
Streptococcus pneumoniae is a pathogen that causes 
community-associated infections in young chil-

dren <5 years of age (1,2). It can asymptomatically 
colonize the nasopharynx and upper airway in 
healthy children (up to 60%) and can also invade 
sterile sites and lead to infections from mild to life-
threatening, which can result in substantial illness 
and death worldwide (1,3,4). Despite the wide-
spread use of pneumococcal vaccines to immunize 
children, S. pneumoniae remains the leading cause 
of life-threatening diseases. Worldwide, the increas-
ing disease burden of S. pneumoniae is alarming; an 
estimated 1 million children <5 years of age die of 
pneumococcal disease every year (5). All pneumo-
coccal diseases arise from bacterial colonization, 
and the adaptability of the virulence characteristics  

enhances pneumococcal persistence in colonization 
of the host respiratory tract, suggesting that naso-
pharyngeal carriage of S. pneumoniae plays a key role 
in development and transmission of pneumococcal 
diseases (6). Pneumococcal disease is one of the most 
common infectious diseases caused by asymptom-
atic S. pneumoniae colonization in humans. Eliminat-
ing this opportunistic pathogenic bacterium requires 
knowledge of the pathogenicity-associated genetic 
elements that distinguish infection from carriage iso-
lates. Previous studies have been limited to explor-
ing virulence factors and molecular characterization 
of invasive S. pneumoniae isolates (7,8).

Whole-genome sequencing (WGS) has become 
a powerful tool for bacterial genotyping; costs have 
been decreasing as accessibility increases. The high-
dimensional genomic data can provide unprec-
edented resolution for identifying subtle genomic 
variations. Genomewide association studies (GWAS) 
are increasingly used to detect novel genes and ge-
netic elements associated with bacterial phenotypes, 
which may provide insight for future preventive 
strategies and control measures (9–12). In brief, tra-
ditional GWAS methods can be used to identify large 
numbers of common genetic variants, usually sin-
gle-nucleotide polymorphisms (SNPs), to determine 
the genetic basis of bacterial phenotypes of interest. 
However, considering the high genomic plasticity of 
many species of bacteria, traditional GWAS methods 
can only partially identify the phenotype-associated 
genetic variants. To avoid the limitations of SNP-
based GWAS, we used k-mers (DNA words of length 
k) as an alternative method, which can capture differ-
ent types of variants (13,14).

To determine whether genetic variation is un-
evenly enriched in S. pneumoniae infection isolates, 
we used multiple GWAS analyses to compare ge-
nomic differences between infection and carriage 
isolates. Study protocols were approved by the 
Ethics Committee of Guangdong Pharmaceutical 
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Streptococcus pneumoniae is an opportunistic pathogen 
that causes substantial illness and death among children 
worldwide. The genetic backgrounds of pneumococci that 
cause infection versus asymptomatic carriage vary sub-
stantially. To determine the evolutionary mechanisms of 
opportunistic pathogenicity, we conducted a genomic sur-
veillance study in China. We collected 783 S. pneumoni-
ae isolates from infected and asymptomatic children. By 
using a 2-stage genomewide association study process, 
we compared genomic differences between infection and 
carriage isolates to address genomic variation associat-
ed with pathogenicity. We identified 8 consensus k-mers 
associated with adherence, antimicrobial resistance, and 
immune modulation, which were unevenly distributed in 
the infection isolates. Classification accuracy of the best 
k-mer predictor for S. pneumoniae infection was good, 
giving a simple target for predicting pathogenic isolates. 
Our findings suggest that S. pneumoniae pathogenicity is 
complex and multifactorial, and we provide genetic evi-
dence for precise targeted interventions.
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University (2019–19) and the Ethics Committee of 
Liuzhou Maternity and Child Healthcare Hospi-
tal (2018–84). We obtained written informed con-
sent from parents or legal guardians on behalf of  
the children.

Methods

Sampling
During 2015–2021, we collected clinical samples 
from infected children and nasal swab samples from 
healthy children in southern China (Guangxi and 
Guangdong Provinces). From hospitalized infected 
children, we collected 349 nonrepetitive pneumo-
coccal isolates (e.g., blood, bronchoalveolar lavage 
fluid, sputum, middle ear fluid), of which 342 were 
noninvasive and 7 invasive. The eligibility criteria 
for infected children were having clinical infec-
tious manifestations such as cough, respiratory se-
cretions, abnormal lung sounds, dyspnea, or fever 
>38°C, with or without infiltrates seen on chest 
radiographs; having S. pneumoniae infection diag-
nosed by clinical doctors on the basis of signs and 
symptoms; and having S. pneumoniae isolated from 
clinical infection sites. In terms of asymptomatic car-
riage isolates, we sampled 434 isolates from healthy 
children in kindergarten.

Whole-Genome Sequencing 
We performed high-throughput genome sequencing 
on a Hiseq 2000 machine (Illumina, https://www. 
illumina.com) to obtain paired-end 150-bp reads. We 
assessed the quality of the raw sequenced reads by 
using FastQC version 0.11.5 (https://github.com/ 
s-andrews/FastQC) and trimmed for low quality 
reads and adaptor regions by using Trimmomatic 
version 0.36 (https://github.com/usadellab/Trim-
momatic). We then assembled trimmed reads by 
using SPAdes version 3.6.1 (https://github.com/
ablab/spades). We used PathogenWatch (https://
pathogen.watch) to predict global pneumococcal se-
quencing cluster (GPSC), multilocus sequence typing 
(MLST), and serotyping for all genomes.

Phylogenetic Analyses
To generate the variant sites with SNPs, we mapped 
assembled contigs to a standard reference genome 
S. pneumoniae R6 by using Snippy version 4.4.5 
(https://github.com/tseemann/snippy). We used 
the generated core SNP alignment to construct a 
maximum-likelihood phylogenetic tree by using the 
generalized time reversible plus gamma model and 
100 bootstrap replicates with FastTree version 2.1.10 

(http://www.microbesonline.org/fasttree). We vi-
sualized and annotated the phylogenetic tree by us-
ing ChiPlot (https://www.chiplot.online).

Counting and Annotating k-mers
We scanned all k-mers that were 9- to 100-bp long 
from all assembled reads by using fsm-lite (https://
github.com/nvalimak/fsm-lite) and filtered them 
to obtain 10,591,337 k-mers seen on 1%–99% of the 
total samples. To identify the relevant genes by us-
ing BWA-MEM (the Burrows-Wheeler Aligner with 
maximal exact matches alignment tool, https://
github.com/lh3/bwa), we mapped all k-mers to 10 S. 
pneumoniae reference genomes (CGSP14, D39, Hunga-
ry19A-6, R6, Taiwan19F-14, TIGR4, Spain23F-ST81, ATCC 
49619, EF3030, and MDRSPN001) obtained from the 
Virulence Factor Database (http://www.mgc.ac.cn/
VFs) and previous studies. We determined gene on-
tology annotations by using the UniProt (https://
beta.uniprot.org).

Multiple GWAS Analyses of Disease-Associated  
k-mers
To explore the genomewide associations between 
genetic elements (k-mers) and S. pneumoniae dis-
ease status (infection or carriage), and thus to iden-
tify infection-associated k-mers, we used GWAS 
methods. Because of the high-dimensional genomic 
data structures, we used multiple GWAS methods: 
the linear mixed model (LMM; (https://github.
com/mgalardini/pyseer), phylogenetic-based ap-
proach (Scoary; https://github.com/Admirale-
nOla/Scoary), variable selection using random for-
ests (VSURF; https://github.com/robingenuer/
VSURF), and least absolute shrinkage and selection 
operator (LASSO; https://scikit-learn.org/stable/
modules/generated/sklearn.linear_model.Lasso.
html) regression.

In brief, we used a 2-stage analysis process to 
detect the infection-associated k-mers by compre-
hensive GWAS analyses (Figure 1). First, we fitted 
a univariate LMM to initially screen infection-as-
sociated k-mers by using the Pyseer tool (version 
1.3.10) (15). To correct for the population structure, 
we used the similarity pyseer command of Pyseer, 
which computes a similarity kinship matrix on the 
basis of the core genome SNPs. For covariates, the 
GWAS analysis used host age (years) and sex. Sec-
ond, we used multiple methods (Scoary, LASSO, 
and VSURF) to minimize false-positive associa-
tions and identify consensus infection-associated k-
mers by Venn diagram. In the GWAS analyses, we 
used the Bonferroni correction (α/N) to control for  
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false-positive rates resulting from multiple compari-
sons of 1,418,815 k-mers (adjusted p value thresh-
old 3.52 × 10−8). Scoary is an ultrafast software tool 
for GWAS analyses that uses a phylogenetic-based 
method to adjust population structure. The LASSO 
regression is suitable for high-dimensional data 
structures, and the coefficients of nonrelevant vari-
ables can be compressed to zero to solve the problem 
of model overfitting (16). We used VSURF, based on 
random forest (RF), to perform a 2-step feature se-
lection on the variables (17). Initially, VSURF ranks 
the variables according to the importance measure 
by using the RF permutation-based score of impor-
tance to obtain a subset of important variables, and 
then it uses a stepwise forward strategy for variable 
introduction based on the smallest out-of-bag error. 
More precisely, a variable is added only if the er-
ror decrease is larger than a threshold. We ranked 
the importance of k-mers by the mean decrease in 
impurity (mean decrease Gini), which is a measure 
of the predictor’s contribution to the correct sample  

classification. We compiled associated phenotype 
data for all 783 isolates (Appendix Table 1, https://
wwwnc.cdc.gov/EID/article/30/1/22-1927-App1.
pdf) and deposited sequences in the National Cen-
ter for Biotechnology Information Sequence Read 
Archive database (https://www.ncbi.nlm.nih.
gov/sra; projection no. PRJNA976286). The k-mer 
sequences and output results files from several 
GWAS analyses are publicly available (https://doi.
org/10.6084/m9.figshare.24466606.v3).

Results

Characteristics of S. pneumoniae Isolates
Of the 349 children with S. pneumoniae infection, 342 
(98.0%) had noninvasive disease (264 pneumonia, 49 
bronchitis, 13 otitis media, 9 upper respiratory infec-
tion, 6 nasosinusitis, and 1 corneal ulcer), and 7 (2.0%) 
had invasive disease (6 bacteremia and 1 endocardi-
tis). χ2 test results indicated no differences between 
infection and carriage isolates with regard to host sex 
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Figure 1. Two-stage GWAS 
analysis process used to detect 
infection-associated Streptococcus 
pneumoniae k-mers in study of 
disease-associated Streptococcus 
pneumoniae genetic variation. GWAS, 
genome-wide association studies; 
LASSO, least absolute shrinkage and 
selection operator; LMM, linear mixed 
model; VSURF, variable selection 
using random forests; WGS, whole-
genome sequencing.
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(p = 0.359) but significant differences with regard to 
age (p<0.001) (Appendix Table 2).

Association between Genotypes and Disease Status
The most prevalent GPSCs for infection isolates 
were GPSC1 (45.9%), GPSC321 (9.2%), and GPSC852 
(5.4%); the predominant GPSCs for carriage isolates 
were GPSC321 (16.1%), GPSC1 (15.4%), and GPSC23 
(15.0%). In terms of sequence types (STs), the most 
common genotypes for infection isolates were ST271 
(29.2%), ST320 (9.5%), and ST902 (7.2%); the pre-
dominant genotypes for carriage isolates were ST902 
(15.9%), ST90 (13.8%), and ST271 (8.5%). The most 
prevalent serotypes for infection isolates were 19F 
(43.0%), 6B (15.2%), and 23F (8.3%); and the predomi-
nant serotypes for carriage isolates were 6B (32.7%), 
19F (13.1%), and 15A (11.1%). The results indicated 
potential genotype differences between infection and 
carriage isolates. In addition, the phylogenetic tree 
based on core SNPs revealed that several genotypes 
(GPSCs/STs/serotypes) from infection and carriage 
isolates clustered in the same branches (Figure 2). 
Moreover, we found statistically significant differenc-
es in the proportion of specific GPSCs/STs/serotypes 
between infection and carriage isolates (Table 1), indi-
cating that these isolates are associated with infection.

Preliminary Screening for Infection-Associated  
K-Mers by LMM
We identified 10,591,337 k-mers from the assemblies 
of 783 S. pneumoniae isolates and then filtered out low-
frequency k-mers for a reduced matrix with 1,418,815 
k-mers. Using those k-mers for GWAS, we performed 
a univariate LMM analysis to initially identify 22,790 
infection-associated k-mers; 10,713 k-mers were suc-
cessfully mapped to 1,215 unique genes (Figure 3, 
panel A; Appendix Figure 1). In the initial model 
with 10,713 k-mers, we used the RF model to assess 
the prediction effect. The classification balanced ac-
curacy based on cross-validation was 93.60% (95% CI 
91.48%–95.72%) (Table 2); the area under the curve 
(AUC), based on the out-of-bag risk scores of the clas-
sifier, was 0.98. In the LMM analysis, the QQ-plot in-
dicated that population structure was well controlled 
at low p values (p<0.01) (Appendix Figure 2). Because 
of the considerable redundancy among the genetic el-
ements in risk prediction, studying all k-mer combi-
nations had little benefit; therefore, we used a simpler 
model with 886 k-mers successfully mapped to 52 an-
tibiotic resistance or virulence genes (Appendix Table 
3). The classification balanced accuracy was 91.28% 
(95% CI 89.34%–93.22%) (Table 2); the AUC was 0.96, 
suggesting that the power of these 886 k-mers for  
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Figure 2. Whole-genome 
phylogenetic tree showing 
genetic similarity of 783 
Streptococcus pneumoniae 
isolates in a study of disease-
associated Streptococcus 
pneumoniae genetic variation. 
The colored strips at the tips 
of the tree (from inner to outer) 
represent isolate metadata 
(source, STs, serotypes, 
and GPSCs) and infection-
associated k-mers found in 
the final model. GPSC, global 
pneumococcal sequencing 
cluster; ST, sequence type.
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predicting disease status was close to that of the model  
with 10,713 k-mers.

In addition, we sorted the 886 disease-associated 
k-mers according to estimated importance (Figure 3, 
panel B). The k-mers were mainly associated with an-
timicrobial resistance (34%), adherence (20%), immune 
modulation (17%), and exoenzyme (1%). Moreover, 
the k-mers were divided into 3 functional gene ontol-
ogy categories. Among those categories, proteolysis 
and cell wall organization were the largest subcatego-
ries in the biological process, membrane was the most 
enriched term in the cellular component, and serine-
type D-Ala-D-Ala carboxypeptidase activity was the 
top term in the molecular function (Figure 3, panel C).

Further Validation of Infection-Associated k-mers  
by Multiple GWAS Analyses
To reduce the complexity of the model, we used 3 
methods to identify consensus infection-associated k-
mers (Figure 4). On the basis of the 886 k-mers screened 
above, we observed consensus on genomewide statisti-
cally significant associations for pathogenicity k-mers; 
8 k-mers were identified by all 3 methods. When we 
used the simplest model with the 8 k-mers, the classifi-
cation balanced accuracy was 90.89% (95% CI 89.48%–
92.31%) (Table 2), and the AUC value was 0.93 (Figure 
5, panel A), suggesting that the power of the 8 k-mers 
to predict disease status was comparable to that of the 
model with 886 k-mers. Of note, the k-mer predictors 

still exhibited high classification balanced accuracy in 
the predominant GPSCs (95.34% for GPSC1 and 92.79% 
for GPSC321). The importance of the selected k-mers 
in the final model indicated that these predictors were 
mainly associated with adherence function (Figure 5, 
panel B). The highest ranked predictor (Kmer_9823 in 
sortase [srtG1]) achieved a classification accuracy of 
79.57% on its own and also showed high classification 
accuracy in the predominant GPSCs (70.04% for GPSC1 
and 85.29% for GPSC321). In addition, the best predic-
tor (in srtG1) was associated with GPSC1 and GPSC321 
(all p<0.05). For the additional validation analysis that 
used the best RF classifier k-mer (in srtG1), 2 indepen-
dent datasets of S. pneumoniae genomes with genotype 
distribution similar to that of our study were available 
on the National Center for Biotechnology Informa-
tion Assembly database (https://www.ncbi.nlm.nih.
gov/assembly (data1: 60 noninvasive vs. 60 carriage 
isolates; data2: 60 invasive versus 60 carriage isolates; 
the prevalence of the predominant GPSCs [GPSC1 and 
GPSC321] was 58.3% for noninvasive, 55.0% for inva-
sive and 30.0% for carriage isolates) (Appendix Table 
4). Classification accuracy was 75.83% for data1 and 
74.17% for data2, similar to that in the larger primary 
dataset in our study.

The proportion of k-mers differed significantly 
between infection and carriage isolates (all p<0.05) 
(Figure 5, panel C), indicating that the propor-
tion of k-mers was substantially higher in infection  
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Table 1. Association analysis between dominant genotypes and disease status from study of disease-associated Streptococcus 
pneumoniae genetic variation* 

Genotype 
Infection isolates, no. 

(%), n = 349  
Carriage Isolates,  
no. (%), n = 434 χ2 p value OR (95% CI) 

ST      
 ST271 102 (29.2) 37 (8.5) 56.78 <0.001 4.43 (2.95–6.67) 

 ST902 25 (7.2) 69 (15.9) 13.97 <0.001 0.41 (0.25–0.66) 
 ST90 13 (3.7) 60 (13.8) 23.34 <0.001 0.24 (0.13–0.45) 
 ST320 33 (9.5) 24 (5.5) 4.42 0.036 1.78 (1.03–3.08) 
 ST11972 3 (0.9) 24 (5.5) 12.67 <0.001 0.15 (0.04–0.50) 
 ST9396 1 (0.3) 22 (5.1) 15.52 <0.001 0.05 (0.01–0.40) 

Serotype      
 19F 150 (43.0) 57 (13.1) 88.61 <0.001 4.99 (3.51–7.08) 

 6B 53 (15.2) 142 (32.7) 31.80 <0.001 0.37 (0.26–0.53) 
 15A 12 (3.4) 48 (11.1) 15.88 <0.001 0.29 (0.15–0.55) 
 23F 29 (8.3) 21 (4.8) 3.90 0.056 1.78 (0.96–3.35) 
 23A 10 (2.9) 32 (7.4) 7.74 0.005 0.37 (0.18–0.77) 
 6A 24 (6.9) 10 (2.3) 9.74 0.002 3.13 (1.48–6.64) 
 19A 15 (4.3) 11 (2.5) 1.87 0.171 1.73 (0.78–3.81) 
 14 15 (4.3) 11 (2.5) 1.87 0.171 1.73 (0.78–3.81) 

GPSC      
 GPSC1 160 (45.9) 67 (15.4) 88.88 <0.001 4.64 (3.32–6.48) 
 GPSC321 32 (9.2) 70 (16.1) 8.27 0.004 0.52 (0.34–0.82) 
 GPSC23 15 (4.3) 65 (15.0) 24.05 <0.001 0.25 (0.14–0.45) 
 GPSC10 9 (2.6) 28 (6.5) 6.44 0.011 0.38 (0.18–0.81) 
 GPSC69 3 (0.9) 31 (7.1) 18.39 <0.001 0.11 (0.04–0.35) 
 GPSC152 13 (3.7) 18 (4.2) 0.09 0.763 0.89 (0.44–1.83) 
 GPSC852 19 (5.4) 12 (2.8) 3.65 0.056 2.02 (0.98–4.17) 

*Boldface indicates statistical significance. GPSC, global pneumococcal sequencing cluster; OR, odds ratio; ST, sequence type. 
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isolates than in carriage isolates. The effect of each 
k-mer on the estimated risk score (Figure 5, panel 
D), indicated by a point above the diagonal, indi-
cates that the risk score is increased when the k-mer 
profile is present. The presence of k-mers associated 
with adherence genes markedly increased the risk 
for S. pneumoniae infection (odds ratio [OR] 1.88 for 
Kmer_9823, OR  1.65 for Kmer_10039, and OR  1.69 
for Kmer_10431) (Table 3).

Discussion
To explore genomic differences between infection 
and carriage isolates, linking infection-associated 
genotypes with disease status is necessary. In our 

study, the most common serotypes for infection iso-
lates (19F, 6B, 23F) were consistent with the results 
from other regions of China (18–20) but differed from 
those from the United States and Japan (21,22). More-
over, we observed considerable ST diversity among 
infection isolates; the most prevalent genotypes were 
ST271, ST320, and ST902, a finding consistent with 
those of previous studies in China but different from 
those in developed and developing countries (23–25). 
The resolution of MLST and serotyping for inferring 
isolate relatedness is limited, so we also used GPSCs 
to characterize and compare different lineages (26). 
The most prevalent GPSCs among the infection iso-
lates were GPSC1, GPSC321, and GPSC852, which 
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Figure 3. Preliminary screening 
for infection-associated k-mers 
by linear mixed model in 
study of disease-associated 
Streptococcus pneumoniae 
genetic variation. A) Manhattan 
plot showing statistical 
significance and chromosomal 
location of k-mers mapped to 
a complete reference genome 
(TIGR4; GenBank accession no. 
NC_003028.3). B) Importance of 
the top 100 k-mer predictors in a 
simpler model with 886 k-mers. 
C) Gene ontology annotations 
of the top 100 k-mer predictors. 
OR, odds ratio.
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differed from those in the United States and South 
Africa (27). Our findings suggest that discrepancy in 
genotypes on a global scale may be associated with 
different pathogenicity and evolutionary directions. 
In our study, associations between specific genotypes 
(such as 19F and GPSC1) and disease status differed 
significantly, which is consistent with findings from 
a study in India (28). Our findings indicate that the 
presence of specific pathogenic clones may promote 
infection. In a simple pathogenicity model, all patho-
genic clones would belong to specific clusters of ge-
netically related disease-causing isolates (i.e., patho-
genic clone hypothesis; Figure 6, panel A), which has 
been observed for Staphylococcus aureus and S. pneu-
moniae isolates (29,30). That pathogenicity model is 
not suitable for all S. pneumoniae clones because many 
infection isolates clustered in the same branches of 
phylogenetic tree as carriage isolates. In addition, 
traditional genotypes provide little power for iden-
tifying small genetic variations at the genomic level 
(29), suggesting that those genotypes only partially 
explain the pathogenicity of S. pneumoniae.

Using high-throughput genome sequencing tech-
nologies and bacterial GWAS methods to further 
explore high-dimensional genetic variation between 
infection and carriage isolates is essential, thereby re-
vealing the pathogenicity-associated genetic elements 

of S. pneumoniae. According to the phylogenetic tree, 
we observed that infection isolates were markedly 
unevenly distributed across the phylogeny and also 
clustered with carriage isolates within several lin-
eages, indicating that most lineages are capable of 
causing infection (i.e., opportunistic pathogenicity 
hypothesis; Figure 6, panel B). If this hypothesis is 
reasonable, then GWAS analyses would not detect 
numerous pathogenicity-associated k-mers. How-
ever, the LMM-based GWAS in our study detected 
22,790 pathogenicity-associated k-mers. These find-
ings suggest that the enrichment of genetic elements 
encoding pathogenicity traits may increase the patho-
genicity of S. pneumoniae (i.e., pathogenic-determinant 
hypothesis; Figure 6, panel C), which is consistent 
with Staphylococcus epidermidis and avian pathogenic 
Escherichia coli (30,31). In this pathogenic-determinant 
model, horizontal gene transfer could spread genetic 
determinants in bacteria such as S. pneumoniae and 
Klebsiella pneumoniae (32–34), leading various clones 
to successfully cause disease.

High-throughput genomic data have brought 
substantial challenges to data analysis because of 
high-dimensional and highly correlated data struc-
tures. In our study, we identified infection-associated 
k-mers by using a 2-stage comprehensive GWAS anal-
ysis process, including LMM for initially screening  
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Table 2. Resubstitution estimate and cross-validation results based on random forest models used in study of disease-associated 
Streptococcus pneumoniae genetic variation* 

Evaluation indicators 

10,713 k-mer predictors 

 

886 k-mer predictors 

 

8 k-mer predictors 

Resubstitution 
estimate 

10-fold cross-
validation 
estimate 

Resubstitution 
estimate 

10-fold cross-
validation 
estimate 

Resubstitution 
estimate 

10-fold cross-
validation 
estimate  

Accuracy 98.60 93.23  96.42 90.81  90.93 90.04 
Balanced accuracy 98.65 93.60  96.61 91.28  91.48 90.89 
Sensitivity 99.13 94.48  97.91 92.87  94.27 93.72 
Specificity 98.18 92.71  95.31 89.69  88.70 88.07 
PPV 97.71 90.27  93.98 86.27  84.81 83.65 
NPV 99.31 95.63  98.39 94.48  95.85 95.18 
Kappa 0.97 0.86  0.93 0.81  0.81 0.80 
*Values are percentages except for kappa, which is reported as a value ranging from –1 to 1. NPV, negative predictive value; PPV, positive predicitive 
value. 

 

Figure 4. Further validation 
of infection-associated k-mers 
by multiple GWAS analyses in 
study of disease-associated 
Streptococcus pneumoniae 
genetic variation. A) Venn 
diagram visualization of the 
k-mers identified by 3 methods. 
B) UpSet plot visualization 
of the k-mers identified by 
3 methods. LASSO, least 
absolute shrinkage and 
selection operator; VSURF, 
variable selection using  
random forests.
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pathogenic k-mers and multiple GWAS methods for 
further validation. In the final prediction model, we 
identified 8 k-mer predictors, which mapped to genes 
associated with adherence, immune regulation, anti-
biotic resistance, and exoenzyme. Of the adherence-
related genes, srtG1 and the LPxTG-type surface-
anchored protein (pitA) are important components of 
the pneumococcal pilus-2, which plays a crucial role 
in promoting adhesion, colonization, and cellular in-
vasion (35,36). Classification accuracy of the most im-
portant k-mer in srtG1 was high by itself, and that of 
the additional validation RF analysis based on open 
datasets was similar, suggesting that this predictor 
has great potential for predicting pathogenic iso-
lates in a clinical setting. Phosphorylcholine esterase 
(cbpE) plays an important role in modulating both the  

phosphorylcholine decoration of its surface and cho-
line-bound surface adhesins, which may contribute to 
pneumococcal adherence and invasiveness (37). Cap-
sular polysaccharide (CPS) is a major virulence factor 
in S. pneumoniae. Capsular polysaccharide protein C 
(CpsC) has been shown to affect the level of CPS ex-
pression and also regulate the assembly, export, and 
attachment of CPS to the cell wall (38). Pneumococ-
cal surface protein A (PspA) plays role in prevent-
ing complement-mediated opsonization and is also 
capable of binding to lactoferrin, thereby preventing 
it from killing pneumococci (39). The infection-asso-
ciated genes reported in our study (cpsC and pspA) 
are homologous to the genes associated with invasive 
pneumococci (cpsA, cpsD, and pspC) identified in pre-
vious studies (11,12), providing more evidence for  
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Figure 5. Prediction effect 
of the 8 k-mers identified 
in the final model used in 
study of disease-associated 
Streptococcus pneumoniae 
genetic variation. A) Receiver 
operating characteristic curve 
of the final model. B) Predictor 
importance of the 8 k-mers in 
the final model. C) Proportion 
of k-mer predictors between 
infection and carriage isolates. 
D) Change in risk score for 
a specific k-mer profile when 
the k-mer is present (y-axis) 
compared to absent (x-axis). 
AUC, area under the curve.

 
Table 3. Association analysis between k-mers and disease status used in study of disease-associated Streptococcus pneumoniae 
genetic variation* 

k-mer Genes 
Infection isolates,  
no. (%), n = 349 

Carriage isolates,  
no. (%), n = 434 p value OR (95%CI) 

Kmer_9823 srtG1 264 (75.6) 75 (17.3) 8.55  10–45 1.88 (1.79–1.96) 
Kmer_10633 pbp2b 218 (62.5) 78 (18.0) 2.68  10–37 1.77 (1.71–1.84) 
Kmer_10039 pitA 194 (55.6) 69 (15.9) 1.47  10–31 1.65 (1.51–1.79) 
Kmer_7775 cpsC 290 (83.1) 132 (30.4) 6.59  10–49 1.75 (1.66–1.83) 
Kmer_1319 pbp3 219 (62.8) 96 (22.1) 9.95  10–31 1.79 (1.70–1.87) 
Kmer_7075 pspA 276 (79.1) 126 (29.0) 4.31  10–44 1.64 (1.55–1.72) 
Kmer_10431 cbpE 146 (41.8) 7 (1.6) 3.38  10–45 1.69 (1.62–1.76) 
Kmer_8201 nanA 292 (83.7) 241 (55.5) 4.68  10–17 1.66 (1.55–1.76) 
*OR, odds ratio. 
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S. pneumoniae pathogenicity. Neuraminidase A en-
coded by the nanA gene is an essential colonization 
factor for S. pneumoniae and promotes growth and 
survival of the bacteria in the upper respiratory tract 
(40). Antimicrobial drug use and abuse not only in-
duce widespread multidrug-resistant pneumococci 
but also increase the susceptibility to invasive disease 
(41). For decades, penicillin has been the first choice 
for treatment of pneumococcal infection, and muta-
tions in penicillin-binding proteins (PBPs) are es-
sential for high-level penicillin resistance (42). Li et 
al. demonstrated that pbp2b and pbp3 are associated 
with pneumococcal infection (42). One reason is that 
PBP2B and PBP3 are involved in the synthesis and 
growth of bacterial cell walls, which are crucial for 
the survival and virulence of pneumococci (43). In 
addition, a previous study revealed a potential asso-
ciation between penicillin resistance and GPSC1 (44), 
and our findings also showed that GPSC1 was associ-
ated with pneumococcal infection, suggesting that it 
cannot support a causal link between resistance and 
pneumococcal infection and may result from a lineage 
confounder. In summary, these infection-associated 
k-mers provide genetic evidence for revealing opti-
mal risk factors for infection isolates, which may offer 
a theoretical basis for precise targeted interventions.

In this study, we attempted to use the compre-
hensive analysis strategy to identify pathogenic k-
mers by well-characterized S. pneumoniae isolates 
from a single location so we could reduce redundan-
cy of k-mer predictors, minimize false-positive as-
sociations, and avoid geographic variation. Our con-
sensus findings of pathogenic k-mers from multiple 
GWAS methods may provide sufficient evidence for 
clarifying the complex multifactorial pathogenicity of 
S. pneumoniae. However, among the potential limita-
tions, the first is that S. pneumoniae pathogenesis is a 
multifactorial and interacting process, but traditional 
GWAS methods identify the main effect of each ge-
netic variation and ignore the complex gene-gene in-
teractions (45). Therefore, future studies should use 

the enrichment theory to determine the core functions 
or pathways for risk genes, which may provide new 
insights for understanding pathogenesis at functional 
levels (46,47). Second, although k-mers can reflect 
variation in bacterial genomes, we mapped infection-
associated k-mers in our study to reference genomes 
to identify pathogenic genes, which cannot cover 
complete genomic variation in the entire species. To 
overcome those issues, we developed the extended  
k-mer–based GWAS methods to detect phenotype-
specific k-mers without relying on prior annota-
tions or reference genomes (48,49). Third, our study 
focused mainly on noninvasive rather than invasive 
isolates, and S. pneumoniae can transition from car-
riage to infection, suggesting potential similarity in 
carriage and noninvasive infection isolates. To im-
prove the statistical power and comparability of 
exploring disease-associated markers, we included 
infection isolates from children with confirmed asso-
ciated symptoms and carriage isolates from asymp-
tomatic healthy children.

In conclusion, our 2-stage GWAS analyses identi-
fied a subset of 8 pathogenic k-mers associated with 
adherence, antimicrobial resistance, and immune 
modulation, indicating that the enrichment of genetic 
elements encoding pathogenicity traits may increase 
the pathogenicity of S. pneumoniae. The best predictor 
for S. pneumoniae infection achieved a high classifi-
cation accuracy, giving a very simple target for pre-
dicting pathogenic isolates in a clinical setting. These 
findings suggest the complex multifactorial nature of 
S. pneumoniae pathogenicity and provide genetic evi-
dence for the evolution of virulence and development 
of precise targeted interventions.
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