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In brief

Giulieri et al. performed a large-scale
bacterial GWAS of clinical outcomes of
S. aureus bacteremia to identify
associations between bacterial adaptive
mutations and disease severity. While
outcomes such as infection mortality had
low heritability, their GWAS framework
identified new pathoadaptive mutations
associated with vancomycin resistance
and duration of bacteremia.
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SUMMARY

Outcomes of severe bacterial infections are determined by the interplay between host, pathogen, and
treatments. While human genomics has provided insights into host factors impacting Staphylococcus aureus
infections, comparatively little is known about S. aureus genotypes and disease severity. Building on the hy-
pothesis that bacterial pathoadaptation is a key outcome driver, we developed a genome-wide association
study (GWAS) framework to identify adaptive mutations associated with treatment failure and mortality in
S. aureus bacteremia (1,358 episodes). Our research highlights the potential of vancomycin-selected muta-
tions and vancomycin minimum inhibitory concentration (MIC) as key explanatory variables to predict infec-
tion severity. The contribution of bacterial variation was much lower for clinical outcomes (heritability <5%);
however, GWASSs allowed us to identify additional, MIC-independent candidate pathogenesis loci. Using su-
pervised machine learning, we were able to quantify the predictive potential of these adaptive signatures. Our
statistical genomics framework provides a powerful means to capture adaptive mutations impacting severe
bacterial infections.

INTRODUCTION

The course and outcome of severe bacterial infections such as
bacteremia and sepsis are determined by the interaction of fac-
tors related to the host (e.g., genetics, age, chronic conditions),
the pathogen, and the treatment.! A deeper understanding of
these outcome determinants would help design more effective
treatments and inform precision medicine strategies. However,
in contrast to progress in the immunogenetics of infections,? it
has been challenging to identify bacterial genetic factors influ-
encing infection outcomes.>* This is due to the considerable
genetic diversity of bacterial pathogens and the strong clonal
structure of bacterial populations that complicate genome-
wide association studies (GWASs).® In addition, many bacterial
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GWASSs addressing clinical outcomes face specific issues like
small sample size, retrospective data collection, and unbalanced
datasets.”

With up to 20% mortality®” and increasing incidence,® Staph-
ylococcus aureus bloodstream infections are a key challenge to
human health.” The clinical determinants of Staphylococcus
aureus bacteremia (SAB) outcomes have been described exten-
sively; in particular, mortality has been the subject of numerous
studies (reviewed in van Hal et al.’®). Small studies have shown
the impact of host genetic factors on SAB risk and outcomes;
for example, it was shown that a polymorphism in the DNA meth-
yltransferase DNMT3A protects from persistent SAB."" Studies
linking specific clones or bacterial characteristics (vancomycin
minimum inhibitory concentration [MIC]) with SAB mortality'?
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provide indirect evidence for the role of bacterial genetic factors
in SAB mortality; however, it has been difficult to identify compel-
ling associations between distinctive genes or mutations and
clinical outcomes.' In a landmark study Recker et al. used a
combination of GWASs and machine learning to explore factors
associated with SAB mortality. Their work showed that both bac-
terial genetic and phenotypic information improved the perfor-
mance of the predictive model. Feature selection from the model
indicated several potential pathogenic mutations that could
represent the basis for functional validation.'*

A key concept underlying bacterial phenotype-genotype
studies is pathoadaptation, where bacteria acquire mutations
that enhance their ability to survive in the host. Upon infection,
colonizing S. aureus strains are repeatedly subjected to similar
selective pressures; thus, mutations promoting survival in the
host during infection are expected to be preferentially main-
tained and become evident when examining S. aureus microevo-
lution. The most compelling evidence for the role of pathoadap-
tation in SAB comes from within-host evolution studies, which
have shown enrichment of mutations in a small number of genes
including agr and antibiotic resistance genes (indicating conver-
gent evolution), both upon transition from colonization to inva-
sion and during persistent infection.’>™'” Bacterial GWASs
leverage the concept of adaptation either directly by focusing
on homoplastic mutations (phylogeny-based methods)'®2* or
indirectly by correcting the analysis for population structure.?*=2°
For example, Farhat et al. identified multiple resistance-associ-
ated mutations and genes by applying a phylogenetic conver-
gence testing approach to a collection of M. tuberculosis
isolates.'® Convergent evolution was also used in GWASs of
M. tuberculosis tolerance®’ and vancomycin-intermediate
S. aureus (VISA) phenotype.”® Approaches based on population
structure (allele-counting methods) do not account for conver-
gent evolution explicitly, but the most robust associations are
expected to occur with homoplastic mutations or genes under
positive selection. For example, in a GWAS of drug resistance
in M. tuberculosis, 50% of gene targets identified using regres-
sion and correction for population structure were shown to be
homoplastic using a convergence-based approach.?’

The examples described above involve antibiotic resistance,
an adaptive phenotype with high heritability and strong selective
pressure, where convergent evolution is expected to be
apparent. However, it is unclear whether clinical outcomes of
bacterial infections are dependent on bacterial genotypes, as
shown by bacterial GWASs of clinical outcomes, which have
been either negative or have not been reproduced across
independent cohorts. Bacterial adaptation can be frequently de-
tected in clinical infections,*® leading to antibiotic resistance,
antibiotic tolerance, or immune evasion and thus potentially
driving treatment failure.®' Here, we propose a statistical geno-
mics framework that incorporates convergent evolution explicitly
and tracks molecular signatures of adaptation across three inde-
pendent SAB patient cohorts to build a model of bacterial geno-
type-phenotype associations for treatment outcomes. Given the
complexity of identifying genetic correlates of clinical outcomes,
we progress our analysis from clinically relevant bacterial pheno-
types with high expected role of adaptation (vancomycin MIC)
to intermediate outcomes (duration of bacteremia) to final
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endpoints with strong multi-factorial pathogenesis (infection
mortality).

RESULTS

S. aureus bacteremia cohorts

To identify bacterial genetic correlates of clinical outcomes of
bacteremia, we analyzed 1,358 S. aureus sequences from 3
cohorts of SAB with extensive clinical metadata (Table S5).
The cohorts included an observational study of vancomycin
efficacy in SAB (cohort A, 843 isolates, 738 individual epi-
sodes),'”'®%? an observational study of the VISA/heteroge-
neous VISA phenotype in sequence type (ST) 239 methicillin-
resistant S. aureus (MRSA) (cohort B, 296 isolates),*®> and a
randomized clinical trial of vancomycin-B-lactam combination
therapy in MRSA bacteremia (cohort C, 324 isolates).** The
microbiological and clinical characteristics of the isolates are
described in Table 1 and Figure 1. The cohorts were different
in terms of proportion of MRSA, distribution of STs, mortality
outcomes, and treatment choice. Therefore, in addition to
combining all sequences in a single dataset, we analyzed the
three collections separately, with the aim of finding overlapping
hits between the independent samples that would provide
robust evidence for clinically relevant bacterial adaptation (Fig-
ure S1). When multiple isolates per episode were available
(cohort A), we used all isolates available in the vancomycin
GWAS but only baseline isolates in the GWAS of clinical
outcomes.

Lineage effects and bacterial adaptation may impact
clinical outcomes of S. aureus bacteremia

We first assessed the relative impact of clinical factors on SAB
outcomes using cohort A because it included all three outcomes
of interest for this study (vancomycin MIC, duration of bacter-
emia, mortality) (543 episodes) and then fitted a classification
model of mortality. In our initial model. we included predictors
of SAB mortality that are generally available in the clinic including
host factors (age, gender, Charlson comorbidity index, site of
acquisition), antistaphylococcal treatment, phenotypic bacterial
characteristics (methicillin resistance, vancomycin MIC), and
duration of bacteremia.

We used a random forest machine-learning algorithm that was
trained using stratified cross-validation on 80% of cohort A epi-
sodes. To increase the accuracy of the predictive parameters’
estimates, the model was trained on 100 replicate training-
testing data splits and produced a mean area under the receiver
operating curve (AUROC) of 0.803 and a mean area under the
precision recall curve (AUPRC) of 0.395 (Figures 2A and 2B).
Thus, traditional predictors of mortality in SAB had an accept-
able predictive performance®®; however, 20% of mortality pre-
dictions were incorrect, raising the possibility that the addition
of non-clinical variables (including bacterial genomic features)
could increase prediction accuracy.

To estimate the relative role of these predictors of mortality, we
calculate variable importance (impurity index) based on 100
replicate analyses. While age and comorbidities were the most
important features in the final model (as expected), we were sur-
prised that vancomycin MIC was as important as comorbidities
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Table 1. Characteristics of S. aureus isolates included in the bacteremia cohorts

Cohort A (n = 738)

Cohort B (n = 296)

Cohort C (n = 324)

Sample period

1990-1999 0(0)
2000-2009 517 (70)
2010-2019 221 (30)
Country
Australia/NZ 738 (100)
Singapore 0(0)
Israel 0(0)
Patient age (years), median (IQR) 61 (46-74)
MRSA 252 (34)
Charlson comorbidity index, median (IQR) 2 (0-3)
Vancomycin MIC (mg/L), median (IQR) 1.5(1-2)
Main antibiotic
Flucloxacillin 384 (52)
Vancomycin 301 (41)
Daptomycin 0(0)
Vancomycin + B-lactam 0 (0)
Daptomycin + B-lactam 0(0)
Other 53 (7)
No treatment 0(0)
Duration of bacteremia (days), median (IQR) 1(1-2)
Mortality at 30 days 109 (15)

32 (11) 0(0)
264 (89) 0 (0)

0(0) 324 (100)
296 (100) 239 (74)

0 (0) 53 (16)
0(0) 32 (10)

64 (50-73) 64 (49-76)
296 (100) 324 (100)
2 (1-3) 5 (2-7)

1 (0.75-1.5) N/A

0(0) 0 (0)

252 (85) 158 (49)
0(0) 3(1)

0(0) 159 (49)
0(0) 4(1)

11 (4) 0 (0)

28 (9) 0 (0)

N/A 1 (1-8)

88 (30) 35 (11)

Values are counts (percentage) unless otherwise specified. MRSA, methicillin-resistant S. aureus; N/A, not available.

and more important than methicillin resistance (Figure 2C). This
ranking of variables was also confirmed when fitting a logistic
regression model (Table S1). This highlights the role of bacterial
factors in SAB mortality and suggests that partially adaptive anti-
biotic resistance (such as increased vancomycin MIC)*® is at
least as important as acquired antibiotic resistance genes (Fig-
ure S2). This finding further supported our choice of including
vancomycin MIC as an intermediate bacterial phenotype in the
bacterial GWAS.

To explore the relative role of bacterial genetic factors in SAB
outcomes, we first considered whether there were “high-risk”
clones or lineages that were associated with either of the three
GWAS outcomes. To assess lineage effects in cohort A, we first
performed a multi-dimensional scaling analysis (MDS) of a dis-
tance matrix generated by Mash, an approach that compares
genetic similarity based on a subsample of 1,000 k-mers.®’
This allowed us to include the whole genome content rather
than just the core genome SNP matrix. We then extracted the
top 10 components (85% of genetic variance explained) and as-
sessed their correlation both with mortality and bacterial covari-
ates. This correlation analysis showed robust lineage effects for
vancomycin MIC, in particular MDS2 and MDS3 (p < 10~ '%; Fig-
ure 2D; Table S3), while a weak lineage effect was found for mor-
tality (MDS2 and MDS4, p < 0.01). As expected, there was a
strong correlation between MDS axes and clonal complexes
(CCs) (Figures 1B, S3, and S4). For example, the most prevalent
CC (CC239) was positively correlated with MDS2 and negatively

correlated with MDS1, while CC93 was strongly correlated
with MDS3.

We then calculated the narrow-sense heritability (h?) of clinical
outcomes and bacterial phenotypes to determine what propor-
tion of these parameters variation was a result of genetic varia-
tion. With both methods used (linear mixed model and whole-
genome elastic net model; Table S10), vancomycin MIC had a
high heritability, as expected with a microbiological phenotype
that is genetically encoded,® while duration of bacteremia and
mortality had substantially lower values (Figure 2E; Table S2).
These values are consistent with bacterial GWASs of S. aureus
infection vs. colonization (2%)°° and E. coli bacteremia mortality
(<1%).*

Identification of loci associated with increased
vancomycin MIC

We first analyzed loci associated with vancomycin MIC (as a
continuous variable) in two cohorts. Vancomycin MIC was cho-
sen due to its clinical relevance both in our model and in the liter-
ature®® and its higher bacterial heritability. In addition, we used
E-test data that have a larger dynamic range and allowed us to
capture subtle adaptive changes,*" further enhancing the power
to detect significant associations using a linear regression
model. The MIC distribution was slightly shifted between the
two cohorts, with a higher median MIC in cohort A than in cohort
B (1.5 vs. 1 mg/L, p = 2.7 x 107 '3, Wilcoxon test) (Table 1;
Figures 1C and S6), possibly due to the different clonal structure
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Figure 1. Genomic and phenotypic characterization of 3 S. aureus bacteremia cohorts

(A) Maximum likelihood phylogenetic trees of 1,358 bloodstream S. aureus strains included in the analysis. The tree is annotated with (from the inside to the
outside): clonal complex (CC), cohort, MRSA status, vancomycin MIC, duration of bacteraemia, mortality at 30 days.

(B) First two principal components of multi-dimensional scaling (MDS) of the Mash distance matrix. Dots represent sequences and are colored according to the 7

most prevalent clonal complexes.
(C) Distribution of vancomycin MIC (in mg/L).
(D) Distribution of duration of bacteremia (in days).

of the two populations (Figure 1A); however, the shape of the
MIC distribution was similar, suggesting that it would be possible
to compare the results from the analyses performed in both co-
horts separately.

Consistent with the heritability estimate, we identified several
mutations that were significantly associated with vancomycin
MIC; however, the analysis was strongly biased by the popula-
tion structure, as shown by the quantile-quantile plot (Figure S5).
While this indicates inflation (despite correction for population
structure in the linear mixed model) and confirms the critical
role of lineage effects in antibiotic resistance in S. aureus, close
inspection of variants reaching genome-wide significance
showed mutations in mprF (known to be associated with dapto-
mycin and vancomycin resistance in S. aureus*”~*‘) and pbp2
(thought to be associated with B-lactam resistance and vanco-
mycin resistance®?“%), confirming the ability of this approach
to identify resistance-associated loci (Table 2). In addition, we
found an intergenic mutation 345 bp upstream of mprF, further
supporting the importance of mprF in our datasets.

We also considered significant mutations outside known van-
comycin resistance loci to explore whether our GWASs had the
ability to identify new targets of vancomycin resistance. The
most significant association in cohort A was found with the mu-
tation V1411 in the iron-sulfur cluster synthesis gene sufU*” and
with an intergenic mutation at position 1,293,856 of the reference
genome S. aureus BPH2947 that was located within a promoter
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upstream of the predicted operon that contains the serine-thre-
onine phosphatase stp7, which has been previously associated
with vancomycin resistance.*®*® Only one locus reached
genome-wide significance in cohort B: an intergenic mutation
at position 2,959,009 within a predicted promoter upstream of
the aureolysin gene aur.

Inflation of p values and incomplete correction for population
structure indicated that the GWAS at variant level was not suffi-
ciently accurate to identify new targets. Moreover, it is known
from within-host adaptive studies that convergence at the muta-
tional level is weak. ' Therefore, we aggregated mutations at the
gene level, an approach that has been used by others®*?*“° and
that may implicitly consider convergent evolution since different
mutations are expected to arise independently across the phy-
logeny. Because the effect of non-synonymous substitutions
could be either a gain or loss of function, we analyzed protein-
modifying (all mutations excluding synonymous substitutions)
and truncations separately and aggregated only rare mutations
(allele fraction below 1%), which is consistent with gene-burden
test practices.”*"

This analysis revealed 9 genes that reached genome-wide sig-
nificance (Figure 3). Some of these genes (such as walK and vraG
in cohort B) are known to be associated with vancomycin
resistance®>>° but were not identified in the mutations analysis,
highlighting the potential of the gene-burden test to increase the
power of GWASs. A strong association was found with the
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Figure 2. Impact of clinical characteristics, bacterial phenotypes, and bacterial genomes on outcomes of S. aureus bacteremia

(A and B) Performance of the random forest model of 30 day mortality when using clinical and microbiological phenotypic data only (values are mean + standard
deviation). The model was trained and tested using cohort A data. The performance metrics (mean area under the curve [AUC] + standard deviation) in the test
dataset were calculated from 100 replicate analyses.

(A) Receiver operator characteristic curve (ROC).

(B) Precision recall curve.

(C) Variable importance plot (Gini impurity index) based on 100 replicate analyses (boxes represent median, first, and third quartiles, whiskers are based on x1.5
interquartile range).

(D) Lineage effects for the vancomycin MIC, duration of bacteremia, and the SAB mortality outcomes for cohort A. The bars show the significance of the as-
sociation between the ten first principal components (based on multi-dimensional scaling) and the outcome.

(E) Narrow-sense heritability (SNP heritability) of the GWAS outcomes of interest: vancomycin MIC, duration of bacteremia (persistence), and SAB mortality,
according to the linear mixed model (LMM) and the whole-genome elastic net model implemented in Pyseer. Red dots and lines represent mean and standard

deviation across the 3 cohorts, and gray dots represent individual cohort measures.

SAUSA300_0956 locus, a GNAT-family acetyltransferase.®*>°
The function of the protein in S. aureus is not well understood;
however, some indirect evidence may point to a role in cell-
wall synthesis or turnover. First, it is located between the autoly-
sin at/ and the methicillin resistance factor fmtA.>° Second, an
E. coli homolog of SAUSA300_0956 was linked to membrane
biosynthesis.”® Another interesting association involved the
SAUSA300_1220 locus. This gene (also known as desR) was
recently found to be potentially associated with regulation of
B-lactam resistance in MRSA.®” The SAUSA300_2445 locus is
part of the gluconate operon, which has been shown to be acti-
vated in response to salicylate challenge,®® and in the VISA strain
Mu50.°° Two further genes were significantly associated with
changes in vancomycin MIC: thrD, an aspartate kinase with no
further characterization in S. aureus, and the ribosome silencing
factor rsfS, which has been shown to be important for the stress
response.®’

We used the Nebraska Transposon Mutant Library®' to vali-
date 5 out of 9 genes (vraG, SAUSA300_1220 = desR,

SAUSA300_2248, rsfS, thrD) that reached genome-wide signifi-
cance in the gene-burden GWAS for vancomycin MIC. We
confirmed that the vraG transposon mutant had a lower vanco-
mycin MIC than the wild-type JE2, a finding that is consistent
with the association of vraG gain-of-function substitutions with
vancomycin resistance. Beside this known association, we
found that the thrD mutant had a vancomycin MIC decrease
comparable to the impact of the vraG inactivation (and consis-
tent with the direction of the effect size in the gene-burden
GWAS) and that inactivation of rsfS led to a vancomycin MIC in-
crease (Table S4).

Gene-burden GWAS identifies novel potential genetic
signatures of persistence in S. aureus bacteremia

We next assessed genetic correlates of duration of bacteremia in
cohorts A and C. As expected, the distribution of this phenotype
was skewed, with 59% of strains being associated with a dura-
tion of bacteremia of 1 day or less (Figure 1D). Using automated
normalization optimization (based on Pearson P statistics), we

Cell Reports 42, 113069, September 26, 2023 5
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Table 2. Selection of loci significantly associated with vancomycin MIC

p value (effect size)

Reference Antibiotic
position Gene Product Mutation resistance Cohort A Cohort B Combined analysis
976,503 sufU NifU-family SUF system FeS V141l 32x1072 - 2.3 x 107% (0.870)
assembly protein (0.886)
1,293,856  intergenic  upstream of def2-fmt-sun- —31G>T  vancomycin®® - - 4.76 x 1074 (0.815)
rimN-stp1-pknB operon
2,959,009 intergenic  upstream of aur gene —60C>T - 112 x107* -
(0.737)
1,458,535 intergenic  upstream of mprF —322G>A  vancomycin,*? 13x 107" - 1.87 x 1078 (0.818)
daptomycin** (0.837)
1,459,663 mprF oxacillin resistance-related E269D vancomycin,*? 1.04 x 1077 - -
FmtC protein daptomycin®* (0.74)
1,460,765 mprF oxacillin resistance-related G637S vancomycin,*? - - 4.28 x 1077 (—0.463)
FmtC protein daptomycin®*
1,583,057 pbp2 penicillin-binding protein 2 A246T B-lactams, - - 4.28 x 1077 (—0.463)
vancomycin“?“°

Loci are displayed if they have the lowest p value within the analysis or if they are located near or in known vancomycin resistance loci.

found that none of the most common available strategies could
improve the distribution of the variable (Figure S7).

Just one mutation (non-synonymous substitution in the isom-
erase galE) barely achieved genome-wide significance, in accor-
dance with a lower heritability and an expected polygenic signal
associated with this complex trait (Table S7). However, we iden-
tified loci that were associated with duration of bacteremia on
the truncation burden test. The strongest association in cohort
A was found with protein truncations in murQ, an esterase that
is part of the peptidoglycan recycling machinery.? Mapping
of murQ truncations showed that they were independently
acquired multiples times across the phylogeny, suggesting
convergent evolution (Figure 4B).

We found two significant associations in cohort C. These
involved truncations in metN2, a methionine transporter, and
protein-modifying mutations in p/sX. The latter gene is a phos-
phate acyltransferase and is part of the phospholipid synthesis
pathway.®® It interacts with the fatty-acid kinase fakA, which
has been linked to virulence factor expression®® and resistance
to antimicrobial peptides.®* Underscoring the relevance of these
two cohort C signatures of bacteremia duration are the low p
values (~2 x 10~8) and the findings of the whole-genome elastic
net model, where the heritability of duration of bacteremia was
higher than expected (20%) and mutations in metN2 and pi/sX
were selected in the final model.

Bacterial genomic predictors do not improve mortality
prediction of S. aureus bacteremia
We assessed whether there were any mutations or loci associ-
ated with SAB mortality in the three cohorts and the combined
dataset (Table S8). Only in cohort C could we detect a
genome-wide significant association with rare mutations in four
putative metabolic genes (SAUSA300_1088, hxIA, glcU, ctaB)
(Figure S8).

This suggested that single locus effects do not have a strong
impact on mortality or that this impact could not be detected
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with the size of our datasets. To investigate whether combina-
tion of mutations in multiple genetic loci could influence SAB
mortality, we assessed the predictive power of bacterial ge-
netic variation in our classification model of mortality. Since
dimensionality can affect the performance of machine-learning
algorithms, we did not use single mutations as features.
Instead, we aggregated mutations in core genes and calculated
a score based on the predicted impact of the mutation (lowest
score for no mutation, highest score for predicted protein trun-
cations). The performance of this unfiltered gene-based
approach was only slightly higher than chance alone (mean
AUROC: 0.56, mean AUPRC: 0.17) (Figure 5) and did not
improve when restricting to rare mutations, using the same
approach as with the gene-burden GWAS (mean AUROC:
0.52, mean AUPRC: 0.17). Similarly, feature selection based
on GWAS hits did not improve the performance (Figure S9).
We also considered a model that used only the first ten prin-
cipal components with similar predictive performance (mean
AUROC: 0.58, mean AUPRC: 0.21). Furthermore, the perfor-
mance of the model based on clinical predictors was not
improved by adding genomic predictors (mean AUROC: 0.77-
0.78, mean AUPRC: 0.31-0.35).

DISCUSSION

We used a multi-faceted strategy including bacterial GWAS and
supervised machine learning to assess the role of bacterial ge-
netic factors in clinically relevant phenotypes and outcomes of
S. aureus bacteremia. We found that the bacterial genotype
has limited impact on these outcomes, in particular mortality,
as demonstrated by low heritability, poor predictive performance
in our classification model of SAB, and a limited number of sig-
nificant findings in the bacterial GWAS. Despite the weak geno-
type-outcomes association, we were able to identify a small
number of candidate pathoadaptive loci associated with dura-
tion of bacteremia, an important intermediate outcome of SAB
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that can reflect treatment response. In addition, our GWAS
approach expanded the current picture of the polygenic back-
ground of vancomycin resistance in clinical S. aureus with
several new genetic loci implicated.

Identifying causative genomic correlates of bacterial pheno-
types has been difficult even when dealing with phenotypes
with expected strong heritability (like antibiotic resistance),”’
but it is particularly challenging for clinical phenotypes such
as invasiveness, treatment response, or infection-related
mortality.**®> These outcomes are expected to be multi-
factorial, and the relative contribution of bacterial genetics
can be extremely variable. Moreover, because the size of
the datasets are usually small, negative findings might reflect
an insufficient sample size, not an absence of contributing
bacterial effects.

Among these multi-factorial clinical outcomes, invasiveness is
thought to have a detectable bacterial molecular signature.®’
Indeed, even if bacterial invasion was exclusively determined
by host and environmental factors (or by chance), some form
of adaptive evolution would be expected as the result of the tran-
sition from the colonizing niche to blood or human tissues,*® as
confirmed by within-host evolution studies where a proportion
of invasive isolates carried molecular signatures of adaptation
that were absent in colonizing isolates.®'"®® In accordance
with this premise, two adequately sized bacterial GWASs of
S. pneumoniae meningitis have identified point mutations in
both pathogenesis and antibiotic resistance genes that were
significantly associated with bacterial meningitis.®"*®” Strikingly,
in one study, the association was replicated in an independent
cohort.” In their study, Lees et al. estimated the heritability of
bacterial meningitis at a staggering 70%.°" By contrast, heritabil-
ity of S. aureus invasiveness was much lower (4%) in the GWAS
study by Young et al.,°® who identified a highly significant asso-
ciation between invasiveness and mutations in the dihydrofolate

reductase gene dfrB (associated with antibiotic resistance). This
result is consistent with the association of penicillin-binding
protein mutations with invasive S. pneumoniae infections and
suggests an intriguing association between antibiotic resistance
and invasiveness in bacteria, possibly due to the pleomorphic ef-
fects of antibiotic resistance and its impact on immune evasion
and persistence.®®"°

The attempt of applying bacterial GWASs to infection out-
comes (such as mortality) has been less successful than
GWASs on antibiotic resistance mechanisms. While Recker
et al. were able to identify some molecular correlates of mortal-
ity from SAB,'* a Danish study found no association between
bacterial genetic determinants and occurrence of infectious en-
docarditis during SAB.”" Similarly, Lees et al. found a stark
contrast between the high heritability of the invasiveness
phenotype and the null heritability of the meningitis outcome
phenotype.®’ In a bacterial GWAS of a cohort of 912 patients
with E. coli bacteremia, no bacterial genetic variant was asso-
ciated with mortality, septic shock, or intensive care unit admis-
sion. This correlated with very low heritability estimates for
these outcomes.*

Our heritability estimates and machine-learning model
confirmed the weak association between bacterial genotype
and clinical outcomes. However, we hypothesized that it was
possible to detect a role for bacterial variation based on the
assumption that niche adaptation of invasive S. aureus promotes
antibiotic resistance or tolerance. Building on this framework, we
performed a multi-cohort GWASs with a series of phenotypes
with expected decreasing importance of bacterial factors (van-
comycin MIC, duration of infection, infection mortality). Specif-
ically, we focused on the vancomycin MIC because this pheno-
type was an important feature in our random forest model of
mortality from SAB, in agreement with previous analyses of the
cohort A.”? In addition, vancomycin MIC is an example of
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(B-D) Positions of murQ (B), p/sX (C), and metN2 (D) mutations on the phylogenetic tree. The complete GWAS output is shown in Table S7.

Duration of bacteremia was not recorded for cohort B.

adaptative phenotype that is relatively easy to measure and that
is available for hundreds of clinical isolates. We then progressed
to duration of bacteremia, a key intermediary outcome of SAB"?
that is related to antibiotic efficacy and is often integrated into
clinical management.

We first identified a key role of lineage effects, in particular the
vancomycin MIC phenotype. Identifying lineage effects is impor-
tant because they provide an estimate of the risk of false positive
GWAS findings related to the confounding from the population
structure.® On the other hand, the presence of lineage effects
might signify that there are high-risk clones for resistance or viru-
lence phenotype, a feature that is important for pathogen surveil-
lance and possibly for outcome prediction.”®

Previous GWASSs of vancomycin MIC have shown the role of
known determinants of vancomycin resistance including the
walKR"® and rpoB?® genes. Here, in a large GWAS of vancomy-
cin MIC, we confirm the role of some of these established
determinants of vancomycin resistance (walK, mprF) and pro-
vide evidence for new loci, the most promising being thrD, an
aspartate kinase, and rsfS, a ribosome silencing factor involved
in the stress response. Our results confirm the potential for bac-
terial GWASSs to assist the discovery of non-canonical antibiotic
resistance loci.?*

8 Cell Reports 42, 113069, September 26, 2023

Overall, only a few molecular markers achieve genome-wide
significance in our GWASs of SAB mortality, indicating that
larger sample sizes including thousands of sequences will
be necessary to draw firm conclusions on the impact the bac-
terial genotype on mortality. Therefore, we considered duration
of bacteremia, an intermediate outcome that strongly associ-
ates with mortality.”> We found that truncations in murQ, a
gene linked to the degradation of MurNAc-6p, an intermediate
metabolite in peptidoglycan recycling,®> were significantly
associated with persistent SAB, potentially suggesting a role
in antibiotic resistance or tolerance. Two candidate loci of
persistent bacteremia were the methionine biosynthesis locus
metN2 and the phospholipid biosynthesis gene pisX. MetN2
is an ABC transporter; a potential clue to its role in bacteremia
comes from a study where expression of metN2 was strongly
reduced in S. aureus mutants that were resistant to antimicro-
bial peptides.”* Interestingly, p/sX has also a potential associa-
tion with antimicrobial peptide resistance: it is closely con-
nected with the fatty-acid kinase fakA,°® which was linked to
resistance to the antimicrobial peptide dermcidin in a trans-
poson mutant screen.®*

There is ongoing uncertainty around the role of bacterial ge-
netic factors in human infections. Here, we show that despite a
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likely preponderant role for host and treatment factors in shaping
infection outcomes, it is also possible to disentangle the multi-
factorial networks underlying these infections and detect
specific bacterial genetic loci that help drive particular clinical
outcomes. While these single loci likely have a low global predic-
tive value, they might be more relevant in specific, high-risk
settings (e.g., persistent or recurrent infection) and might act in
concert with other bacterial variants, host genetic variants, and
treatment factors. In addition, the genetic loci that were enriched
in our analysis might represent new clinically relevant molecular
targets of antibiotic resistance and tolerance and important can-
didates for functional validation.

Limitations of the study

Several units of bacterial genetic variation can be used in bacte-
rial GWASSs, including accessory genes, point mutations, large
structural variants, or k-mers. Here, we focused on point muta-
tions in core genes because we have previously shown that
this type of variation correlates well with adaptive phenotypes
including vancomycin and oxacillin resistance and loss of cyto-
toxicity. While combining three cohorts increased the statistical
power of our analysis, it also introduced heterogeneities in the
data and limited the number of co-variates we could use in the
combined dataset. We addressed this shortcoming by perform-
ing both combined and per-cohort analyses. The distribution of
duration of bacteremia was heavily skewed, and the variable
could not be normalized using multiple approaches. In the future,

this could be addressed by obtaining more precise duration data
(e.g., systematic blood culture collection or cell-free DNA
studies’®). Finally, we could validate vancomycin resistance
GWAS hits but not genes associated with duration of bacter-
emia. Validation of signatures of clinical outcomes is challenging
due to the lack of reliable experimental phenotypes. We
acknowledge that these findings should be validated in a second
collection of clinical strains.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Bacterial and virus strains

Staphylococcus aureus BPH2947 NCBI GenBank: GCF_900620245.1
Staphylococcus aureus FPR3757 NCBI GenBank: GCF_000013465.1

Nebraska Transposon Mutants Library (NTML)

University of Nebraska
Medical Center

https://app1.unmc.edu/fgx/tools.html

Deposited data

Staphylococcus aureus raw reads: cohort A
Staphylococcus aureus raw reads: cohort B
Staphylococcus aureus raw reads: cohort C

This manuscript
This manuscript
This manuscript

GenBank: PRJEB22792, PRJEB27932, PRJEB63385
GenBank: PRJEB2561
GenBank: PRJEB50796, PRJEB63381

Software and algorithms

R CRAN https://www.R-project.org/

tidymodels Github https://www.tidymodels.org/

Kraken Github https://github.com/DerrickWood/kraken

Shovill Github https://github.com/tseemann/shovill

Abricate Github https://github.com/tseemann/abricate

Snippy Github https://github.com/tseemann/snippy

Goalign Github https://github.com/evolbioinfo/goalign

Snp-sites Github https://github.com/sanger-pathogens/snp-sites

1Q-tree Github https://github.com/Cibiv/IQ-TREE

HomoplasyFinder Github https://github.com/JosephCrispell/homoplasyFinder

BCFTools Github https://github.com/samtools/bcftools

Blast NCBI https://blast.ncbi.nim.nih.gov/doc/blast-
help/downloadblastdata.html

BestNormalise CRAN https://cran.r-project.org/web/packages/bestNormalize/

RNOmni Github https://github.com/zrmacc/RNOmni

Pyseer Github https://github.com/mgalardini/pyseer/

GEMMA Github https://github.com/genetics-statistics/ GEMMA

Mash Github https://github.com/marbl/Mash/

Bugwas Github https://github.com/sgearle/bugwas/

Other

Aureowiki Website https://aureowiki.med.uni-greifswald.de

MicrobesOnline Website http://www.microbesonline.org/

National Database of Antibiotic NCBI https://www.ncbi.nlm.nih.gov/pathogens/

Resistant Organisms

antimicrobial-resistance/

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be directed to and will be fulfilled by the lead contact, Stefano G.

Giulieri (stefano.giulieri@unimelb.edu.au).

Materials availability

Strains used in this study will be shared by the lead contact upon request.
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Data and code availability
® The raw reads of the strains included in this analysis have been deposited at the European Nucleotide Archive and are available
as of date of publication. Bioproject accession numbers are listed in the Key resources table.
e All original code for the preparation of bacterial genotype files and for running Pyseer has been deposited at Github and is pub-
licly available as of the date of publication. DOIs are listed in the Key resources table.
® Any additional information required to reanalyse the data reported in this paper is available from the lead contact upon request.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Study cohorts
Cohort A was assembled from two multicentre observational studies of SAB that were performed to assess the impact of vancomycin
MIC on clinical outcomes.'® The vancomycin substudy of the Australian and New Zealand Cooperative on Outcome in Staphylo-
coccal Sepsis (ANZCOSS) study included 532 cases of SAB from a larger retrospective study of SAB between 2007-2008.° The
selection of episodes for the substudy has been described previously.'? Briefly, to ensure a balanced proportion of cases, each
SAB case treated with vancomycin was matched with the next available case treated with flucloxacillin at each participating center.
The Vancomycin Efficacy in Staphylococcal Sepsis in Australasia (VANESSA) study included prospectively 226 patients with SAB
between 2012-2013.%? Data collected within cohort A included patient demographics, site of acquisition, comorbidities, clinical
syndrome, antibiotic treatment, 30-day mortality and duration of bacteraemia. Baseline isolates were collected for all patients, while
supplementary isolates (colonising isolates from nasal swabs and serial blood isolates) were obtained when available.

Cohort B included 296 episodes of MRSA bacteraemia due to sequence type 239 that were collected at a single center in Australia
between 1996 and 2008 to assess the impact of vancomycin MIC and vancomycin heteroresistance on 30 day mortality.**

Cohort C included data and sequences from the CAMERA2 trial (Combination Antibiotics for Methicillin Resistant Staphylococcus
aureus) that was performed between 2015 and 2018 in Australia, New Zealand, Singapore and Israel, and randomised participants
with MRSA bacteraemia to either monotherapy with vancomycin or daptomycin or combination therapy with vancomycin or dapto-
mycin plus an antistaphylococcal beta-lactam (flucloxacillin, cloxacillin or cefazolin).>* The primary outcome was a composite
endpoint ascertained 90 days after randomisation and included mortality, persistent bacteraemia after 5 days, microbiological
relapse (positive blood culture after a preceding negative culture), and microbiological treatment failure (positive sterile site culture
14 or more days after randomisation). In addition, the trial collected information on the day of death, duration of bacteraemia and day
of relapse. Relevant clinical data assessed were comorbidities, severity scores, primary source and secondary foci, source control.
Details of the antibiotic treatment were collected up to day 90.

Ethics approval
Human research committee approval was obtained at each site for the three cohorts. Written informed consent was collected for the
prospective component of cohort A (VANESSA) and for cohort C (CAMERAZ2).

METHOD DETAILS

Phenotypic testing

Bacterial isolates were stored in glycerol broth at —80C, after confirmation of S. aureus using coagulase and DNase tests or Matrix-
assisted laser desorption-ionisation time-of-flight (MALDI-TOF). Vancomycin minimum inhibitory concentration (MIC) was deter-
mined by E-test (bioMerieux) following manufacturer’s instructions. An inoculum of 0.5 McFarland was used. Vancomycin E-test
was performed for cohort A and B strains and for Nebraska Transposon Library mutants®' with transposon insertions in genes
that were genome-wide significant in the vancomycin MIC GWAS.

Whole-genome sequencing

Bacterial strains were subcultured twice from —80C glycerol stock. The Janus automated workstation (PerkinElmer) or manual
extraction kits (Invitrogen PureLink genomic DNA kit or the Sigma GenElute kit) were used to extract genomic DNA from single col-
onies. DNA concentrations were normalised to 0.2 ng/ul for library preparation using Nextera XT DNA (lllumina). Whole-genome
sequencing was performed on the lllumina MiSeq and NextSeq platforms. Reads were assembled using Shovill v1.1.0 (https://
github.com/tseemann/shovill), a pipeline that streamlines and optimises Spades v3.14.1.”" To assess the quality of the sequences,
mean read depth, assembly metrics and the percentage of S. aureus reads using Kraken 2 v2.1.1,”® were calculated. Genomes were
discarded if read depth was <20, the fraction of S. aureus reads was <80% or the size of the assembly was >3.5 Mb or <2.5 Mb. We
used Mash v2.37° to generate a distance matrix from the Shovill assemblies using 1,000 sketches. We used Abricate v1.0.1 (https://
github.com/tseemann/abricate) to screen assemblies for resistance genes using the NCBI database (https://www.ncbi.nlm.nih.gov/
pathogens/antimicrobial-resistancey/).
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QUANTIFICATION AND STATISTICAL ANALYSIS

Machine learning model to select predictors of mortality/treatment response
Using data from cohort A, we fitted a classification model of 30-day mortality of SAB to assess the predictive performance of non-
genomic features including demographic and clinical data (age, Pitt bacteraemia score, Charlson comorbidity index, site of acqui-
sition, gender), microbiological phenotypes (methicillin resistance, vancomycin MIC) and treatment response variables (duration of
bacteraemia). We also tested the impact of antibiotic resistance more broadly by adding presence/absence of resistance genes
based on Abricate (see above). The R package tidymodels was used to build a random forest model of SAB mortality. The model
was trained on 80% of the data using stratified 10-fold cross-validation and hyperparameter tuning to optimise the area under the
receiver operator characteristics curve (AUROC). Tuning of the random forest hyperparameters “mtry” (number of randomly selected
predictors) and “min_n” (minimal node size) was done using a 5 x 5 grid, with range of hyperparameters determined empirically
based on initial tuning using 20 automatically selected candidate combinations. Categorical predictors were converted into binary
variables and all numeric predictors were centered and scaled. Zero variance predictors were removed. Downsampling was used
to compensate for class inbalance (mortality rate 15%). The model was fitted on 100 replicated data-splits to generate estimates
of the performance and variable importance as in.°® To assess whether feature selection based on GWAS hists would improve
the performance the mortality model, we performed a gene-burden GWAS as described below on the training dataset. We then train
the models as above using following logarithmically transformed p value filters: no filter (0), 1, 1.5, 2, 2.5. The fitted model was then
tested on the testing dataframe. This approach was designed to minimise overfitting, a critical issue when using filter methods for
feature selection.®’ Because of its computational intensity, we performed this analysis in 10 data-splits replicates.

To confirm the output of the random forest model we fitted a logistic regression using the same dataset and variables using the
logistic regression recipe in the R package parsnip, with default parameters.

Variant calling

Reads were mapped to reference genome S. aureus BPH2947 (GenBank: GCF_900620245.1) using Snippy v4.6.0 (https://github.
com/tseemann/snippy). For each dataset, a core genome alignment including all positions with at least 90% non-gaps was con-
structed using Snippy-core v4.6.0, Goalign v0.3.4°" and SNP-sites v2.5.1.%% The alignment was then used to infer a maximum-likeli-
hood phylogenetic tree with IQ-TREE v2.0.3%° under a GTR+G4 model. Support was calculated using the ultrafast support feature
and SH-alLRT test. For each variant at positions included in the core genome alignment, we computed the number of independent
acquisitions across the phylogeny using HomoplasyFinder.®*

Preparation of the bacterial genotype files

For each dataset, variants at core genome positions (minimum 90% of sequences with a coverage of at least 10 reads) were merged
in a single variant call format (VCF) file using BCFtools v 1.10.2,%° without merging multiallelic records. A catalog of mutations with
predicted impact on protein function was generated by masking synonymous variants using the command bcftools view -e ’ANN[0] ~
"["&]synonymous"’. Mutations with predicted loss of function (LOF) were extracted using the command bcftools view -i ’ANN[0] ~
"frameshift_variant" | ANN[O] ~ "stop_gained" | ANN[O] ~ "stop_lost" | ANN[O] ~ "start_lost"’.

Variant annotation

In addition to the variant annotation based on BPH2947 generated by SnpEff*® (implemented in Snippy), we used Blast v 2.10.1 to
determine homologs in reference genome S. aureus USA300 FPR3757 (GenBank: GCF_000013465.1) that were further annotated
using the AureoWiki®” and MicrobesOnline®® databases. Blast hits were kept if alignment coverage was above 50% and identity
was above 90%. When multiple hits were available, the hits with highest identity were selected.

Bacterial GWAS design

We ran bacterial GWAS to test the association between mutations with predicted impact on protein function (filtered as described
above) with the phenotypes of interest, as continuous (vancomycin MIC, duration of bacteraemia) or binary traits (30 day mortality).
For clinical outcomes, we analyzed the baseline sample (i.e., the first available sample per episode). For vancomycin MIC GWAS, we
included more than one sample per episode when they were available. For duration of bacteraemia, potential transformations to
achieve a normal distribution were assessed using the bestNormalize package in R.° For vancomycin MIC, normalisation was at-
tempted using the RNOmni package in R.°° The analysis was done on each cohort separately and on the combined dataset.

Bacterial GWAS pipeline

We used the factored spectrally transformed linear mixed models (FaST-LMM) as implemented in Pyseer v 1.1.2,>* which allows
to correct for population structure by adding a kinship matrix as a random effect. The kinship matrix was computed from a VCF
file including all core-genome variants using Gemma, version 0.98.1.°° When analysing the combined dataset, the model was
adjusted for cohort membership (‘-covariates’ option). We assessed phenotype associations both with individual mutations
and with protein-modifying and loss-of-function aggregated in BPH2947 genes, operons and gene ontology categories as
implemented with the ‘—burden’ option in Pyseer. Genes annotations were retrieved from the annotated BPH2947 assembly
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(GenBank: GCF_900620245.1), operons were annotated based on FPR3757 annotation in MicrobesOnline®® and gene ontology were
obtained using PANNZER®" to retrieve GO annotations for BPH2947. For the mutation GWAS, we excluded synonymous substitu-
tions and mutations that were acquired only once across the phylogeny (based on homoplasy counts obtained using
HomoplasyFinder®*). For the gene-burden GWAS, only rare variants (i.e., those with a minim allele fraction below 1%) were consid-
ered, as suggested by the Pyseer authors.”"

In addition to the preferred pipeline described above (LMM-based), we ran the two other models implemented in Pyseer: the fixed-
effect model correcting for population structure using the first 4 components of the multidimensional scaling of the pairwise Mash
distance matrix (Table S11) and the whole genome elastic net model (Table S10) with an alpha of 1 (lasso regression), 10-fold
cross-validation and without correction for population structure.

Lineage effects and heritability

Heritability (SNP-heritability, h?) - the proportion of phenotypic variance that is correlated with genotypic variance - was estimated by
Pyseer from the linear mixed model using the kinship matrix computed in Gemma (see above). Lineages of cohort A isolates were
inferred from the Mash distance matrix using the ‘cmdscale’ function in R. The association between the first 10 components and
the bacterial GWAS outcomes was computed by running Pyseer with the ‘~lineage’ option. Correlation between the 10 first compo-
nents and internal nodes of the tree or major clonal complexes was calculated as performed in the R package bugwas (https://github.
com/sgearle/bugwas/blob/master/bugwas/R/BUGWAS_functions.R#L962).2%
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