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Background: The microbial signatures in diabetes with pneumonia and the risk factors of severe 
pneumonia (SP) in diabetic patients are not clear. Our study explored microbial signatures and the 
association between clinical characteristics and SP then constructed a risk model to find effective biomarkers 
for predicting pneumonia severity. 
Methods: Our study was conducted among 273 patients with pneumonia diagnosed and treated in our 
hospital from January 2018 to May 2021. Bronchoalveolar lavage fluid (BALF) samples and clinical data 
were collected. Metagenomic sequencing was applied after extracting the DNA from samples. Appropriate 
statistical methods were used to compare the microbial signatures and clinical characteristics in patients with 
or without diabetes mellitus (DM).
Results: In total, sixty-one pneumonia patients with diabetes and 212 pneumonia patients without diabetes 
were included. Sixty-six differential microorganisms were found to be associated with SP in diabetic patients. 
Some microbes correlated with clinical indicators of SP. The prediction model for SP was established and the 
receiver operating characteristic (ROC) curve demonstrated its accuracy, with the sensitivity and specificity 
of 0.82 and 0.91, respectively.
Conclusions: Some microorganisms affect the severity of pneumonia. We identified the microbial 
signatures in the lower airways and the association between clinical characteristics and SP. The predictive 
model was more accurate in predicting SP by combining microbiological indicators and clinical 
characteristics, which might be beneficial to the early identification and management of patients with SP.
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Introduction

Diabetes mellitus (DM) is a metabolic disease characterized 
by chronic hyperglycemia. In recent years, the incidence 
and prevalence of DM have increased worldwide. Especially 
since early 2020, coronavirus disease 2019 (COVID-19) 
remains prevalent and carries metabolic sequelae increasing 
incident diabetes (1,2). About 537 million adults in the 
world suffer from diabetes (1 in 10 people). It is estimated 
that by 2045, the number will rise to 783 million (3).

Respiratory tract infection is a common infectious disease 
among diabetic patients, as pneumonia accounts for 26% 
of hospitalized patients with diabetes and 8% of the direct 
cause of death in the late stage of diabetes (4,5). There have 
been many studies on the etiology of diabetes complicated 
with pneumonia (6,7). But they routinely employed culture-
based techniques to identify lung pathogens. The approach 
of using a selective medium for specific pathogens is bound 
to bias towards known, previously encountered pathogens 
whereas novel, slow-growing or rare microorganisms may 
be left out (8). Molecular detection methods mostly rely 
on known sequences of pathogen nucleic acids or antigen-
antibody reactions (9,10). These traditional microbial 
detection methods have been unable to fully meet the needs 
of research. Therefore, the next-generation sequencing 
(NGS) technology with higher throughput, faster speed 
and lower cost has emerged and aroused our interest. The 

composition of pulmonary microbes is more closely related 
to the immunological state of the lungs (11). Pneumonia 
ecological models believe that the pulmonary microbiome 
rapidly changes from a homeostatic state to an ecological 
imbalance characterized by low microbial diversity, high 
microbial burden and host inflammation (12). It is well 
known that DM can affect the host immune response (13), 
and is strongly associated with systemic inflammation and 
oxidative stress, making individuals more susceptible to 
lung disease including pneumonia in DM patients (14,15). 
It is speculated that diabetes may also indirectly affect the 
pulmonary microbiome, so it is meaningful to study the 
changes of pulmonary microbiome composition in diabetes 
patients with pneumonia.

Some studies suggested that patients with diabetes had 
a higher risk of developing severe pneumonia (SP) (16-18). 
CURB-65 (confusion, urea, respiratory rate, blood pressure, 
age >65 years) and pneumonia severity index (PSI) are only 
suitable for assessing the general pneumonia population. 
The pneumonia prediction performance of diabetic 
patients is poor, and the area under the curve (AUC) is only 
0.655–0.727 (19,20). Therefore, exploring the correlation 
between lower respiratory tract microbial characteristics, 
clinical characteristics and SP, and constructing an effective 
combined biomarker early risk model for predicting SP 
may be beneficial to improve the prognosis of pneumonia 
patients, especially those with diabetes.

In this study, we compared the clinical and microbial 
characteristics of pneumonia patients with or without 
diabetes, and then performed a subgroup analysis of SP in 
the two groups. Finally, we proposed a risk model of SP 
using combined clinical and microbial markers, in which 
diabetes was also a key factor for early warning of SP. 
We present this article in accordance with the STROBE 
reporting checklist (available at https://jtd.amegroups.com/
article/view/10.21037/jtd-24-490/rc).

Methods

Study participants and data collection

From January 2018 to May 2021, 273 hospitalized adult 
patients with pneumonia at Ruijin hospital Affiliated to 
Shanghai Jiaotong University School of Medicine were 
consecutively recruited for this study. The study was 
conducted in accordance with the Declaration of Helsinki 
(as revised in 2013) and Good Clinical Practice Guidelines. 
This study was approved by the Ruijin Hospital Ethics 
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Key findings
•	 We identified the microbial signatures in the lower airways and the 

association between clinical characteristics and severe pneumonia. 

What is known and what is new? 
•	 It is well known that diabetes mellitus (DM) affects the host 

immune response, and is strongly associated with systemic 
inflammation and oxidative stress, making individuals with DM 
more susceptible to lung disease including pneumonia.

•	 We compared the clinical and microbial characteristics of 
pneumonia patients with or without diabetes, and then performed 
a subgroup analysis of severe pneumonia in the two groups. Finally, 
we proposed a risk model of severe pneumonia using combined 
clinical and microbial markers, in which diabetes was also a key 
factor for early warning of severe pneumonia.
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clinical and microbial markers, in which diabetes was also a key 
factor for early warning of severe pneumonia.
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Committee in Shanghai (No. 2017-205). All patients gave 
written informed consent. Patients were included according 
to the following inclusion criteria: (I) age ≥18 years; (II) 
clear diagnosis of pneumonia according to the Infectious 
Diseases Society of American (IDSA)/American Thoracic 
Society (ATS) guideline (21); and (III) complete baseline 
information available. Patients with a history of cancer or 
with an autoimmune disease, or those receiving intravenous 
steroids or immunosuppressant treatment or were excluded. 
According to past history or admission laboratory tests, 
pneumonia patients were divided into two groups: DM group 
and non-DM (NDM) group (Figure 1). Patients in the DM 
group included those with a clear history of type 2 diabetes 
mellitus (T2DM) and those newly diagnosed with T2DM 
based on laboratory tests at admission according to the 
American Diabetes Association (ADA) guidelines (22). The 
patients who met the diagnostic criteria for SP of the IDSA/
ATS were divided into SP group (21), and the rest were 
mild pneumonia (MP) group. Figure 1 showed the flow 
chart of this study. The differences in pneumonia severities, 
pathogen profiles, and clinical characteristics between 
patients with and without DM were first compared. Further, 
the bronchoalveolar lavage fluid (BALF) samples from 177 
patients which consisted of 137 patients without DM and 
40 patients with DM, were sequenced using metagenomic 
NGS (mNGS), and then the distinction in BALF microbial 
diversity and copy number variations (CNVs) in human 
genomes were analyzed between patients with and 
without DM. The reasons why the patients underwent 
bronchoscopy were explained in Appendix 1. Moreover, 
the model based on different kinds of signatures such 

as diabetes, were constructed for predicting pneumonia 
severity. The clinical data were collected at the time of 
admission including demographic data, complications, main 
symptoms, vital signs and laboratory tests (hematological 
data, biochemical parameters, inflammatory markers, blood 
coagulation indicators, etc.). 

Sample collection and DNA extraction

BALF sample was collected from each patient and a 5 mL 
BALF sample was placed in a sterile container and inactivated 
at 65 ℃ for 30 minutes. Then 500 µL sample and 1 g 0.5 mm 
glass beads were mixed in a 1.5 mL microcentrifuge tube on 
a vortex mixer and agitated vigorously at 2,800–3,200 rpm  
for 30 min. Then 300 µL of the supernatant was mixed 
with 0.2 ng of internal DNA control in another 1.5 mL  
microcentrifuge tube for DNA extraction. Extraction of 
DNA from the BALF sample was performed using the 
TIANamp Micro DNA Kit (DP316, Tiangen Biotech, 
Beijing, China) following the manufacturer’s instructions. 
Extracted DNA was applied for further DNA library 
construction. 

Library preparation and sequencing

The DNA library was constructed through several steps 
including DNA fragmentation, end-repair, adapter-ligation 
and polymerase chain reaction (PCR) amplification. The 
quality of the constructed DNA library was evaluated by 
Agilent 2100 (Agilent Technologies, Santa Clara, CA, 
USA) and Qubit 2.0 (Invitrogen, Waltham, MA, USA). 

Hospitalized patients with pneumonia 
admitted to Ruijin Hospital (n=273)

Patients with diabetes 
(n=61)

Patients without diabetes
(n=212)

Diabetic patients with mild 
pneumonia (n=41)

Diabetic patients with 
severe pneumonia (n=20)

Non-diabetic patients with 
mild pneumonia (n=181)

Non-diabetic patients with 
severe pneumonia (n=31)

BALF samples (n=40) BALF samples (n=137)

Figure 1 Study flow chart of this study procedure. BALF, bronchoalveolar lavage fluid.
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Based on the qualified double-strand DNA library, the 
single-stranded circular DNA library was further generated 
through DNA denaturation and circularization. Then 
DNA nanoballs (DNBs) were produced through rolling 
circle amplification (RCA). The qualities of DNBs were 
assessed by Qubit 2.0 (Invitrogen). Qualified DNBs were 
then sequenced on the MGISEQ-2000 platform (MGI, 
Shenzhen, China).

Analysis of microbiome and CNVs

DNA-seq raw data were first filtered by fastp, and then 
the filtered reads were aligned to the human genome 
(GRCh38) using HISAT2 (2.2.1 release) to remove 
human sequences. Based on the remained microbial DNA 
clean reads, the identifications of microbial species were 
conducted using Kraken2. Principal component analysis 
(PCA) was carried out with the ade4 R package. Microbial 
diversity Shannon index was analyzed by the vegan 
package in R v4.0.3. LDA effect size (LEfSe) analysis was 
performed to compare differences in microbial operational 
taxonomic units between different patient groups to 
explore microbial biomarkers. Figures (Figures 2-4 and 
Figures S1,S2) including the PCA plots, box plots and 
heatmap were created through the ggplot2 package in R 
v4.0.3. The filtered DNA clean reads were aligned to the 
human genome (GRCh38) by using BWA (version: 0.7.17-
r1188) (23) and further marked duplications by sambamba 
(version: 0.7.1). CNV in the human genome were detected 
by CNVkit (version 0.9.6.dev0) (24). The statistical 
significance was assessed by Fisher’s test.

Model construction

Several random forest (RF) models were built to distinguish 
SP cases from MP. In total, 177 cases were used, and the 
dataset was split into two sets including a training set 
and a testing set according to 7:3 ratio to train or test the 
model respectively. Firstly, least absolute shrinkage and 
selection operator (LASSO) regression was applied to all 
the cases to identify the most important markers from 
the less significant ones to prevent model overfitting. 
Markers were considered significant if they had a LASSO 
importance value greater than zero. Then the selected 
markers were used to build RF models for predicting SP. To 
test the predictive power of the RF models built, the AUC 
of the receiver operating characteristic (ROC) curve was 
calculated. The model prediction was performed ten times, 

and at each time the dataset was randomly split according to 
the 8:2 ratio. Therefore, model parameters may be different 
at each round of model training, thus ROC-AUC values 
obtained from ten rounds were averaged. Proper sensitivity 
and specificity values were also decided from the plotted 
ROC curves. Codes were written in R, and both LASSO 
regression and RF models were built using R caret package.

Statistical analyses

The difference in the ratio of patients with SP in diabetic 
and nondiabetic patients, the positive detection rate of 
pathogens, the preference in pathogen categories detected, 
and the dependences of pneumonia severity on pathogen 
categories, between diabetic and nondiabetic patients were 
examined by Fisher’s exact test. The pathogen profiles 
between DM and NDM groups were tested by the analysis 
of variance (ANOVA). Differences between groups in PCA 
plot were examined by pairwise permutational multivariate 
ANOVA (PERMANOVA). Comparisons of microbial 
diversity and abundance between two groups were assessed 
by Wilcoxon rank sum test (25). Correlations between 
microbial taxa and clinical characteristics or pneumonia 
severity were tested using Spearman correlation analysis. 
The spearman correlation coefficient (rho) >0.6 was 
regarded as a strong correlation between the independent 
variable and dependent variable. 

Results

The baseline information and clinical characteristics of 
pneumonia patients with or without DM 

Demographics, clinical characteristics and laboratory 
examinations of 273 patients with pneumonia were analyzed 
and summarized (Table 1). Patients in DM group were older 
than those in NDM group (P<0.001). DM group had a 
higher proportion of men and longer smoking history than 
the NDM group (P=0.03; P=0.03), with obvious differences. 
The body mass index (BMI) of pneumonia patients with 
DM was higher than that of patients without diabetes 
(P=0.001). The DM group had a higher proportion of 
patients admitted to intensive care unit (ICU) and receiving 
mechanical ventilation (P=0.01); 145 (53.11%) patients 
had complications. There were 20 SP patients (32.79%) in 
DM group and 31 SP patients (14.62%) in NDM group. 
The rate of SP in DM group was higher than NDM group 
(P=0.003). Compared with NDM group, DM group had 
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Figure 2 Microbiome diversity analysis in pneumonia patients including alpha- and beta-diversity. (A,C,E) Alpha-diversity results, presented 
as Shannon indexes, showed no significant differences (P values =0.74, 0.82 and 0.26, respectively); (B,D,F) beta-diversity results, showed 
by PCA plots; (A,B) between pneumonia patients with or without diabetes; (C,D) between mild pneumonia without diabetes and mild 
pneumonia with diabetes; (E,F) between severe pneumonia without diabetes and severe pneumonia with diabetes. DM, diabetes mellitus; 
NDM, non-diabetes mellitus; PC, principal component; PCA, principal component analysis.
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Cladogram

a: Actinomycetaceae 
b: Actinomycetales 
c: Nocardiaceae 
d: Corynebacteriales 
e: Microbacteriaceae 
f: Micrococcaceae 
g: Micrococcales 
h: Atopobiaceae 
i: Coriobacteriales 
j: Coriobacterila 
k: Bacteroldaceae 
l: Porphyromonadaceae 
m: Prevotellaceae 
n: Tannerellaceae 
o: Bacteroldales 
q: Unclassified_Candidatus_Saccharibacteria_family 
p: Bacteroldla 
r: Unclassified_Candidatus_Saccharibacteria_order 
s: Unclassified_Candidatus_Saccharibacteria_class 
t: Unclassified_Bacillales_family 
u: Enterococcaceae 
v: Streptococcaceae 
w: Clostridiales_Family_XIII_Incertae_Sedis 
x: Lachnospiraceae 
y: Selenomonadaceae 
z: Selenomonadales 
a0: Veillonellaceae 
a1: Veillonellales 
a2: Negativicutes

a3: Fusobacteriaceae 
a4: Leptotrichiaceae 
a5: Fusobacteriales 
a6: Fusobacteriia 
a7: Neisseriaceae 
a8: Neisseriales 
a9: Betaproteobacteria 
b0: Shewanellaceae 
b1: Alteromonadales 
b2: Enterobacteriaceae 
b3: Enterobacterales 
b4: Pasteurellaceae 
b5: Pasteurellales 
b6: Moraxellaceae 
b7: Pseudomonadaceae 
b8: Pseudomonadales 
b9: Gammaproteobacteria 
c0: Spirochaetaceae 
c1: Spirochaetales 
c2: Spirochaetia 
c3: Sarcocystidae 
c4: Eucoccidiorida 
c5: Conoidasida 
c6: Saccharomycetales 
c7: Saccharomycetes 
c8: Herpesviridae 
c9: Herpesvirales 
d0: Herviviricetes

Mild 

Severe

a: Streptomycetaceae 

b: Streptomycetales 

c: BigyraCladogram

DM group 
NDM group

Streptomycetaceae 
Streptomycetales 

Streptomyces 
Actinonyces_graevenitzii 

Candidatus_Saccharibacteria_bacterium
Bigyra 
Corynebacterium_sp_LK14

−2               −1                0                 1                 2                 3
LDA SCORE (log10)

Diabetes Non-diabetes

A

B C

Figure 3 LEfSe analyses between different groups (mild pneumonia vs. severe pneumonia; DM group vs. NDM group). (A) Differential 
enrichment of microbes in mild and severe pneumonia patients; (B,C) LEfSe analyses of the diabetic and non-diabetic patients. DM, 
diabetes mellitus; NDM, non-diabetes mellitus; LDA, linear discriminant analysis; LEfSe, linear discriminant analysis effect size.

a higher prevalence of hypertension (P<0.001), coronary 
heart disease (CHD) (P=0.07) and cerebral infarction 
(P=0.07). C-reactive protein (CRP) and urine protein were 
higher and albumin was lower in DM group compared with 
NDM group (P=0.008; P=0.003; P=0.002). There was no 
significant difference in the other 15 lab features between 
the two groups. However, we revealed fifteen clinical 
indicators [lymphocyte count, albumin, eosinophil count, 
calcium, D-dimer, CRP, CD3, CD4, CD8, complement 3 
(C3), tumor necrosis factor (TNF), urinary protein, lactate 
dehydrogenase (LDH), myoglobin, procalcitonin (PCT)] 
correlated to SP in diabetic patients (Table S1). 

Pathogens of lung infection in DM and NDM patients 
with pneumonia

We first analyzed the pneumonia pathogens identified 

based on traditional culture, PCR methods, and serological 
detection. In this study, the pathogens were mainly 
divided into five categories: bacteria, fungi, Mycobacterium 
tuberculosis, mixed infection and undetermined pathogens. 
Vira l  infect ion was  excluded from our pathogen 
classifications since only one sample was positive for 
influenza virus A. There was no significant difference 
between DM and NDM in the positive rate of pathogens 
detected in pulmonary (P=0.19). However, compared 
with the NDM group, DM group had a higher rate of 
mixed infection (P=0.02) (Table 2). There were significant 
differences in the categories of pathogens detected between 
the two groups (P<0.001) (Figure S1). A greater variety 
of pathogens were detected in the NDM group compared 
with DM group. The top 3 common pathogens detected 
in pneumonia patients with DM were Mycobacterium 
tuberculosis (18.0%), Klebsiella pneumoniae (11.5%), Candida 

https://cdn.amegroups.cn/static/public/JTD-24-490-Supplementary.pdf
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Figure 4 ROC curve of the predicting model for severe 
pneumonia.  The model  parameters  included microbial 
biomarkers (Staphylococcus haemolyticus and Candida tropicalis), 
clinical characteristics (N-terminal pro-brain natriuretic peptide, 
procalcitonin, myoglobin, D-dimer, isocitrate dehydrogenase, 
calcium ion) and diabetes. ROC, receiver operator characteristic; 
AUC, area under the curve; CV, cross validation.

Table 1 Demographics and clinical characteristics of DM group and 
NDM group

Characteristics DM (n=61) NDM (n=212) P value

Socio-demographic details

Age, years 63.90±11.81 54.17±16.31 <0.001*

≥60 70.59±6.65 68.99±6.66 0.20

Male sex 41 (67.21) 110 (51.89) 0.03*

Smoking 23 (37.70) 49 (23.11) 0.03*

BMI, kg/m2 23.23±3.28 21.47±3.50 0.001*

Severe cases 20 (32.79) 31 (14.62) 0.003*

Admission to ICU 8 (13.11) 8 (3.77) 0.01*

Mechanical ventilation 8 (13.11) 8 (3.77) 0.01*

Comorbidity

Hypertension 33 (54.10) 45 (21.23) <0.001*

Asthma 0 7 (3.30) 0.36

COPD 1 (1.64) 5 (2.36) >0.99

Coronary heart disease 7 (11.48) 9 (4.25) 0.07

Cerebral infarction 7 (11.48) 9 (4.25) 0.07

Clinical characteristics

CRP, mg/L 78.08±85.75 43.68±69.19 0.008*

≥10 38 85 0.005*

Table 1 (continued)

Table 1 (continued)

Characteristics DM (n=61) NDM (n=212) P value

Lymphocyte count,  
×109/L

1.28±0.72 1.46±0.64 0.06

>4 16 31 0.05

Eosinophil count, ×109/L 0.36±1.15 0.24±0.67 0.30

>0.5 21 41 0.03*

Urine protein 0.51±0.77 0.16±0.47 0.003*

++++~ 19 19 <0.001*

Albumin, g/L 33.70±7.74 37.32±7.85 0.002*

>55 32 75 0.03*

Calcium, mmol/L 2.20±0.19 2.25±0.24 0.10

>2.75 9 18 0.22

LDH, U/L 241.45±161.90 207.46±115.23 0.16

>192 25 47 0.04*

Myoglobin, ng/mL 48.13±78.06 66.10±321.33 0.69

≥70 7 13 0.42

PCT, μg/L 1.33±4.77 0.34±1.07 0.14

≥0.5 111 15 0.10

D-dimer, mg/L 2.77±6.47 1.53±4.02 0.07

≥0.55 37 77 0.001*

CD3+ T cell, /μL 887.56±636.85 986.96±538.95 0.43

≥2,368 13 30 0.36

CD4+ T cell, /μL 516.37±423.62 602.32±361.08 0.31

≥1,346 13 30 0.36

CD8+ T cell, /μL 339.70±232.40 346.22±215.34 0.89

≥1,110 8 25 >0.99

C3, pg/dL 101.40±23.94 106.71±25.59 0.41

>152 4 8 0.46

TNF, pg/mL 22.51±15.86 20.72±43.67 0.88

≥8.1 14 20 0.03*

IL-1β, pg/mL 8.65±11.65 9.49±12.84 0.82

C4, g/L 28.05±8.64 27.96±9.94 0.97

Pro-BNP, pg/mL 679.1±1,409.75 344.0±1,334.03 0.16

Data are presented as mean ± SD or n (%) by applying Fisher’s exact 
test or Wilcoxon rank sum test. Continuous variables were analyzed 
using Student’s t-test or Mann-Whitney U test as appropriate. 
“++++~” means that the qualitative value of urine protein is greater 
than or equal to ++++. *, statistical significance (P<0.05). DM, 
diabetes mellitus; NDM, non-diabetes mellitus; BMI, body mass 
index; ICU, intensive care unit; COPD, chronic obstructive pulmonary 
disease; CRP, C-reactive protein; LDH, lactate dehydrogenase; PCT, 
procalcitonin; C3, complement 3; TNF, tumor necrosis factor; IL-
1β, interleukin-1β; C4, complement 4; Pro-BNP, pro-brain natriuretic 
peptide.
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albicans (8.2%), and Candida tropicalis (8.2%). The top 
5 common pathogens detected in NDM group were 
Mycobacterium tuberculosis (13.2%), Candida albicans (6.1%), 
Klebsiella pneumoniae (4.2%), Acinetobacter baumannii (4.2%), 
Stenotrophomonas maltophilia (4.2%). Enterococcus faecium, 
Viridans streptococci, Cryptococcus, etc., were detected in NDM 
group, but not in DM group. 

The relation between BALF microbiome and pneumonia 
severity in DM patients

Further, to explore associations of BALF microbiome and 
pneumonia severity in diabetic patients, the BALF samples 
from 177 patients which consisted of 137 patients without 
DM and 40 patients with DM, were sequenced using mNGS, 
and then BALF microbial diversity was analyzed between 
patients with and without DM and between patients with 
severe and MP. The clinical characteristics of 177 patients 
whose BALF samples were used for further analysis were 
showed in Table S2. BALF microbial alpha- and beta-
diversity were compared between DM group and NDM 
group. The results showed that there was no significant 
difference in the both groups (Figure 2A,2B). However, 
the NDM group had a richer variety of microorganisms 
than the diabetic patients. There were 178 significantly 
differentially abundant microbial species between DM and 
NDM (Figure S2A). Then we performed a subgroup analysis 
based on the severity of pneumonia. There was no significant 
difference in BALF microbial alpha- and beta-diversity 
between SP and MP in diabetic and non-diabetic patients 
(Figure 2C-2F). There were 66 and 232 significantly 
differentially abundant microbial species between SP and 
MP in diabetic patients, and between SP and MP in non-

diabetic patients, respectively (Figure S2B,S2C). We 
found that 57 microbial species were common differential 
microbes by comparing the differentially abundant 
microbes characterized in the two comparisons, no matter 
in diabetic patients or non-diabetic patients (Figure S3 and 
Table S3). Interestingly, nine microbial species were found 
to be differently abundant (P<0.05) in diabetic patients with 
SP compared to those with MP, while not between SP and 
MP in patients without diabetes. 

In addition, we found more stringent biomarkers for 
pneumonia severity and diabetes. Bacteroidetes (mainly 
including Bacteroides, Flavobacteria), Betaproteobacteria 
and Fusobacteria were enriched in MP, while Peploviricota 
(Herpe sv i r idae ) ,  Ascomyco ta  (Yea s t s ) ,  Api c omp l exa 
(Sarcocystidae), Gamaproteo bacteria, (mainly including 
Enterobacteriaceae, Pasteuriaceae, Moraceae, Pseudomonas), 
Micrococcales and Corynebacilli (Nocardia) in SP (Figure 3A). 
Streptomycetales were more abundant in NDM compared to 
DM, while Bigyra was just the opposite (Figure 3B,3C). 

The association of BALF microbiome and CNVs in DM 
patients with SP

Moreover, we analyzed the correlation between laboratory 
examinations related to SP and BALF respiratory 
microbiome. The results indicated that some microbes were 
closely related to urine protein, C3 and TNF screened out 
from the indicators relating to SP in DM patients. Among 
them, Porphyromonas endodontalis was negatively correlated 
with urine protein and positively correlated with C3. In 
addition, 16 microbes were found to be related to TNF 
(Table S4).

Subsequently, we explored the human genome of 
different groups using CNVs and found that CNVs had 
no relevance to the pneumonia severity in DM group. The 
CNVs in DM group mainly occurred on chromosomes 
8 and 15. According to the gene locus, the main function 
of the location of the CNV gene is to regulate miRNAs 
and β-defensins relating to immune response, no CNV 
is significantly related to SP among patients with DM 
(available online: https://cdn.amegroups.cn/static/public/
jtd-24-490-1.xlsx).

Prediction model of SP with combined markers

We found that the rate of SP in DM group was higher than 
NDM group and adding diabetes as an important marker to 
predict SP can improve the accuracy. Based on the previous 

Table 2 The positive rate of pathogens detection in DM and NDM 
group

Pathogenic types DM (n=61) NDM (n=212) P value

Bacteria 10 29 0.68

Fungi 5 17 >0.99

Mycobacterium 
tuberculosis

7 28 0.83

Mixed 9 11 0.02*

Undetermined 30 127 0.21

Data are presented by applying Fisher’s exact test or Pearson 
Chi-squared test. *, statistical significance (P<0.05). DM, 
diabetes mellitus; NDM, non-diabetes mellitus.

https://cdn.amegroups.cn/static/public/JTD-24-490-Supplementary.pdf
https://cdn.amegroups.cn/static/public/JTD-24-490-Supplementary.pdf
https://cdn.amegroups.cn/static/public/JTD-24-490-Supplementary.pdf
https://cdn.amegroups.cn/static/public/JTD-24-490-Supplementary.pdf
https://cdn.amegroups.cn/static/public/JTD-24-490-Supplementary.pdf
https://cdn.amegroups.cn/static/public/JTD-24-490-Supplementary.pdf
https://cdn.amegroups.cn/static/public/JTD-24-490-Supplementary.pdf
https://cdn.amegroups.cn/static/public/jtd-24-490-1.xlsx
https://cdn.amegroups.cn/static/public/jtd-24-490-1.xlsx
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research results, we attempt to establish a model using RF 
to predict pneumonia severity to identify patients early and 
improve prognosis. The selected model parameters included 
microbial biomarkers (Staphylococcus haemolyticus and 
Candida tropicalis), clinical characteristics [N-terminal pro-
brain natriuretic peptide (BNP), PCT, myoglobin, D-dimer, 
isocitrate dehydrogenase, calcium ion] and whether patients 
suffered with diabetes or not. In total, 177 cases were used, 
and the dataset was split into two sets including a training 
set and a testing set according to the 7:3 ratio to train or 
test the model respectively. The model prediction was 
performed 10 times, and the averaged ROC-AUC value, 
specificity and sensitivity of this model were 92.1%, 82% 
and 91%, respectively (Figure 4).

Discussion

Our study is the first one to compare the lower respiratory 
microbes of pneumonia patients with or without diabetes 
in a relatively large cohort using NGS technology. Besides, 
we innovatively put forward a model to predict SP in 
patients by combining the microbial signatures with clinical 
characteristics and found the key microbial characteristics 
of the lower airways in pneumonia patients with diabetes, 
especially those with SP, which is of great significance to the 
treatment and prognosis of patients.

This study demonstrates that diabetic patients had 
a higher proportion of SP compared to NDM group. 
A previous study showed the hospitalization rate due 
to infections in diabetic patients was twice of those 
without diabetes, and the former were at increased risk of 
developing serious infections (26). Patients without known 
DM but their admission HbA1c ≥48 mmol/mol would have 
a greater rate (19.8% vs. 6.3%, P<0.001) of moderate to SP 
compared to patients without DM (27). These reports are 
in accordance with our findings and there is an association 
between DM and the development of more SP or poor 
outcomes in patients. 

Patients with diabetes usually have a higher rate of 
respiratory infections by non-classic pathogens, such 
as gram-negative bacilli, Mycobacterium tuberculosis and 
Nocardia, which are associated with poor prognosis (28). 
In our cohort, the pathogenic diversities were significantly 
different between DM and NDM. The common pathogens 
detected in diabetic patients were Mycobacterium tuberculosis, 
Klebsiella pneumoniae, Candida albicans. Several studies 
suggested that categories of infectious pathogens are 
associated with adverse outcomes in diabetic patients 

(29-32). Pneumonia due to gram-negative bacilli was 
significantly more common in diabetic patients who died 
compared with those who survived (29). S. aureus infections 
were more common in dead patients than in survivors 
regardless of whether the patients had diabetes or not, but 
the incidence of S. aureus infection was relatively low in 
both groups (32). It may be that unique pathogens have 
different pathogenicity and virulence under the state of 
decreased anti-infection ability in diabetes.

Our results showed that 15 clinical features were 
related to SP in diabetic patients and some microbes were 
associated with the clinical characteristics of patients. 
Among them, lymphocyte count, CRP, urinary protein 
and myoglobin were significantly different between DM 
and NDM (P<0.05). The results are consistent with the 
findings of some previous studies (33-35). It indicates that 
some microbes are likely related to SP or poor prognosis 
in patients with diabetes. For example, Porphyromonas 
endodontalis was a differential microbe between MP and 
SP in DM group, with a higher abundance in MP. Besides, 
it was negatively correlated with urinary protein level 
and positively correlated with C3. C3 was sensitive to the 
limited proteolysis of arginine-specific cysteine protease 
isolated from Porphyromonas gingivalis (36), indicating that 
the bacteria may affect pneumonia in diabetic patients 
by involving the activation of C3. Furthermore, some 
researchers reported that the expression of TNF was related 
to SP (37), which suggested 16 microbes might affect the 
expression of TNF and indirectly affect pneumonia.

We did not find the different CNVs between SP and MP 
for diabetic patients but some researchers found that 7 of 26 
intragenic tandem repeat sequences were “polymorphic” in 
terms of repeat copy number between a large number of L. 
pneumophila serogroup 1 strains in 2008 (38). There are few 
studies on the association between CNVs and SP.

CURB-65 and PSI are only applicable to the general 
population. Several researchers proposed the APUA (age, 
pulse, urea and albumin) model to predict in-hospital 
mortality of community-acquired pneumonia (CAP), 
adapted for patients with type 2 diabetes and Cheng et al. 
constructed a prediction score based on nine independent 
predictors of in-hospital mortality in diabetic patients 
(33,39). Pneumonia in diabetic patients predictive index was 
the first predictive tool specifically aiming at the prediction 
of the risk of pneumonia among diabetic patients (40). But 
there is still a lack of clinical prediction scores for mild 
and SP in diabetic patients (41,42). We constructed a risk 
model for predicting SP combining clinical characteristics, 
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microbial biomarkers and diabetes. Some of these factors 
have been confirmed to be associated with worsening 
pneumonia and the occurrence of critical diseases (43-45). 
The combination of BNP and PSI significantly improved 
the efficiency of prediction and treatment failure in CAP 
than PSI alone (AUC 0.78 vs. 0.71; P=0.02) (43). The 
levels of inflammation such as D-dimer in diabetic patients 
were higher compared with nondiabetic patients (P<0.01), 
indicating the former was more prone to the inflammatory 
storm, resulting in the exacerbation of pneumonia (44). 

We compared the lower respiratory microbes of 
pneumonia patients with or without diabetes in a relatively 
large cohort using NGS technology. Certainly, this study 
also has limitations. Firstly, the sample size of patients with 
diabetes is limited. Secondly, patients are not undergoing 
tracheoscopy continuously in our hospital, our study does 
not track the disease progress. Thirdly, our model lacks a 
larger validation set due to the limitation of sample size. 
Fourthly, most of the patients analyzed in our study were 
complex patients with poor response to empirical antibiotic 
treatment and those who need to identify the pathogen by 
NGS. They were not CAP patients evenly distributed in 
society, so there was a certain degree of admission bias.

Conclusions

In conclusion, we identified the microbial signatures 
in the lower airways and the association with clinical 
characteristics and SP. The risk model was more accurate 
in predicting SP, which might be beneficial to the early 
identification and management of patients with SP. 
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