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Abstract

Background

The integration of genomic and geospatial data into infectious disease transmission analyses

typically includes residential locations and excludes other activity spaces where transmission
may occur (e.g. work, school, or social venues). The objective of this analysis was to explore
residential as well as other activity spaces of tuberculosis (TB) outbreaks to identify potential

geospatial ‘hotspots’ of transmission.

Methods

We analyzed data that included geospatial coordinates for residence and other activity spaces
collected during 2012-2016 for the Kopanyo Study, a population-based study of TB transmission
in Botswana. We included participants with results from whole genome sequencing conducted on
archived samples from the original study. We used a spatial log-Gaussian Cox process model to
detect core areas of increased activity spaces of individuals belonging to TB outbreaks
(genotypic groups with <5 single-nucleotide polymorphisms), which we compared to ungrouped

participants (those not in a genotypic group of any size).

Findings

We analyzed data collected from 636 participants, including 70 participants belonging to six
outbreak groups with a combined total of 293 locations, and 566 ungrouped participants with a
combined total of 2289 locations. Core areas of activity space for each outbreak group were
geographically distinct, and we found evidence of localized transmission in four of six outbreaks.
For most of the outbreaks, including activity space data led to the detection of larger areas of

higher spatial intensity and more focal points compared to residential location alone.
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Interpretation

Geospatial analysis using activity space data (social gathering places as well as residence) may
lead to improved understanding of areas of infectious disease transmission compared to using

residential data alone.
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Background

Tuberculosis (TB) remains among the leading causes of death due to infectious illness, despite
being a preventable and curable disease'. In 2022, over 10 million people became sick with TB,
and 1.3 million died'. Progress toward TB elimination has been slow and many targets set by the
World Health Organization (WHO) have not been met!. New strategies and tools are needed for
TB prevention'. In high-burden settings, where a substantial portion of disease incidence is due
to recent infection, interventions to stop ongoing transmission are especially important!~>.

A promising tool is the integration of geospatial and pathogen genomic data. Pathogen whole
genome sequencing (WGS) can be used to identify closely related M. tuberculosis isolates and
help reconstruct likely transmission chains®. Geographic and genomic data can be combined to
help detect areas of sustained transmission, locate outbreaks, and investigate the geographic
range of different strains”®. Spatial analysis of WGS data can help identify high-risk areas that
could be targeted for public health interventions to interrupt ongoing transmission®"95,
Geographically targeted interventions have shown promise as an effective and cost-efficient

strategy for reducing TB incidence in high-burden, low-resource settings'®°.

However, an important limitation to many studies employing this strategy is geospatial analysis
based solely on residential location, which excludes locations in the community where
transmission may occur'>?*-22, An alternative approach is to analyze “activity space,” which
includes the places one routinely occupies during day to day life>*%°. For example, this may

include residential as well as community sites such as workplaces, markets, places of worship, or
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other social gathering places®>**. This approach has the potential to lead to more accurate

detection of high-risk areas compared to analysis of residential locations alone®*?S.

We previously conducted a descriptive study of geospatial residential data and WGS data from a
population-based study of TB transmission in Botswana found evidence that TB outbreaks
displayed distinct geographic characteristics?’. The objectives of the current analysis were to use
spatial statistical modeling to 1) identify geographic characteristics of the collective activity
space (residential as well as social gathering locations) of each outbreak group, and 2) identify
potential ‘hotspot’ areas of activity space associated with each outbreak, which may represent

areas of increased risk for transmission.

Methods

Study design and setting

We analyzed data collected during 2012-2016 for the Kopanyo Study, a population-based study
of TB transmission in Botswana, a country in southern Africa with a high burden of TB and
TB/HIV co-infection!>%, Participants were recruited at multiple local health clinics in two
districts: Gaborone, the urban center and capital city, and Ghanzi, a rural district several hundred
kilometers away™>?%. During the five years before the study, TB incidence was 440470
cases/100,000 persons in Gaborone, which had a total population of 354,380, and 722

cases/100,000 persons in Ghanzi, which had a population of 44,100 (12,179 in Ghanzi town)>-*®,

Study participants included men and women of all ages with TB disease who were sequentially

enrolled by date of diagnosis®?®. Those who had already received TB treatment for >14 days,
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d5,28

98  prisoners, and patients who declined to participate were excluded>~°. At least 1 sputum sample

99  was collected from each participant for bacterial culture®?3. Clinical and demographic data were
100  collected through in-person interviews and medical record review™?.
101
102  Data gathered during participant intake interviews included high resolution geospatial data for
103  activity space, which included home residence and social gathering places>?®. Participants were
104  asked about residential location as well as social gathering places (e.g. workplaces, schools,
105  markets, places of worship, alcohol venues etc.) frequented during their potential infectious
106  period (up to 12 months prior to treatment initiation)>?®. Geographic coordinates (latitude and
107  longitude recorded using the WGS 84 projection system with 1.1-m precision) for locations were
108  obtained using global positioning system (GPS) devices during site visits, or by geocoding
109  addresses using a reference layer created by manually relocating addresses in satellite imagery
110  using Google Maps, OpenStreetMap, and ArcGIS>?%,
111
112 WGS
113  Whole genome sequencing was conducted on DNA samples archived from the original study
114 with sufficient quantities of DNA (>0.05 ng/puL) for analysis. Closely related M. tuberculosis
115  isolates were identified bioinformatically using a single linkage clustering algorithm. We
116  considered clusters of isolates with <5 single-nucleotide polymorphisms (SNPs) to indicate
117  recent transmission and clusters of >10 persons to be outbreaks. Further details of this procedure
118  are outlined in a separate analysis?’.

119

120  Spatial modeling of activity space
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Participants eligible for the current analysis included those with WGS data, GPS coordinates,
and sociodemographic data for age, sex, income, and HIV status available. We focused our
current analysis on outbreak groups that had at least 10 activity space locations (collectively
among all their participants) within greater Gaborone, an area of approximately 27 km x 24 km
that includes the capital city and its surrounding suburbs. We also included genotypically
ungrouped participants as a comparison group. For model fitting purposes, a very small jitter was
introduced to location coordinates to avoid duplicate points (roughly on the scale of different

areas of the same building, ranging from approximately <1 to 10 meters).

We conducted a preliminary analysis to compare the geographic distribution of participants with
WGS data available to the total study population from the Kopanyo Study to rule out geographic
sampling bias. We estimated the geographic median center (a centralized point that minimizes
the distance to all other points), and directional distribution (which calculates the standard
deviation of points along both the X and Y axes) for both groups of participants and found nearly
identical results, indicating that participants with WGS data were geographically representative

of the larger study population. This analysis was performed using ArcGIS¥.

Model description

We used a spatial log-Gaussian Cox process (LGCP) to model the spatial intensity (average
number of points per unit area) of activity spaces of participants belonging to each outbreak
group (‘cases’) and of genotypically ungrouped participants (those not in an identified genotypic
group of any size, ‘controls’). LGCPs are a flexible class of models for spatial point processes

where spatial intensity may vary across the study region®**!. A spatial random effect can be


https://doi.org/10.1101/2024.12.04.24318520
http://creativecommons.org/licenses/by-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2024.12.04.24318520; this version posted December 6, 2024. The copyright holder for this preprint

144

145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

163

164

165

166

(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-ND 4.0 International license .

incorporated to account for spatial correlation in the data and identify spatial patterns not
explained by other variables®>**374°_ This technique offers a model-based approach for
estimating utilization distributions, which are probability density functions that can be mapped to
highlight areas with increased geographic concentrations of points (e.g. activity space locations)
to help characterize use of space?®*2. To adapt the modeling framework to an activity space
context where each individual may be associated with multiple point locations, observations can
be treated as cumulative ‘encounters’ over specified time periods®?. We considered each point to
represent an ‘encounter’ in space corresponding to a potential TB exposure, and estimated

intensity surfaces for cumulative exposures over the entire study period.

LGCPs fit well in a Bayesian hierarchical modeling framework, and various tools can be used for
this approach®*3>. We used integrated nested Laplace approximation (INLA), a flexible and
computationally efficient method for approximate Bayesian inference for latent Gaussian
models, which include LGCPs*-3436-38 ‘We implemented this using the R-INLA package®’. We
modeled the spatial random effect as a Gaussian random field (GRF) with Matérn
covariance®’*#%° We used the stochastic partial differential equation (SPDE) approach in R-
INLA to approximate the GRF*7*¥40, We specified the SPDE model using penalized complexity
priors that were vaguely informative about the underlying spatial process (prior probability of
0.05 that the ranges of the fields were less than 0.5 km and prior probability of 0.05 that the

standard deviation was greater than 10).

Under the LGCP framework, we used a joint modeling approach to incorporate a shared spatial

term (obtained by jointly estimating the intensity of both cases and controls), as well as a unique
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167  spatial term estimated for cases in each group®®*!. Using this approach, posterior mean estimates
168  of the spatial random effect for cases represent variation in intensity not accounted for by the
169  spatial distribution of controls*!. We did this to help identify areas with relatively high

170  concentrations of activity spaces associated with individual outbreak groups, while attempting to
171 account for baseline use of space (as some locations tend to be frequented by people more often
172  in general). Areas with a high density of activity spaces frequented by people belonging to the
173  same outbreak group could potentially represent areas associated with an increased risk of recent
174  transmission. We fit a version of the model that included just the shared spatial term (model 0),
175  and a version of the model that included the shared spatial term as well as unique spatial terms
176  estimated for each outbreak group individually (model 1). We also conducted a sensitivity

177  analysis using subsets of the data with 70 and 140 randomly selected ungrouped participants as

178  controls to examine whether spatial patterns were sensitive to size of the control group.
179

180  We projected posterior mean estimates of the spatial effect (i.e. the effect of spatial location on
181 the intensity of activity spaces, represented by the spatial random field) for each outbreak group
182  onto maps of the study area in order to visualize how it varied across the region, and to identify
183  areas of increased or decreased (different than zero) values not explained by the spatial

184  distribution of controls*'. Estimated values (displayed on the internal linear predictor scale)

185  represent the contribution of the spatial random effect to the response (spatial intensity) after
186  accounting for other fixed and random effects in the model. In addition, we reported posterior
187  mean estimates for the range (distance at which spatial correlation falls close to zero) and

188  variance of the spatial effect for each outbreak group®.

189
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We also projected posterior mean estimates for predicted spatial intensity values (fitted values of
the response at prediction locations, obtained by exponentiating the linear predictor), in order to

visualize patterns of spatial intensity of activity spaces for each outbreak group®-®.

In addition, we calculated exceedance probabilities and projected these onto maps of the study
area to identify areas where estimated spatial effect for each outbreak group had a high
probability (0.95) of being greater than zero, representing high-confidence areas where the
spatial effect for cases was above the baseline that could be accounted for by the spatial
distribution of controls*'. We also calculated exceedance probabilities to identify high-
confidence areas where the estimated spatial intensity was in the top ten percent of estimated
mean values for each group, representing 'core areas' or ‘hotspots’ of that group’s collective

activity space’.

We also generated exceedance probability maps based only on location of participant residence
(using the same threshold values as the full analysis) to compare high-risk areas identified using
activity space analysis vs. home location alone. We projected these exceedance probabilities onto

interactive maps of the study area for each outbreak group.

Map visualization was performed using the R packages raster, terra, sf, ggplot2, ggspatial, and

leaflet.

Results
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212  Participants

213 A total of 1426 participants had WGS data available, of which 1425 had GPS coordinates

214  available for at least one activity space location (home or social gathering place). Participants
215  with and without WGS data had similar sociodemographic characteristics in terms of age, sex,
216  HIV status, and income. Eight genotypic groups had 10 participants or more and were considered
217  outbreaks. Six out of eight outbreaks (genotypic groups with 10 participants or more) had at least
218 10 activity spaces (collectively among all their participants) in greater Gaborone.

219  Atotal of 636 participants with activity spaces in greater Gaborone met criteria for the current
220 analysis, including 70 participants belonging to six outbreak groups with a combined total of 293
221  locations, and 566 ungrouped participants with a combined total of 2289 locations.

222

223  Each participant had between one and 10 activity space locations, and the median number of
224  locations (n=4) was the same for both grouped and ungrouped participants (Figure 1). Median
225  number of activity space locations was the same (n=4) by gender and HIV status, though was
226  slightly lower for participants with no income (n=3) than participants with any income (n=4),
227  which could reflect an increased number of activity spaces among participants who were

228 employed. Among participants with more than one location, the maximum distance between any
229  two of their activity spaces ranged from <0.5 km to 21.2 km (median 6.2 km) for ungrouped

230  participants and <0.5 km to 21.7 km (median 4.3 km) for participants in outbreak groups

231  (supplementary figure 1).

232

233  Figure 1. Histograms for distribution of number of activity space locations per participants for

234  outbreak and genotypically ungrouped participants.
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236  Among genotypically ungrouped participants, the median age was 35 years (IQR: 28—42), just
237  over half were male, about one quarter reported no income, and nearly 65% were diagnosed with
238  TB-HIV coinfection (Table 1). Among participants in the six genotypic groups, median age

239  ranged from 30 years (Group A) to 39 years (Group G) (Table 1). Participants in Group G were
240  exclusively male, while Group C alone was majority female (75%). Group D had the highest

241  proportion of participants diagnosed with TB-HIV coinfection (9 of 11; 91%). The percentage of
242  participants reporting no income ranged from 18% in Group D to 58% in Groups C and E (Table

243 1)

244

245  Table 1. Characteristics of study participants (N = 636) by outbreak group (genotypic group <5

246  SNP), Gaborone, Botswana, 2012-2016

A C D E G H Ungrouped
(N=22) (N=12) (N=11) (N=12) (N=9) (N=4)  (N=566)
Total 81 45 53 54 44 16 2289
locations

Gender
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A C D E G H Ungrouped
(N=22) (N=12) (N=11) (N=12) (N=9) (N=4) (N=566)
Female 11 9 5 3 0 2 264
(50.0%) (75.0%) (45.5%) (25.0%) (0%) (50.0%) (46.6%)
Male 11 3 6 9 9 2 302
(50.0%) (25.0%) (54.5%) (75.0%) (100%) (50.0%) (53.4%)
Age
Median 29 31 33 35 39 24 35
[Q1,Q3] [24,37] [29,36] [31,42] [29,40] 1[35,42] [20,38] [28, 42]
HIV
Status
Ne 10 5 1 6 4 3 203
g (45.5%) (41.7%) (9.1%) (50.0%) (44.4%) (75.0%) (35.9%)
PoS 12 7 10 6 5 1 363
(54.5%)  (58.3%) (90.9%) (50.0%) (55.6%) (25.0%) (64.1%)
Income
An 16 5 9 5 7 2 417
y (72.7%) (41.7%) (81.8%) (41.7%) (77.8%) (50.0%) (73.7%)
6 7 2 7 2 2 149
None

(27.3%) (58.3%) (18.2%) (58.3%) (22.2%) (50.0%)  (26.3%)

247

248  Estimated spatial effects

249  Model 1 (shared and group-specific spatial terms) had a lower DIC (-12956.58) than model 0
250  (shared spatial terms only, DIC -12853.84), supporting the presence of spatial variation among
251  genotypic groups not accounted for by the spatial distribution of activity spaces of controls*.
252

253  In general, posterior estimates for the range of the spatial effects suggested small to medium
254 scale spatial correlation (Table 2; Figure 2). The range was smallest for groups A and H,

255  indicating that spatial correlation among points died off at relatively short distances. Both the

256  range and variance were largest for group C, indicating the spatial effect spanned a greater
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distance but also displayed ‘peaks’. This could be due to the presence of two distinct areas of

increased intensity located relatively far from one another.

Table 2. Posterior mean estimates of the range and variance of the spatial effect for each outbreak

group (A-H), Gaborone, Botswana, 2012-2016.

A C D E G H
Range 1.5 18.5 6.8 7.1 8.1 2.7
(mean)
Variance 0.1 2.0 0.6 1.4 1.8 0.5
(mean)

Figure 2. Posterior mean estimates and marginal distributions of the range and variance of the

estimated spatial effect for each outbreak group, Gaborone, Botswana, 2012-2016

Posterior mean and marginal distribution for range for spatial effect (outbreak groups A — H)
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265

266  Maps of posterior mean estimates of spatial effects displayed different spatial patterns for each
267  outbreak group (Figure 3). Estimated spatial effects for group A and group H showed several
268 relatively small and dispersed areas of increased values compared to controls. Group C had a
269 notable area of increased spatial effect in the central southern part of the study area. Group D and
270  group G had two to three main areas of increased values that followed a broad east-west spread,
271 while for group E areas of increased estimates had a general north-south configuration.

272

273  Results of the sensitivity analysis using subsets of 70 and 140 randomly selected controls found
274  very similar results in terms of the spatial patterns and magnitude of estimated spatial effect by
275  group (Supplementary Figure 2 and Supplementary Figure 4).

276
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277  Figure 3. Posterior mean estimates of spatial random effect for each outbreak group (A-H) and
278  controls (ungrouped participants), Gaborone, Botswana, 2012-2016. Values are shown on the
279  internal linear predictor scale and represent the contribution of the spatial random effect on the
280  response, after accounting for other fixed and random effects in the model. Departures from

281  baseline (above or below zero) for outbreak groups measure group-specific spatial patterns that
282  are not accounted for by the spatial distribution of activity spaces of controls. Darker colors

283  correspond to increased spatial effect estimates. Values are displayed on the same color scale for
284  all outbreak groups, though on a separate color scale for controls due to difference in sample

285  size.
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Predicted spatial intensity

Maps of predicted mean spatial intensity displayed unique spatial patterns for each outbreak

group (Figure 4).

For group A, areas of increased spatial intensity of activity spaces followed an overall similar
pattern as seen for controls, with areas of highest intensity toward the center of the study area.
Group C had a distinct area of high intensity in the central southern part of the study area. Group
D had a notable area of increased intensity in the central east part of the map. Areas of highest
intensity for group E were in the central and south east, and for group G in the central east. The
areas of highest intensity for group H were located toward the center of the study area and also
resembled the overall spatial pattern seen for controls, though predicted values were relatively

small compared to the other groups and not easily visible when mapped on the same color scale.
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303  Results of the sensitivity analysis using subsets of 70 and 140 randomly selected controls found
304  very similar results for predicted spatial intensity by outbreak group (Supplementary Figure 3

305 and Supplementary Figure 5).

306

307  Figure 4. Predicted mean spatial intensity of activity spaces for participants in each outbreak
308  group (A-H) and controls (ungrouped participants), Gaborone, Botswana, 2012-2016. Values are
309 displayed on the response scale (obtained by exponentiating the linear predictor) and represent
310 predicted numbers of activity spaces per unit area (approximately 0.25 x 0.25 km). Areas of

311  increased intensity correspond to higher geographic concentration of activity spaces for

312  participants in each group. Intensity values are displayed on the same color scale for all outbreak
313  groups for ease of visual comparison, though on a separate color scale for controls due to

314  difference in sample size.
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Exceedance maps

Exceedance maps for estimated spatial effects showed areas where the posterior mean had a high
probability (0.95) of being above 0 (greater than baseline) (Figure 5). Areas of significantly
increased spatial effect estimates based on full activity space analysis were detected for groups
C, D, E, and G. Groups A and H did not have areas meeting the specified threshold, which may

be due to a spatial distribution of activity spaces that resembles that of the control group.

Areas of significantly increased spatial effect estimates based on residential location alone were
detected for groups Cand E, though not for groups A, D, G, or H. For group E, exceedance areas
based on activity space were geographically broader than those based solely on residential

location. For group C, exceedance areas were similar in both analyses.

Figure 5: Exceedance maps for spatial effect greater than 0 (departure above baseline) with high
probability (0.95) — full activity space and residential locations only, Gaborone, Botswana, 2012-

2016.

5.1 Full activity space
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333

334  Exceedance maps for predicted spatial intensity values showed distinct areas of high spatial
335 intensity (‘core areas’) for each outbreak group, corresponding to areas where posterior mean
336 intensity values had a high probability (0.95) of being in the upper ten percent of estimates for

337  that group (Figure 6).
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338

339  In general, core areas based on residential location alone were geographically restricted

340 compared to core areas based on full activity space analysis. For all groups core areas based on
341  full activity space analysis were larger than those based on residential locations alone. For groups
342 A, D, G, and H, core areas based on activity space also involved additional geographic focal

343 areas-

344

345  Figure 6. Exceedance maps for predicted spatial intensity to display ‘core areas’ by outbreak
346  group based on full activity space and residential locations only, Gaborone, Botswana, 2012-

347 2016

6.1 Full activity space
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349  Discussion

350 In our analysis, we detected geographically distinct patterns of activity space associated with

351  different TB outbreak groups. Core areas (‘hotspots’) of highest spatial concentration of activity

352  spaces for each group were located in different areas, with some being more geographically

353  widespread and others more compact. For outbreak groups C, D, E, and G, we detected areas

354  where the spatial concentration of activity spaces of grouped participants was significantly

355  higher than the baseline spatial distribution of activity spaces of ungrouped controls (increased

356  spatial effect). This could suggest that distinct areas of localized transmission play an important
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357  role in these outbreaks. The spatial distribution of activity spaces for groups A (the largest

358  outbreak group) and H (the smallest) resembled the overall spatial distribution of activity spaces
359  belonging to the control group. The differences in spatial characteristics among the groups could
360 potentially correspond to the timing of how long a genotype of TB has been circulating in the
361 community. It could also represent transmission among socially or geographically distinct

362  contact networks.

363

364  Activity space hotspots could represent potential high-priority areas for spatially targeted

365 interventions such as active case finding for TB and other infectious diseases. This may be

366  particularly useful for outbreaks involving localized transmission. Exceedance maps displaying
367  core areas of spatial intensity and areas of increased spatial effects such as those shown above
368  could potentially be a useful tool for public health planning. We displayed static snapshots from
369 interactive maps at a relatively low spatial resolution to protect privacy, though in practice such
370  maps could be used to examine potential hotspots at different spatial scales.

371

372  We also found differences between exceedance areas detected using full activity space analysis
373  compared to residential location alone. Areas of core spatial intensity and significant spatial
374  effects based on activity space were generally larger, and sometimes included additional

375  geographic focal points, suggesting a notable portion of activity spaces may be located in areas
376  outside participants’ home neighborhoods. A possible exception is group C, which had similar
377  exceedance areas in both analyses, suggesting activity spaces for these participants may

378  generally be located in closer proximity to place of residence. Relatively high unemployment in

379  group C and fewer work locations may have contributed to this observation. Our results show
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380 that analyses based on residential location alone may not fully represent the spatial

381  characterization of hotspots.

382

383  Spatial analysis for infectious disease transmission involves an inherent assumption that the
384  locations analyzed are important with regard to transmission. Activity space analysis

385 incorporates important locations in the community where TB transmission may occur, and may
386  reduce exposure misclassification and improve the geographic characterization of transmission
387  chains*. This has implications for planning and evaluating targeted interventions*’. For example,
388 arecent TB modeling study found limited effectiveness of spatially targeted screening based on
389  proximity to household locations of people with incident TB in Peru**. However, hotspots of TB
390 incidence based on household locations do not necessarily correspond with hotspots of

391 transmission®**. Activity space analysis may help address issues such as this in spatial analysis
392  for TB transmission.

393

394  Activity space analysis has an established history of use in fields such as social geography and
395  urban planning®>*’. It fits naturally into the spatial epidemiology framework, which emphasizes
396 place and location-based health exposures***. This approach acknowledges space as a social
397  determinant of health and helps incorporate the influence of social and physical environments on
398  health outcomes®**°. However, there are relatively few examples of spatial analysis of activity
399  space in the TB literature. An early example that helped lay the foundation for activity space
400  analysis in TB research was a study to detect TB hotspots in Japan>. The study incorporated

401  spatial and genomic data, though at a relatively low resolution (spatial data were aggregated at
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402  the census tract level and genotype clustering identified using IS6110-based restriction fragment
403  length polymorphism (IS6110-RFLP) analysis)*°.

404

405  Our results are in line with studies of TB in the US?* and South Africa®! that both noted

406  differences between ‘high-risk’ areas identified with density maps of activity spaces compared to
407  residential locations alone. These studies highlighted the potential importance of activity space
408  analysis, though neither study included genomic data.

409

410  Our results are also in line with a recent study in Peru that combined WGS and spatial data to
411  identify differences in activity spaces of genotypically related and unrelated cases and non-TB
412  controls®®. Notably, this study highlighted the potential to draw on methodology used in spatial
413  ecology, such as using UDs to model activity space, both at the individual and group level?. The
414  approach taken in this study was to focus mainly on quantifying size (geographic area) and

415  amount of overlap among participants’ UDs, rather than detecting specific high-risk areas in the
416  community. Our study expanded on these methods by using a spatial point process model, which
417  allowed us to incorporate measures of uncertainty and detect potential hotspots by identifying
418  high-confidence areas of highest spatial intensity.

419

420 A limitation of our study is that incorporating activity space may have resulted in including

421  locations that are not relevant to transmission. Another limitation is that we did not include

422  specific measures of temporality, which is also an important element of transmission dynamics.

423
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424  Another limitation of this study is that we did not examine potential contributing risk factors
425  driving the observed spatial patterns. Spatial variation is often a proxy for the influence of

426  unmeasured variables that may include sociodemographic, social, structural, or environmental
427  factors impacting risk*®>!. The spatial LGCP modeling approach can incorporate spatially-

428  referenced covariates®! (such as population-level sociodemographic characteristics or

429  environmental variables); however these data were not available for our analysis. We focused
430 primarily on identifying geographic areas of increased risk, which could potentially be targeted
431  for outreach such as active case finding. However, further analysis could incorporate additional
432  data or modeling techniques to assess potential risk factors.

433

434  Another limitation of this study is an unknown number of missing cases, activity space locations,
435 and WGS data that could potentially alter geographic characterization of genotypic groups.

436  Although the original study had relatively high enrollment (4,331/5,515 persons diagnosed

437  during the study period), not every person with TB was included, such as those diagnosed but not
438  enrolled and cases that were not detected. In addition, the use of location data obtained through
439  patient interviews is subject to recall bias and underreporting®>. Other methods of obtaining

440  location data, such as prospective GPS tracking, have been suggested as potential alternatives®®.
441  However, locations visited during the infectious period prior to diagnosis and study enrollment
442  were of primary interest in this context™. Further, a study comparing locations reported by

443  participants and locations captured via GPS loggers found that for three quarters of respondents,
444 over 70% of self-reported locations matched with the GPS data®*.

445

446  Conclusion
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447  Integrated geospatial and genomic analysis of activity space may help identify potential high-risk
448 locations of sustained transmission in the community. Activity space analysis may improve the
449  geographic characterization of transmission ‘hotspots’ compared to analysis of residential

450 location alone. This could help with planning and mobilizing interventions to interrupt ongoing
451  transmission, and could provide a valuable tool for public health officials working to eliminate

452  TB among marginalized communities’'°.

453
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