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ABSTRACT
To unravel distinct patterns of metagenomic surveillance and respiratory microbiota between Mycoplasma pneumoniae 
(M. pneumoniae) P1-1 and P1-2 and to explore the impact of the COVID-19 pandemic on epidemiological features, we 
conducted a multicentre retrospective study which spanned 90,886 pneumonia patients, among which 3164 cases 
M. pneumoniae were identified. Our findings revealed a concurrent outbreak of M. pneumoniae, with the positivity rate 
rising sharply to 9.62% from July 2023, compared to the 0.16% to 4.06% positivity rate observed during the 2020–2022 
COVID-19 pandemic. P1-1 had a higher odds ratio of co-detecting opportunistic pathogens. However, no significant 
differences were observed in the co-detection odds ratio between children and other age groups in P1-2. This study is 
the first to demonstrate differences in relative abundance, diversity of respiratory microbiota and co-detection rate of 
opportunistic pathogen between M. pneumoniae P1-1 and P1-2. Through bronchoalveolar lavage (BAL) metagenomic 
and host transcriptomic analyses, we identified variations in co-detection rates of M. pneumoniae P1-1 genotype with 
opportunistic pathogens like S. pneumoniae, alterations in respiratory microbiota composition, lung inflammation, and 
disruption of ciliary function. Consistent with the results of host transcriptome, we found that P1-1 infections were 
associated with significantly higher rates of requiring respiratory support and mechanical ventilation compared to P1-2 
infections (Fisher’s exact test, p-value = 0.035/0.004). Our study provides preliminary evidence of clinical severity between 
M. pneumoniae strains, underscoring the need for ongoing research and development of targeted therapeutic strategies.
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Introduction

Mycoplasma pneumoniae (M. pneumoniae) is a com
mon cause of lower respiratory tract infections 
(LRTI) in children, particularly affecting those aged 
5–15 years and accounting for up to 40% of commu
nity-acquired pneumonia cases in this age group. 
While most infections are mild and resolve spon
taneously, some can progress to severe or critical ill
ness [1–3]. The factors influencing the severity of 
M. pneumoniae LRTI remain poorly understood. 
M. pneumoniae is primarily classified into two genetic 
groups, P1 type 1 (P1-1) and P1 type 2 (P1-2), based 
on nucleotide variations in two repetitive elements 
(RepMP2/3 and RepMP4) within the MPN141 gene, 
which encodes the P1 adhesion protein [4]. Previous 
studies have suggested that these genetic variants 
may differ in pathogenic potential and in vitro growth 
rates. However, whether these genetic groups 

contribute to different clinical manifestations of 
M. pneumoniae LRTI remains unclear [5]. Further
more, although several studies have described the epi
demiological characteristics of M. pneumoniae, it 
remains unclear whether different P1 genotypes of 
M. pneumoniae are associated with varying respiratory 
symptoms, such as co-infections, ICU staying days, 
and respiratory-related symptoms (needed mechan
ical ventilation) et al. Further research is needed to 
investigate there were different impacts of different 
P1 genotypes [6].

Immune responses play a pivotal role in determining 
the severity of diseases caused by M. pneumoniae infec
tion [7]. Recent research has illuminated how inter
actions between microbes can influence the onset, 
progression, and prevalence of respiratory illnesses [8]. 
Increasing evidence suggests that microbial commu
nities within the respiratory system can activate the 
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immune system, thereby enhancing its ability to defend 
against pathogen invasion [9]. The respiratory micro
biota is crucial in modulating and directing immune 
responses within the lungs; even minor shifts in micro
biota composition can significantly impact host immu
nity, due to the diverse structural ligands and 
metabolites produced by different microbial species 
[10]. While numerous studies have highlighted disrup
tions in the respiratory microbiota among children 
suffering from respiratory infections [11,12], the role 
of commensal bacteria in influencing M. pneumoniae 
pathogenesis remains under-explored. Understanding 
this interaction is essential for developing strategies to 
mitigate M. pneumoniae proliferation and infection in 
the respiratory system. Therefore, a comprehensive 
understanding of the respiratory microbiota and eco
logical characteristics of different M. pneumoniae P1 
genotypes is fundamental for the prevention and man
agement of M. pneumoniae infections.

In this study, we conducted a multicentre, retrospec
tive analysis involving 90,886 pneumonia patients across 
three locations, identifying 3164 M. pneumoniae-positive 
cases through metagenomic next-generation sequencing 
(mNGS). A total of 183 draft genomes derived from 
metagenomic sequencing data were used for phyloge
netic analysis, which was compared with 290 public 
reference genomes. Additionally, we analysed 1368 
samples with reliable genotyping results to assess the 
relative abundance, diversity of respiratory microbiota, 
pathogen spectrum, and co-detection rates of opportu
nistic pathogens across different time periods (before, 
during, and after COVID-19) and age groups (children, 
school-age, adults, and older adults). Host transcrip
tomic analysis was performed on 174 samples with 
paired bronchoalveolar lavage (BAL) metatranscrip
tomic data. Clinical data from 118 patients were also col
lected to investigate the severity of infection associated 
with different P1 genotypes. Our results revealed the 
impact of non-pharmaceutical interventions (NPIs) on 
the national incidence of M. pneumoniae infection and 
explored difference between two P1 genotypes of 
M. pneumoniae. Through BAL metagenome and host 
transcriptome analyses, we observed variations in co- 
detection rates of M. pneumoniae P1 genotypes with 
opportunistic pathogens like S. pneumoniae, as well as 
differences in respiratory microbiota composition, lung 
inflammation, and ciliary function. Clinical outcome 
data further demonstrated that these variations contrib
ute to differences in clinical severity among patients with 
M. pneumoniae pneumonia.

Methods

Patient selection and study design

A cohort of 90,886 pneumonia patients from three 
locations (Jilin, Shanghai, Guangdong) underwent 

bronchoalveolar lavage fluid (BAL)/sputum mNGS 
testing to investigate potential infections during their 
hospitalization between January 2019 and December 
2023. A total of 3164 M. pneumoniae-positive patients 
were included in this study (Figure 1(A), Figure S1A). 
Pneumonia diagnosis followed the Chinese Thoracic 
Society (CTS) guidelines [13] with minor modifi
cations. Patients with chest radiographs showing 
punctate, patchy, or uniform density opacity were 
considered to have radiographic evidence of pneumo
nia. The clinical diagnostic criteria for pneumonia 
included: (1) presence of clinical manifestations of 
pneumonia: ① new onset of cough or expectoration, 
or aggravation of existing symptoms of respiratory 
tract diseases, with or without purulent sputum, 
chest pain, dyspnoea, or haemoptysis; ② fever; ③ 
signs of pulmonary consolidation and/or moist rales; 
④ peripheral WBC > 10 × 109/L or <4 × 109/L, with 
or without a left shift, together with (2) chest radio
graph showing new patchy infiltrates, lobar or seg
mental consolidation, ground-glass opacities, or 
interstitial changes, with or without pleural effusion. 
This study was approved by the institutional review 
board of the First Hospital of Jilin University (No. 
2024-415). The requirement for patient informed con
sent was waived by the institutional review board, as 
the data used in this study did not contain personally 
identifiable information.

BAL and sputum DNA/RNA extraction, library 
construction and sequencing

BAL and sputum mNGS tests for microbial DNA were 
performed for each patient. 1 mL BAL sample was 
used for nucleic acid extraction as previously 
described. Briefly, host cells and DNA are removed 
using Tween 20 (Sigma) and Benzonase (Qiagen), 
and microbial DNA are extracted with the QIAamp® 
UCP Pathogen DNA Kit (Qiagen) following the man
ufacturer’s instructions. After nucleic acid extraction, 
libraries were constructed using a Nextera XT DNA 
Library Prep Kit (Illumina, San Diego, CA). For 
RNA sequencing, a 1 mL BAL sample was centrifuged 
at 12,000 rpm for 10 minutes. 800 μL of super was 
removed and the rest was lysed in TRIzol LS (Thermo 
Fisher Scientific, Carlsbad, CA, USA), and RNA was 
subsequently extracted using the Direct-zol RNA 
Miniprep kit (Zymo Research, Irvine, CA, USA). 10 
μL of purified RNA was employed for cDNA synthesis 
and library preparation with the Ovation Trio RNA- 
Seq Library Preparation Kit (NuGEN, CA, USA). 
Library concentration was measured using a Qubit 
dsDNA HS Assay Kit, and library quality was evalu
ated with an Agilent 2100 Bioanalyzer (Agilent Tech
nologies, Santa Clara, CA, USA) utilizing a High 
Sensitivity DNA kit. The libraries were sequenced on 
an Illumina Nextseq CN500 sequencer for 75 cycles 
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Figure 1. The epidemiology of M. pneumoniae and positive rate of 23s rRNA mutation in China. (A) The number and locations of 
bronchoscopy mNGS tests applied to patients with pneumonia from 2019 to 2023. Red represents M. pneumoniae positive and 
green represents M. pneumoniae negative in mNGS data. (B) The average number of mNGS tests per season for pneumonia 
patients and positive number and rate of M. pneumoniae infection during 2019-2023. (C) Phylogenetic tree revealed the presence 
of two primary epidemic clones of EC1 and EC2 in China. (D) The composition of M. pneumoniae changed dramatically with P1-2 
Mut replacing non-mut strains after COVID-19 pandemic. Purple/Mut: mutations in the 23S rRNA gene (C2617T, A2063G, A2064G). 
Orange/Non-mut: there were no mutations in the 23S rRNA gene (C2617T, A2063G, A2064G).
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of single-end sequencing, generating approximately 20 
million reads per library. For quality control, both 
negative and positive samples were included in each 
batch [14–16].

Lung microbiome bioinformatic analysis

Adaptor contamination, low-quality reads, duplicate 
reads, low-complexity reads and reads shorter than 
40 bp were removed by fastp (v0.23.4) default settings 
[17]. The human sequence data were located and 
eliminated by matching them to the hg38 reference 
genome utilizing Burrows–Wheeler Aligner software 
(BWA-0.7.17) [18]. Taxonomic profiles for all metage
nomic samples were generated using Kraken 2 (v2.1.3 
[19]) and Bracken v2.5 (https://doi.org/10.7717/peerj- 
cs.104) with default settings. The database used for 
quantifying taxonomic profiles was constructed 
using a combined database containing human, bac
terial, fungal, archaeal, and viral genomes downloaded 
from NCBI RefSeq (https://benlangmead.github.io/ 
aws-indexes/k2). Positive samples were identified 
based on microorganisms detected above a predefined 
threshold, determined by the highest area under the 
curve (AUC). For microorganisms lacking culture iso
lates, a positive cut-off value was established as the 
mean relative abundance plus three standard devi
ations (mean + 3SD) [14,20].

M. pneumoniae reads were aligned to the database 
using BWA software [18]. The reads with 90% iden
tity of reference were defined as mapped reads. In 
addition, reads with multiple locus alignments within 
the same genus were excluded from the secondary 
analysis. Only reads mapped to the genome within 
the same species were considered [14]. Relative 
abundance data of M. pneumoniae at the species 
level were visualized. The quantitative skewness of 
M. pneumoniae relative abundance data was 
expressed as median (interquartile range) and ana
lysed using the Wilcoxon–Mann–Whitney rank- 
sum test. The proportion of samples in which 
M. pneumoniae was the most dominant pathogen 
was analysed as categorical data using Fisher’s 
exact test [11,15,21].

The vegan package [22] in R software was used to 
analyse the microbiome’s alpha and beta diversity of 
the microbiome. Alpha diversity metrics (ACE, 
Chao1 estimator, Shannon and Simpson Indices) 
presented as median (interquartile range) and were 
analysed using the Wilcoxon–Mann–Whitney rank- 
sum test. Beta diversity was measured by the Bray– 
Curtis distance test. Principal coordinate analysis 
(PCoA) was used to visualize similar distances 
between samples [15]. Relative abundance differences 
of the microorganisms ranked in the top 10 between 
the M. pneumoniae at the species level were dis
played. The samples were clustered based on the 

relative abundance of species in each sample and 
the Bray–Curtis distance. The differentially expressed 
species (DES) of the microbiome ranked in the top 
10 between P1-1 and P1-2 types and among different 
periods (before, during and after COVID-19 pan
demic) or age groups (child, school-age, adults and 
older-people) were selected using linear discriminant 
analysis (LDA) effect size (LEfSe) [23]. The DESs 
were determined by an LDA score > 2.0, and a p <  
0.05 [15].

M. pneumoniae genomic analysis, genotyping 
and 23s rRNA resistance mutation calling

Metagenomic reads of samples with M. pneumoniae 
were assigned to P1-1 and P1-2 type with StrainGE 
[24] with default parameters. Also, metagenomic 
reads mapped to either the M129 reference genome 
(NCBI accession numbers: NC_000912.1 and 
CP010546.1, respectively) using Snippy v4.6.0 
(https://github.com/tseemann/snippy) with default 
parameters. When mapping reads to a reference gen
ome, Snippy could generate a consensus sequence of 
the reference genome. We annotated the consensus 
sequences with high sequencing depth (>5) and cover
age (>95%) using Prokka v1.14.5 [25]. We defined 23s 
rRNA A2063G mutation with sequencing depth 
higher than 5, mutation frequency higher than 50% 
and at least 3 covered reads supporting that mutation. 
In parallel, a whole genome phylogeny was estimated 
by adding 290 M. pneumoniae genome sequences 
retrieved from public databases (Supplementary 
Table S2) with kSNP3 [26], with a Kchooser estimated 
k-mer length of 21, and a fraction of core k-mers of 
0.46. Phylogenetic clusters were defined with Cluster
Picker [27], initial and main support threshold of 0.9, 
a genetic distance threshold of 4.5, and a large cluster 
threshold of 20. The evolutionary relationship was 
analysed using kSNP3 and visualized by iTOL editor 
v5 [28].

Transcriptome of BAL samples

Genes with an FDR-corrected adjusted p value < 0.25 
were considered significantly differentiated unless other
wise specified [29]. Pathway analysis using differentially 
regulated genes (FDR < 0.25) was done using KOBAS 
3.0 [30]. GSEA was performed with differential genes 
(FDR < 0.25) for dataset comparison using R package 
fgsea v1.4.1 [31–33]. Normalized host transcriptome 
data as transcript per million (TPM) from the BAL meta
transcriptome was subjected to digital cell-type quantifi
cation with CIBERSORTx [16,34]. Genes with at least one 
count per million in at least two samples were retained. 
The two-tailed Wilcoxon rank-sum test with Benja
mini–Hochberg correction was computed between 
groups of samples for comparison.
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Statistical analysis

Demographic and clinical data were summarized 
using descriptive statistics. Secondary infection rates 
were compared using Fisher’s exact tests. Data ana
lyses and visualizations were performed using R (ver
sion 4.1.2) with a p value ≤ 0.05 as the significance 
threshold, and all tests were two-tailed [15,16,35].

Results

Study population, positive rates and genomic 
surveillance of M. pneumoniae across COVID- 
19 pandemic

From 2019 to 2023, we obtained 90,886 metagenomic 
datasets (Figure 1(A), Figure S1A) derived from bronch
oalveolar lavage fluid or sputum samples of pneumonia 
patients diagnosed according to the Chinese Thoracic 
Society (CTS) guidelines. Among these, 3164 samples 
tested positive for M. pneumoniae pneumonia. Consist
ent with previous findings, we observed a concurrent 
outbreak of M. pneumoniae during the winter of 2023 
(Figure 1(B)). Notably, a marked resurgence of 
M. pneumoniae was recorded, with a positive rate of up 
to 9.62% since July 2023 (Figure 1(B)), compared to a 
lower incidence ranging from 0.16% to 4.06% during 
the COVID-19 period (2020–2022). To explore genomic 
characteristics of M. pneumoniae, we mapped all metage
nomic data to reference genome (GCA_900660465.1, 
Strain M129). Furthermore, sequencing reads identified 
as M. pneumoniae were assigned to P1 type 1 (P1-1) or P1 
type 2 (P1-2) using StrainGE (Methods). A total of 1,368 
samples (42.96%) had over 10,000 reads, and 183 samples 
(5.78%) achieved coverage greater than 95% (Figure 
S1A–C). Demographic characteristics of patients 
infected with these two P1 genotypes are summarized 
in Supplementary Table S1. We selected data with 
>95% coverage of M. pneumoniae for further analysis.

A phylogenetic tree was subsequently constructed 
with public genomic data (Supplementary Table S2, 
n = 290) and showed the presence of two primary 
epidemic clones (EC) in China: EC1 in P1-1 and 
EC2 in P1-2 (Figure 1(C)). We found that P1-1 
showed 72.30%, 57.89% and 68% A2063G mutation 
in 23S rRNA of M. pneumoniae before, during and 
after the COVID-19 pandemic (Figure 1(D)). We 
also found that P1-1 keeps a high 23s rRNA 
mutation rate (Figure 1(D), Fisher’s exact test, p- 
value > 0.05). Meanwhile, mNGS-based genomic 
data also showed that P1-2 has 9.10%, 50% and 
75% A2063G mutation rate in 23S rRNA before, 
during and after the COVID-19 pandemic. Notably, 
there was a significant increase in the A2063G 
mutation rate in P1-2 when the COVID-19 pan
demic began (Figure 1(D), Fisher exact test, p-value  
= 0.01).

Variations in the prevalence and relative 
abundances of M. pneumoniae P1 genotypes

Our analysis revealed that P1-1 was the dominant gen
otype (accounting for more than 50%) from 2019 to 
2023, with a few exceptions in certain seasons 
(Figure 2(A)). Additionally, we found a shift in the 
ratio of P1-1 to P1-2 during the COVID-19 pandemic 
(Figure 2(B)). Specifically, the ratio of P1-2 became 
comparable to that of P1-1 during the pandemic 
period (Fisher’s exact test, p-value = 0.001, Before vs. 
During; p-value < 0.001, During vs. After). To investi
gate whether the distribution of P1-1 and P1-2 varied 
across different age groups during the COVID-19 pan
demic, we stratified the samples with M. pneumoniae 
genotyping results into four age groups: children 
(<5y, n = 204), school-age (5–17y, n = 726), adult 
(18–59y, n = 402), and older-people (≥60, n = 49) 
groups (Table S1). Significant differences in the ratio 
of P1-1 to P1-2 were observed in the school-age 
group (Figure 2(B), Fisher’s exact test, p-value <  
0.001, school-age, Before vs During/During vs 
After). But no significant differences were found in 
children, adults and older people (Figure 2(B), Fisher’s 
exact test, p-value > 0.05). Based on the prevalence of 
23s rRNA A2063G mutation and clinical uses of 
macrolide, we hypothesize that P1-1 may be an earlier 
strain in East Asia and more adapted to the host 
immune system. To confirm this hypothesis, we exam
ined the relative abundance of P1-1 and P1-2 across 
age groups. We found significant differences in 
M. pneumoniae reads per millions (RPM) between 
P1-1 and P1-2 in children and school-age individuals, 
who are likely to have lower immunity against 
M. pneumoniae (Figure 2(C), Mann–Whitney test, 
p-value = 0.001, 0.03). In contrast, there was less vari
ation in the relative abundance between the two P1 
genotypes in adults and older-people (Figure 2(C), 
Mann–Whitney test, p-value > 0.05).

Respiratory microbial diversity of different 
M. pneumoniae P1 genotypes across COVID-19 
pandemic

Previous studies have shown that the lower respiratory 
tract (LRT) microbiota in pneumonia patients infected 
with M. pneumoniae can vary depending on disease 
severity. Based on this, we hypothesized that if P1-1 
exhibits higher reproductive capacity in individuals 
with lower immune responses, we might observe dis
turbances or differences in the respiratory microbiota 
between P1-1 and P1-2. To explore this, we first com
pared microbial community differences (both α- and 
β-diversity) between P1-1 and P1-2 within specific 
age groups and time periods (Figure S2). No signifi
cant differences of α and β diversity between P1-1 
and P1-2 in children, adults and older-people (Figure 
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S2B–E, p-value > 0.05). However, we found that the 
diversity of the microbial community, as measured 
by the Shannon index, was significantly lower in P1- 
1 compared to P1-2 after the COVID-19 pandemic 
(Figure S2A, Mann–Whitney test, p-value = 0.02). 
Additionally, we found that Shannon (Figure S2B, 
Mann–Whitney test, p-value = 0.001) and Simpson 
(Figure S3J, Mann–Whitney test, p-value = 0.001) 
indices in the P1-1 was lower than in P1-2 among 
school-age individuals. The PCoA based on Bray– 
Curtis distance calculating in species level, confirmed 
by the PERMANOVA test, revealed a significant 
difference in β-diversity between P1-1 and P1-2 
among school-age (p-value = 0.027, Figure S2D). 
However, there was no significant differences of β- 
diversity in other groups when comparing P1-1 and 
P1-2 (p-value > 0.05, Figure S2C–E, Figure S4).

We also compared the respiratory microbiota com
position between the two groups at the bacterial 
species level. LEfSe was performed on the bacterial 
taxa that showed statistically significant differences 
using multivariate analysis, confirmed by the Krus
kal–Wallis sum-rank test. The results, ranked by 
LDA score histogram, indicated that M. pneumoniae 
was significantly enriched in P1-1 after the COVID- 

19 pandemic and among school-age individuals 
(Figure S5A,B). Besides, Streptococcus spp. were the 
most abundant genera among adults (Figure S5B).

Pathogen spectrum and co-detection pattern of 
M. pneumoniae P1 genotypes in different age 
groups

In addition to exploring changes in microbial struc
ture between P1-1 and P1-2, we were also interested 
in the co-detection of commensal microbes potentially 
involved in M. pneumoniae pneumonia. Given the 
important role of commensal microbiota and vari
ations in M. pneumoniae P1 genotypes, we first sum
marized the pathogen spectrum based on 
metagenomic sequencing data (Figure 3). Our analysis 
revealed that E. coli (15.56%, 59.11%, 91.94%), 
P. aeruginosa (33.33%, 72.09%, 65.98%) and 
S. pneumoniae (30%, 44.01%, 45.16%) were top three 
bacteria co-detected in M. pneumoniae pneumonia 
patients, irrespective of time (before, during, or after 
the COVID-19 pandemic) (Figure 3(A)). Notably, 
E. coli became nearly dominant in M. pneumoniae 
pneumonia patients after the COVID-19 pandemic 
(91.94%, Figure 3(A)). Additionally, Aspergillus 

Figure 2. Genotype prevalence of M. pneumoniae and relative abundances of P1-1 and P1-2 among different periods and different 
ages. (A) Positive rate of M. pneumoniae P1 genotypes (P1-1 and P1-2) before, during, and after COVID-19 pandemic. (A) Positive 
rate of M. pneumoniae P1 genotypes (P1-1 and P1-2) of children, school-age, adults and older-people among different periods. (C) 
Reads per millions between two genotypes (P1-1 and P1-2) of M. pneumoniae across different age groups (children, school-age, 
adults and older-people). *p < 0.05, **p < 0.01, and ***p < 0.001. “NS” represents “no significant difference.”
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Figure 3. Changes in the composition of common respiratory pathogens in patients testing positive for M. pneumoniae before, 
during, and after COVID-19 pandemic. I, Detection rates of bacterial (a) and viral (b) pathogens. HAdv: human adenovirus, RSV: 
respiratory syncytial virus, HMPV: human metapneumovirus, HCoV: human coronavirus, IFV: influenza virus, HBoV: human boca
virus. II, Co-infection patterns in school-age group before (a), during (b), and after (c) COVID-19 pandemic. Bigger size and darker 
colour of the circles indicate higher co-infection rates between two pathogens.
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(20%, 27.09%, 16.86%) and Candida (22.22%, 18.88%, 
20.67%) the most frequently co-detected fungi, while 
HSV (31.11%, 54.84%, 54.89%) was the leading DNA 
virus (Figure 3(B,C)). Co-detection pattern was dis
rupted by COVID-19 pandemic in different ages. 
Specifically, the co-detection rates of E. coli and 
P. aeruginosa varied among children and school-age 
individuals (Figure 3(A), Figure S6A,B, Figure S7A, 
B). However, no significant changes were observed 
in the co-detection of fungi and DNA viruses across 
children, school-age individuals, adults, and older 
people (Figure 3(B,C), Figure S6, Figure S7).

To further investigate the hypothesis that P1-1 may 
exhibit higher reproductive capacity in individuals 
with lower immune responses compared to P1-2, we 
compared co-detection ratios of opportunistic patho
gens with P1-1 and P1-2 across different age groups. 
It showed that P1-1 had a higher odds ratio of co- 
detecting opportunistic pathogen (Figure 4(A)). We 
found HAdV, S. pneumoniae, Pneumocystis (except 
when compared with older-people, OR = 1.04, p-value  
= 1) were significantly more likely to be co-detected in 
children infected with P1-1, compared to other age 
groups (Figure 4(A), Fisher’s exact test, p-value <  
0.05). Conversely, no significant differences were 
found between children and other age groups in P1- 
2 infections (Figure 4(B), Fisher’s exact test, p-value  
> 0.05). Additional co-detection results for other 
microbes corroborated these findings (Figure S8A,B). 
To further validate these results, we compared the 
odds ratio of co-detection between P1-1 and P1-2 
across different ages. We found that P1-1 was associ
ated with a higher co-detection rate of several oppor
tunistic pathogens in children, school-age individuals, 
and adults compared to P1-2 (Figure 4(C)). Such as 
S. pneumoniae, a key respiratory pathogen for children 
and school-age individuals, exhibited a 7.10, 2.79, and 
2.61-fold increase in co-detection rates with P1-1 
compared to P1-2 in children, school-age, and adult 
groups, respectively (Figure 4(C), Fisher’s exact test, 
p-value < 0.001). Furthermore, the pattern of 
S. pneumoniae odds ratios closely mirrored the relative 
abundance of M. pneumoniae across different age 
groups (Figure 2(C), Figure 4(C)).

Clinical outcome and host immune responses of 
two M. pneumoniae P1 genotypes

To further investigate whether the P1-1 not only leads 
to co-detection of more opportunistic pathogens but 
also results in more severe clinical symptoms, we 
selected 118 patients from a cohort of 1368 individuals 
who had more comprehensive clinical outcome data 
(Figure S1A, Figure 5). Among these 118 patients, 
61.9% (73/118) were male and 38.1% (45/118) were 
female, with no significant difference in gender distri
bution between the P1-1 and P1-2 groups (Fisher’s 

exact test, p-value = 0.108). The age distribution of 
this cohort was primarily children and adolescents, 
with a median age of 8.00 years [4.00, 29.5] and there 
was no significant difference in age between two geno
types (Mann–Whitney test, p-value = 0.246). We ana
lysed several clinical indicators related to disease 
severity: hospitalization stay (days), ICU admission, 
the need for any respiratory support, and mechanical 
ventilation. Interestingly, we found no significant 
differences in hospitalization stay or ICU admission 
rates between the P1-1 and P1-2 (Fisher’s exact test, 
p-value = 0.564/0.057). However, consistent with the 
co-detection pattern of opportunistic pathogens, the 
P1-1 showed significantly higher rates of requiring res
piratory support and mechanical ventilation compared 
to P1-2 (Fisher’s exact test, p-value = 0.035/0.004). 
These clinical severity indicators suggest that the P1-1 
has indeed higher reproductivity in lower immune 
response and is more likely to cause severe respiratory 
symptoms in the East Asian population.

To investigate potential differences in host immune 
response between two P1 genotypes of M. pneumoniae, 
we selected 174 BALF samples with paired metage
nomic (DNA) and metatranscriptomic (RNA) data 
for host transcriptome analyses (Figure S1A, P1-1: n  
= 108, P1-2: n = 66). We identified 661 differentially 
expressed genes between the two P1 genotypes (|Fold 
change| ≥ 1.5, FDR < 0.25, Figure S9A) and found 
enrichment in 25 pathways via GSEA (adjusted p-value  
< 0.05, Figure S9B). First, to assess whether immune cell 
abundance varied between different clinical outcome 
groups, we estimated cell-type abundance from the 
host transcriptome with CIBERSORTx [34]. We 
found that activated NK cells were the only immune 
cell type showing a significant difference between the 
two genotypes (Figure S9G, Mann–Whitney test, p- 
value = 0.031). To further explore immune cell charac
teristics, we constructed GSEA gene sets based on the 
LM22 immune cell-specific genes. We found that 
specific genes of monocytes and activated NK cells 
were enriched in the BAL transcriptome from the P1- 
1 (Figure 6(C,D), adjusted p-value < 0.01), while 
specific genes of macrophage-M1 showed no preference 
between the two P1 genotypes. Interestingly, we noted 
that SFTPD, which encodes surfactant protein-D 
reflecting the severity of lung injury [36,37], and 
ULBP2, a mediator of NK cell-mediated immune rec
ognition [38], were higher in the P1-1 BAL transcrip
tome (Figure 6(A,H,I), Mann–Whitney test, p-value <  
0.001, <0.01). Furthermore, the lower airway transcrip
tomes of P1-1 showed upregulation of the phagosome 
signalling pathway, which regulates the production of 
inflammatory mediators during lung injury. Dysregula
tion of this process can lead to excessive inflammation, 
contributing to lung injury and diseases such as ARDS 
[39] (Figure 6(E), adjusted p-value < 0.001). The protea
some pathway, which contributes to inflammation in 
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Figure 4. Odds ratio of co-detection rate between P1-1 and P1-2 among different age groups. (A) P1-1 of M. pneumoniae co- 
detection rate with important respiratory pathogen and odds ratio of comparing children to school-age, adults and older-people. 
(B) P1-2 of M. pneumoniae co-detection rate with important respiratory pathogen and odds ratio of comparing children to school- 
age, adults and older-people. (C) Odds ratio of co-detection rate between P1-1 and P1-2 among children, school-age, adults and 
older-people. HAdv: human adenovirus; HSV: human herpes simplex virus; HBoV human bocavirus.
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acute lung injury by proteolytically cleaving proteins, 
leading to decreased anti-elastase activity and poten
tially predisposing individuals to excessive 

inflammation [40], was also upregulated in P1-1 
(Figure 6(F)). In contrast, the transcriptomics of P1-2 
showed upregulation of the calcium signalling pathway 

Figure 5. Odds ratio of clinical outcomes between P1-1 and P1-2.

Figure 6. Host immune profiling between P1-1 and P1-2 BAL. (A) Heatmap of 62 significantly differential expressed genes 
between P1-1 and P1-2 involved in Interferon stimulated pathway, immune-related pathway, phagosome, proteasome and cal
cium signalling pathway. (B–G) GSEA of Macrophage M1, Monocytes, NK cell activated, phagosome, proteasome and calcium sig
nalling pathway. Each line represents one particular gene set with unique colour, and up-regulated genes are located in the left 
approaching the origin of the coordinates, by contrast the down-regulated lay on the right of x-axis. Only gene sets with NOM p- 
value < 0.05 and FDR < 0.05 were considered significant. And only several leading gene sets were displayed in the plot. (H–L) 
Feature value of two P1 genotypes. Colour distinctions represent various groups associated with P1 type. The median is visually 
depicted by black lines. The y-axis in each panel was trimmed at the maximum value among all groups of 1.5*IQR above the third 
quartile, where IQR is the interquartile range. For each gene, we conducted formal comparisons among groups within the training 
cohort. Pairwise comparisons were performed with a Mann–Whitney test.
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(Figure 6(G), adjusted p-value < 0.001). Evidence sup
ports that TRIM72 (MG53) activates NFκB signalling, 
which is linked to an increase in intracellular calcium 
oscillation mediated by RYR2 [41] (ryanodine receptor, 
Figure 6(A,K,L), Mann–Whitney test, p-value < 0.01). 
Additionally, cilium-dependent cell motility and cilium 
movement were also upregulated in P1-2 (Figure S9C, 
p-value < 0.001). Lastly, IL22 and IL22RA1 [35,42] 
were down-regulated in the P1-1 genotype BALF tran
scriptome compared to P1-2 (Figure 6(A,J) and Figure 
S9A, Mann–Whitney test, p-value < 0.01). These 
findings suggest that at the host gene expression level, 
P1-1 triggers a more severe immune response in the 
respiratory tract, exacerbating respiratory symptoms 
and facilitating the colonization and infection of other 
opportunistic pathogens.

Discussion

M. pneumoniae is a significant respiratory pathogen in 
children, yet genomic surveillance and respiratory 
microbiota studies, particularly those comparing 
different P1 genotypes, have been limited [43,44]. To 
the best of our knowledge, this is the first study to 
reveal differences in the relative abundance, diversity 
of respiratory microbiota, and co-detection rates of 
opportunistic pathogens between the P1-1 and P1-2 
genotypes of M. pneumoniae. Additionally, we provide 
a comprehensive overview of the impact of the 
COVID-19 pandemic on the epidemiological features 
of M. pneumoniae, offering insight into the pathogen’s 
circulation in the context of NPIs. One major question 
in the field remains whether the clinical presentations 
of LRTI in children differ between the two 
M. pneumoniae P1 genotypes [45]. Some studies 
suggest that the P1 genotypes exhibit distinct patho
genic potentials, with infections caused by P1-2 poten
tially leading to more severe illness compared to those 
caused by P1-1 in children [46]. Conversely, other 
research suggests the opposite trend [47]. In alignment 
with findings from an East Asian study [47], our 
results indicate that P1-1 is associated with more 
severe clinical outcomes in this cohort. These findings 
are crucial for guiding future epidemic prevention and 
treatment strategies in East Asia.

M. pneumoniae is one of the leading bacterial 
pathogens found in children with pneumonia, respon
sible for 10-40% of community-acquired pneumonia 
cases [1–5,44]. In China, two M. pneumoniae pan
demics occurred between 2019 and 2023. The positiv
ity rate was high in 2019 (6.69% in summer, 8.19% in 
autumn, 5.04% in winter), despite fewer samples com
pared to later years. During the COVID-19 pandemic, 
the positivity rate dropped significantly (0.16% in 
autumn 2020, the lowest point; 4.06% in autumn 
2022), but it rebounded in the autumn and winter of 
2023 (6.80%/9.62%, Figure 1(B)). These trends are 

consistent with multiple studies indicating a global 
reduction in respiratory and gastrointestinal pathogen 
infections following the implementation of NPIs [43]. 
There was a notable decline in the incidence of inva
sive bacterial diseases caused by S. pneumoniae, 
H. influenzae, and N. meningitidis, which are spread 
through respiratory pathways, during the early 
months of the COVID-19 pandemic, likely due to dis
ruptions in person-to-person transmission. These 
infection rates remained low even after schools reo
pened, with the exception of rhinovirus [48]. The 
COVID-19 pandemic, caused by the SARS-CoV-2 
virus, coincided with the second M. pneumoniae pan
demic, which saw an increase in macrolide resistance 
after the relaxation of China’s “zero COVID” policy 
[6]. While the clinical outcomes associated with differ
ent M. pneumoniae genotypes have been well-docu
mented [46,47], few studies have explored the 
changes in M. pneumoniae prevalence and genotypes 
among individuals with severe pneumonia before, 
during, and after the COVID-19 pandemic. Our 
findings highlight the increasing dominance of P1-1, 
aligning with reports from Japan, where P1-2 was pre
dominant from 2017 (Figure 1(C)).

There was evidence that M. pneumoniae P1-1 has a 
higher growth rate than type 2 in Vitro, a finding that 
aligns with our results, which show a higher relative 
abundance of P1-1 in children and school-aged individ
uals (Figure 2(C)). Furthermore, previous studies have 
noted differences in P1 protein abundance between gen
otypes. The P1 protein is essential for adhesion to 
human respiratory epithelial cells and contributes to 
M. pneumoniae pathogenicity. The immunodominant 
regions of the P1 protein are located along its full length, 
with both the N-terminal and C-terminal regions 
exposed on the surface. Antibodies targeting these term
inal regions can significantly hinder adhesion [49,50]. 
We suggested that there were structural differences 
between P1-1 and P1-2 may contribute to immune 
escape mechanisms that affect pathogenicity.

Recent research has shown that the respiratory 
microbiome can predict outcomes in various lung dis
eases [48,51]. Our study observed a reduction in alpha 
diversity, which measures the variety and distribution 
of taxa, in P1-1 compared to P1-2 (Figure S2A–E, 
Figure S4). Additionally, we discovered that the abun
dance of M. pneumoniae were significant different in 
child and school-age between two genotypes (Figure 
2(C)). The initial detection of M. pneumoniae by innate 
immune cells and their subsequent activation is 
believed to be a primary cause of chronic inflammation 
and key symptoms and signs of M. pneumoniae infec
tion [16]. The exposure level of M. pneumoniae to 
immune cells is crucial in determining the outcomes 
of the immune response. M. pneumoniae’s pathogenic 
mechanisms also involve direct harm to respiratory 
epithelia and immune cells, including damage from 
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adhesion, invasion, toxins, inflammation, and immune 
responses [11,12,44,46]. The mucus layer, which traps 
debris and pathogens such as S. pneumoniae, plays a 
vital role in protecting the respiratory tract by facilitat
ing the expulsion of trapped bacteria via mucociliary 
action [51]. Studies on primary ciliary dyskinesia, a 
condition that impairs ciliary motion, show that indi
viduals with this condition have higher rates of respir
atory infections, including S. pneumoniae [52]. Our 
BAL transcriptome GSEA results indicated that genes 
of cilium motility or movement were suppressed in 
P1-1 (Figure S9C). This provides a comprehensive evi
dence chain explaining why, in our study, the co-detec
tion rate between P1-1 and S. pneumoniae was higher 
than that of P1-2 across children, school-aged individ
uals, and adults (Figure 6(C)). Children exhibited the 
highest odds ratio In particular.

Our BAL transcriptome analysis also aligns with trends 
observed in COVID-19-related studies: both the P1-1 vs. 
P1-2 comparison and the <28 days vs. ≥28 days decreased 
comparison show a tendency for more differential genes 
in milder cases (<28 days/P1-2). We found that the sever
ity-related genes SFTPD and ULBP2 are significantly 
upregulated in the P1-1. Surfactant Protein D (SP-D) 
has potential as both a biomarker and a therapeutic 
agent for lung injuries and diseases such as COPD, 
influenza A, COVID-19, and acute lung injury (ALI) 
[36,37]. Studies show SP-D inhibits lipid-laden macro
phages in COPD, reduces influenza A virus replication 
and inflammation, and prevents SARS-CoV-2 replication 
by binding to its spike protein, thus blocking cell entry and 
reducing pro-inflammatory mediators. Additionally, SP- 
D mitigates inflammation in various lung injury models, 
supporting its potential use as a treatment for lung-related 
conditions [53]. ULBP2 plays a crucial role in mediating 
NK cell activity and is significantly associated with poor 
prognosis in various tumours [38,54]. Evidence from the 
BAL transcriptome, combined with clinical data on respir
atory support and mechanical ventilation, explains the 
potential mechanisms of respiratory invasion in P1-1 
patients: P1-1 M. pneumoniae leads to primary ciliary dys
kinesia, more inflammation accumulation, and down- 
regulation of anti-inflammatory systems, providing 
space for opportunistic pathogens to proliferate. This 
exacerbates the patient’s condition, resulting in more 
severe respiratory symptoms.

This study has several limitations. First, we were 
unable to analyse the phenotypic or genomic character
istics of M. pneumoniae due to the absence of positive 
culture results. Future research should address this limit
ation by incorporating genomic and phenotypic data. 
Second, incorporating mouse models in future studies 
could help further validate and enhance our findings.

In conclusion, our study provides preliminary evi
dence that P1-1 is more invasive than P1-2 and that 
this genotype may play a more significant role in 
exacerbating respiratory disease. This difference in 

pathogenicity warrants closer monitoring of vaccine 
efficacy and the emergence of neutralization escape 
variants in the future.
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