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Supplementary Table 1: Average time in hours to reach healthcare in areas where high emergent risk
co-occurred with areas far from healthcare (third upper quantile). In Scenario 3, the average time to
reach healthcare is considerably higher.

Scenario High-risk areas (N) far Average time to reach min max SD
from healthcare healthcare (hours, minutes,
seconds)
Scenario 1 26 3.93 (3 h 55 min 48 s) 313 413  0.62
Scenario 2 78 4.06 (4 h 03 min 36 s) 3.13 443 0.81
Scenario 3 236 4.81 (4 h 48 min 36 s) 3.13 5.22 1.81
Scenario 4 59 4.05 (4 h 03 min 00 s) 3.13 433 0.82




Supplementary Table 2: Hypothesized risk indicators informing the transmission scenarios, their rationale for inclusion, description, and sources.

Original rasters were warped to 0.25 decimal degrees and World Geodetic System (WGS 84).
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origins tracing to
bats causing disease
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transmission among
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preexisting
coronavirus did not
protect from
infection with
another
betacoronavirus in a
study. Also,
multiple infections
of individual
animals might lead
to recombination
events between a
SARS-like
coronavirus and
Bovine
Coronavirus, a
phenomenon
already described
for other pandemic

coronaviruses.

data spreads
individuals of a
census polygon
evenly, so the
density of animals
in each pixel
corresponds to the
average number of
animals/km? of
suitable land in the
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with all bovid
livestock in the
supplements
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al. (2022) resolution
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medical care with
an entry subtype
indicating they were
a hospital or clinic,
that were open in
August 2019.
Mobile or
temporary clinics
for providing
healthcare in remote
areas are not
considered. Weiss et
al. (2020) report
that travel time
estimates were
generally accurate.
All data is recent,
including datasets
that were published
in 2019. The
authors emphasize
that Google Maps
and OSM data are
frequently updated
with robust quality
controls. In terms of
sources of data and

coverage, the




Google dataset
provided the best
source of
information on
facility location in
Asia.

Data coverage for
healthcare varies by
country. We assume
that there is good
data completeness
in Asia, and Google
had the best
healthcare facility
data sources for
Asian countries.
China has the
largest number of
pixels with
healthcare facilities
in the world
(Supplementary
Table 3), followed
by other Asian
countries considered
in our analysis, such
as India, Indonesia,

Thailand, and
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Malaysia.
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Supplementary Table 3: Travel time and healthcare facility pixel count for the region of study based
on the source data set®. A pixel is counted when it contains one healthcare facility or more.

Country People per hospitals Hospitals and clinics % Hospitals and clinics
and clinics pixel pixel count pixel count per world total
World total 19200 379231 100.000%
China 25900 53451 14.095%
India 52200 24136 6.364%
Indonesia 14800 17014 4.486%
Thailand 6900 9735 2.567%
Malaysia 10800 2769 0.730%
Philippines 43200 2358 0.622%
Vietnam 40100 2282 0.602%
Bangladesh 131400 1208 0.319%
Sri Lanka 25600 838 0.221%
Nepal 54300 582 0.153%
Myanmar 147500 339 0.089%
Singapore 23000 252 0.066%
Cambodia 80500 192 0.051%
Timor-East 9300 128 0.034%
Lao PDR 89400 76 0.020%
Bhutan 33100 24 0.006%
Brunei 36300 11 0.003%
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Supplementary Fig. 1: Hotspots of potential factors contributing to emergence of SARS-like

coronaviruses. A. Spatial distribution of hotspots based on putative drivers of risk of new

Sarbecovirus emergence evaluated in four scenarios. B. List of variables per scenario marked as black

dots and proportion (%) of areas classified as hotspots, intermediate or coldspots across the study

region, including wildlife, landscape change, livestock and exposure in humans. This classification

used the critical value at the 0.99 percentile to define hotspots and coldspots.
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emergence of SARS-like coronaviruses at 99% and 95% critical values of quantiles for

Deforestation
potential

determining hotspots. Hotspots were insensitive to change in critical values while coldspots tended
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Supplementary Fig. 3: Hotspot values for cattle and all Bovidae livestock. Hotspots in dark red,

intermediate zones in yellow, coldspots in blue.
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Supplementary Fig. 4: Principal component analysis (PCA) biplot indicates variation between
19 clusters defined by multivariate spatial cluster analyses considering all variables (Scenario

4). Upper panel: cattle-only version. Bottom panel: all Bovidae livestock version.
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Supplementary Fig. 5: Skater within-cluster sum of squares variation from 1 to 40 clusters for
all selected variables (Scenario 4). The optimal number of clusters informed by the max-p algorithm
was 9 and 19 (respectively, for 10% and 5% human population used as minimum bound variables).
Upper panel: Cattle-only version. Bottom panel: all Bovidae livestock version.
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Supplementary Fig. 6: Hierarchical nature of the spatial clusters with 9 and 19 optimal number
of clusters considering the global scenario (Scenario 4). Results presented with 19 clusters are in
the main text. Upper panel: Cattle-Only. Bottom: all Bovidae livestock.
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Supplementary Fig. 7: Optimal number of multivariate clusters of all selected components

associated with potentially new emerging SARS-like coronavirus (Scenario 4). This version uses

all Bovidae livestock instead of cattle-only.
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Supplementary Fig. 9: Risk associated with transmission scenarios according to time to reach
healthcare (lower and higher quantiles for healthcare access). Boundaries in black represent the
19 clusters. Upper panel shows areas that are close from healthcare, with high hotspot overlap, in
yellow. Bottom panel shows areas that are far from healthcare, with high hotspot overlap, in red. The
number below every title corresponds to the grid count for the colour value. Landscape, human
population and known bat hosts are included in all models, and are the sole indicators in Scenario 1,
representing direct transmission. To incorporate indirect transmission through secondary hosts,
mammalian livestock are included in Scenario 2, wild mammals in Scenario 3, and both mammalian
livestock and wild mammals in Scenario 4.
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