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Article Summary Line: In our study with the use of a biogeographic approach, we were able to
identify Wuhan as a potential hotspot of disease emergence in the absence of COVID-19 data
and we confirm that distribution of disease emergence in humansis spatially dependent on

environmental factors.
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Abstract

Anthropization of natural habitats including climate change along with overpopulation and
global travel have been contributing to emerging infectious diseases outbreaks. The recent
CQOVID-19 outbreak in Wuhan, highlights such threats to human health, social stability and
global trade and economy. We used species distribution modelling and environmental data from
satellite imagery to model Blueprint Priority Diseases occurrences. We constructed classical
regression and Support Vector Machine models based on environmental predictor variables such
as landscape, tree cover loss, climatic covariates. Models were evaluated and a weighed mean
was used to map the predictive risk of disease emergence. We mapped the predictiverisk for
filovirus, Nipah, Rift Valley Fever and coronavirus diseases. Elevation, tree cover loss and
climatic covariates were found to significant factors influencing disease emergence. We also
showed the relevance of disease biogeography and in the identification potential hotspots for

Disease X in regions in Uganda and China.
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I ntroduction

Changesto local land use and biodiversity, the increasing international connectivity through
human transport and trade and climate change provide optimal conditions for the emergence of
zoonotic infectious diseases. The displacement of the geographical footprint of pathogens and/or
infected hosts leads to such EIDs (1) with the COVID-19 as an ongoing example at the center of
international scrutiny. The World Health Organization (WHO) has developed identify list of
zoonotic diseases posing of alarge-scale public health risk dueto 1) their epidemic potential and
2) current absence or limited number of treatment and control measures available (2). The
current list, established in 2018, includes Crimean-Congo hemorrhagic fever (CCHF), Ebola
virus and Marburg virus disease (EVD & MVD), Lassafever (LF), Middle East respiratory
syndrome coronavirus (MERS-CoV) and Severe Acute Respiratory Syndrome (SARS), Nipah
and henipaviral diseases, Rift Valley fever (RVF), Zika and Disease X. The term “Disease X”
refers to a potential international epidemic caused by a currently unknown pathogen, for which
WHO calls for preparedness in the event of anovel disease emergence. Thislist of diseasesin

need of urgent research was termed as Blueprint list of Priority Diseases (BPDs).

All the BPDsin the current list can be classified as zoonatic viral infections. In the past four
decades, over 70% of the emerging infections are or were zoonoses (3,4). The increasing
unpredictability in the global climate and the decreasing distance between the local human-
animal-ecosystem interactions play a major role in driving the emergence of infection in human
populations. The rising mean temperatures have been reported to have a significant effect in the

tick-borne CCHF incidence and mosqguito-borne Zika sustainability in subtropical and temperate
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regions (5,6). Bushmeat consumption and animal trading, arising from the growing demand of
animal protein, causes significant changes at the human-animal reservoir interface (7). Among
the BPDs, studies demonstrate that the SARS and EVD outbresks were directly linked to the
consumption of infected bushmeat (8,9). LF, MVD and EVD flourish in West and central Africa
where the consumption of bushmeat is four times greater than the Amazon, which isricher in
biodiversity (10). Moreover, EIDs are also triggered by anthropogenic pressures on land use for
agricultural expansion and livestock farming to meet the demand of a growing human
population. The fruit-bat migration driven by the deforestation through forest firesin theislands
of Sumatra lead to the emergence of Nipah disease in farmers and abattoir workersin Malaysia
(11,12). Once sufficient infection cycles between human-animal without the sustainable
transmission among humans termed as viral chatter is established, the emergence of human-to-
human transmission isinevitable (7). Mathematical modeling and prediction provides quick
assessment for control and potential preventive efforts when time for epidemiological studiesis
scarce (13). Modeling of infection dynamics analyses diseases outbreaks in animal population
and estimates the rate of transmission as well as the potential chance of spillover. Yet, the
increasing trends of EIDs risks surpass our capacity in the surveillance and detection of
spillovers and outbreaks. Thus, the current public health response to EIDs isto “get ahead of the
curve’ and the growing resolution of satellite imagery has shifted the paradigm towards
identifying potential environmental drivers such as deforestation, land fragmentation,

biodiversity loss and climate change rather than the surveillance of the EIDs themselves.

Here we proposed mapping the predictive risk of the BPDs using Species Distribution Models
(SDM) based on potential environmental drivers such as deforestation, landscape and climatic

covariates derived from satellite imagery following the year 2000. The aim is to provide a global
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perspective, measure predictive risks and evaluate the use of biogeography on predicting
diseases outbreaks. We also used our approach to EIDs using disease biogeography as atool to

identify the potential hotspots for an unknown Disease X listed in the BPDs.

Methods

To construct robust models and generate predictive risk data of the BPDs' distribution, we
adapted the following steps from species distribution modelling: 1) compilation of the
geographical coordinates of the BPDs emergence; 2) construction of spatial buffer around the
gpatial points; 3) generation of pseudo absence points; 4) extraction of environmental predictor

covariates; 5) fitting of the model and 6) calculation of the predictive risk of each BPD.

Location of BPD emergence

We extracted the distributional data on the global occurrence of the BPDs in humans across the
years 2000 to 2019 from WHO archives, Promed mail and published studies (Appendix Table.1).
In cases where the origin of the BPDs were unclear, we narrow down to the general region or
district of origin. In other words, the localization of BPDs emergence correspond to patient zero
of each outbreak. We did not include the diseases endemic to countries such as CCHF and Lassa
fever. The calculation of predictive risk for endemic diseases and pandemics such as Zika may
not contribute to the existing evidence. Laboratory outbreaks and outbreak in domestic and
wildlife were also excluded. We georeferenced the sites of origin or the centroids of the region of
occurrence to the nearest 0.0001°. Spatial buffers were constructed around the geographical
coordinates depending upon the mobility range of the respective pathogens reservoirs and

intermediate buffers (Appendix table 2). The construction of buffers also mitigates the relatively
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less precise geographical logical coordinates in cases where the exact point of origin was

unclear.

Presence and Pseudo-absence points

We constructed spatial buffers to mitigate any potential inaccuracies in the localization of the
occurrence points. For the presence points, we generated 100 random points at a 100km spatial
buffer around the point of origin of each BPDs outbreak. Then, a spatial bufferzone of 150km
was used as amask and we generated 1000 pseudo-absence points within the geographical extent
of the reservoirs of each of the BPDs. We chose the buffer of radius 150km to account to the

average flying range of the order Chiroptera, the reservoirs of most BPD.

Environmental predictor datasets

We extracted the climatic covariates such as monthly maximum and minimum temperatures and
precipitation from ‘ Terra Climate high-resolution global data from 2000-2017(14). Land cover
data used was a composite of the 2017 MODIS satellite imagery and the deforestations mdata
was derived from the Hansan' s deforestation tree loss-year maps from 2000-2018. The
topological dataincluding altitude and hydrological models was extracted from one arc-second
digital elevation model (DEM) of 30m resolution, derived from NASA Version 3.0 Shuttle
Radar Topography Mission (SRTM) imagery availablein the United States Geological Survey
(USGS). We obtained the geographical distribution of the primary hosts and reservoir mammals
from the IUCN red list(15). The shapefiles were rasterized and resampled into rasters of the 5km
resolution raster model. We used livestock distribution rasters (2010) from the Food and

Agriculture Organisation (FAO) for diseases such as RVF and Nipah including cattle, goats and
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pigs (16). The raster layers were resampled to a fixed resolution of 5km and stacked to araster

brick.

Fitting of model and Model prediction

The disease distribution models were fitted using the r package “discmo”. In our study, we used
the main two methods for species distribution modelling (SDM) i) the classical generalized
linear models (glm) using gaussian regression methods and ii) the machine learning method,
support vector machine (SVM). We choose the gilm models to analyze the influence of the
environmental factors on the emergence of BPDs. SVM are popular in SDM using presence and
pseudo-absence data. The models were evaluated using ROC curves and the area under curves
(AUC) for the produced thresholds were calculated. Studies have critized the use of AUCs in the
evaluation of SDMs, especially when the study involves large extent. We removed the “ spatial
sorting bias” through “point-wise distance sampling” as explained by Hijmanns, 2012. Model
prediction was made using the “predict” function to map the predictive risk of the diseases based
on the values of the independent variables extracted from the environmental predictor rasters. A
weighed average of the gim and SVM models were calculated using the AUCs for each BPD

model and afinal composite prediction was made.

Deforestation analysis

To analyze the impact of deforestation on the emergence of the BPDs, we conducted a detailed
gpatiotemporal analysis using the R package “gfcanalytics” on the Hansan’ s tree cover loss
maps. We used the presence points at a spatial buffer of 100km, used for the BPD models, for

thisanalysis.
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Results

We modelled five out of nine BPDs. We used gilm and SVM methods of SDM for each of the
disease. The AUC was maintained at an average of 0.9323 for glm models and 0.9597 for the

SVM modds. We have tabulated the AUC for each modd in Table 1.

Filovirus diseases

The distribution of the filovirus diseases, EVD and MV D, was restricted to the African
subcontinent (Figures 1 & 2). The climatic covariates such as average total monthly precipitation
[95%CI 0.0091 to 0.0305; P 0.0003], monthly maximum [95%ClI -10.0125 to -2.07884; P
0.0034] and minimum temperature [95%CI -6.77 to -1.838; P 0.0008] were found to have a
significant relationship with distribution of EVD emergence. From 2001 to 2018, the area of
EVD emergence lost 2.25Mha of tree cover, equivalent to a 7.2% decrease in tree cover since
2000. MV D distribution was also observed to have an inverse relationship with minimum
temperature [95%CIl -6.7728 to -1.8380; P 0.0008] and a direct association with maximum
temperature [95%CI 1.8275 to 8.0317; P 0.0018] and total precipitation [95%CI 0.015921 to
0.06010; P 0.001]. From 2001 to 2018, the regions contributing to the emergence of MV D lost

593kha of tree cover, equivalent to a 9.6% decrease in tree cover since 2000.

Nipah virus disease

Elevation [95%CI -6.0114 to -1.4460; P 0.0014] along with the average maximum temperature
[95%CI -8.5197 to -3.9108; P <0.0001] were found to have a negative correlation while the
average minimum temperature [95%CI 2.6843 to 8.5860; P 0.0002] had a positive association
with the distribution of Nipah disease (Figure 3). The occurrence sites in Bangladesh are

comprised of the Lower Gangetic Plains Sundarbans mangroves vegetation and no intact forest.


https://doi.org/10.1101/2020.03.27.20044156
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2020.03.27.20044156.this version posted March 30, 2020. The copyright holder for this preprint
(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-NC-ND 4.0 International license .

However, between the years 2016 and 2018, Kerala (Figure 3) lost 23.2kha of tree cover,

equivalent to a 0.89% decrease in tree cover since 2000.

Rift Valley Fever

We found no significant relationship between the distribution of the RVF emergence (Figure 4)
and the regions of cattle and goat grazing. However, we observed significant correlations with
the average minimum temperature [95%CI 0.05881 to 0.14845; P <0.0001]. The tree cover loss

in the regions with RVF occurrenceis negligible.

Coronavirus diseases

Elevation [95%CI -0.0014 to -0.0007; P <0.0001] and the average minimum temperature

[95%CI 0.0067 to 0.0218; P 0.0003] had a positive association with the distribution of
coronavirus diseases (Figure 5). From 2001 to 2003, Guangdong, the province where SARS
emerged, lost 83.3kha of tree cover, equivalent to a 0.96% decrease in tree cover since 2000. The

regions involved MERS had a negligible loss in tree cover.

Disease X

The weighed means of the AUC from the BPD models were used to create a threshold and the

potential hotspots for the emergence of disease X was mapped (Figure 6).

Discussion

Our study was the first to map the predictive risk of the disease emergence using species

distribution models and to establish the impact of environmental factors on their emergence. We
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also identified the potential hotspots for future emerging infectious diseases based on the
predictive models of BPDs. The results of our study have shown that the disease emergenceis
gpatialy dependent on the bioclimatic factors such as elevation, tree cover loss and climatic

covariates. These factors could thus be utilized to identify and predict the hotspots of Disease X.

We found elevation to have a significant influence on the distribution of Nipah and coronavirus
diseases. Studies have hypothesized that Nipah emergence in lower Gangetic plains and at the
low-lying backwaters could be attributed to flooding, which causes destruction of mammal
habitats(17). Rapid changes to habitats lead to starvation and migration of the known reservoirs
of the Nipah virus, the bats, with contamination of fruit trees near human dwelling and increased
exposure to the pathogen. Our results confirm this hypothesis associated with low-lying plains,
flooding and emergence of Nipah disease. Coronaviruses are also linked with bat reservoirs. We
hypothesize that similar events leading to destruction of bat habitats due to flooding at the low-
lying regions such the wadis near Jeddah and Zhujiang Basin at the Province of Guangdong

triggered the emergence of MERS and SARS respectively.

A recent study found that the increase in surface temperature and the unpredictability in the
seasonal rainfall due to climate change, has an indirect effect on disease emergence through the
sudden changes to the reservoirs habitats, biodiversity loss and small mammal migration (18).
Our results demonstrate that increase in the residual temperature also known as the minimum
temperature has a direct influence on the emergence and distribution of the BPDs. This direct
spatial dependence of disease emergence on minimum temperatures is worrying. With climate
change, the increasing night minimum temperatures lengthens the freeze-free season in most

mid- and high latitude regions (19). These conditions with worsening climate change could
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increase the potential latitudinal extent of disease emergence. This hypothesis has been

established from the vector-borne BPDs emergence predictions like CCHF and Zika (5,20).

Our study observed that deforestation is another important factor driving the emergence of
BPDs. Studies have established the impact of deforestation and migration of bats on the
occurrence of EVD, Nipah and SARS diseases (11, 21, 22). Most of the models showed tree
cover loss at 100km around the occurrence of the BPDs (see for example EVD, Figure 7).
Biodiversity loss, due to anthropogenic changes to their habitat such as deforestation, land
fragmentation for agriculture, increase in demand for protein and climate We hypothesize that a
decrease in predators could cause an imbalance in the natural predator-prey equilibrium leading
to an increase in small mammal reservoirs and thus to viruses transmission via disease vectors
such asticks. Lesser species diversity and inter-species interactions makes spillover easier

towards the accidental human hosts. This has been termed as the “ dilution effect” (23).

Aswith all mathematical models, our study hasitslimitations. The size of the environmental
predictor raster layers limited our spatial extent of the models. We chose the quality of the
satellite imagery and resolution over a global perspective with poor or outdated data. Our study
does not have atemporal component in the form of times series, which would be interesting
especially with the climatic covariates. We mitigated this by choosing recent raster data
corresponding to the period of the study and linking the spatiotemporal presence and pseudo-
absence pointsto corresponding climatic monthly covariates. Despite these limitations, our study
isthe first to confirm the validity and effectiveness of using SDMs and other mathematical
models to predict and identify the potential hotspots for BPDs. The use of a biogeographic
approach in disease modelling offers a wider perspective on the environmental drivers and

highlights the importance of climate change in the context of disease emergence. Most of all, our
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study results observed that the potential hotspots for an unknown disease X is located in Uganda
and China (Figure 6). It is interesting to note that the associated predictive risk map includes the

region of Wuhan, the epicenter of the ongoing COVID-19 outbreak.

Conclusion and recommendations

In our study with the use of a biogeographic approach, satellite imagery and SDMs, we were able
to identify Wuhan as a potential hotspot of disease emergence in the absence of COVID-19 data.
We confirm that distribution of disease emergence in humans is spatially dependent on
environmental factors such as landscape, tree cover loss and climatic covariates. The following
are our recommendations to get ahead of the curve in the prediction and prevention of disease

emergence:

1. Evaluateregionsat high risk of flooding and identify them as hotspots for disease
emergence at the tropics. With the unpredictability in rainfall and rising sealevels, these
regions are in needs of active disease surveillance.

2. Thedirect relationship of the disease emergence with rapid changes in surface
temperatures pose the threat of spatial latitudinal extension of the disease. Urgent need of
global efforts to communicate the impact of climate change on future emergence of a
disease like COVID-19 and thus to include EIDs when evaluation the economic costs of
climate change.

3. Alternate solutions to deforestation, land fragmentation for livestock farming and

bushmeat consumption to meet the growing protein demand.


https://doi.org/10.1101/2020.03.27.20044156
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2020.03.27.20044156.this version posted March 30, 2020. The copyright holder for this preprint
(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-NC-ND 4.0 International license .

4. The ongoing COVID-19 is not unprecedented but rather predictable using smple
mathematical modelling techniques and fredly available satellite imagery. We
recommend using a biogeographic approach to predictive risk mapping to identify

potential hotspots of disease emergence.

References

1. Ogden N, AbdelMalik P, Pulliam J. Emerging infectious diseases:. prediction and

detection. Canada Commun Dis Rep. 2017 Oct 5;43(10):206-11.

2. WHO | List of Blueprint priority diseases. WHO. 2018;

3. Taylor LH, Latham SM, Woolhouse MEJ. Risk factors for human disease emergence.

Philos Trans R Soc B Biol Sci. 2001 Jul 29;356(1411):983-9.

4. Jones KE, Patel NG, Levy MA, Storeygard A, Balk D, Gittleman JL, et al. Global trends
in emerging infectious diseases. Nature. 2008 Feb 21;451:990. Available from:

http://dx.doi.org/10.1038/nature06536

5. Tesla B, Demakovsky LR, Mordecai EA, Ryan SJ, Bonds MH, Ngonghala CN, et al.
Temperature drives Zika virus transmission: Evidence from empirical and mathematical

models. Proc R Soc B Biol Sci. 2018 Aug 15;285(1884).

6. Vescio FM, Busani L, Mughini-Gras L, Khoury C, AvellisL, TasevaE, et al.
Environmental correlates of crimean-congo haemorrhagic fever incidence in Bulgaria
BMC Public Health. 2012 Dec 27 [cited 2020 Jan 20];12(1):1116. Available from:

https://bmcpublichealth.biomedcentral.com/articles/10.1186/1471-2458-12-1116


https://doi.org/10.1101/2020.03.27.20044156
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2020.03.27.20044156.this version posted March 30, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.

10.

11.

12.

13.

14.

It is made available under a CC-BY-NC-ND 4.0 International license .

Wolfe ND, Daszak P, Kilpatrick AM, Burke DS. Bushmeat hunting, deforestation, and
prediction of zoonotic disease emergence. Vol. 11, Emerging Infectious Diseases. Centers

for Disease Control and Prevention (CDC); 2005. p. 1822—7.

An update on the risk of transmission of Ebola virus (EBOV) viathe food chain. EFSA J.
2014 Nov [cited 2020 Jan 20];12(11). Available from:

http://doi.wiley.com/10.2903/.efsa.2014.3884

Smith KM, Anthony SJ, Switzer WM, Epstein JH, Seimon T, JiaH, et a. Zoonotic viruses

associated with illegally imported wildlife products. PLoS One. 2012 Jan 10;7(1).

Fa JE, Juste J, Val JP, Castrovigjo J. Impact of Market Hunting on Mammal Speciesin
Equatorial Guinea. Conserv Biol. 1995 Oct [cited 2020 Jan 20];9(5):1107-15. Available

from: http://doi.wiley.com/10.1046/].1523-1739.1995.951107.x

Lo MK, Rota PA. The emergence of Nipah virus, a highly pathogenic paramyxovirus. J

Clin Virol. 2008 Dec;43(4):396—400.

Daszak P, Zambrana-Torrelio C, Bogich TL, Fernandez M, Epstein JH, Murray KA, et al.
Interdisciplinary approaches to understanding disease emergence: The past, present, and
future drivers of Nipah virus emergence. Proc Natl Acad Sci U SA. 2013;110(SUPPL.

1):3681-8.

Siettos Cl, Russo L. Mathematical modeling of infectious disease dynamics. Val. 4,

Virulence. Taylor and Francis Inc.; 2013. p. 295-306.

Abatzoglou JT, Dobrowski SZ, Parks SA, Hegewisch KC. TerraClimate, a high-resolution

global dataset of monthly climate and climatic water balance from 1958-2015. Sci Data.


https://doi.org/10.1101/2020.03.27.20044156
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2020.03.27.20044156.this version posted March 30, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.

15.

16.

17.

18.

19.

20.

21.

22.

It is made available under a CC-BY-NC-ND 4.0 International license .

2018 Jan 9;5(1):1-12.

Isberg S, Balaguera-Reina SA, Ross JP. The IUCN Red List of Threatened Species. 2017

[cited 2020 Feb 10]; Available from: http://dx.doi.org/10.2305/IUCN.UK.2017-

Robinson TP, William Wint GR, Conchedda G, Van Boecke TP, Ercoli V, PalamaraE, et

al. Mapping the global distribution of livestock. PLoS One. 2014 May 29;9(5).

Ambat AS, Zubair SM, Prasad N, Pundir P, Rajwar E, Patil DS, et al. Nipah virus: A
review on epidemiological characteristics and outbresks to inform public health decision

making. J Infect Public Health. 2019 Sep 1;12(5):634-9.

Garcia FC, Bestiona E, Warfielda R, Y von-Durochera G. Changes in temperature alter the
relationship between biodiversity and ecosystem functioning. Proc Natl Acad Sci U SA.

2018 Oct 23;115(43):10989-94.

Lead C-O, Folland CK, Lead TRK, Christy JR, Clarke RA, GruzaG V, et a. Observed

Climate Variability and Change 2 Contents.

Gale P, Stephenson B, Brouwer A, Martinez M, delaTorre A, Bosch J, et a. Impact of
climate change on risk of incursion of Crimean-Congo haemorrhagic fever virusin
livestock in Europe through migratory birds. J Appl Microbiol. 2012 Feb [cited 2020 Mar

8];112(2):246-57. Available from: http://www.ncbi.nlm.nih.gov/pubmed/22118269

Wilcox B, Ellis B. Forests and emerging infectious diseases of humans.

Olivero J, Fa JE, Real R, Mérquez AL, Farfan MA, Vargas JM, et al. Recent loss of closed
forestsis associated with Ebola virus disease outbreaks. Sci Rep. 2017 Dec 1 [cited 2020

Mar 8];7(1):14291. Available from: http://www.ncbi.nlm.nih.gov/pubmed/29085050


https://doi.org/10.1101/2020.03.27.20044156
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2020.03.27.20044156.this version posted March 30, 2020. The copyright holder for this preprint
(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-NC-ND 4.0 International license .

23.  Guégan JF. Ostfeld RS Keesing F, Eviner VT: Infectious Disease Ecology. Effects of
Ecosystems on Disease and of Disease on Ecosystems. Vol. 1, Parasites & Vectors -

Parasites Vectors. 2008. 1-2 p.


https://doi.org/10.1101/2020.03.27.20044156
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2020.03.27.20044156.this version posted March 30, 2020. The copyright holder for this preprint
(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-NC-ND 4.0 International license .

Table 1. Generalized linear models (GLM) and support vector machine (SVM) regression

coefficients for the AUC of the blue print diseaseslist analysis (BPD).

Disease/Model

Gaussian/GLM regression

Support Vector Machine

Ebolavirus (EVD)

Marburg virus disease (MVD)
Coronavirus (CoV)

Nipah and henipaviral diseases

Rift Valley fever (RVF)

0.9115

0.9885

0.8625

0.9811

0.9190

0.8680

0.9913

0.9831

0.9911

0.9653
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Figure Legends
Figure 1: Map illustrating the predictive risk of Ebolaviral disease using generalized linear
models (GLM), support vector machine (SVM) and the weighed composite models.

Figure 2: Map demonstrating the predictive risk of Marburg viral disease using generalized
linear models (GLM), support vector machine (SVM) and the weighed composite models.

Figure 3: Map illustrating the predictive risk of Nipah using generalized linear models (GLM),
support vector machine (SVM) and the weighed composite models.

Figure 4. Map demonstrating the predictive risk of Rift Valley Fever using generalized linear
models (GLM), support vector machine (SVM) and the weighed composite models.

Figure 5: Map illugtrating the predictive risk of Coronavirus diseases — SARS and MERS using
generalized linear models (GLM), support vector machine (SVM) and the weighed composite
models.

Figure 6: Map illustrating the potential hotspots of Disease X based on the weighed composite
models of the blue print diseases list (BPDs).

Figure 7: Tree cover loss around the occurrences of Ebola virus disease (EVD), spatia buffer of
100km, between the years 2001-2018.
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