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Spatial analysis and risk mapping
of Crimean-Congo hemorrhagic
fever (CCHF) in Sub-saharan Africa
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Bernard Bett?

Crimean Congo hemorrhagic fever (CCHF) is a re-emerging tick-borne zoonosis that is caused by CCHF
virus (CCHFV). The geographical distribution of the disease and factors that influence its occurrence
are poorly known. We analysed historical records on its outbreaks in various countries across the
sub-Saharan Africa (SSA) to identify hotspots and determine socioecological and demographicfactors
associated with these outbreaks. We used data from historical outbreaks that were reported between
1981 and 2022 in various countries in SSA. To develop a common framework for merging the outbreak
data and potential explanatory variables, we generated a common shapefile that combined Level 2
administrative units in all the countries. Several climatic, environmental, socioecological data were
obtained from on-line GIS databases and extracted using the shapefile. The data were analysed using
an approximate Bayesian hierarchical model using the R-INLA package. The outcome was a Boolean
variable which indicated whether an administrative unit in the shapefile was affected in a given year
or not. A neighborhood structure was also generated and used to account for spatial autocorrelation
in the analysis. The final model that was obtained from the analysis was used to build a CCHF risk
map. A total of 54 CCHF outbreaks were compiled across 414 districts in nine SSA countries. Factors
that were positively associated with CCHF outbreaks included human population density, land area
under grassland, bare soil cover and shrub cover. Conversely, high precipitation during wet months,
elevated mean temperature and slope had negative effects. The risk map generated shows that CCHF
occurrence risk is higher in arid and semi-arid land (ASAL) of West Africa, the Sahelian region, Central
Africa, and the Eastern and Southern Africa region. The analysis identified ecological and demographic
factors that are associated with CCHF outbreaks in SSA. This finding suggests the need to improve
surveillance for the disease especially in the grasslands where the human population is increasing.
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Crimean Congo hemorrhagic fever (CCHF) is a re-emerging vector-borne zoonotic disease caused by a tick-
borne CCHF virus (CCHFV). The virus is prevalent throughout Africa, the Middle East, eastern Europe and
parts of Asia, and it can infect a wide range of mammals and select bird species">. Unlike other arboviruses,
CCHFV has evolved into multiple (seven) lineages (Asia 1, Asia 2, Africa 1, Africa 2, Africa 3, Europe 1, and
Europe 2) probably to maintain its fitness in diverse environments, hosts and vectors®. In animals and birds, the
virus is asymptomatic but in humans, a proportion of infections can result in clinical syndromes ranging from
transient fevers to fatal hemorrhagic illness. Its case fatality rate in humans ranges between 10 and 50%>*. Given
its potential to cause pandemics, CCHF has been listed by the World Health Organization (WHO) as one of the
diseases that deserves more attention®.

CCHEF has a complex and poorly understood transmission cycle. The virus can be transmitted by several
ixodid ticks, with some Hyalomma, Amblyomma and Rhipicephalus spp. being considered as efficient and natural
vectors™®. Many studies recognise Hyalomma spp. as the main vector and reservoir of the virus in arid and semi-
arid areas where the prevailing climatic conditions favour the survival and development. The immature stages
of most Hyalommaspp. feed on small mammals (lagomorphs) and birds while the adult stages feed on large
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mammals’. Given its ability to transmit the virus transovarially, transstadially and probably during co-feeding,
infected Hyalomma ticks can infect the hosts it feeds on throughout all its development stages. Humans can get
infected through the bite of an infected tick, contact with animal tissues with infection at the viraemic phase
or contact with blood and infectious tissues from human patients at the acute phase of the disease!. CCHF
outbreaks have also been observed in areas that not suitable for Hyalomma infestation. A recent study in Uganda
indicated that Rhipicephalus and Amblyomma spp. could be responsible for the transmission of the virus in the
affected areas®. This observation identifies the need for more work to characterize CCHFV in multiple ecological
zones.

Many countries in Africa have a high risk of CCHF. Epidemics have been reported in a total of 20 countries
in the continent’. Epidemiological studies that have been implemented in these countries have also observed
high CCHFV seroprevalences in livestock®. Studies conducted in Mauritania'®, Nigeria'!, Mali'?, the Gambia'3,
Uganda'4, Kenya'®and South Africa'®, for example, indicate that cattle often show a high CCHFV seroprevalence
ranging between 40 and 90%, while sheep and goats generally have a lower seroprevalence rate, ranging between
3-20%"7. A few countries that have not reported human cases do have livestock that were exposed to CCHFV.
In Malawi, for example, a cross sectional study reported a seroprevalence of 46.9% in cattle yet no human cases
have been reported there!®. In general, livestock exposure to CCHFYV is often associated with advanced age
and pastoral production systems or frequent movements. Risk factors for human infections include livestock
farming, advanced age, and collecting or crushing ticks. Men are more likely to get exposed since they engage
more in high risk occupations such as working in abattoirs or herding livestock!®1.

CCHEF studies often focus on infection patterns of the virus in humans and livestock, and less on spatial
distribution of the disease and its environmental risk factors?’. Climatic and geographical factors influence the
vector (tick) life cycle, vector-pathogen-host contacts and hence the CCHF risk levels. Changes in human and
livestock demographics, livelihood practices and climate complicate the epidemiology of the disease?!?2. Spatial
and temporal clusters of CCHF were found in Greece?’, Iran’*?°and Bulgaria®. In addition, geographical factors
such as land cover type, altitude, mean annual Enhanced Vegetation Index (EVI) land surface temperature
and fragmentation of agricultural land were also found to be drivers of CCHF outbreak?”*. Recent studies
found that average rainfall?>?%%, relative humidity?>*, average and maximum temperature***! are the climatic
covariates most often associated with the emergence and maintenance of the disease in many regions. CCHF
risk mapping studies focusing on the sub-Saharan African region are limited and many of them, such as that by
Messina et al.”?. , have not included human and animal socio-demographic co-variates in addition to ecological
ones. A good understanding on CCHF causal linkages at the environment /animal/ human interfaces in SSA
would provide more insights for designing surveillance and control measures that are founded on the One
Health framework.

We collated data on CCHF outbreaks in SSA and analysed them using spatial multivariable models to
identify environmental and demographic factors that are associated with these outbreaks. We also used the
models obtained from these analyses to develop a risk map.

Methods

CCHF occurrence data

CCHEF outbreak data were collected from multiple data sources that include EM-DAT : a database created by
the Centre for Research on the Epidemiology of Disasters (CRED), the Program for Monitoring Emerging
Diseases (ProMED), World Health Organisation Disease Outbreak News (WHO-DON), the Center for Disease
Control and Prevention (CDC) website, and the GIDEON (Global Infectious Diseases and Epidemiology Online
Network) database. Outbreaks that were recorded between 01/01/1981 and 08/08/2022 were included in our
database. Each confirmed case was considered as an outbreak as per the WHO definitions on hemorrhagic fevers
in humans®2. We also conducted a review of literature on PubMed, Google Scholar, Web of Science, Scopus
and grey literature to capture more information on these outbreaks. Our search terms comprised Boolean
combinations of ‘Crimean-Congo, ‘Crimean, ‘CCHF, ‘CCHFV’, ‘Crimean-Congo haemorrhagic fever, ‘Crimean
haemorrhagic fever’ to search for CCHF outbreak occurrence including the American-English spelling variant
for haemorrhagic (‘hemorrhagic’).

Each outbreak identified was transferred to the study database with its metadata that included the name of
the area affected, name of the area from where the current outbreak originated, start and end dates, number
of cases reported, the number of deaths observed, and the country affected. Each record was reviewed for its
authenticity before it was appended with the rest of the data.

A shapefile that defines boundaries for level 2 administrative units (districts in most countries) in all the
countries in the region was obtained from the Database of Global Administrative Areas (GADM)?*. The shapefile
was subsequently used to set up the primary data frame on which the outbreak data were merged. A Boolean
variable “outbreak” was generated and used to identify districts that had been affected by CCHEF. Each district
with a reported outbreak was coded as 1 or 0 if not. To limit the effects of reporting bias while building the
model, districts in countries that had not reported any outbreak were coded as NA. Their data were, therefore,
not included in building the model but were used while forecasting risk to the entire spatial domain. Country
names were defined based on the United Nations geoscheme definition of world geographic areas*!. We added
Sudan to our SSA countries regarding its particular location and to account for the role played by this country
in CCHEF circulation in the SSA country (cross-border events) (Appendices Table 3, Supplementary Material).

Explanatory variables
CCHEF outbreaks are influenced by various explanatory variables. Understanding the interplay of these variables
is essential for effective surveillance, prevention, and control of CCHF outbreaks. The explanatory variables
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included in our analysis were chosen based on biological evidences from the literature review on factors
known or suspected to be associated with the emergence, maintenance and spread of the disease in general and
more specifically in the context of the sub-Saharan African region!*2*3. The identified factors allowed us to
group the explanatory variables identified into three categories :1) climate variables, including the bioclimatic
variables obtained from Worldclim?®, 2) geographic variables that included the 2015 layer on time taken to
travel to the nearest urban center, the spatial distribution of mammal species, the digital elevation model and
slope, aridity index, Food and Agriculture Organisation (FAO) global landcover layers®’, computed distance
to the nearest national park or game reserve to the centroid of the districts, and wood cover layer, and 3) the
demographic and socio-economic variables these included population density from Worldpop, livestock density
and the percentage of births attended by specialists by country as a proxy for access to public health services
(see Table II of the annexes)® (Fig. 1). Apart from births attended by specialists and distance to the nearest
national park or game reserve, the risk factor layers were downloaded from various sources as GEOTIFF files
and were then extracted using the shapefile’*!. The livestock density data obtained were subsequently used to
compute Tropical Livestock Units (TLU) for mammals and birds using Egs. 1 and 2*2°. The average percentage
of births attended by specialists was computed for the year 2000-2009 and 2010-2019. For each of the spatial
layer covariates a mean for the admin 2 unit was extracted. The country mean of percentage of births attended
by specialists was assigned to all the admin 2 units within the respectively countries® (Appendices Table 4,
Supplementary Material).

Modelling the risk of CCHF occurrence

We utilized an approximate Bayesian hierarchical model to analyse the spatial distribution of CCHF outbreaks
in the region. Besag-York-Mollié (BYM) model was used to model the spatial random effects due to its capacity
to model spatially structured and unstructured components*3.

Before we developed the model, we first checked for correlation among the predictors and selected only one
variable from a set of highly correlated variables (a pair-wise correlation cutoff of 0.7 was used). The selected
variables were then normalised using either log or square root transformation methods that best suited the data.

The model was developed using a combination of forward and backward variable selection techniques. At
each step, 80% of the data was used to train the model and the remaining to test for prediction accuracy. The DIC
(deviance information criterion), WAIC (Watanabe-Akaike information criterion), and the misclassification
error were examined at each step. The analysis used the Integrated Nested Laplace Approximation (INLA)
model, which was implemented using the R-INLA package®*.

After model building, a Leave-One-Out Cross-Validation (LOOCV) was used for validation. After re-fitting
the model with the remaining data, we used the updated model to predict the risk of a CCHF outbreak in the
district that was left out. We repeated this LOOCYV process for all 946 districts, generating a rich set of predictive
performance metrics. The ultimate measure of our model’s predictive performance came in the form of the
Area Under the Receiver Operating Characteristic (ROC) Curve (AUC), for evaluation of the accuracy of the
predictive models.

Model selection
Table 1 shows the steps that were taken to develop the final model (Model VII). While adding some variables
increased the DIC (deviance information criterion), WAIC (Watanabe-Akaike information criterion), and the
misclassification error, they were added to the model because they were significant. Any other variable that was
added to Model VII was not significant; hence, we stopped at Model VII. During these steps, the mean spatial
variation was reduced from 0.053 to 0.047.

Considering that a significant part of the outbreaks was reported from South Africa (20/54 outbreaks), we
performed the same analysis without South Africa data. This analysis did not affect the results significantly;
hence, it is not reported here.

Results

Descriptive analysis

A total of 54 CCHF outbreaks occurred in 414 Districts in nine (09) sub-Saharan African countries between
1981 and 2022. More than 311 human cases were registered, with 52 fatal cases resulting in a case fatality rate of
16.7%. South Africa had 20 outbreaks, while only one was registered in Mali and Kenya. Spatial representation
of CCHF cases on the map shows a high concentration in the Sahelo-Saharan region of West Africa (mainly
Mauritania, Mali, and Senegal), East Africa (Sudan, South Sudan, and Uganda) and Southern Africa (mainly
South Africa, and Namibia) (Fig. 2).

Human population density, grassland, bare soil cover, and shrub cover were positively associated with CCHF
outbreak occurrence. Precipitation during wet months, mean temperature, and slopes were negatively related to
the risk of CCHF outbreak (Table 2).

The overall analysis of the risk map highlights a concentrated risk of CCHF outbreaks in the Sahelian zone of
West Africa and East Southern Africa.

The probability of CCHF outbreak occurrence was over 75% in countries such as Mauritania, Senegal, and
Mali in West Africa, South Sudan, Sudan, and Chad in Central Africa, Uganda and Kenya in East Africa, as well
as South Africa, Botswana and Namibia in the South region. The risk is under 10% in West Africa along the
Guinea Golf and lower than 1% in most of the Democratic Republic of Congo, Republic of Congo, and Gabon
in the Central Africa region (Fig. 3).
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Fig. 1. Spatial representation of main covariates used for the modelling. This figure was produced using
ArcGIS 10.8 (c), the shapefile used for building the map was obtained from https://gadm.org/.

Discussion

The study aims to determine the risk factors for CCHF and map the risks of potential epidemics, ultimately
enabling us to establish a better surveillance system and control the disease. For this purpose, our analysis focused
on the distribution of outbreaks in SAA and allowed us to build a risk map for CCHF outbreak occurrence in
the region. While most studies have attempted to generate a CCHF risk map at the global-scale, our analysis
focused on the SAA region to enable a more focused and higher resolution analyses. We were therefore able to
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Model I Sqrt***_grassland 796.82 | 820.68 | 0.0833
Model IT | sqrt_grassland +log_baresoil_cover 836.48 | 904.06 |0.0875
Model IIT | sqrt_grassland +log_baresoil_cover +sqrt_shrubs_cover 1163.11 | 1813.31 | 0.1042
Model IV | sqrt_grassland +log_baresoil_cover + sqrt_shrubs_cover +log_population 1140.01 | 2023.56 |0.1042
Model V| sqrt_grassland +log_baresoil_cover + sqrt_shrubs_cover +log_population + wetmPrec 771.97 | 803.24 |0.0958
Model VI | sqrt_grassland +log_baresoil_cover +sqrt_shrubs_cover +log_population + wetmPrec + meanTemp 789.24 | 840.45 |0.0958
Model VII | sqrt_grassland +log_baresoil_cover + sqrt_shrubs_cover +log_population + wetmPrec + meanTemp +log_slope | 791.67 | 854.53 | 0.0875

Table 1. Model building. *DIC : deviance information criterion, **WAIC: Watanabe-Akaike information
criterion. ***sqrt : square roots.
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Fig. 2. Geocoded CCHF outbreak location. This figure was produced using ArcGIS 10.8 (c), the shapefile used
for building the map was obtained from https://gadm.org/.

include contextual analyses that are relevant for the region?*>46, Proxy variables that captured the quality of the
surveillance system and hence disease reporting biases such as accessibility to health care services, proximity
to wildlife and the distribution of human population densities were included in the analyses. Our result shows
that ecological factors, especially higher cover of grasslands, bare soil, and shrubs, were positively associated
with CCHF outbreak occurrence. These results re-confirm previous works concluding that CCHF is primarily
controlled by agroecological factors, with greatest prevalence in the arid and semi-arid land (ASAL), savanna
grass and shrub habitats of Hyalomma spp. ticks, where rangeland livestock grazing is the predominant land
use?’. Grassland, bare soil, and shrub cover represent habitats conducive to tick survival and, proliferation
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Intercept 12.4130 [1.4864, 23.9420] | 5.7165 | 12.0863 | <0.0001
Square root grassland 0.4892 [0.2479, 0.7691] 0.1325 | 0.4692 | <0.0001
Log bare soil cover 0.9267 [0.4276,1.4898] 0.2702 | 0.8949 | <0.0001

Square root shrub cover 0.4718 [0.2034, 0.7706] 0.1442 | 0.4561 | <0.0001
Log population density 0.5377 [0.1785, 0.9309] 0.1915 0.5224 | <0.0001
Wet month precipitation | —0.1569 [-0.2921, —0.0298] | 0.0668 | —0.1526 | <0.0001
Mean temperature —0.4762 [-0.8024, —0.1772] | 0.1591 | —0.4621 | <0.0001
Log slope —2.1598 [-3.8047, —0.6136] | 0.8122 | —2.1065 | <0.0001

Table 2. Multivariable approximate bayesian hierarchical model of risk factors associated with CCHF outbreak
in SSA (Model VTI, table 1). *SD: standard deviation ; Kld: Kullback-Leibler divergence (KLD).

=
«ﬁ%?,
m

- North Africa
CCHF Outbhreak Risk
<1%
[ 1% t0<5%
P 5% to <10%
B 10% 0 <50%
B 50% 0 <75%
| BT

0 500 1,000 2,000 Kilometers
N T T A N T O |

Fig. 3. Risk map of CCHF occurrence in SSA. This figure was produced using ArcGIS 10.8 (c), the shapefile
used for building the map was obtained from https://gadm.org/.
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and, habitation of diverse mammalian species including rodents therefore offering suitable microclimates for
all tick life stages. Ideal land cover type combined with adequate microclimate is suitable for ticks population
proliferation increasing the contact opportunities with humans and disease occurrence?’. Seroprevalence and
surveillance studies in Bulgaria, Turkey, and Iran emphasized the land cover type as a risk factor of CCHF
presence®?’. In our model, the significance of land cover types in predicting the ecological niche for CCHF
transmission to humans was greater than other variables. The same trends were found in country-wide spatial
modeling studies in Turkey, India, and Uganda?®3!%, and in a global study?’.

These findings on the ecological factors behind the onset of the disease should make it possible to determine
the areas and conditions where surveillance needs to be stepped up. Several studies have also identified
anthropogenic actions in the ecology, such as habitat fragmentation and land use, as drivers of CCHF?%3!,
Disease surveillance and prevention strategies such as vector control could be focused on the ASAL, savannah
grass, and shrubs that are more suitable vector habitats.

Human population density is a risk factor for the spread of most epidemic diseases. In our model, the
geographical distribution of the risk of CCHF is also a function of the population density. However, this linkage
also needs to be put into perspective since the animal population density is also found to be a key factor in similar
studies?>?’. Relatively densely populated drylands subject to rangeland fragmentation are known to be an ideal
environment for the emergence and spread of CCHF. The human population is generally positively correlated
with domestic animal populations, which are the amplification hosts of CCHE. The correlation between human
population density and the emergence of cases of CCHF in certain areas can simply be explained by their
“attractiveness” to human activities and, hence, the exposure of residents and workers to tick bites by increasing
the number of contact opportunities, and therefore, to the risk of CCHF¥. The risk zones identified on the map
suggest that drylands with higher human populations and more livestock are at higher risk of CCHF outbreaks
than more arid, less populated areas.

However, in our model, the livestock population had no association with the occurrence of outbreaks. This
could be an indication that the density of the livestock population may be more predictive of the seroprevalence
of CCHF among animals than of the occurrence of human outbreaks. Similarly, Messina et al., suggested
that livestock reservoir abundance is more likely to influence the presence of the disease in an endemic area
(seroprevalence) than to predict the overall risk of the disease?.

The risk map also confirms that forest zones are least associated with CCHF outbreaks; only a few cases
of CCHF were notified in these regions. In addition, careful observation of this map shows “transitional risk
zones” for CCHF outbreaks (probability: 10%-<50%) corresponding with land use transitional zones. Recent
data showing the spread of the disease and/or its vector in previously unaffected areas could suggest that these
transitional zones will be at greater risk of CCHF outbreaks in the coming years as a result of global warming®#**,
The association between the existence of grazing land and the presence of CCHF can also be interpreted as an
association between CCHF and the livestock population, particularly cattle and small ruminants bred in these
pasture areas.

The negative association of outbreak risk with factors like precipitation during wet months, mean temperature,
and slopes is likely correlative rather than causative. These factors may be useful in predicting CCHF risk due
to phenomenological rather than mechanistic relationships. However, it is important to note that the presence
of cases of CCHF is associated with climatic factors that are themselves linked to the presence of the vector.
Precipitation, humidity, and temperature have been identified in several studies?>?*3. Therefore, favorable
climatic and ecological conditions for the development and maintenance of the vector are necessary for epidemics
to appear and be maintained over time. In addition, extreme weather conditions such as the on associated in
our model may adversely affect tick activity and survival. Excessive rainfall during wet month can reduce tick
abundance by drying out or flushing ticks from their habitats, while high temperatures can exceed the thermal
limits for tick development and questing behavior?”>!. To effectively model the geographical distribution of
CCHE risk, it is crucial to understand the interactions between environmental and anthropogenic factors.

This study has potential limitations. We used secondary data from publicly reported outbreaks, which are
highly affected by reporting bias. We may have missed CCHF cases that were never officially published or only
circulated internally within governmental and international institutions. It is also important to note that countries
have different surveillance capacities for human and veterinarydiseases, which could explain the suspected
under-notification of the disease. This could introduce bias in the final model and lead to misinterpretations. In
addition, we used administrative level 2 areas to localize the CCHF cases. These borders were artificially created
and do not necessarily reflect CCHF ecology, and neighboring areas can be ecologically different.

Additionally, predicting the occurrence of a CCHF epidemic seems rather complex, given the multiple
interactions between host-animal-human and environment in this spillover event. Indeed, there are still many
grey areas in the relationship between vector ticks, animals, and, above all, the interconnections between these
entities and a rapidly changing environment, particularly in Sub-Saharan Africa.

Conclusion

Identifying the hotspot of CCHF outbreak areas is essential in planning and implementing surveillance strategies.
Robust human and veterinary disease surveillance is necessary to detect outbreaks in high-risk areas better. Our
model shows that semi-arid and arid lands in SSA are the ideal zones for the occurrence of CCHF outbreaks
as they may be the optimal tick habitat and meet most of the ecological drivers of the disease. Nevertheless,
social factors such as population, livestock density, and human behavior in livestock-rearing practices play an
important role in the occurrence of CCHF outbreaks. Our study could be a good starting point for a country-
level risk map building in the high-risk region to better refine the disease patterns and implement surveillance
and control strategies.
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Data availability
The datasets used and/or analysed during the current study available from the corresponding author on reason-
able request.
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