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ABSTRACT
Background: Human Respiratory Syncytial Virus (HRSV), Human Parainfluenza Virus (HPIV), and Human Adenovirus 
(HAdV) epidemics differ in geographical location, time, and virus type. Regions prone to infections can be identified 
using geographic information systems (GIS) and available methods for detecting spatial and time clusters. We sought to 
find statistically significant spatial and time clusters of HRSV, HPIV, and HAdV cases in different parts of Kenya. 
Methods: To analyse retrospective data, we used a geographical information system (GIS) and the spatial scan statistic. 
The information was gathered from surveillance sites and aggregated at the county level in order to identify purely spatial 
and Spatio-temporal clusters. To detect the presence of spatial autocorrelation, the local Moran’s I test was used. To 
detect the spatial clusters of HRSV, HPIV, and HAdV cases, we performed the purely spatial scan statistic. Furthermore, 
space-time clusters were identified using space-time scan statistics. Both spatial and space-time analyses were based on 
the discrete Poisson model with a pre-specified statistical significance levelof p<0.05
Results: The findings showed that HRSV, HPIV, and HAdV cases had significant autocorrelation within the study areas. 
Furthermore, in the Western region of the country, the three respiratory viruses had local clusters with significant positive 
autocorrelation (p<0.05). Statistically, the Western region had significant spatial clusters of HRSV, HPIV, and HAdV 
occurrence. Furthermore, the space-time analysis revealed that the HPIV primary cluster persisted in the Western region 
from 2007 to 2013. However, primary clusters of HRSV and HAdV were observed in the Coastal region in 2009-11 
and 2008-09, respectively. 
Conclusion: Human respiratory syncytial virus (HRSV), human parainfluenza virus (HPIV), and human adenovirus (HAdV) 
hotspots (clusters) occurred in Kenya’s Western and Coastal regions from 2007 to 2013. The Western region appeared 
to be more prone to the occurrence of allthree respiratory viruses throughout the study period.Strategic mitigation should 
focus on these locations to prevent future clusters of HRSV, HPIV, and HAdV infections that could lead to epidemics.

 

outbreaks caused by HAdV have raised public 
health concern, as emerging and re-emerging types 
have been linked to severe pneumonia in healthy 
children and adults7,8 Outbreaks of these respiratory 
viruses occur in various locations around the world, 
and the timing of epidemics varies depending 
on population and location9. The variation in 
occurrence rates has been linked to a number of 
factors, including demographic, socioeconomic, and 
climate variables10–12.

Several African countries have reported data 
indicating a significant proportion of HRSV, HPIV, 
and HAdV infections. Human respiratory syncytial 
virus (HRSV) alone had a 14.6% prevalence in 
people with (acute respiratory tract infections) 
ARTIs across the continent, indicating that the 
ecosystem of this continent contributes to the 
epidemiology of these respiratory virus infections.13 

BACKGROUND

Acute respiratory tract infections caused by the 
human respiratory syncytial virus (HRSV), 

human parainfluenza virus (HPIV), and human 
adenovirus (HAdV) account for a significant portion 
of the global public health burden of disease1,2. In 
2015, HRSV incidence accounted for approximately 
33.1 million of the total number of acute lower 
respiratory tract infections (ALRTIs) in children under 
the age of five years worldwide2.  While HRSV is the 
most common cause of ALRTIs in children under the 
age of five, HPIV and HAdV also contribute to the 
burden of acute respiratory infections.3,4 These tree 
respiratory viruses spread efficiently among humans 
through direct transmission such as self-inoculation, 
and indirect transmission such as fomites as well as 
droplets or aerosols5. In 2018, the global burden of 
HPIV–ALRTIs was estimated to be 29.5 million cases 
in children under the age of five6. Furthermore, 

East African Health Research Journal 2022 | Volume 6 | Number 1                         52



Despite the lack of pooled prevalence data for HPIV and 
HAdVs from the continent, both viruses are typically 
recorded through syndromic surveillance systems such 
as influenza-like illness (ILI) and severe acute respiratory 
illness (SARI) or pneumonia.14–16 For the period 2000-
2015, the proportion of ARTIs in children under the age 
of five years ranged from 4% to 35% of HRSV, 0.3% to 
75.8% of HPIV, and 1% to 26% HAdV in Sub-Saharan 
Africa.17

Human respiratory syncytial virus (HRSV) epidemics 
have been reported in temperate regions during the 
coldest months of winter, whereas in tropical areas 
epidemics are mostly associated with rainy seasons18. 
However, HRSV peaks have also been recorded south 
of the equator during a dry season.19 Similar to HAdV 
serotypes, varying seasonal peaks were observed with 
HPIV types (1-4), and both respiratory viruses occur 
throughout the year with less defined seasonality in the 
northern and southern hemispheres.20,21

Kenya, like other countries, has reported a substantial 
burden of disease from HRSV, HPIV, and HAdV infections. 
However, the identification of geographical areas prone 
to HRSV, HPIV, and HAdV infections, or “hotspots,” in the 
country is lacking. These regions can be identified using 
geographic information systems (GIS) and the available 
methods for detecting spatial and space-time clusters 
“hotspots”.22 Techniques such as scan statistics, which 
combines exploratory and confirmatory capabilities, 
enable an unambiguous statistical assessment of spatial 
and spatiotemporal patterns across defined regions.23,24 

The objective of this study was  to identify statistically 
significant spatial and time clusters of HRSV, HPIV, and 
HAdV infections in Kenya at the county and regional 
levels. The hypothesis was that HRSV, HPIV, and HAdV 
infections occur in clusters with both spatial and spatio-
temporal characteristics.

METHODOLOGY
Study Areas Characteristics
The research was carried out in Kenya, which is located in 
Eastern Africa at a latitude of -0.0236° S and a longitude 
of 37.9062° E25. Kenya’s borders are 3,457 kilometers 
long, and it shares borders with South Sudan, Ethiopia, 
Somalia, Tanzania, Uganda, and the Indian Ocean.26 The 
equator cuts the country in half, with roughly half of 
Kenya located in the northern hemisphere.

Kenya had eight provinces subdivided into 158 districts 
prior to the adoption of the new Kenyan constitution 
in 201027.  In 2010, the country was reorganized into 
47 counties and 290 sub-counties. From 2013 onwards, 
this geographic boundary hierarchy was incorporated 
into national administration. Counties were established 
in accordance with the previous provinces (Figure 1), 
which belonged to their respective areas and populations 
according to the 2009 census.28

Kenya’s coastal region (province) is divided into six 
counties covering an area of 79,686.1 km2. The average 
temperature in this region is 22-30°C, and the annual 
rainfall ranges from 20mm to 300mm.29 The Rift Valley 
region is Kenya’s largest, with fourteen counties and an 
area of 182,505.1 Km.2 The climate of the Rift Valley 
region is characterised by arid areas or hot desert in the

north, tropical savanna in the centre, and cooler 
temperate areas in the south. The average temperature 
ranges from 10°C to 28°C, with temperatures exceeding 
40°C in the most arid areas. The rainfall ranges from 
500mm to 3000mm, with the central region receiving 
the most.30 With eight counties, the Eastern region has 
the second largest area at 140,698.6 Km2. The regional 
characteristics range from arid in the north to semi-
arid in the south, with erratic temperature and rainfall 
variation.29,31,32 The North-Eastern region consists of 
three counties covering a total area of 127,358.5 km2. 
The climate is more akin to that of the Eastern region, 
with the hottest desert or arid areas in the north and 
semi-arid areas that cool off toward the southeast. 
Both regions have sparse rainfall in the north, ranging 
between 250mm and 500mm per year, as well as 
average temperatures ranging from 20°C to 40°C. The 
southeastern zone, on the other hand, receives the most 
annual precipitation, approximately 3673 mm.29

Kenya’s central region is made up of five counties 
totaling 11,449.1 km2. The region experiences cooler 
temperatures ranging from 14°C to 28°C, as well as 
moderate rainfall ranging from 1016 mm to 2540 
mm per year.33 Nairobi is Kenya’s capital city and the 
county seat, with a land area of 694.9 km2. Nairobi’s 
climate is more similar to that of the country’s central 
region. The average temperature is around 19°C, and 
the average annual rainfall is 958 mm.34 Four counties 
account for 7,400.4 km2 of the area in the Western 
region. It has a climate with equatorial tropical features 
as well as some temperate savanna areas. This region 
has a mean annual rainfall of 2087mm, with the 
heaviest rain falling in April, and temperatures ranging

FIGURE 1: Geographical Boundaries of Kenya
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from 14°C to 36°C29. The Nyanza region borders the 
Western region; it has a land area of 12,477.1 km2, six 
counties, and a similar climate as the Western region.

Data Sources
Cases of human respiratory syncytial virus, human 
parainfluenza virus, and human adenoviruses
Human respiratory syncytial virus (HRSV), parainfluenza 
(HPIV), and adenoviruses (HAdV) cases were identified 
in this study using Kenya’s influenza-like illness 
(ILI) syndromic surveillance system. The Kenya 
Medical Research Institute (KEMRI) and the US Army 
Medical Research Directorate - Kenya (USAMRD-K) 
implemented the ILI surveillance system. The case 
datasets were collected between 2007 and 2013. Human 
respiratory syncytial virus (HRSV), human parainfluenza 
virus (HPIV), and human adenovirus (HAdV) infections 
were confirmed in the laboratory  using assays such as 
polymerase chain reaction (PCR), viral culture, and 
immunofluorescence. The spatial coordinates of the 
participants’ village/estate of origin was collected from 
the geocoded location via Earth Pro (7.3 Google LLC), 
recording latitude and longitude in degrees for each 
HRSV, HPIV, and HAdV case. In addition, the date of 
illness onset was recorded in months and years.

Population
The Kenya National Bureau of Statistics (KNBS) 
provided population data based on the 1999 and 2009 
national population censuses. In the 1999 census, 
each district was enumerated and its population count 
was recorded. As a result, the following ten-year 
population projection from 2000 to 2010 was published 
as population counts per district.35,36 The 2009 National 
Population Census also recorded population counts by 
district. Nonetheless, population projections for each 
district in their respective counties have been published 
from 2010 to 2020.37 The population data used for this 
study in 2009 were the population counts from the 2009 
census, not population projections; the projections were 
used for the inter-census years of 2007, 2008, 2010, 
2011, 2012, and 2013. From the geocoded location, 
spatial coordinates including latitude and longitude 
centroid files of counties were created using the vector 
layer of Kenya administration boundaries.38

Data analysis
In the first step of the analysis, the dataset was visualised 
during exploratory analysis to identify obvious errors 
and to describe the spatial distribution of HRSV, 
HPIV, and HAdV cases per county. The colour symbol 
categories were used to indicate the pattern of a large to 
a small number of cases per county. A higher number of 
cases was represented by a darker colour, while a lower 
number of cases was represented by a lighter colour22.

The second step constituted smoothing thenvisualisation. 
Kernel density estimation (KDE) was used for describing 
the spatial distribution of HRSV, HPIV, and HAdV cases 
in terms of the hotspots in the study area. In qGIS 
(V3.10.3-A Coruña), the Heatmap plugin generates a 
density heatmap raster from the input point of a vector 
layer. The density of the HRSV, HPIV, and HAdV case 
points is calculated based on the number of points in a 
location, which is the mean number of events per unit

area. This allowed identifying hotspots with the use of 
a 10 km radius of the kernel (kernel bandwidth)22,39.
However, from KDE it is not possible to determine the 
significant positive spatial autocorrelation.
In the third step, Local Moran’s I test was applied to 
detect significant positive spatial autocorrelation from 
the aggregated data of HRSV, HPIV, and HAdV cases 
in their counties22. The indicators, known as “Local 
Indicators of Spatial Association (LISA)” were calculated 
as:
  

Where Zi and Zj are the observed values in a standardised 
form, and Wij is a spatial weights matrix in row-
standardised form. The enabled qGIS hotspots analysis 
plugin allowed for the execution of a local Moran’s I test 
with a queen’s cases contiguity matrix and 999 random 
permutations at a 5% level of significance.40

LISA reveals spatial clusters with values in quadrants 
defined as hot spots (high-high), cold spots (low-low), 
spatial outliers (high-low/low-high), and no significant 
local spatial autocorrelation.41–44 LISA, on the other hand, 
does not provide spatial cluster or hotspot characteristics.

The fourth step of the analysis consisted Kulldorff’s scan 
statistic. This was performed to account for different 
aspects of spatial pattern analysis.It was based on the 
discrete Poisson model to identify purely spatial clusters 
HRSV, HPIV, and HAdV cases by counties. Besides purely 
spatial analysis, to determine the presence of space-time 
clusters of HRSV, HPIV, and HAdV cases per year over 
the study period, space-time scan statistic was applied. It 
used a Space-Time Poisson model which considered the 
study period of 2007-2013.

To complete the fourth step of the analysis, different 
datasets were prepared to fit the format used in SaTScan 
software (SaTScan V9.6.1). A case file containing 
annual HRSV, HPIV, and HAdV cases per county for a 
study period of 2007 to 2013 was made.A coordinate 
file with geographic coordinates of the centroid of each 
county, and a population file including the projected 
total population per county for each year from 2007 
to 2013 were also made.These datasets were prepared 
in order to determine whether the incidence of HRSV, 
HPIV, and HAdV cases was clustering in space and time 
retrospectively. SaTScan uses a random process to search 
for and identify a significantly increased risk of HRSV, 
HPIV, and HAdV cases exceeding the expected number 
within the specified spatial window.22,4 

The analysis was based on aggregated data per county 
with sites that participated in the surveillance program 
in Kenya from 2007 to 2013. Previously, the centroid 
coordinate of each county was extracted from the 
geocoded location of Kenya administrative boundaries 
vector layer with the qGIS geometry tool. By the 
centroids algorithm, a new point layer representing the 
centroids of Kenya counties was generated. The features 
were joint with annual HRSV, HPIV, and HAdV cases 
for each year to the centroid of the counties. This was 
completed with qGIS and later converted to SaTScan 
format for further cluster analysis.

To identify clusters, a cylindrical window was used with
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a circular geographic formbasedon each county centroid. 
The window moved in space and time across the study 
region.The spatial dimension was represented by the 
circular base of the cylinder with a varying radius from 
0 up to the maximum value specified. The height of 
the cylinder constituted the temporal dimension with a 
time precision of 1 year. The maximum value of up to 
50% of the total population at risk in space and time 
was considered. It was assumed that for each cylinder, 
HRSV, HPIV, and HAdV cases were Poisson-distributed. 
To assess the space-time clusters, it was assumed 
thatcases were randomly distributed in space and 
time. From the incidence of cases counted inside and 
outside the cylinder, the likelihood ratio was calculated 
for each cluster. A primary cluster was identified as 
the cylinder with the maximum likelihood ratio. The 
999 Monte Carlo randomisations were used to obtain 
likelihood ratio statistics and p-values of the test. This 
allowed us to identify significant space-time clusters45. A 
cluster was pre-specified to be statistically significant at 
the 0.05 level.Sensitivity analysis was performed using 
different maximum scanning window sizes to test for 
the robustness of the clusters. Thereafter,nvisualisation 
of clusters was performed in qGIS to obtain the map of 
the clusters’ locations in study regions. 

Ethical approvals for this study were obtained from 
Kenya Medical Research Institute (KEMRI) Scientific 
and Ethics Review Unit (SERU) with reference number 
KEMRI/SERU/CVR/003/3802 and the Walter Reed 
Army Institute of Research (WRAIR) with reference 
number WRAIR#1267G.

RESULTS
From the surveillance period of 2007-2013, HRSV was 
reported in 13 counties (number of cases [n] =539), and 
HPIV and HAdV were described in 14 (n=922) and 11 
(n=581) counties respectively (Figure 2).

The geographical distribution of HRSV, HPIV, and HAdV 
cases varied by county (Figure 3). HRSV cases were 
common in Kisii county (n=121) but uncommon in 
Meru county. Kisii county also had the highest number 
of HPIV cases (n=171), while Nyamira, Machakos, 
and Homa Bay counties had the lowest number of 
cases (n=1). Nairobi county had 114HAdV cases, while 
Kiambu county had only one.

The hotspot regions for HRSV, HPIV, and HAdVs cases 
were identified using a kernel density estimate (Figure  
4). HRSV hotspots with a high density of cases were 
identified in the western and coastal regions. 

Furthermore, the coastal regions were identified as a 
hotspot for HPIV and HAdV cases. Nonetheless, HPIV 
hotspots were discovered in Kenya’s central (Nairobi) 
and western regions from 2007 to 2013. Similarly, HAdV 
hotspots were observed in the central (Nairobi), and 
western regions.

The results of spatial autocorrelation showed 
significant local hotspots (clusters) for HRSV, HPIV, 
and HAdVs (Figire 5). The 3 respiratory viruses had 
local clusters with significant positive autocorrelation 
in the western region of the country. The central 
(Nairobi), and coastal regions had no significant 
local cluster for either HRSV, HPIV, or HAdV.

Human respiratory syncytial virus (HRSV) had a positive 
hotspot or cluster (high-high/HH) with a p-value 
(p=0.004) covering counties including Kericho, Kisumu, 
and other adjacent counties. Besides, the positive hotspot 
(high-high/HH)was noted with a p-value (p=0.02) in 
the adjacent area of HomaBay county. However, the 
observed HRSV cases (High-Low/HL or Low-High/LH) 
with p-value (p=0.002) were an outlier cluster in the 
adjacent area of the Bomet county. 

Human parainfluenza virus (HPIV) positive hotspot 
(high-high/HH) were also observed covering the Busia, 
Kisumu, HomaBay, and adjacent counties with a 
p-value range from (p=0.002) to (p=0.04). The outlier 
clusters(High-Low/HL or Low-High/LH) of HPIV cases 
were recorded in the adjacent region with p-value varies 
from (p=0.002) to (p=0.03). 

Human adenovirus (HAdV)  positive hotspots (high-
high/HH) with a p-value range from (p=0.002) to 
(p=0.03) were located in the same area of western 
regions and had outlier clusters (High-Low/HL or Low-
High/LH) with (p=0.03) in the neighboring areas.

The results of the purely spatial scan statistic revealed 
statistically significant (P< 0.05) primary and secondary 
spatial clusters of HRSV, HPIV, and HAdVs occurrence 
(Figure 6).

HRSV cases were concentrated in a 55-kilometer radius 
in the western region, encompassing three major 
counties. Kericho, Bomet, and Kisumu counties were 
included, as well as an overlapping secondary cluster 
with an 80-kilometer radius that included Nyamira and 
Kisii counties. Other secondary clusters were less likely 
and had a radius of less than a kilometre.

FIGURE 2: Summary Statistics of HRSV, HPIV, and 
HAdVs Cases and Counties in Kenya (2007-2013)
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distribution of HRSV, HPIV, and HAdV cases in Kenya 
(Figure 7).

From 2009 to 2011, the HRSV primary cluster had cases 
concentrated in a 93-kilometer radius at  the coastal 
region, and it covered the main counties of Mombasa 
and Kilifi.A secondary cluster with an 80-kilometer 
radius covering Bomet, Nyamira, Kisii, Kericho, and 
Kisumu County was discovered in the western region.

This secondary cluster occurred from 2010 to 2011. 
HPIV primary cluster occurred from 2008 to 2010 
with cases identified in Kericho, Kisumu, Nyamira, 
and Kisii County. This cluster had an 80-kilometer 
radius, while two secondary clusters in Mombasa and 
Isiolo counties had radiuses of less than a kilometre. 

The primary cluster of HAdVs occurred within a

Human parainfluenza virus (HPIV) primary cluster was 
discovered over an 80-kilometer radius in the western 
region.This cluster included Kericho, Kisumu, Nyamira, 
and Kisii counties. Secondary clusters occurred in 
various regions, including the coastal area (Mombasa 
County) and the north eastern region (Isiolo County), 
with a radius of less than a Km.These secondary 
clusters were significantly smaller size compared 
to the primary cluster observed in western region.

Human adenovirus (HAdV) cases were concentrated in 
an 80-kilometer radius that included Kericho, Kisumu, 
and Kisii counties. In Isiolo County, a secondary cluster 
with a radius of less than one kilometre was discovered

The results of spatiotemporal cluster analysis indicated 
different characteristics in the spatial and temporal 

FIGURE 3: Geographical distribution of (a) Human respiratory syncytial virus (HRSV); (b) Human parainfluenza 
(HPIV); and (c) Human adenoviruses (HAdV) cases per counties in Kenya (2007-2013)

**NA=not applicable; No cases from these counties were captured at any surveillance site as part of the ILI program.
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FIGURE 4: The geographical location of (a) Human respiratory syncytial virus (HRSV); (b) Human parainfluenza 
(HPIV); and (c) Human adenoviruses (HAdV) hotspots/clusters in Kenya (2007-2013)

**ILI surveillance sites were located in these counties; Kilifi, Mombasa, Nairobi, Isiolo, Kisii, Kericho, Kisumu, and Busia. 

using ILI surveillance data from the same time period 
reported influenza viruses causing respiratory infections. 
Besides that, it indicated the occurrence of other 
respiratory viruses in Kenya46. The three respiratory 
viruses were found at  every surveillance site that 
participated in the influenza-like illness (ILI) surveillance 
programme. The surveillance sites represented Kenya’s 
geographical regions, including Western-Nyanza, Rift 
Valley, Central, Eastern, and Coastal regions.

Human respiratory syncytial virus (HRSV) occurred 
in 13 counties, with a high number of cases in Kisii 
County. The Western region was identified as the major 
hotspot for HRSV using Kernel density estimates (KDE), 
which was confirmed by local spatial autocorrelation. 

93-kilometer radius of the coastal region, including 
Kilifi and Mombasa counties, with cases identified 
from 2008 to 2009.  From 2007 to 2009, the western 
region experienced a large secondary cluster of HAdV.
This secondary cluster had an 80-kilometer radius and 
covered Kericho, Kisumu, and Kisii counties.Another 
secondary cluster of HAdV with a radius of less than a 
kilometre was recorded in Isiolo County between 2010 
and 2012.

DISCUSSION
The analysis of spatial and temporal patterns of HRSV, 
HPIV, and HAdV occurrence in this study provided 
characteristics of the influenza-like illness (ILI) 
distribution in Kenya from 2007 to 2013.Previous study 
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FIGURE 5: Geographical locations significantly associated with (a) Human respiratory syncytial virus (HRSV); (b) 
Human parainfluenza virus (HPIV); and (c) Human adenoviruses (HAdV) hotspots/clusters in Kenya (2007-2013)

Following the statistical scan, the primary cluster in this 
region was purely spatial.Human respiratory syncytial 
virus (HRSV) clustered in the Coastal region from 
2009 to 2011, according to the change in time. Not 
surprisingly, an HRSV hotspot was also observed in the 
coastal region by KDE. According to a study conducted 
by Nyiro et al. 2018, HRSV has been identified as one of 
the most common pathogens causing acute respiratory 
tract infections in outpatients in Kenya’s coastal region.47

Besides the purely spatial cluster in the Western region, 
HRSV had primary and secondary clusters over space and 

time for both Western and Coastal regions respectively. 
The HRSV clusters could be attributed to regional 
population characteristics, social and climate factors. 
Several factors, including climate parameters, have 
been linked to HRSV infections in previous studies.48,49 
Rainfall and warm temperatures, which characterize 
the climate of the Western and Coastal regions, were 
the climatic conditions most commonly associated with 
HRSV cases.50

Human parainfluenza virus (HPIV) was found in 14 
counties, with Kisii County having the highest number 
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FIGURE 6: Purely spatial clustering of (a) Human respiratory syncytial virus (HRSV); (b) Human parainfluenza 
(HPIV); and (c) Human adenoviruses (HAdV) cases in Kenya (2007-2013)

of cases. Kernel Density Estimate (KDE)indicated a 
major HPIV hotspot in the Western region. Other 
HPIV hotspots, however, were identified in the coastal 
and central regions. The local spatial autocorrelation 
indicated that the Western HPIV hotspot was statistically 
significant. This was confirmed with the purely spatial 
scan statistics. The space-time analysis revealed the 
occurrence of the HPIV cluster in the Western region from 
2008 to 2010. Unlike HRSV infections, HPIV infections 
had an erratic distribution with no clear seasonality in 
Kenya50. Furthermore, no significant climate parameters 
were associated with HPIV infections, as observed in 
other studies published elsewhere.51 HPIV clusters 
could thus be attributed to factors other than climatic 
parameters.

The occurrence of HAdV was documented in 11 counties, 
with Nairobi County having the highest number of 
cases.  Despite the fact that the number of HAdV cases 
in Nairobi was high, the major hotspot was identified 

in the Western region, where several counties had a 
larger number of HAdVs. Other hotspots were found 
in the coastal and central regions. The major HAdV 
hotspot had a significant spatial autocorrelation with 
the Western region. This agreed with the HAdV primary 
cluster observed in the same region by the purely spatial 
scan statistics. However, space-time analysis indicated 
the HAdV primary cluster occurred in the Coastal region 
from 2008 to 2009. Human adenovirus (HAdV) cluster 
in the Western region, on the other hand, was secondary 
and occurred from 2007 to 2009.In Kenya, there were 
no seasonality patterns or climate parameters associated 
with HAdV infections.Only warm temperatures 
were suggested to have a positive influence on these 
infections50. However, other factors such as population 
demographics, health, and socioeconomic determinants 
have been linked to HAdV infections in the literature52–54 

A purely temporal analysis has previously been 
performed based on the same period of 2007 to 201350; 
this study expands and augments that analysis.
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FIGURE 7: Spatiotemporal clustering of (a) Human respiratory syncytial virus (RSV); (b) Human parainfluenza 
(PIV); and (c) Human adenoviruses (AdV) cases in Kenya (2007-2013)

A major shortfall in this study may be due to the use of 
annual county population projections which are based 
on the inter-census data;  these may not accurately 
count the actual population per county.55 Also, not all 
county had an ILI surveillance site. Another limitation 
of this study could be the use of retrospective data 
that cannot be extrapolated to the present. The study 
outputs also could not be extrapolated beyond the 
regions without surveillance sites. Although these data-
related  limitations may have an impact on the study’s 
findings, scan statistics are a well-established method 
for detecting disease clusters in the spatial and temporal 
model.45,56–58  They are used to analyse retrospective 
and prospective routine data from disease surveillance 
programs, and the outputs can provide insights 
into identifying space-time clusters,which inform 
intervention planning and local and national public 
health policies.

CONCLUSION

Following the results of the study, HRSV, HPIV, and HAdV 
hotspots (clusters) occurred in Kenya’s Western and 
Coastal regions between 2007 and 2013. Throughout 
the study period, the Western region appeared to be 
more prone to the occurrence of all three respiratory 
viruses.  Furthermore, epidemiological studies should 
investigate the factors that influence the occurrence of 
clusters in these areas. Besides that, strategic mitigation 
should target those areas in order to prevent future 
clusters of HRSV, HPIV, and HAdV infections which 
could lead to epidemics.
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