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Abstract23

Invasive bacterial disease is a major cause of morbidity and mortality in African children. Despite24

being caused by diverse pathogens, children with sepsis are clinically indistinguishable from one25

another. In spite of this, most genetic susceptibility loci for invasive infection that have been26

discovered to date are pathogen specific and are not therefore suggestive of a shared genetic27

architecture of bacterial sepsis. Here we utilise probabilistic diagnostic models to identify28

children with a high probability of invasive bacterial disease among critically unwell Kenyan29

children with P. falciparum parasitaemia. We construct a joint dataset including 1,44530

bacteraemia cases and 1,143 severe malaria cases, and population controls, among critically31

unwell Kenyan children that have previously been genotyped for human genetic variation. Using32

these data we perform a cross-trait genome-wide association study of invasive bacterial infection,33

weighting cases according to their probability of bacterial disease. In doing so we identify and34

validate a novel risk locus for invasive infection secondary to multiple bacterial pathogens, that35

has no apparent effect on malaria risk. The locus identified modifies splicing of BIRC6 in36

stimulated monocytes, implicating regulation of apoptosis and autophagy in the pathogenesis of37

sepsis in Kenyan children.38

39

1 of 23

james.gilchrist@paediatrics.ox.ac.uk
james.gilchrist@paediatrics.ox.ac.uk
twilliams@kemri-wellcome.org


Introduction40

Invasive bacterial diseases are a major cause of child morbidity and mortality in Africa (Berkley41

et al., 2005). Although improved control measures, including the rollout of anti-bacterial conju-42

gate vaccines (Cowgill et al., 2006; Silaba et al., 2019), have led to recent declines, the burden of43

conditions such as pneumonia, meningitis and sepsis secondary to bacterial pathogens remains44

significant (Vos et al., 2020). A better understanding of the biology of invasive bacterial infections45

in African populations might help the development of novel interventions.46

Susceptibility to invasive bacterial infections varies widely between individuals. In African chil-47

dren, someof this variability is determined by acquired comorbidities such asHIV,malnutrition and48

malaria (Berkley et al., 2005; Church and Maitland, 2014; Scott et al., 2011). However, the identi-49

fication of common genetic variants as determinants of bacterial infection suggests that a signifi-50

cant portion of this variability is heritable. Many of these genetic susceptibility loci have pathogen-51

specific effects (Davila et al., 2010; Gilchrist et al., 2018; Rautanen et al., 2016), which is consistent52

with our understanding of infection susceptibility derived from primary immunodeficiencies. Key53

examples of pathogen-specificity among primary immunodeficiencies include Mendelian suscep-54

tibility to mycobacterial disease and susceptibility to non-tuberculous mycobacteria and nonty-55

phoidal Salmonella (Bustamante et al., 2014), terminal complement deficiencies and meningococ-56

cal disease (Figueroa et al., 1993), and IRAK4 deficiency and pneumococcal disease (Picard et al.,57

2007). A major exception to this is the rs334 A>T mutation in HBB (sickle haemoglobin), which is as-58

sociatedwith raised and lowered risks of infection secondary to a broad range of pathogens among59

homozygotes (Williams et al., 2009) and heterozygotes (Scott et al., 2011) respectively. However,60

the effect sizes associated with sickle haemoglobin are extreme, being maintained in populations61

by balancing selection, and larger sample sizes will probably be needed for the discovery of new62

variants with multi-pathogen effects.63

Because the clinical features of invasive bacterial infections and severemalaria are broadly sim-64

ilar (Bejon et al., 2007), it can be difficult to distinguish between severe illness caused by extensive65

sequestration of malaria parasites in themicrovasculature (‘true’ severemalaria) and bacterial sep-66

sis in the presence of incidental parasitaemia on the basis of clinical features alone. This is made67

harder still by the fact that antibiotic pre-treatment and inadequate blood-culture volumes mean68

that, even in settings with excellent diagnostic facilities, true invasive bacterial infections can often69

not be confirmed (Driscoll et al., 2017). Recently, we illustrated this clinical complexity through a70

study in which we used probabilistic models based on malaria-specific biomarkers to show that71

approximately one third of children recruited to studies in Africa with a clinical diagnosis of severe72

malaria were actually suffering from other conditions (Watson et al., 2021a,b).73

In the current study, we extend this work to show that invasive bacterial infections are common74

in children admitted to hospital with a clinical diagnosis of severemalaria, but in whombiomarkers75

subsequently suggest that malaria was probably not the primary cause for their severe illness. We76

then construct a dataset of genome-wide genotyped samples from5,400 Kenyan children, compris-77

ing critically unwell Kenyan children with bacteraemia (Rautanen et al., 2016) and severe malaria78

(Band et al., 2019), and population controls. Using this dataset we perform a GWAS of invasive bac-79

terial infection in Kenyan children, weighting cases according to the probability that their disease80

wasmediated by a bacterial pathogen. In doing so, we increase our study power and identify BIRC681

as a novel genetic determinant of invasive bacterial disease in Kenyan children.82

Results83

Severe malaria probability and risk of bacteraemia84

Children admitted to the high dependency ward of Kilifi County Hospital with a clinical diagnosis85

of severe malaria, defined as a severe febrile illness in the presence of P. falciparum parasitaemia86

(n=2,200), between 11th June 1995 and 12th June 2008 were included in the study. While this87

definition is sensitive it is not specific, meaning that our study will have included some children88
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with sepsis accompanied by incidental parasitaemia (Watson et al., 2021a). We therefore used89

two probabilistic models, which included either platelet counts and plasma PfHRP2 concentrations90

(Model 1, n=1,400) or white blood cell and platelet counts (Model 2, n=2,200), to determine the91

likelihood of ‘true’ severemalaria among these children. The estimated probabilities of ’true’ severe92

malaria using eachmodel were well-correlated (r = 0.64). Of 1,400 children with a clinical diagnosis93

of severe malaria with measured plasma PfHRP2 concentrations, 425 (30.4%, Figure 1A and 1B)94

had a low probability (P(SM|Data)<0.5) of having ’true’ severe malaria (941 of 2,220 children using95

WBC and platelet count data, Figure 1–figure supplement 1A and 1B). That is, while they presented96

with febrile illness and concomitant malaria parasitaemia, it is unlikely that their illnesses were97

directly attributable to malaria.98

In keeping with the hypothesis that a significant proportion of these critically unwell children99

represented culture-negative invasive bacterial disease (Figure 1), in-patient mortality was higher100

among children with a low than a high probability of ‘true’ severe malaria (Table 1; ORmodel1 = 1.57,101

95% CI 1.11 − 2.21, p = 0.01; ORmodel2 = 2.09, 95% CI 1.60 − 2.72, p = 4.91 × 10−8). This was also102

reflected in the rates of concurrent bacteraemia (Table 1; ORmodel1 = 2.92, 95% CI 1.66 − 5.13, p =103

1.07 × 10−4; ORmodel2 = 2.00, 95% CI 1.27 − 3.17, p = 0.003). Similarly, the constituents of model 1104

were each associated with blood culture positivity, both higher platelet counts (OR=2.36, 95% CI105

1.19-4.70, p = 0.014) and lower PfHRP2 levels (OR=0.52, 95% CI 0.39-0.70, p = 9.62 × 10−6) both106

being associated with the risk of coincident bacteraemia (Figure 1C and 1D). Conversely, white107

blood counts in isolation were not associated with risk of concurrent bacteraemia (Figure 1–figure108

supplement 1). Plasma PfHRP2 is the single best biomarker for severe malaria (Hendriksen et al.,109

2012). In light of this, and given the greater enrichment for concurrent bacteraemia among children110

with a low probability of ‘true’ severemalaria as calculated byModel 1 thanModel 2, we usedModel111

1 probabilities in downstream analyses where available (n=1,400) and used Model 2 probabilities112

for all other cases (n=800).113

GWAS of invasive bacterial disease in Kenyan children114

Children with a clinical diagnosis of severe malaria but a low probability of having ‘true’ severe115

malaria, are thus enriched for invasive bacterial disease. Using genome-wide genotyping data116

from cases of culture-confirmed bacteraemia and healthy controls, we estimated SNP heritability117

of bacteraemia in this population to be 19% (95% CI 3-35%, p = 0.0084). Despite this, our GWAS118

of bacteraemia failed to identify genetic correlates of bacteraemia risk beyond the sickle cell locus119

(Rautanen et al., 2016). Motivated by these observationsweperformed a genome-wide association120

study of invasive bacterial infection in Kenyan children in which we included both children with121

culture-confirmed bacteraemia and children with a clinical diagnosis of severe malaria. Children122

admitted to Kilifi CountyHospital between 1st August 1998 and 30thOctober 2010with community-123

acquired bacteraemia were recruited to the study as well as children from the severemalaria study124

described above. Control children were recruited from the same population between 1st August125

2006 and 30th December 2010 as described in detail previously (Scott et al., 2011).126

Following quality control measures (see Materials and Methods), we included 1,445 cases of127

culture-confirmed bacteraemia, 1,143 cases of severe malaria and 2,812 control children in our128

current analysis (Table 2, Figure 2). To account for the varying proportion of invasive bacterial129

disease among severe malaria cases, we applied weights to our regression analysis to reflect the130

greater likelihood of invasive bacterial disease among children with a low probability of ‘true’ se-131

vere malaria (sample weight, w = 1 − P (SM|Data)). Where PfHRP2 concentrations were available132

(n=909) we used PfHRP2 and platelet count to determine P (SM|Data) while we used white cell133

and platelet counts (n=234) in cases where they were not available. Cases with culture-proven bac-134

teraemia and control samples were assigned a sample weight of w = 1. Inclusion of the 6 major135

principal components (PC) of genotyping data and genotyping platform as covariates in the model136

adequately controlled for confounding variation (� = 1.0208, Figure 3–figure supplement 1). In that137

analysis we found evidence supporting an association between risk of invasive bacterial disease in138
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Figure 1. PfHRP2 and platelet count as predictors of severe malaria. (A) Distribution of PfHRP2
concentrations and platelet count among Kenyan children (n=1,400) with a clinical diagnosis of severe
malaria. Points are coloured according to the probability of ’true’ severe malaria given the data. (B)
Distribution of ’true’ severe malaria probabilities estimated from platelet count and plasma PfHRP2
concentrations. (C) Platelets counts in children with a clinical diagnosis of severe malaria with and without
concomitant bacteraemia. (D) PfHRP2 concentrations in children with a clinical diagnosis of severe malaria
with and without concomitant bacteraemia.
Figure 1–Figure supplement 1. White blood cell and platelet count as predictors of severe malaria. (A) Distri-
bution of white blood cell and platelet count among Kenyan children (n=2,200) with a clinical diagnosis of severe
malaria. Points are coloured according to the probability of ’true’ severe malaria given the data. (B) Distribu-
tion of ’true’ severe malaria probabilities estimated from platelet count and white blood cell count. (C) Platelets
counts in children with a clinical diagnosis of severe malaria with and without concomitant bacteraemia. (D)
White blood cell counts in children with a clinical diagnosis of severe malaria with and without concomitant
bacteraemia.
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Figure 2. Study sample recruitment. Recruitment of severe malaria cases (n=1,143), discovery analysis
bacteraemia cases (n=1,445) and replication analysis bacteraemia cases (n=434) between 1998 and 2010. The
time period during which control samples (n=2,812) were recruited is also highlighted (black bar). Sample
numbers represent children with genome-wide genotype data, who passed quality control filters and were
included in this study.

Kenyan children and 7 SNPs at a single locus on chromosome2 (peak SNP: rs183868412:T, OR=2.13,139

95% CI 1.65-2.74, p = 4.64 × 10−9) (Figure 3, Table 3). Fine-mapping of this association identified a140

credible set of 7 SNPs with a 95% probability of containing the causal variant (Table 3), spanning a141

212kb region: chr2:32,402,640-32,614,746.142

To address the possibility that the observed association at this locus is driven by confounding143

secondary to population structure, we used ABERRANT (Bellenguez et al., 2012) to define a set of144

outlier samples on the first two PCs of genotyping data (n=22, Figure 3–figure supplement 2). These145

individuals are all genotyped on the Illumina Omni 2.5M array and are both cases and controls146

(15 and 7 respectively). While they are predominantly individuals with less common self-reported147

ethnicities in our study population (19 of 22 are not Giriama, Chonyi or Kauma), they are not repre-148

sentative of a single self-reported ethnicity (the most common single ethnicity in this group is Digo,149

n=7). Excluding these samples from the association analysis at rs183868412:T did not significantly150

alter the association with invasive bacterial infection (p = 2.38 × 10−8, OR=2.05, 95% CI 1.59-2.64).151

We further estimated the effect of rs183868412:T on invasive bacterial disease risk in four subpop-152

ulations defined by self-reported ethnicity (Giriama, n = 2, 501; Chonyi, n = 1, 560; Kauma, n = 472;153

Other, n = 384). Within each subpopulation we tested for association between genotype and case154

status in a weighted logistic regressionmodel, including platform as a categorial covariate (Table 4).155

The minor allele frequency at rs183868412 ranged from 0.016 (Giriama) to 0.037 (Kauma), with no156

evidence of differentiation between subpopulations (FST = 0.001). We observed consistent effect157

sizes in both of the major study subpopulations; Giriama (OR=1.97, 95% CI 1.30-3.01, p = 0.0015)158

and Chonyi (OR=2.18, 95% CI 1.34-3.54, p = 0.0017) samples (Table 4), which together make up159

83% of the study samples. Genotype at rs183868412 was also associated with less common self-160

reported ethnicities grouped together (OR=2.46, 95% CI 1.01-5.96, p = 0.047). Genotype was not161

associated with invasive bacterial disease risk in the Kauma subpopulation, however the sample162

size in the stratum is very limited (154 cases, 318 controls) andmay simply reflect insufficient power163

to detect an association.164

To assess whether our analysis could be affected by our choice of model to define severe165

malaria case weights, we restricted our analysis to samples with data available to calculate esti-166

mates for P (SM|Data) using both Model 1 and Model 2 (n=909 severe malaria cases). We recalcu-167

lated effect estimates for the rs183868412 association with invasive bacterial disease using each168
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Figure 3. Manhattan plot of invasive bacterial infection in Kenyan children. Evidence for association with
invasive bacterial disease at genotyped and imputed autosomal SNPs and indels (n=14,010,600) in Kenyan
children (bacteraemia cases = 1,445, severe malaria cases = 1,143, controls = 2,812). Association statistics
represent additive association. The red, dashed line denotes p = 5 × 10−8.
Figure 3–Figure supplement 1. Genome-wide association analysis quality control. (A) Principal components
of genome-wide genotyping data in discovery samples. Individuals are color-coded according to genotyping
platform; Affymetrix SNP 6.0 in purple, Illumina Omni 2.5M in orange. (B) Principal components of genome-
wide genotyping data in discovery samples. Individuals are color-coded according to self-reported ethnicity;
Chonyi in red, Giriama in blue, Kauma in green and other in grey. (C) Quantile-quantile plot of invasive bacterial
infection in Kenyan children. QQ plot of weighted logistic regression GWAS of invasive bacterial disease in
Kenyan children (2,588 cases, 2,812 controls).
Figure 3–Figure supplement 2. Principal components of genome-wide genotyping data in discovery samples.
Outlier samples identified by ABERRANT (n=22) are highlighted (orange).
Figure 3–Figure supplement 3. Sensitivity analysis of case weights. Comparison of effect sizes of the
rs183868412:T associationwith invasive bacterial infection in the combined analysis (bacteraemia cases = 1,445,
severe malaria cases = 1,143, controls = 2,812), and restricted to cases weights calculated with PfHRP2 plasma
concentration and platelet count (Model 1; bacteraemia cases = 1,445, severe malaria cases = 909, controls =
2,812) or white cell count and platelet count (Model 2; bacteraemia cases = 1,445, severe malaria cases = 909,
controls = 2,812).
Figure 3–Figure supplement 4. Genotyping concordance between Illumina andAffymetrix platforms. Pairwise
genotyping concordance between samples genotyped on both Affymetrix SNP 6.0 and Illumina Omni 2.5M
platforms.

model alone. The association with invasive bacterial disease at rs183868412:T is robust to the169

choice of the model for case weights, with effect estimates derived using Model 1 alone (OR=2.13,170

95% CI 1.65-2.75, p = 6.92 × 10−9) and Model 2 alone (OR=2.05, 95% CI 1.59-2.65, p = 2.63 × 10−8) be-171

ing entirely consistent with those seen in the main analysis (Figure 3–figure supplement 3). More-172

over, restricting our analysis to cases of culture-confirmed bacteraemia, the effect estimate for173

bacteraemia risk observed in the discovery analysis (1,445 cases, 2,812 controls; OR=2.12, 95% CI174

1.60-2.82, p = 1.97 × 10−7) is consistent with that seen in the main model.175

We sought to replicate evidence of association in our discovery analysis through use of an inde-176

pendent case-control collection of Kenyan children with bacteraemia (n=434) and healthy controls177

(n=1,258) conducted in the same population. The peak trait-associated variants in the discovery178

analysis were well-imputed in the replication data (rs183868412 imputation info score = 0.84). In179

that analysis, we found evidence supporting the association at chromosome 2 with invasive bacte-180

rial disease (Figure 4, Table 5: rs183868412:T, OR=2.85, 95% CI 1.54-5.28, p = 8.90 × 10−4). In a fixed181

effectsmeta-analysis, rs183868412:T was strongly associated with risk of invasive bacterial disease182

in Kenyan children: OR=2.22, 95% CI 1.76-2.80, p = 2.35 × 10−11. That association was driven by chil-183

dren with culture-confirmed bacteraemia and critically unwell children with malaria parasites, but184

a low probability of ’true’ severe malaria. In a stratified analysis (Figure 4, Table 5), rs183868412185

was associated with culture-confirmed bacteraemia (OR=2.12, 95% CI 1.60-2.82, p = 1.94×10−7) and186

critical illness with parasitaemia andwith a low probability of ’true’ severemalaria (P(SM|Data)<0.5:187

OR=2.37, 95% CI 1.27-4.43, p = 6.82 × 10−3), but was not associated with risk of critical illness with a188
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high probability of ‘true’ severe malaria (P(SM|Data)>0.5: p = 0.823).189

rs183868412 is associated with risk of invasive bacterial disease secondary to di-190

verse pathogens and is independent of malaria.191

Previous data describing the genetic risk of invasive bacterial disease in this population have iden-192

tified pathogen-specific effects. To better-understand the range of pathogens to which genetic193

variation at BIRC6modifies risk we estimated the effect of rs183868412 on the risk of bacteraemia194

caused by the seven most common causative pathogens within this population (Figure 5A). In that195

analysis, the data best-supported amodel in which genotype increases risk of bacteraemia caused196

by a broad range of pathogens, including bacteraemia secondary to pneumococcus, nontyphoidal197

Salmonellae, E. coli, �-haemolytic Streptococci, S. aureus and other less common pathogens grouped198

as a single stratum (log10 Bayes factor= 4.72). Genotype at rs183868412 similarly modified risk of199

bacteraemia in the neonatal period and in older children (log10 Bayes factor= 2.70, Figure 5B).200

Malaria infection results in increased risk of invasive bacterial disease secondary to a broad201

range of pathogens (Scott et al., 2011), and genetic determinants of malaria risk (e.g. sickle cell202

trait) modify risk of bacterial infection in malaria-endemic settings (Scott et al., 2011). The ob-203

servation that, among children with a clinical diagnosis of severe malaria, risk of disease is only204

modified by rs183868412 in children with a low probability that their disease represents ’true’ se-205

vere malaria (Figure 5) suggests that the effect of genetic variation at BIRC6 on invasive bacterial206

disease risk operates independently of malaria. In keeping with this, the data best-supports an ef-207

fect of rs183868412 genotype on bacteraemia risk in children both with and without concomitant208

parasitaemia (log10 Bayes factor= 2.73, Figure 5C). In addition, unlike sickle cell trait (Scott et al.,209

2011), the increased risk of invasive bacterial infection conferred by rs183868412:T carriage in the210

study setting is stable across a period of declining malaria prevalence (Bayes factor= 8.7, Figure211

5D).212

Evidence of selection pressure and pleiotropy at rs183868412213

Common genetic variation associated with a two-fold increased risk of invasive bacterial infection214

in children, in particular across a broad range of pathogens, will be subject to considerable negative215

selection pressure. The derived allele rs183868412:T, associatedwith increased risk of invasive bac-216

terial disease in Kenyan children, is absent in non-African populations (https://gnomad.broadinstitute.217

org). Within Africa, rs183868412:T is present in all 9 African populations included in theMalariaGEN218

consortium project (Band et al., 2019) (Table 6), minor allele frequencies ranging from 0.011 in The219

Gambia to 0.034 in Malawi. There is no evidence for within-Africa differentiation at rs183868412220

(p = 0.601) providing no support for a selective sweep at the locus. We further evaluated evidence221

for recent directional selection pressure, examining integrate haplotype scores (iHS) (Voight et al.,222

2006) in 7 African populations included in the 1000 Genomes Project. In those data, there is no223

evidence to support recent selection at the locus (minimum rank p = 0.07, maximum iHS = 1.3).224

Finally, to understand whether variation at this locus may be maintained in populations through225

beneficial effects on other traits, we examined evidence for pleiotropy at rs183868412 in a meta-226

analysis of GWAS data (Gurdasani et al., 2019) of 33 cardio-metabolic traits from Uganda, Ghana,227

Nigeria, South Africa and Kenya (sample size ranging from 2,671 to 14,126 individuals). In keeping228

with the MalariaGEN consortium project data, minor allele frequencies at rs183868412 range from229

0.015 to 0.028. In these data there is no evidence for pleiotropy at the locus, with no evidence for230

an effect of rs183868412 on any of the 33 traits tested (minimum meta-analysis p = 0.078). The231

explanation for the persistence of this polymorphism, therefore, remains an open question.232

rs183868412 is associated with alternative splicing of BIRC6 in stimulated mono-233

cytes.234

Trait associated genetic variation identified byGWAS is highly enriched for regulatory variation. The235

African specificity of the trait-associated variation identified here makes annotation with publicly-236
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Figure 4. Association with invasive bacterial disease at the BIRC6 locus. (A) Regional association plot of
invasive bacterial disease association at the BIRC6 locus in the discovery and replication analyses. SNPs are
coloured according to linkage disequilibrium to rs183868412. Genomic coordinates are GRCh38. (B)
Distribution of ’true’ severe malaria probabilities among malaria cases estimated from plasma PfHRP2
concentration and platelet count (n=909) and white blood cell count and platelet count (n=234). (C) Odds
ratios and 95% confidence intervals of rs183868412 association with disease stratified by malaria cases with
high (P>0.5, red) and low (P<0.5, orange) probabilities of ’true’ severe malaria and culture-proven invasive
bacterial disease (blue). P(SM|Data) represents the probability of ’true’ severe malaria estimated from plasma
PfHRP2 concentration and platelet count (n=909) or white blood cell count and platelet count (n=234).
Figure 4–Figure supplement 1. Principal components of genome-wide genotyping data in replication samples.
Individuals are color-coded according to self-reported ethnicity; Chonyi in red, Giriama in blue, Kauma in green
and other in grey.
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Figure 5. Genetic variation at BIRC6 confers broad susceptibility to invasive bacterial disease. Odds ratios and
95% confidence intervals of rs183868412 association with invasive bacterial disease stratified by pathogen (A),
neonatal and non-neonatal sepsis (B) and bacteraemia with and without malaria parasitaemia (C). Odds
ratios and 95% confidence intervals of rs183868412 association with invasive bacterial disease stratified by
year (D), compared to age-standardized, annual malaria parasite prevalence in Kilifi, Kenya, as estimated from
parasite prevalence among trauma admissions (E). We compared models of association across strata using a
Bayesian approach (see Methods). Strata associated with rs183868412 genotype in the most likely model in
each analysis are highlighted in blue.
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Figure 6. Regulatory function of rs183868412 monocytes. (A) Betas and 95% confidence intervals of
rs183868412 association with expression of a 12bp BIRC6 exonic sequence (chr2:32,453,943-32,453,954) in
monocytes. Monocytes are naive or stimulated with; LPS (lipopolysaccharide), IAV (influenza A virus),
Pam3CSK4 and R848. (B) Colocalisation of the BIRC6 exon eQTL in Pam3CSK4-stimulated monocytes
colocalizes with the risk locus for invasive bacterial disease (PP 4 = 0.951). SNPs are coloured according to
linkage disequilibrium to rs183868412.

available regulatorymapping data challenging. To investigate the regulatory function of rs183868412237

in immune cells in African populations we used eQTL Catalogue (https://www.ebi.ac.uk/eqtl) map-238

ping data (Kerimov et al., 2021) from 100 African ancestry individuals in primary monocytes with239

and without innate stimulation (Quach et al., 2016); influenza A virus, LPS, Pam3CSK4 (synthetic240

lipoprotein and TLR1/2 agonist) and R848 (a TLR7/8 agonist). In this dataset, rs183868412 is well-241

imputed (r2 = 0.998), with a minor allele frequency of 0.05 (10 heterozygous individuals). We found242

no evidence for a regulatory effect of rs183868412 at the gene level in monocytes regardless of243

stimulation. We did, however, observe an effect of rs183868412 genotype on expression of a244

12bp BIRC6 exonic sequence (chr2:32,453,943-32,453,954, p = 1.18 × 10−5), with evidence for co-245

localisation of this eQTL with our GWAS signal (posterior probability of colocalisation, PP4 = 0.951,246

Figure 6). This effect was only observed following stimulation with Pam3CSK4 (Figure 6), with247

the bacteraemia risk allele, rs183868412:T, being associated with reduced expression of this se-248

quence. That 12bp sequence is associated with an alternative splicing event that results in ex-249

tension of a BIRC6 exon. The 23rd exon (ENSE00001189810, chr2:32,453,808-32,453,942) of the250

canonical BIRC6 transcript, ENST00000421745.6, is 135bp long and terminates immediately before251

the 12bp sequence associated with rs183868412:T genotype. The 22nd exon (ENSE00003835010,252

chr2:32,453,808-32,453,942) of an alternative BIRC6 transcript, ENST00000648282.1, is 147bp long,253

having the same start site but including the 12bp sequence at its 3’ end. Thus, increased risk of254

invasive bacterial disease may be associated with decreased expression of an alternative BIRC6255

transcript in TLR1/2 stimulated monocytes.256

Discussion257

In this study, we have leveraged the close relationship between P. falciparum infection and bacter-258

aemia in African children (Scott et al., 2011) to perform a GWAS of invasive bacterial infection in259
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5,400 Kenyan children. We approached this by defining the probability with which each critically260

unwell child with a clinical diagnosis of severe malaria has a disease process directly mediated by261

malaria, that is ‘true’ severe malaria. We hypothesised that critically unwell children, with a low262

probability of having ‘true’ severe malaria, are enriched for invasive bacterial infections. We ex-263

plored the validity of this approach, demonstrating that children with a low probability of ‘true’264

severe malaria were indeed enriched for culture-proven bacteraemia and were at a higher risk of265

death than children with a higher probability. We therefore performed a GWAS weighting cases266

according to their likelihood of invasive bacterial disease. In doing so, we have identified and vali-267

dated BIRC6 as a novel genetic susceptibility locus for all-cause invasive bacterial disease in Kenyan268

children.269

The disease-associated locusmodifies risk of invasive bacterial disease caused by a broad range270

pathogens, including �-haemolytic Streptococci, E. coli, nontyphoidal Salmonella, S. pneumoniae and271

S. aureus. Moreover it modifies risk of invasive infection in both the neonatal period and in older272

children. Furthermore, in contrast to the rs334 HBB A>T mutation (Scott et al., 2011), rs183868412273

modifies risk of invasive bacterial disease in amanner independent of malaria, with rs183868412:T274

carriage increasing risk of disease across a period of falling malaria transmission and in children275

with and without concurrent parasitaemia.276

We further demonstrate that rs183868412 mediates risk of invasive bacterial disease through277

themodification of BIRC6 splicing in Pam3CSK4-stimulatedmonocytes. BIRC6 (Baculovirus inhibitor278

of apoptosis protein repeat containing 6), also known as BRUCE (BIR repeat containing ubiquitin-279

conjugating enzyme), encodes a large member of the inhibitor of apoptosis protein (IAP) family280

(Hauser et al., 1998). Members of the IAP family bind to cognate caspases, inhibiting their activity,281

and thereby cell death, through occlusion of their active site (Verhagen et al., 2001). A proportion282

of IAPs also contain an E3 ubiquitin ligase allowing both direct inhibition of caspases and targeting283

of caspases for proteasomal degradation (Verhagen et al., 2001). BIRC6 contains both inhibitor of284

apoptosis domains and an E2/E3 ubiquitin ligase, which function to inhibit apoptosis in response285

to a variety of stimuli, both by interaction with and degradation of caspase-9, but also through the286

ubiquitination and degradation of SMAC, an IAP antagonist (Hao et al., 2004; Bartke et al., 2004).287

BIRC6 also regulates autophagosome-lysosome fusion (Ebner et al., 2018), and ubiquitinates (and288

targets for degradation) LC3, a key effector of autophagosome formation. Thus, BIRC6 also acts as289

a negative regulator of autophagy (Jia and Bonifacino, 2019).290

It is highly plausible that BIRC6 could determine susceptibility to invasive infection through ei-291

ther its regulation of apoptosis or autophagy (or both). Sepsis induces marked changes in apopto-292

sis across a range of immune cells (Hotchkiss and Nicholson, 2006). There is markedly enhanced293

apoptosis in both dendritic cells (Hotchkiss et al., 2002) and in lymphocytes. Enhanced lymphocyte294

apoptosis is most striking in B cells and CD4+ T cells (Hotchkiss et al., 2001) which, at least in part,295

is mediated by caspase-9. The consequent lymphopoenia is correlated with both severity of sep-296

sis and outcome (Le Tulzo et al., 2002). In addition to the direct effects of immune cell loss on the297

innate and adaptive immune responses to invasive infection, sepsis-induced apoptosis induces im-298

mune cell dysfunction, phagocytosis of apoptotic cells resulting in reduction in pro-inflammatory299

cytokine production and cross-presentation of antigen from apoptotic cells to adaptive immune300

cells (Albert, 2004). In keeping with a role for regulators of apoptosis in the pathogenesis of sepsis,301

members of the IAP family, including NAIP/BIRC1 and BIRC3, are downregulated in immune cells302

in patients with sepsis, as is the BIRC6 ubiquitination target SMAC (Hoogerwerf et al., 2010). Au-303

tophagy contributes to the direct removal of intracellular pathogens and, through the degradation304

of invading organisms in autophagosomes, directs antigen presentation and pro-inflammatory cy-305

tokine secretion (Deretic et al., 2013). As above, BIRC6 regulates autophagy through its interaction306

with LC3, and overexpression of LC3B limits inflammation and tissue injury in a mouse model of307

sepsis (Lo et al., 2013).308

In keeping with a role for BIRC6 in autophagy and apoptosis in sepsis, our data identify a role309

for genetic variation at BIRC6 in determining risk of invasive infection secondary to a broad range310
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of bacteria. This is in contrast to previously-published data describing susceptibility to invasive311

bacterial infection, which has highlighted a prominent role for genetic risk factors that are spe-312

cific to single pathogens (Davila et al., 2010; Gilchrist et al., 2018; Rautanen et al., 2016). In this313

study, the derived allele (T) at rs183868412 was associated with increased risk of bacteraemia sec-314

ondary to gram positive (�-haemolytic Streptococci, S. pneumoniae and S. aureus) and gram nega-315

tive (E. coli, nontyphoidal Salmonella) pathogens, including intracellular and extracellular bacteria,316

and enteric and respiratory pathogens. Moreover, rs183868412 modified risk of bacteraemia in317

both the neonatal period, when infection is likely to be maternally derived, and in older children,318

when sources of community acquired infection will be more diverse. This modulation of invasive319

bacterial disease risk, despite diverse sources and routes of infection and diverse mechanisms of320

invasion, suggests a mechanism in which genetic variation at BIRC6modifies risk of invasive infec-321

tion downstream of initial mechanisms of infection and invasion. In an interesting parallel to this,322

common genetic variation at another ubiquitin-conjugating enzyme, UBE2U, has been shown to323

modify outcome in meningitis secondary to diverse pathogens in individuals of European ancestry324

(Lees et al., 2019).325

Our study has some important limitations. The African-specific nature of the trait-associated326

variation identified here limits our ability to comprehensively interrogate the effect of that variation327

in immune cells. The eQTL mapping data that we utilise here (Quach et al., 2016) is limited in that328

it allows us only to consider a single immune cell type. It is also important to note that there329

are relatively few African-ancestry individuals in the eQTL mapping data we utilise here, and the330

splicing signal at BIRC6 is based on only 10 individuals heterogygous for rs183868412:T. A more331

complete understanding of the role played by genetic variation at BIRC6 plays in the pathogenesis332

of sepsis in African children will require more detailed expression and functional studies in African333

populations. In addition, there is a paucity of large-scale genetic association studies performed in334

African populations. The African-specific nature of the variation identified in our study therefore335

limits our ability to explore pleiotropic effects at this locus. Allied to this, the low minor allele336

frequency of rs183868412 will result in very limited power to detect selection events at the locus.337

Larger and richer datasets detailing genetic variation in African populations will be required to338

explore the wider phenotypic consequences of variation at BIRC6. Our study uses plasma PfHRP2339

concentrations to help identify children at low risk of ’true’ severe malaria. Given the increasing340

frequency of pfhrp2 and pfhrp2 deletions in many settings, including in Africa (Agaba et al., 2019;341

Feleke et al., 2021; Gamboa et al., 2010), an understanding of the local prevalence of pfhrp2/3342

deletions will be important in considering how to translate this model to other settings.343

Taken together, our data identify a role for BIRC6 in the pathogenesis of invasive bacterial in-344

fections in Kenyan children. By maximising our available sample size to include children with a345

high likelihood of invasive bacterial infection, but without culture-confirmed infection, we facilitate346

novel variant discovery and reveal a common genetic architecture of invasive bacterial disease347

secondary to diverse pathogens. In doing so we expand our understanding of the biology of inva-348

sive infection in African children. In particular, these data inform our understanding of the biology349

shared by diverse bacterial infections causing a common clinical syndrome: sepsis.350

Materials and Methods351

Study samples352

Recruitment of the severe malaria cases, bacteraemia cases and healthy controls have been de-353

scribed in detail elsewhere (Ndila et al., 2018; Rautanen et al., 2016). In brief, children under 14354

years admitted to the high dependency ward of Kilifi County Hospital with a clinical diagnosis of355

severe malaria, defined as P. falciparum parasites on blood film and at least one of; reduced Blan-356

tyre Coma Score, severe anaemia (Hb<50g/L), evidence of respiratory distress, hypoglycaemia or357

hyperparasitaemia were eligible for recruitment as cases of severe malaria. During the study pe-358

riod, all children admitted to hospital, with the exception of elective surgical admissions andminor359
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trauma, had a blood sample taken for bacterial culture (BACTEC 9050 instrument, Becton Dickin-360

son, USA). Children under 14 years, in whom a pathogenic organism was identified in blood were361

eligible for study inclusion (Bacillus species, coryneform bacteria, coagulase-negative Staphylococci,362

Staphylococcus saprophyticus and Viridans group Streptococci were considered contaminants). Con-363

trol children were recruited between 3 and 12months of age from consecutive live births from the364

population which Kilifi County Hospital serves. Control children have been subject to longitudinal365

follow-up. Following explanation of the study, written informed consent was obtained from the366

parent or guardian of each child included in the study. Ethical approval was obtained from the367

Kenya Medical Research Institute (KEMRI) National Scientific Steering and Research Committees368

(approval numbers; SCC1192 and SCC967) and the Oxford Tropical Research Ethics Committee369

(OxTREC, approval numbers; 020-06 and 014-01).370

Models to define the probability of ’true’ severe malaria.371

Among cases of severe malaria recruited to the study, we used probabilistic models to assign a372

probability of that child’s clinical presentation being mediated by parasite sequestration, that is373

’true’ severe malaria, as described previously (Watson et al., 2021a,b). Where available (n=1,400),374

we used platelet counts and PfHRP2 concentrations to derive the probabilistic model. In cases375

where PfHRP2 concentration was not measured (n=800), we used white blood cell counts and376

platelet counts as input data to the model.377

For both models (Model 1: PfHRP2/platelet counts; Model 2: platelet counts/white blood cell378

counts), the probabilities of ’true’ severe malaria were derived by fitting parametric latent class379

models. These assumed that each patient had a binary latent state (true severe malaria versus not380

severemalaria). For theModel 1, we assumed that in each latent state the data were distributed as381

a single bivariate normal distribution. For themodel 2, the data did not fit well to a two-component382

bivariate normal (white blood cell counts have much weaker diagnostic value) so we assumed that383

the data had bivariate student-t distribution for the severe malaria state, and a flexible mixture of384

bivariates for the not severe malaria state.385

Genotyping & imputation386

For the discovery analysis, we utilised genotypes generated as part of genome-wide association387

studies of severe malaria (Band et al., 2019) and bacteraemia (Rautanen et al., 2016) previously388

reported in this population. Bacteraemia cases and controls were genotyped using the Affymetrix389

SNP 6.0 array and the severe malaria samples using the Illumina Omni 2.5 M platform. SNP and390

sample quality control for both datasets are highly analogous, and have been described previously391

(Band et al., 2019; Rautanen et al., 2016). In brief, MalariaGEN SNP QC excluded poorly geno-392

typed SNPs using the followingmetrics; SNPmissingness >2.5%, minor allele frequency (MAF) <1%,393

Hardy-Weinberg equilibrium (HWE) p < 1 × 10−20, plate effect p < 1 × 10−3 and a recall test quantify-394

ing changes in genotype following a re-clustering process p < 1 × 10−6. For Affymetrix-genotyped395

samples, SNP QC excluded poorly performing SNPs using the following metrics; SNP missingness396

>2%, MAF <1%, genotype probability (info) <0.975, plate effect p < 1 × 10−6, and HWE p < 1 × 10−20.397

Sample QC on both platforms excluded sample outliers with respect to channel intensity, missing-398

ness, heterozygosity, population outliers and duplicated samples (relatedness coefficient > 0.75).399

In addition, for Affymetrix-genotyped samples, samples were excluded in cases of discordant sex400

as recorded in the clinical record and imputed from mean intensities from X and Y chromosome401

markers.402

To facilitate combining datasets we applied an additional set of cross-platform QC procedures.403

Wedefined a shared subset of SNPs genotyped and passing SNPQC on both platforms (n=167,108),404

observing high levels of genotype concordance (median concordance 0.993, Figure 3–figure sup-405

plement 4) among the subset of samples genotyped on both platforms (n=1,365). We used this406

shared SNP set to compute relatedness estimates and PCs in PLINK v1.90 (Chang et al., 2015).407

Themajor six PCs of shared genotypes differentiate self-reported ethnicity (Figure 3–figure supple-408
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ment 1) and are non-differential with respect to genotyping platform (Figure 3–figure supplement409

1). To harmonise QC across both platforms we excluded MalariaGEN samples with discordant410

clinical and genetic sex (n=136). We further excluded one of duplicate or related sample pairs411

(relatedness coefficient > 0.2) across platforms, retaining case samples where possible and ex-412

cluding equal numbers of control samples genotyped on each platform (n=1,973). Following QC,413

genotypes were phased using SHAPEIT2 (Delaneau et al., 2012), and untyped genotypes imputed414

genome-wide using IMPUTE2 (v2.3.2) (Howie et al., 2011, 2009) with 1000 Genomes Phase III as a415

reference panel. Following imputation, we excluded SNPs with imputation info scores <0.5, MAF416

<1% and HWE p < 1 × 10−5, applying each threshold for each platform and overall. Following SNP417

and sample QC, 14,010,600 autosomal SNPs and indels from 5,400 samples (1,445 bacteraemia418

cases, 1,143 severe malaria cases and 2,812 control samples: 917 Illumina genotyped and 1,895419

Affymetrix genotyped) were taken forward as a combined discovery dataset for association analy-420

sis. Following QC and association analysis, we identified a further set of population outliers using421

ABERRANT (Bellenguez et al., 2012) for downstream sensitivity analysis.422

Estimation of SNP heritability423

To estimate SNP heritability of bacteraemia in this population, we used genome-wide genotyping424

data fromculture-confirmedbacteraemia cases andhealthy controls genotypedwith theAffymetrix425

SNP 6.0 array. For this analysis we used directly typedmarkers passing quality control as described426

above (n = 783, 094). In addition to the sample quality control applied above, we additionally ex-427

cluded one individual from each sample pair with relatedness coefficient> 0.05, leaving a final sam-428

ple size of 2,559 (1,042 cases, 1,517 controls). We estimated SNP heritability using GCTA-GREML429

(Yang et al., 2011). For transformation of the heritability estimate to the liability scale we assumed430

a population prevalence for bacteraemia of 2% in this setting.431

Association analysis & fine mapping432

In the discovery analysis, we tested for association between genotype at each variant passing QC433

and invasive bacterial disease by logistic regression in an additive linear model. We used weighted434

logistic regression to reflect the probability of each case sample being a ’true’ case of invasive bac-435

terial infection. Cases of culture-confirmed bacteraemia we assigned a weight of 1, whereas cases436

of severe malaria were assigned weights 1-P(SM|Data), re-weighting the contribution of a case to437

the log-likelihood according to its probability of representing invasive bacterial infection. Control438

samples were assigned a weight of 1. Our regression thus assumes that the lower the probability439

of ’true’ severe malaria, the greater the probability that a case represents culture-negative invasive440

bacterial disease. To control for confounding variation, we included the 6 major PCs of genotyping441

data and genotyping platform as covariates in the model. Weighted logistic regression was imple-442

mented using the glm function in R. As described previously (Watson et al., 2021a), standard errors443

were transformed to reflect the reduced effective sample size resulting from inclusion of sample444

weights in the model. We considered p < 5 × 10−8 to be significant.445

We used a Bayesian approach to identify a set of SNPs with 95% probability of containing the446

causal variant at the trait-associated locus. Approximate Bayes’ factors (Wakefield, 2009) were447

calculated for each SNP in the region (a 200kb surrounding rs183868412) with a prior distribution448

ofN(0, 0.22). All SNPs were considered equally likely to be the causal variant a priori. A set of SNPs449

with 95% probability of containing the causal SNP was defined as the smallest number of SNPs for450

which the summed posterior probabilities exceed 0.95.451

Replication samples and analysis452

To replicate our findings from the discovery analysis we used a second sample set, recruited from453

the same population as the discovery samples. Replication case samples were cases of bacter-454

aemia only, and did not include cases of severe malaria without culture-confirmed bacterial infec-455

tion. Case samples were recruited between 1st August 1998 and 30th October 2010. As for the456

14 of 23



discovery case samples, children under 14 years with a bacterial pathogen isolated from blood on457

admission to hospital were eligible for recruitment to the study. As above, control samples were458

recruited as part of a birth cohort from the same population, with children recruited between the459

ages of 3 and 12 months. Genotyping and QC procedures for these samples have been described460

previously. In brief, study samples were genotyped using the Immunochip Consortium (Cortes461

and Brown, 2011) array (Illumina). Sample QC was performed as for the discovery samples (above),462

with duplicate control samples (samples common to MalariaGEN and Immunochip controls, n=78)463

being removed from the replication set. As above, relatedness estimates and PCs were computed464

in PLINK v1.90 (Chang et al., 2015) (Figure 4-figure supplement 1). SNP QC excluded the following465

variants; SNP missingness >1%, MAF <1% and HWE p < 1 × 10−10. Following QC, 143,000 genotyped466

variants in 434 cases and 1,258 control samples were taken forward for imputation. As above, im-467

putation was performed with SHAPEIT2 (Delaneau et al., 2012) and IMPUTE2 (v2.3.2) (Howie et al.,468

2011, 2009) with 1000 Genomes Phase III as a reference panel.469

Following imputation, we further excluded poorly-imputed (imputation info score<0.5) and rare470

(MAF<1%) variants and variants with HWE p < 1×10−10. At variants associatedwith invasive bacterial471

disease (p < 5 × 10−8) in the discovery analysis, we tested for association with bacteraemia case-472

control status using logistic regression in an additive model in SNPTEST v2.5.6 (Marchini et al.,473

2007). To exclude confounding variation, we included the major six PCs of genotyping data in the474

model. We considered evidence of association with bacteraemia in the replication samples with475

p < 0.05 with the same direction of effect as in the discovery analysis to be significant.476

Bayesian comparison of models of association477

At the locus of interest, we used multinomial logistic regression, implemented in SNPTEST v2.5.6478

(Marchini et al., 2007) to estimate the additive effect of genotype on risk of bacteraemia strati-479

fied by pathogen, bacteraemia in the neonatal and non-neonatal periods, bacteraemia with and480

without P. falciparum parasitaemia, and bacteraemia presenting at different time periods across481

a period of declining malaria transmission intensity. For these analyses we used only samples482

with culture-confirmed bacteraemia. In each case we used control status as the baseline stratum,483

and included the six major principal components of genotyping data to control for confounding484

variation as above.485

For the pathogen-stratified analysis, we defined eight case strata among the discovery cases,486

one for each of the seven most commonly isolated organisms (Acinetobacter, n=118; �-haemolytic487

Streptococci, n=130; E. coli, n=141; H. influenzae type b, n=113; nontyphoidal Salmonella, n=159;488

pneumococci, n=390; S. aureus, n=152) and one stratum for the remaining other organisms (n=242).489

For the neonatal/non-neonatal disease analysis we stratified cases as presenting in the first 28 days490

of life (n=195) or beyond that (n=1,245). For the analysis comparing bacteraemia with and without491

malaria we stratified cases with (n=204) and without (n=1,236) P. falciparum on their admission492

blood film. For each of these analysis case strata were compared to Affymetrix-genotyped discov-493

ery control samples (n=1,895) as a baseline stratum.494

For the analysis stratified across year of admission, we defined case strata by grouping into six495

time periods according to their date of admission; 1998-2000 (n=498), 2001-2002 (n=349), 2003-496

2004 (n=467), 2005-2006 (n=310), 2007-2008 (n=237), 2009-2010 (n=111). For this analysis we used497

both discovery (Affymetrix) and replication (Immunochip) case and control samples. This allowed498

better coverage of the years later in the study, which were underrepresented in the discovery499

samples (the discovery median admission year is 2003, c.f. 2005 for the replication samples). In500

that analysis we used multinomial logistic regression in each cohort to estimate stratum-specific501

effects, combining these results in a fixed effects meta-analysis using BINGWA (Band et al., 2015).502

We then compared models of association using a Bayesian approach (Rautanen et al., 2016),503

considering the following models:504

"Null": effect size = i.e. no association with bacteraemia.505

"Same": effect size N(0, 0.22) and fixed across strata.506
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Additionalmodels consider each possible combination of a fixed effect size for associated strata507

and no association at other strata. For eachmodel we calculated approximate Bayes factors (Wake-508

field, 2009) and posterior probabilities, assuming eachmodel to be equally likely a priori. Statistical509

analysis was performed in R.510

eQTL mapping and colocalisation analysis511

Weused the eQTL catalogue (Kerimov et al., 2021)mapping pipeline (https://github.com/eQTL-Catalogue/)512

to map eQTL in naive and stimulatedmonocytes (Quach et al., 2016). These data include bulk RNA-513

Seq and genome-wide genotyping data from naive and stimulated primary monocytes isolated514

from individuals of European (n=100) and African (n=100) ancestry (Quach et al., 2016). Given the515

African-specific nature of variation at rs183868412, we performed eQTL mapping in this dataset516

restricting our analysis to samples of African ancestry. The eQTL Catalogue mapping pipeline has517

beendescribedpreviously (Kerimov et al., 2021). In brief, sample genotypes (IlluminaHumanOmni5-518

Quad genotyped) were pre-phasedwith Eagle v.2.4.1 (Loh et al., 2016) and genotypes imputedwith519

Minimac4 v.1.0.2 (Das et al., 2016) using 1000 Genomes phase III as a reference panel. Gene ex-520

pression, exon expression, transcript usage and transcriptional event usage were quantified from521

RNA-Seq data using HISAT2 v.2.1.0 (Kim et al., 2019), DEXSeq v.1.18.4 (Anders et al., 2012) and522

Salmon v.0.13.1 (Patro et al., 2017). Nominal mapping in cis was performed for each phenotype523

for variants within a 1Mb window of the start of each gene using FastQTL Ongen et al. (2016), in-524

cluding 6 principal components of genotyping and phenotype data as covariates in the model.525

We then used the R package coloc v5.1.0 (Giambartolomei et al., 2014) to identify evidence of526

causal variants shared by our bacterial disease-associated locus of interest and regulatory genetic527

variation identified in our eQTL mapping data. Coloc adopts a Bayesian approach to compare528

evidence for independent or shared association signals for two traits at a given genetic locus. We529

used the coloc.susie() command to allow colocalisation of multiple independent signals at a single530

locus for each trait. We considered evidence for colocalisation for each gene and exon within a531

250kb window of the peak association (rs183868412). We considered a posterior probability > 0.8532

supporting a shared causal locus to be significant.533
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Tables744

Table 1. Demographics & clinical characteristics of Kenyan children with severe malaria.

Model Numbers Sex (female) Age (months) Bacteraemia Mortality

PfHRP2/Plt
Total (n=1,400) 695 (49.6%) 29 (17-44) 51 (3.6%) 155 (11.1%)
P(SM|Data)>0.5 (n=975) 497 (51.0%) 29 (18-45) 23 (2.4%) 94 (7.4%)
P(SM|Data)<0.5 (n=425) 198 (46.6%) 28 (16-43) 28 (6.6%) 61 (14.4%)

WBC/Plt
Total (n=2,220) 1,074 (48.4%) 28 (15-43) 78 (3.5%) 256 (11.6%)
P(SM|Data)>0.5 (n=1,279) 623 (48.7%) 29 (17-44) 32 (2.5%) 106 (8.4%)
P(SM|Data)<0.5 (n=941) 451 (47.9%) 25 (13-40) 46 (4.9%) 150 (15.9%)

Mortality reflects in-patient deaths. Figures are absolute numbers with percentages or interquar-
tile ranges in parentheses. P(SM|Data) reflects the probability of ’true’ severe malaria estimated
from each model (PfHRP2/Platelet count, White blood cell count/Platelet count).

Table 2. Demographics & clinical characteristics of GWAS study samples.

Severe malaria subtypes Concurrent infection

Numbers Sex (female) Age (months) SMA CM Malaria Bacteraemia Mortality

Bacteraemia (overall) 1,445 614 (43%) 14 (5-34) 94 (12%) 358 (26%)
Acinetobacter 118 45 (38%) 13 (3-28) 11 (13%) 12 (10%)
�-haemolytic Strep. 130 60 (46%) 5 (1-20) 6 (8%) 37 (30%)
E. coli 141 58 (41%) 11 (6-25) 12 (15%) 45 (34%)
Hib 113 53 (47%) 12 (5-25) 3 (8%) 29 (26%)
NTS 159 75 (47%) 15 (9-26) 15 (25%) 31 (20%)
S. pneumoniae 390 151 (39%) 23 (9-61) 20 (9%) 86 (23%)
S. aureus 152 64 (42.1%) 26 (9-88) 15 (15%) 22 (15%)
Other 242 110 (46%) 10 (1-28) 10 (8%) 96 (41%)

Malaria (overall) 1,143 559 (49%) 27 (16-41) 298 (26%) 697 (61%) 40 (4%) 140 (12%)
P(SM|Data)<0.5 375 176 (47%) 28 (17-42) 62 (17%) 262 (70%) 23 (6%) 62 (17%)
P(SM|Data)>0.5 768 383 (50%) 26 (15-40) 236 (31%) 435 (57%) 17 (2%) 17 (2%)

Controls (SNP 6.0) 1,895 955 (50%)
*

Controls (Omni 2.5M) 917 451 (49.2%)

P(SM|Data) reflects the probability of ’true’ severe malaria estimated from PfHRP2 concentration and platelet count or white
blood cell count and platelet count. Blood cultures were taken from all children severe malaria at admission.
*Control children were recruited between 3 and 12 months of age and have been subject to longitudinal follow-up.
SMA, severe malarial anaemia; CM, cerebral malaria.
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Table 3. 95% credible SNP set of invasive bacterial disease association.

SNP Effect allele Chr BP MAF Info score OR (95% CI) p-value

rs183868412 T 2 32,478,169 0.021 0.956 2.13 (1.65-2.74) 4.64 × 10−9

rs139827594 G 2 32,402,640 0.020 0.966 2.12 (1.65-2.73) 4.96 × 10−9

rs144257579 G 2 32,507,619 0.021 0.954 2.11 (1.64-2.72) 6.82 × 10−9

rs145056232 C 2 32,503,024 0.021 0.955 2.11 (1.64-2.72) 6.86 × 10−9

rs145315025 G 2 32,502,654 0.021 0.955 2.11 (1.64-2.72) 6.87 × 10−9

rs143909151 T 2 32,531,452 0.021 0.962 2.11 (1.64-2.71) 8.01 × 10−9

rs150430979 T 2 32,614,746 0.021 0.955 2.11 (1.64-2.72) 8.18 × 10−9

MAF, minor allele frequency. CI, confidence interval. Genomic coordinates are GRCh38.

Table 4. Effect of rs183868412 genotype on risk of invasive bacterial disease stratifies by self-reported
ethnicity.

Discovery population Numbers Genotypes MAF OR (95% CI) p-value

Giriama
Cases

Overall 1,232 0/56/1,176 0.023

1.97 (1.30-3.01) p = 0.0015
Bacteraemia 558 0/38/520 0.034
SM - P(SM|Data)<0.5 199 0/12/187 0.030
SM - P(SM|Data)>0.5 475 0/6/469 0.006

Controls 1,269 0/41/1,228 0.016

Chonyi
Cases

Overall 503 0/38/465 0.038

2.18 (1.34-3.54) p = 0.0017
Bacteraemia 238 0/27/211 0.057
SM - P(SM|Data)<0.5 105 0/4/101 0.019
SM - P(SM|Data)>0.5 160 0/7/153 0.022

Controls 1,057 0/43/1,014 0.020

Kauma
Cases

Overall 154 0/8/146 0.026

1.20 (0.50-2.85) p = 0.686
Bacteraemia 70 0/6/64 0.043
SM - P(SM|Data)<0.5 25 0/1/24 0.020
SM - P(SM|Data)>0.5 59 0/1/58 0.008

Controls 318 0/20/298 0.031

Other
Cases

Overall 219 1/16/202 0.041

2.46 (1.01-5.96) p = 0.047
Bacteraemia 101 1/8/92 0.050
SM - P(SM|Data)<0.5 38 0/5/33 0.066
SM - P(SM|Data)>0.5 80 0/3/77 0.019

Controls 165 0/7/158 0.021

Total
Cases

Overall 2,588 3/164/2,421 0.033

2.13 (1.65-2.74) p = 4.64 × 10−9
Bacteraemia 1,445 3/125/1,317 0.045
SM - P(SM|Data)<0.5 375 0/20/355 0.027
SM - P(SM|Data)>0.5 768 0/19/749 0.012

Controls 2,812 0/111/2,701 0.020

Self-reported ethnicity data is missing in 482 samples (480 of which are cases). Effect estimates derived with weighted logistic re-
gression. P(SM|Data) represent the probability of ’true’ severe malaria estimated from plasma PfHRP2 concentration and platelet
count (n=909) or white blood cell count and platelet count (n=234). OR, odds ratio. MAF, minor allele frequency. CI, confidence
interval.
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Table 5. Effect of rs183868412 genotype on risk of invasive bacterial disease in Kenyan children.

Numbers Genotypes MAF OR (95% CI) p-value

Discovery
Cases

Overall 2,588 3/164/2,421 0.033 2.13 (1.65-2.74) p = 4.64 × 10−9

Bacteraemia* 1,445 3/125/1,317 0.045 2.12 (1.60-2.82) p = 1.94 × 10−7

SM - P(SM|Data)<0.5* 375 0/20/355 0.027 2.37 (1.27-4.43) p = 6.82 × 10−3

SM - P(SM|Data)>0.5* 768 0/19/749 0.012 1.07 (0.57-2.01) p = 0.823
Controls 2,812 0/111/2,701 0.020

Replication
Cases 434 0/24/410 0.028 2.85 (1.54-5.28) p = 8.90 × 10−4

Controls 1,258 0/28/1,230 0.011

Meta-analysis
Cases 3,022 3/188/2,831 0.032 2.23 (1.76-2.80) p = 2.35 × 10−11

Controls 4,070 0/139/3,931 0.017

*estimates derived from multinomial logistic regression model. P(SM|Data) represent the probability of ’true’ severe malaria
estimated from plasma PfHRP2 concentration and platelet count (n=909) or white blood cell count and platelet count (n=234).
SM, severe malaria. MAF, minor allele frequency. CI, confidence interval.

Table 6. rs183868412 frequencies in Africa.

Population Number MAF

Gambia 2,605 0.011
Mali 183 0.021
Burkina Faso 596 0.009
Ghana 320 0.014
Nigeria 22 0.024
Cameroon 685 0.031
Malawi 1,317 0.034
Tanzania 402 0.028
Kenya 1,681 0.017

Numbers reflect healthy control samples. MAF, minor allele frequency.
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Figure 1–Figure supplement 1. White blood cell and platelet count as predictors of severemalaria.
(A) Distribution of white blood cell and platelet count among Kenyan children (n=2,200) with a
clinical diagnosis of severemalaria. Points are coloured according to the probability of ’true’ severe
malaria given the data. (B) Distribution of ’true’ severemalaria probabilities estimated fromplatelet
count and white blood cell count. (C) Platelets counts in children with a clinical diagnosis of severe
malaria with and without concomitant bacteraemia. (D) White blood cell counts in children with a
clinical diagnosis of severe malaria with and without concomitant bacteraemia.
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Figure 3–Figure supplement 1. Genome-wide association analysis quality control. (A) Principal
components of genome-wide genotyping data in discovery samples. Individuals are color-coded
according to genotyping platform; Affymetrix SNP 6.0 in purple, Illumina Omni 2.5M in orange.
(B) Principal components of genome-wide genotyping data in discovery samples. Individuals are
color-coded according to self-reported ethnicity; Chonyi in red, Giriama in blue, Kauma in green
and other in grey. (C) Quantile-quantile plot of invasive bacterial infection in Kenyan children. QQ
plot of weighted logistic regression GWAS of invasive bacterial disease in Kenyan children (2,588
cases, 2,812 controls).
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Figure 3–Figure supplement 2. Principal components of genome-wide genotyping data in discov-
ery samples. Outlier samples identified by ABERRANT (n=22) are highlighted (orange).
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Figure 3–Figure supplement 3. Sensitivity analysis of case weights. Comparison of effect sizes
of the rs183868412:T association with invasive bacterial infection in the combined analysis (bac-
teraemia cases = 1,445, severe malaria cases = 1,143, controls = 2,812), and restricted to cases
weights calculated with PfHRP2 plasma concentration and platelet count (Model 1; bacteraemia
cases = 1,445, severe malaria cases = 909, controls = 2,812) or white cell count and platelet count
(Model 2; bacteraemia cases = 1,445, severe malaria cases = 909, controls = 2,812).
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Figure 3–Figure supplement 4. Genotyping concordance between Illumina and Affymetrix plat-
forms. Pairwise genotyping concordance between samples genotyped on both Affymetrix SNP 6.0
and Illumina Omni 2.5M platforms.
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Figure 4–Figure supplement 1. Principal components of genome-wide genotyping data in repli-
cation samples. Individuals are color-coded according to self-reported ethnicity; Chonyi in red,
Giriama in blue, Kauma in green and other in grey.
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