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Background. Diverse environmental exposures and risk factors have been implicated in the transmission of Salmonella Typhi,
but the dominant transmission pathways through the environment to susceptible humans remain unknown. Here, we use spatial,
bacterial genomic, and hydrological data to refine our view of typhoid transmission in an endemic setting.

Methods. A total of 546 patients presenting to Queen Elizabeth Central Hospital in Blantyre, Malawi, with blood culture-con-
firmed typhoid fever between April 2015 and January 2017 were recruited to a cohort study. The households of a subset of these
patients were geolocated, and 256 S. Typhi isolates were whole-genome sequenced. Pairwise single-nucleotide variant distances were
incorporated into a geostatistical modeling framework using multidimensional scaling.

Results.
from <15 to >100 cases per 100 000 population per year. Pairwise single-nucleotide variant distance and physical household dis-

Typhoid fever was not evenly distributed across Blantyre, with estimated minimum incidence ranging across the city

tances were significantly correlated (P = .001). We evaluated the ability of river catchment to explain the spatial patterns of genomics
observed, finding that it significantly improved the fit of the model (P = .003). We also found spatial correlation at a smaller spatial

scale, of households living <192 m apart.
Conclusions.

These findings reinforce the emerging view that hydrological systems play a key role in the transmission of typhoid

fever. By combining genomic and spatial data, we show how multifaceted data can be used to identify high incidence areas, explain

the connections between them, and inform targeted environmental surveillance, all of which will be critical to shape local and re-

gional typhoid control strategies.
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Water and sanitation improvements in the early 1900s led to ef-
fective elimination of typhoid fever in most high-income coun-
tries, without widespread use of either antibiotics or vaccines.
However, typhoid remains a major cause of disease and death
in low- and middle-income countries, with an estimated 11 mil-
lion cases occurring annually [1]. In March 2018, the typhoid
conjugate vaccine was recommended by the World Health
Organization for control of typhoid, providing momentum
for global initiatives to combat this disease [2]. Although this
vaccine offers a high level of clinical protection [3], it does not
completely prevent shedding of the disease [4]. Furthermore,
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modeling studies have shown that elimination using a vaccine
alone is unlikely [5]. Multifaceted initiatives combining effec-
tive vaccines and detailed epidemiological surveillance, with
water, sanitation, and hygiene (WASH) interventions must
therefore be developed [6].

Although provision of clean water and sanitation is a global
priority and a Sustainable Development Goal, the pace of these
changes has not aligned with typhoid conjugate vaccine rollout
in typhoid-endemic countries in Asia and Africa [7]. Targeted
WASH strategies may support typhoid elimination on a more
rapid timeline; however, targeting interventions is challenging,
because typhoid transmission pathways do not appear to be
consistent across locations [8, 9].

Typhoid transmission can occur through 2 modes. First,
“short-cycle” transmission is characterized by food or water
contamination in close proximity. This transmission pathway is
frequently linked to food handlers [10] and transmission within
the household [11].

Next, “long-cycle” transmission occurs by contamination of
and contact with the external environment [12]. Although a
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human-restricted pathogen, little is known about the behavior
of Salmonella enterica serovar Typhi in the environment be-
tween fecal excretion by one host and consumption by the next.
Reservoirs for S. Typhi may exist in the environment, including
amebas, allowing for extended survival outside the body [13].
Environmental mediators vary by location: the contamination
of drinking water through stone taps in Kathmandu, Nepal, has
been hypothesized as a major driver of transmission in this set-
ting [8], while in Santiago, Chile, produce contaminated with
sewage was the key driver of transmission; drinking water was
not considered a risk factor in this setting [9]. In Blantyre,
Malawi, the use of river water for cooking and cleaning was iden-
tified as a risk factor for typhoid fever [14], providing further
evidence for diverse environmental exposures to this pathogen.

Long-cycle transmission pathways are technically dif-
ficult to identify, partly because S. Typhi is challenging to
isolate from environmental matrices [15]. In the absence
of effective environmental surveillance for typhoid, we hy-
pothesized that geolocation of cases and sequencing of their
isolates will help elucidate our understanding of long-cycle
transmission pathways and environmental mediators of the
disease.

In the current study, we investigated typhoid fever in
Blantyre, where a rapid emergence of multidrug-resistant S.
Typhi occurred in 2011 [16]. We used a geostatistical mod-
eling framework to combine genomic information from
isolates with georeferenced hydrological, geographic, and
demographic data. The current study’s cohort contained a
nested case-control study, which previously found a com-
plex network of potential risk factors of typhoid fever related
to both availability of WASH and the use of river water for
cooking and cleaning, as well as social exposures such as
daycare attendance [14]. Therefore, we specifically aimed to
further investigate role of hydrological systems as a driver of
transmission in this typhoid-endemic setting.

METHODS

Setting and Case Ascertainment

Queen Elizabeth Central Hospital (QECH) provides free sec-
ondary healthcare to the Blantyre urban area and surrounding
district, as well as tertiary care to the southern region of Malawi.
The Malawi-Liverpool Wellcome Programme has been con-
ducting sentinel surveillance of bloodstream infections at
QECH since 1998 [17]. Patients living in Blantyre who had
blood culture-confirmed typhoid fever diagnosed between
April 2015 and January 2017 at QECH were included in a pro-
spective observational cohort. Age, residential area, human
immunodeficiency virus (HIV) status, inpatient versus outpa-
tient treatment, clinical presentation, complications, and deaths
were recorded from clinical case records and/or during patient
interviews.

Geolocation and spatial analysis were restricted to patients
residing in urban Blantyre. Residential location and location of
any household water source used within 3 weeks before diag-
nosis were recorded using 2 methods. Starting in April 2015,
the households of case patients who were enrolled in the nested
case-control study of children [14] were geolocated by a field
team during household visits, using Garmin Etrex 30 GPS de-
vices. Beginning in August 2015, the electronic PArticipant
Locator application (ePAL), a tablet-based geolocation system,
[18] was used to remotely geolocate the households for the re-
mainder of the cohort. Informed written consent was sought
from adult participants and from the legal guardians of children.

Ethics Statement

This study was approved by the University of Malawi, College of
Medicine Research and Ethics Committee (no. P.08/14/1617),
the Liverpool School of Tropical Medicine Research Ethics
Committee (no. 14.042), and the Lancaster University Faculty of
Health and Medicine Ethics Committee (no. FHMREC17014).

Incidence Mapping

We estimated the minimum incidence of typhoid fever asso-
ciated with presentation to QECH for the enumeration areas
(EAs) of Blantyre. Population estimates were derived from a
2016 census of Blantyre and surrounding areas that divided the
city into 275 EAs [19]. This census included population struc-
ture by age bands (<5, 5-14, >15 years) and the number of
households. Numerous approaches to adjusting the incidence
of typhoid fever have been proposed, based on healthcare utili-
zation, the probability of a diagnostic being performed, and its
sensitivity [20-22]; however, these were not available at the EA
level. Thus, we adjusted only for the study recruitment rates as
a proportion of all diagnosed cases. Finally, a healthcare utili-
zation survey was administered to a subset of controls from the
nested case-control study [14].

All statistical analyses were conducted using R statistical soft-
ware, version 3.5.1 [23]. To estimate incidences across the city, a
Poisson log-linear model with a spatial random effect was fitted
using the PrevMap package (version 1.5.3) [24]. Rates were es-
timated for each EA and age band, and the estimated popula-
tion size in each age band was included as an offset. The offset
was weighted to account for the longer time period for geolo-
cation of the case-control study participants versus the rest of
the cohort. Covariate effects were explored, including distance
from the centroid of each EA to QECH, average household size,
population density, elevation at the centroid, and hydrological
catchment (Supplementary Material 1). The statistical model is
further described in Supplementary Material 2.

Sequencing and Phylogenetic Analysis
To investigate the genetic patterns of S. Typhi in this study, we
performed whole-genome sequencing of isolates of S. Typhi
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from the index patients, using Illumina HiSeq 10X machines
generating 150-base pair paired-end reads. Reads were mapped
against the high-quality reference genome of S. Typhi 1036491,
isolated in Blantyre in 2012 (GCA_001367555.3). The pairwise
single-nucleotide variant (SN'V) matrix was generated from this
alignment.

The phylogeny was based on the same alignment and
reconstructed using iq-tree (version 1.6.5) [25] under the
general time-reversible model, ascertainment correction,
and with 1000 bootstrap replicates for branch support. The
resulting tree was assessed for phylogenetic signal using
TempEst software (version 1.5.1) [26], and root-to-tip
correlation was calculated. The phylogenetic tree was re-
constructed into a maximum-likelihood joint ancestral re-
construction tree. Detailed protocols for genomic analyses
are found in Supplementary Material 3, with accession num-
bers listed in Supplementary Material Table 2.

Spatiogenomic Modeling

First, we tested for correlation between SNV distance and spa-
tial distance. Next, the pairwise distance matrix of all absolute
differences of SNVs was mapped to 2 dimensions using prin-
cipal coordinates (PCs) analysis (PCoA), a method of multidi-
mensional scaling. PCoA takes as its input an m-by-m matrix of
pairwise dissimilarities among m entities, in this case SNV, and
looks for a graphic representation of these m entities that best
approximates this complete set of dissimilarities by straight-line
distances in a low-dimensional space, typically 1 or 2 dimen-
sional for ease of visualization. We refer to the resulting PC axes
generated from this analysis as genetic scores. The values of
these scores themselves are not directly interpretable; rather, the
closer together a set of SN'Vs are on the graphic representation,
the stronger their genetic relatedness. We used a linear model
with a spatial random effect to predict genetic score across the
city. Finally, based on results of a previous risk factor study from
a subset of this cohort that pointed to river water as a potential
exposure [14], we explored the ability of river catchment to pre-
dict genetic score.

RESULTS

Characteristics of Cohort

S. Typhi was isolated from 658 blood cultures between 28 March
2015 and 12 January 2017 (Figure 1), with an additional 2 iso-
lates obtained from cerebrospinal fluid cultures. Of all isolates,
97% (641 of 660) were multidrug resistant, with resistance to
ampicillin, chloramphenicol, and cotrimoxazole. Four patients
were identified as having relapse or reinfection, with a second
episode of S. Typhi bacteremia diagnosed 38-84 days after
their first positive blood culture. A total of 546 illness episodes
were included in the cohort study and are further referred to as
cases; 484 case patients lived in the area of urban Blantyre and
were therefore eligible for mapping, 314 consented to provide

658 routine blood cultures positive for
Salmonella Typhi

| 116 case records not located |
l -------------- >
< 58 from outside urban Blantyre
546 included in cohort ,
,
__________ - A | 115 cases occured prior to
N ePAL mapping
N
314 recruited to provide household locations AN
4| 58 cases declined participation
-------------- » . .
55 isolates not available for whole

genome sequencing

| 256 isolates whole genome sequenced |

Figure 1. Consort chart outlining the process of recruiting individuals to the
study, reasons for exclusion, and data availability of geographic and genomic data.
Abbreviation: ePAL, the electronic PArticipant Locator application.

their household locations, and 256 isolates were available to be
sequenced (Figure 1).

The characteristics of the cohort are summarized in Table 1
and presented in detail in Supplementary Material Table 1. The
median age (IQR) was 11 (6-19) years, and the HIV seroprev-
alence was 10.7% (37 of 346 patients). Seventy-three percent of
patients (391 of 542) were hospitalized, and hospital records
were retrieved for 326. The case-fatality rate in the cohort was
1.5% (8 of 528).

Incidence Mapping in Blantyre

Of 658 case patients, 297 both consented to provide their house-
hold locations and lived within EA bounds and hence were
included in the geostatistical incidence model. We adjusted re-
sulting incidence rates for the number of patients who origin-
ated from urban Blantyre but were not included in mapping (n
=115), declined participation (n = 58), or were lost to follow-up
(n = 116). The estimated incidences in each EA are plotted in
Figure 2. The model predicted the highest risk in the 5-14-year
age band, followed by the >15-year age band (Table 2). Of the
evaluated covariates, average household size was a significant
predictor of incidence (Table 2), with smaller households in-
dicative of a higher risk. Other tested covariates, including

Table 1. Characteristics of Recruited Patients With Typhoid Fever
Presenting to Queen Elizabeth Central Hospital in Blantyre, Malawi

Characteristic or Outcome Patients, No./Total (%)?

Age, median (range), y 11 (6-19)
Female sex 256/542 (47.2)
Positive malaria test result 7/533 (1.3)
Residence in urban Blantyre 484/542 (89)
Admitted to the hospital 391/542 (72.1)
Duration of hospital stay, median (IQR), d 4 (3-7)
Death 8/520 (1.5)

Abbreviation: IQR, interquartile range.
“Data represent no. (%) of patients unless otherwise specified.
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Estimated minimum annual incidence rate of typhoid fever for enumeration areas across the city of Blantyre, Malawi. The location of the recruiting hospital,

Table 2. Parameter Estimates for the Geostatistical Model of Typhoid
Fever Incidence in Blantyre, Malawi

Parameter Estimate

Parameter (SE) PValue
Intercept -5.02 (0.60) <.001
Average household size —-0.95 (0.14) <.001
Age 5-14 y 1.08 (0.04) <.001
Age <5y 0.75 (0.04) <.001
log(sigma?), spatially correlated 0.45 (0.11)
variance
log(phi), range of spatial correlation 318(0.17)
log(tau?), non-spatial variance 0.21 (0.23)

Model includes the significant tested covariate of average household size and is stratified
by age band.

Abbreviation: SE, standard error.

distance from hospital, did not significantly improve the model
(Supplementary Material 2).

The incidence across Blantyre was geographically heteroge-
neous, with an overall estimated minimum annual incidence
rate of 36/100 000. Eight EAs were predicted to have an inci-
dence rate >100/100 000, while 13 EAs had an incidence rate
<15/100 000. Small-scale spatial correlation was identified in
the region, with the range (phi) of this correlation estimated to
be 318 m (Table 2). This indicates a practical range of spatial
correlation (>5%) reaching approximately 950 m (Table 2).

Analysis of the healthcare utilization survey found no evi-
dence that distance to hospital affects healthcare-seeking be-
havior for individuals included in this study. We found no
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significant difference between households that would or would
not use QECH in the case of severe illness, based on the dis-
tance of their household to QECH (P = .28).

Genomic Epidemiology

Isolates from 256 patients were whole-genome sequenced, and
all belonged to the H58 haplotype, which has been identified
globally, indicating sustained endemic transmission of this new
strain in Blantyre. The isolates were highly clonal but could still
be resolved into 6 phylogenetic clades (Supplementary Material
3 and Figure 3A). Root-to-tip correlation (0.07) indicated that
the temporal signal was insufficient to enable temporal analysis
(Supplementary Material 3).

The SNV distances between isolates and physical distances
between households were significantly correlated (P =.001)
(Supplementary Material 4). The first 2 PCs resulting from the
PCoA accounted for 38% of the variation in the SNV matrix
(Figure 3B). Scores along the primary axis (PC1) were similar
for the majority of the cohort, with the exception of 11 isolates
whose genetic score was approximately —15. This cluster of sim-
ilar genetic scores suggests a distinct genetic group (highlighted

in Figure 3B), contained within clade 5 in the tree (Figure 3A).
However, these isolates did not differ spatially or temporally
from the rest of the cohort (Supplementary Material 4). These
isolates may indicate infections from a chronic carrier of S. Typhi
or importations from another location with endemic H58.

PClshowednoevidence of spatial correlation (Supplementary
Material 4), so though this axis reflects an aspect of genetic relat-
edness, it cannot be explored using a geostatistical framework.
However, genetic scores were more evenly distributed along
PC2 (Figure 3B), indicating heterogeneity across this repre-
sentation of the genetic signal. Furthermore, there appeared to
be spatial correlation of these scores approaching 2500 m. This
can be visualized with an empirical semivariogram (Figure 3C),
which represents the variance of pairs of genetic score of iso-
lates as a function of the distance between them. This observa-
tion was confirmed statistically (Supplementary Material 4). We
therefore fitted the linear geostatistical model to PC2.

Blantyre has a complex river network (Figure 4A), with 10
hydrological catchments including the cases identified (Figure
4B). Using hydrological river catchment as a categorical pre-
dictor in the linear model significantly improved the model’s fit
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Figure 3. A, Joint ancestral state reconstruction tree based on whole-genome single-nucleotide variant (SNV) phylogenetic analysis for the sequenced isolates of
Salmonella Typhi, showing the major clades of isolates determined using a root-to-tip directional approach. B, Further resolution of variation provided by decomposition of
SNV matrix into the first 2 principal coordinates (PCs) of the multidimensional scale; colors of points represent membership in major clades, corresponding to the tree. C,
Empirical semivariogram (proportional to 1 - spatial correlation as a function of distance) of PC2 of the SNV decomposition.
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Figure 4. A. Major rivers of Blantyre with points indicating the approximate household locations of patients with typhoid fever. B, Approximate household locations are
colored by genetic score, and river catchments are outlined using polygons. Catchments 2 and 8 are highlighted in yellow. Catchments not included in the analysis are in gray.

Precise locations of households are masked by randomization.

to the genomic patterns observed, compared with an intercept-
only model (log-likelihood —-301.9 vs -289.4; P =.003).
Parameter estimates indicated similar genetic scores for in-
dividuals in catchments 2 and 8 (Table 3), distinct from the
other catchments. To confirm this observation, we conducted
a contrast test to compare the mean coefficient values between
catchments 2 and 8 versus the other river catchments. The

Table 3. Estimated Parameters for the Geostatistical Model of Genetic
Scores, Representing the Genetic Heterogeneity in Salmonella Typhi
Isolates.

Parameter Estimate Standard Error P value
Catchment 1 0.092 0.34 .786
Catchment 2 -1.24 0.53 .020
Catchment 3 1.30 0.85 128
Catchment 4 0.31 0.40 443
Catchment 5 0.50 0.74 .500
Catchment 6 0.35 0.39 .363
Catchment 7 1.08 0.67 105
Catchment 8 -1.09 0.33 .001
Catchment 9 0.81 0.48 .093
Catchment 10 0.64 0.45 .158
sigma? 4.116 1.106 -
phi 40.496 1119 -
tau’ 0.165 1.859 -

Hydrological catchment was included as a covariate in the model.
Abbreviations: Cl, confidence interval; SE, standard error.

difference was significantly different from zero, as evaluated
using a t test (P < .001).

Estimates of spatial correlation of the geostatistical model
highlighted the multiple scales of spatiogenetic clustering. The
range parameter (phi) indicated that the practical range of spa-
tial correlation (>5%) was approximately 192 m, indicating that
the model’s spatial random effect was capturing short-distance
spatial correlation. Although the city’s geographic range spans
approximately 20 km, households in the cohort are clustered.
59% of the cohort has another cohort member within a distance
of 192 m, and 13 households that were geolocated reported
>1 case. We conducted a sensitivity analysis using geolocated
water sources instead of household locations. Because the ma-
jority of individuals lived within close proximity of their water
sources, the results were consistent with the findings using
household location (Supplementary Material 4).

DISCUSSION

Geolocating cases as a part of routine surveillance has become
increasingly common, allowing for spatially informed disease
control, as for the targeting of polio vaccines [27], and the inves-
tigation of hot spots and transmission routes of Ebola [28] and
severe acute respiratory syndrome coronavirus 2. Geospatial
analyses for typhoid fever to date have revealed the spatially
heterogeneous nature of the disease at both municipal and
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national scales [29, 30], but generalizable and epidemiologically
relevant incidence covariates have yet to be identified [31]. In
the current study, we demonstrated the utility of using statis-
tical modeling to place multidimensional data sets in the con-
text of a classic observational study, and in so doing we provide
deeper insight into S. Typhi transmission hot spots. Initial map-
ping of the cohort revealed heterogeneity in incidence rates of
typhoid across the city, and genomic analyses provided greater
resolution of generalized endemic transmission of the disease,
following a rapid emergence of a multidrug-resistant strain in
2011 [16].

Smaller average household size was significantly predictive
of incidence rate in the current study. The increased incidence
with decreasing household size, after accounting for population
density and controlling for differential age distributions of EAs,
may be a consequence of younger families living in greater so-
cioeconomic precarity, but requires further investigation. Other
studies have found increased risk in lower-elevation areas [32],
which was not identified as a significant covariate in this study.

While reconstruction of phylogeny was successful in
identifying discrete clades of S. Typhi, much granularity was
lost by reducing the total genetic diversity present in 256 iso-
lates to 6 categorical clades. Having excluded variable regions,
we incorporated the full spectrum of remaining genetic varia-
tion by starting with all-against-all SNV distance followed by
multidimensional scaling, which created a continuous variable
for further analysis. Modeling the PCs extracted from the SNV
matrix enabled us to view a continuous representation of ge-
netic relatedness spatially, as well as test the predictive power
of spatial covariates. A significant correlation between spatial
and genetic distance was subsequently found, showing that ty-
phoid fever patients living closer together were more likely to
have S. Typhi isolates with closely related genomes. These find-
ings support observations of generalized endemic transmis-
sion of typhoid fever, in contrast with a point source outbreak.
Within this context, this study further demonstrated that in an
endemic region like Malawi there is enough resolution, even
within a single haplotype of S. Typhi, to infer likely hot spots
of transmission.

Blantyre is delineated and divided by a complex river network,
and, extrapolating from elevation maps, we can identify the nu-
merous hydrological catchments across the city, areas within
which any water or sewage will eventually converge to the same
location. Adding river catchment to our spatial-genomic model
resulted in a significantly improved fit. The importance of river
catchment has also been proposed in Fiji, where heterogeneity
of disease incidence between hydrological subcatchments was
found [33]. The distinct differences in genomic patterns that ap-
pear to be delineated by hydrological catchments indicate that
these hydrological zones may act as a unit of epidemiological
mixing, which is plausible given the environmental component
oflong-cycle typhoid fever transmission. This is important when

thinking about how potential herd effects across a city may be
interpreted after a vaccination event, or how to target environ-
mental surveillance to fully characterize a geographic region.

Small-scale spatial correlation also existed in the model after
accounting for river catchment, which could reflect the short-
cycle pathway of typhoid transmission and/or a common envi-
ronmental exposure through attendance at school or daycare,
identified as a risk factor in our nested case-control study [14].
Work to disentangle the underlying source of these exposures
would help further elucidate these complex pathways.

There are limitations to the current analysis. Our single tested
spatial covariate in the spatial-genomic analysis, grounded in
previous work, was hydrological catchment. We currently lack
predictors reflecting broader social interactions, such as school
attendance or food sharing among households, which might
also have contributed to the spatial clustering seen. We con-
ducted a sensitivity test that revealed similar spatial-genomic
patterns when using water source location versus household
location; however, this does not sufficiently address the heter-
ogeneity in potential exposures outside the home. Finally, we
recruited only a subset of patients with typhoid, those seeking
hospital care at QECH; analysis of bacterial genomes generated
by active case finding or community-based surveillance that de-
tects milder or subclinical cases would provide even deeper in-
sight into S. Typhi transmission.

Currently, typhoid conjugate vaccines are being introduced
in areas with known typhoid transmission; however, parallel
WASH interventions are likely to be necessary for typhoid elim-
ination, and identifying intervention points for these measures
remains a challenge. In the current study, we paired spatial
and genomic data to provide further evidence of the role that
rivers may play in typhoid transmission. Previous work has in-
dicated a risk with using river water for cooking and cleaning
[14]. When paired with the current study, these findings may
be used by targeted WASH-based public health messaging and
interventions to control typhoid through a focus on ensuring
all water, not just drinking water, is safe for household use. The
next step will be to extend and validate these findings by di-
rect detection of S. Typhi in these systems. Therefore, the de-
velopment of methods for sensitive detection of S. Typhi in the
environment will be critical to support the planning of public
health interventions to interrupt transmission in the future.

Supplementary Data

Supplementary materials are available at Clinical Infectious Diseases online.
Consisting of data provided by the authors to benefit the reader, the posted
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