Monoglobus, Mogibacte-
rium, Peptoniphilus, Campylobacter, Parasutterella,
Roseburia, Porphyromonas, and Faecalibacterium. The
correlation analysis revealed that these nine character-
istic microbial markers were not correlated with the
blood test parameters (Table SIII and SIV). Compar-
ing the microbial genus abundance between the two
groups, we observed that, compared to the healthy

LASSO

A
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group, the SP group had a reduced relative abundance
of Roseburia, Monoglobus, Faecalibacterium, and Para-
sutterella. In contrast, the relative abundance of Mogi-
bacterium, Campylobacter, Finegoldia, Peptoniphilus,
and Porphyromonas was increased (Fig. 4C-4K). We
constructed a diagnostic prediction model based on
the nine identified microbial genera and generated its
corresponding ROC curve (Fig. 4B). The area under
the curve (AUC) was approximately 0.969 (95% CI:
0.946-0.992). The model demonstrated 95.24% sen-
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sitivity and 91.49% specificity in diagnosing severe
pneumonia. This indicates that the microbiota-based
diagnostic prediction model performs well in diag-
nosing SP patients. Moreover, as characteristic gut mi-
crobial genera specific to SP patients, these microbial
communities are highly likely to play critical roles in
disease progression.

Discussion

Previous studies have demonstrated that interac-
tions between the host and gut microbiota can influ-
ence the occurrence and progression of diseases. Spe-
cifically, the host’s physiological status modulates the
homeostasis of the gut microbiota, while alterations
in gut microbial communities can indirectly affect
the host’s disease state through immune respons-
es (Marsland et al. 2015). In this study, we collected
clinical data from patients with severe pneumonia to
characterize the host’s physiological status and further
applied machine learning algorithms to analyze the
compositional features of the host’s gut microbiota. We
aimed to seek evidence of the interaction between the
intestine and the lungs, and to explore the mechanism
of the lung-intestine axis in severe pneumonia.

Our research has revealed that the diversity of the
intestinal microbiota in patients with SP has changed.
In the alpha diversity analysis, we found that the SP
group exhibited significantly higher values for Rich-
ness, Chaol, and Obs indices than the normal group.
This is a rather unique finding. This is because the body
is in an inflammatory state, leading to specific fluctua-
tions in the intestinal microbiota, increased species di-
versity (especially harmful bacteria), and thus a higher
alpha diversity trend compared to the normal group.
The B-diversity analysis also revealed differences in
species distribution between the two groups.

Using a machine learning algorithm, we screened
nine distinct gut microbiota compositions at the genus
level for characteristic microbial markers that could
identify patients with SP. The general trend in the rel-
ative abundance of these nine characteristic microor-
ganisms showed an increase in the relative abundance
of harmful bacteria, such as Finegoldia, Mogibacterium,
Peptoniphilus, Campylobacter, and Porphyromonas,
while the abundance of beneficial bacteria, such as
Monoglobus, Parasutterella, Roseburia, and Faecalibac-
terium, decreased. Previous studies have shown that
gut microbiota can play a role in resisting the devel-
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opment of disease-related inflammation in the body
(Pickard et al. 2017). For example, Faecalibacterium is a
genus associated with overall health, and its low abun-
dance is linked to the onset and progression of inflam-
mation (Martin et al. 2023). Porphyromonas has been
found to be associated with several systemic diseases,
including cardiovascular disease, Alzheimer’s disease,
and rheumatoid arthritis. Ju et al. isolated Parasutterel-
la from the core intestinal microbiome of mice, and
a series of characterization experiments demonstrat-
ed its significant role in metabolic processes, offering
valuable insights into host health metabolism (Ju et al.
2019). Campylobacter, one of the four leading causes
of gastroenteritis worldwide, plays a significant role in
promoting inflammation (Costa and Iraola 2019). Gou
et al. (2023) also found, through animal experiments,
that intestinal pathogens, including Campylobacter
and Peptoniphilus, could be depleted after drug inter-
vention, thereby reducing intestinal inflammation and
protecting the intestinal barrier. Therefore, we specu-
late that the microbial marker identified in this study
using machine learning algorithms will help alleviate
inflammation in severe pneumonia.

Previous studies have focused on various compli-
cations of pneumonia, including cardiac involvement.
Xu et al. (2020) found that elevated CRP levels, ad-
vanced age, underlying comorbidities, and the severity
of COVID-19 were the main risk factors for cardiac
involvement in patients with COVID-19. Tsuchihashi
et al. (2021) analyzed the relationship between clini-
cal characteristics of novel coronavirus infection and
severe outcomes and found that advanced age, male
sex, and underlying disease were associated with se-
vere outcomes. Similarly, our study collected clinical
data for logistic regression and found that age and the
total length of hospital stay were significant predictors
of recovery and discharge in patients with severe pneu-
monia.

Among them, age is a significant risk factor for
recovery and discharge in patients with severe pneu-
monia, indicating that older patients are less likely
to recover and be discharged. Previous studies have
shown that the elderly population has notable differ-
ences compared to younger individuals in immune
system function, metabolic capacity, and gut microbi-
ota stability (Yu et al. 2024). As individuals age, im-
mune function gradually declines, and the abundance
of probiotics in the gut microbiome decreases (Vemuri
et al. 2018), which may reduce the body’s ability to re-
sist pneumonia. In this study, the total length of hospi-



120

tal stay was identified as a protective factor for patient
improvement and discharge from severe pneumonia.
This may be because a more extended hospital stay
provides patients with more opportunities to receive
comprehensive treatment, including nutritional sup-
plementation, medication adjustments, physical thera-
pY, psychological support, and health education. These
interventions help maintain normal metabolism and
promote the body’s recovery process, including the
restoration of gut probiotics. This enables the timely
regulation of gut microbiota imbalances, contributing
to the patient’s recovery and meeting the discharge cri-
teria. Furthermore, the target population of this study
comprises patients with severe pneumonia, who re-
quire an extended treatment and recovery period. A
longer hospital stay may reflect timely intervention
and monitoring, offering patients more opportunities
for recovery and increasing their chances of meeting
the discharge criteria, despite the severity of their con-
dition.

This study investigated the correlation between
gut microbiota characteristics and severe pneumo-
nia patients, though several limitations remain. First,
the research was conducted at a single center with all
samples collected from the same location. All machine
learning analyses were performed on a single dataset,
which significantly limits the study’s generalizability
and carries the risk of overfitting. Second, mild cases
were excluded because the project primarily focused
on critical care patients, leading to insufficient analy-
sis of microbial profiles in these cases. Third, the lack
of clinical test data from healthy controls prevented us
from identifying differences in clinical factors between
patients and healthy individuals.

Although grouping based on “Whether improved
and discharged” could provide some evidence for the
research, further improvement in the health control
group testing is still necessary in subsequent studies.

When establishing a diagnostic prediction model,
other risk factors, such as genetic and clinical indica-
tors, were not included in the analysis, and the disease
prediction based solely on the nine core microbial
markers selected still has some errors. Additionally,
changes in gut microbiota are influenced by multiple
factors, including antibiotic use, dietary habits, and
gastrointestinal disorders.

Future studies should incorporate samples from
more centers to refine machine learning results. If pos-
sible, Blood samples from healthy populations should
be collected for testing, and multi-center cohort stud-
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ies should further explore causal relationships between
gut microbiota and blood test indicators. Furthermore,
precise microecological regulation remains a criti-
cal challenge for improving patient outcomes. Future
research could explore probiotics, prebiotics, or fecal
microbiota transplantation to restore gut balance and
enhance immune function, thereby improving clinical
outcomes in patients with severe pneumonia.

Conclusion

In summary, we identified a set of gut microbial
markers at the genus level that could effectively iden-
tify patients with severe pneumonia by using multiple
machine learning algorithms. Compared with the nor-
mal population, the intestinal microbiota of patients
with severe pneumonia has changed. By integrating
gut microbiota analysis with patients’ clinical profiles,
we explored the potential role of the microbiota in the
onset of the disease. Our findings will contribute to fu-
ture research on the gut-lung axis and provide valuable
insights for clinical diagnosis and treatment.
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