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Cleveland, Ohio

Abstract. Malaria risk factor assessment is a critical step in determining cost-effective intervention strategies and
operational plans in a regional setting. We develop a multi-indicator multistep approach to model the malaria risks at the
population level in western Kenya. We used a combination of cross-sectional seasonal malaria infection prevalence,
vector density, and cohort surveillance of malaria incidence at the village level to classify villages into malaria risk groups
through unsupervised classification. Generalized boosted multinomial logistics regression analysis was performed to
determine village-level risk factors using environmental, biological, socioeconomic, and climatic features. Thirty-six
villages in western Kenya were first classified into two to five operational groups based on different combinations of
malaria risk indicators. Risk assessment indicated that altitude accounted for 45–65%of all importance value relative to all
other factors; all other variable importance values were < 6% in all models. After adjusting by altitude, villages were
classified into three groupswithin distinct geographic areas regardless of the combination of risk indicators. Risk analysis
based on altitude-adjusted classification indicated that factors related to larval habitat abundance accounted for 63%of
all importance value, followed by geographic features related to the ponding effect (17%), vegetation cover or greenness
(15%), and the number of bed nets combined with February temperature (5%). These results suggest that altitude is the
intrinsic factor in determiningmalaria transmission risk in western Kenya.Malaria vector larval habitat management, such
as habitat reduction and larviciding, may be an important supplement to the current first-line vector control tools in the
study area.

INTRODUCTION

Since the year 2000, malaria burden has declined sub-
stantially throughout sub-Saharan Africa because of scaled-
up mass distribution of long-lasting insecticidal nets (LLINs),
indoor residual spraying (IRS), artemisinin-based combination
therapies (ACTs), and improved diagnostic and clinical case
management.1 Nonetheless, malaria remains a major public
health challenge in Africa and other malaria-endemic
regions.1–4 The scaled-up interventions have caused
changes in vector biology and malaria epidemiology. Malaria
vectors have developed widespread resistance to multiple
insecticides including pyrethroids, the key component of
LLINs.3,5 Outdoor transmission has become an increasingly
important issue facing malaria control.1,3,6,7 The reduction in
malaria transmission is highly heterogeneous; some areas
have low or very low transmission, whereas others still have
high transmission levels.1,2,4 The changes in malaria epide-
miology and vector biology require improved intervention
strategies.3,6,7 This is especially important fromanoperational
planning point of view.7–9

Kenya is one of the malaria-endemic countries in Africa, and
malaria burden there has been substantially reduced through
the use of first-line interventions, including LLINs, IRS, and
ACTs.10 However, malaria transmission in western Kenya re-
mains high,8,10–12 coupled with high vector insecticide re-
sistance and outdoor transmission.13–15 New interventions
using pirimiphos-methyl (Actellic 300CS, Syngenta, Basel,
Switzerland) IRS have been implemented in some counties in
western Kenya by the President’s Malaria Initiative,16–18 and
preliminary results are encouraging.18,19 The government of

Kenya has also proposed to implement piperonyl butoxid-
treated LLINs and larval source management (LSM) in targeted
areas in future interventions.7,8 All of these new interventions
are being or will be implemented regionally, for example, at the
county or subcounty level, according to the government’s
2019–2023 vector control strategies.8 However, determining
the right intervention for each area and the operational plan that
minimizes logistics and operational costs will depend on area-
wide risk assessment and risk stratification in addition to prior
effectiveness assessment.8,20 For example, in western Kenya,
interventions in lowland areaswith high transmissionmay differ
from those in highland areas with unstable transmission be-
cause of differences in epidemiology, entomology, and
environment.8,10,11,15,21,22 Highland regions are classified as
fringe areas of malaria transmission and are therefore consid-
ered possible targets for elimination; thus, they may need the
kind of targeted interventions proposed in the government’s
malaria control plans.8,11,14,15,18,23,24 Establishing risk factors
based on past observations of infections and vector pop-
ulations may help to inform the optimal operational plans and
facilitate resource allocation.7,8,11,21,24 This is also part of the
Kenya government’s 2019–2023 malaria surveillance plan to
improve decision-making for program performance, including
mapping the mosquito breeding sites in malaria hotspot,
strengthhealth facility surveys, supporting community surveys,
and conducting entomological surveillance.8 In this context,
multi-observation multi-indicator–based surveys are essential
for finding the risk factors to support decision-making while
better using the surveillance data available.
Risk factor analysis is an important step in determining the

appropriate intervention strategies and operational planning
for a given ecological and epidemiological setting.25 Previous
studies of risk factor assessment have focusedmainly on risks
at the individual, household, or village level.11,19,21,25–27 For
example, Cook et al.11 assessed factors related to individual
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malaria infections, including gender, age, household socio-
economic status, altitude, malaria prevention measures used
(e.g., LLIN and IRS), and travel out of the study area. All of
these are individual- or household-level risks; that is, they
focus on the risk of acquiring infections. Abong’o and others
lookedat the effects of housestructures (e.g., openeaves) and
livestock-keeping on indoor vector density.19 These studies
are important for informing the public about ways to reduce
malaria transmission—for example, closing or screening
eaves to deter mosquitoes from entering the house. Some of
these household-level risk factors can be incorporated into
policies, suchas encouraging locals to usebednets; however,
such policies can be difficult to implement from an operational
point of view. At the village level, most studies have assessed
malaria risks using environmental factors (including climatic
parameters) mainly observed from satellite images.25–31 For
example, in a typical study, Solano-Villarreal et al.27 assessed
the factors associated with high malaria risk (annual parasite
index [API] > 10 or API > 50 cases/1,000 people) in different
villages. These factors included cumulative annual rainfall,
forest coverage, annual forest loss, annual mean land surface
temperature, normalized difference vegetation index (NDVI),
normalized difference water index (NDWI), shortest distance
to rivers, time to populated villages, and population density.27

In their study, distance to the nearest rivers and time to pop-
ulated villages were among the important risk factors.27 This
type of risk assessment study, that is, one using environ-
mental data, may be more relevant for informing operational
planning and intervention strategies,32,33 for example, to de-
termine suitable interventions for different risk areas.8,34 In
nearly all of these risk factor assessment studies, whether at
the individual or village level, only one transmission indicator

was considered. In most cases, only observation at one time
point was recorded (e.g., one observation of malaria infection
prevalence or API).25 This may not be enough, however. For
example, malaria infection prevalence varies seasonally in
many places, using infection prevalence from different sea-
sons will likely end up with different sets of risk factors.22,35,36

A more appealing approach might be to include multiple ob-
servations so that uncertainties suchasseasonal variationcan
be reduced or minimized, or to use multiple transmission in-
dicators such as combined epidemiological indicators with
entomological observations,20–22,37 which reduces un-
certainty in risk assessments. Because the government al-
ready planned the surveillances, this approach will better use
the surveillance data available.
This study aimed tomeasuremalaria risks at the village level

and to predict risks using environmental, biological, socio-
economic, and climatic features, and then to further classify
villages into groups for intervention operational purposes
based on risk factors using a multistep approach. We mea-
sured malaria risks using a combination of three malaria
metrics: cross-sectional seasonal malaria infection preva-
lence and vector density, and malaria incidence based on
cohort surveillance at the village level.

MATERIALS AND METHODS

Study area. The study area is located in Nyakach sub-
countyofKisumuCounty,westernKenya (34�499E to34�599E,
0�159S to 0�229S) (Figure 1). The study area covering
∼300 km2 spans from the lowlands along the Lake Victoria
shoreline (altitude 1,120 m above sea level [a.s.l.]) to the
highlands (altitude 1,670ma.s.l.), and the study sites included

FIGURE 1. Study area and locations of clusters. This figure appears in color at www.ajtmh.org.
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36 randomly selected clusters from four wards of Nyakach
subcounty. A cluster is a village or several neighboring vil-
lages, typically covering an area of approximately 2 km2 and
comprising 200–300 households and about 600–1,000 in-
habitants. Local residents are predominantly farmers who
depend on crop farming and cattle/goat herding for sub-
sistence. Fishing is carried out by communities living along the
Lake Victoria shoreline. Malaria transmission is seasonal, with
two peaks in vector abundance reflecting the bimodal rainfall
pattern: amajor peak between April and July and aminor peak
between October and November.22 Annual precipitation is
about 1,500 mm. Malaria is predominantly caused by Plas-
modium falciparum.22,38 The main malaria vectors in the area
are Anopheles gambiae sensu stricto, Anopheles arabiensis,
andAnopheles funestus sensu lato.14,18,22 In the study area, a
2017–2018 survey found thatAn. funestus accounted for 45%
of allAnopheles captured, followed byAn. gambiae sensu lato
(37%) and other Anopheles species (18%), and that 89% of
An. gambiae s.l. wereAn. arabiensis.18Mosquito resistance to
different insecticides, including pyrethroids, has been re-
ported in the study area.18 Household LLIN ownership was >
90% in the study area in 2017.18

Malaria transmission indicator surveys. Malaria trans-
mission indicators surveyed included malaria cross-sectional
seasonal infection prevalence and vector density, and cohort
surveys of malaria incidence.
Asymptomatic parasite infection prevalence. Cross-

sectional malaria parasite infection surveys were conducted
in June 2019 and November 2019, which, respectively, rep-
resented the high and low transmission seasons. In each
cluster, 100 participants were randomly selected. Based on
previous study conducted in the nearby Kendu Bay area,
parasite prevalence was about 50% in 2015.38 Using Poisson
regression, 36 clusters with a sample size of 100 and pop-
ulation size of 1,000 per cluster would be able to detect a 5%
variation in parasite prevalence with 80% power, based on a
significance level of 5% and assuming the coefficient of vari-
ation in true proportions between clusters was 0.01. House
location and altitude were determined for each participant
using a handheld GPS.22,36 On signing of the informed
consent/assent (for minors younger than 18 years) forms,
blood samples were collected by the standard finger-prick
method.36 Thin and thick blood smears were prepared for
laboratory microscopy examination and filter paper blood
dots were prepared for PCR detection of parasite infection
status and species.36,38 All slides were examined by two
experienced laboratory technicians at the International
Center of Excellence for Malaria Research laboratory at
Tom Mboya University College, Homabay, Kenya, to iden-
tify the parasite species. For quality control purposes, a
third technician randomly selected 5% of the slides for
reexamination.36

Active malaria case detection. Clinical malaria incidence
was identified through active case detection conducted from
January toApril 2020. Acohort of 150households, comprising
about 500 residents, was selected randomly from each of the
36 clusters, and all residents in the selected households were
recruited for participation based on the inclusion and exclu-
sion criteria. House location and altitude for each participating
household were determined using a handheld GPS.36 Written
informed consent/assent (for minors younger than 18 years)
for studyparticipationwasobtained fromall consenting heads

of households and from each individual who was willing to
participate in the study. The inclusion criteria were as follows:
provision of informed consent/assent and no reported chronic
or acute illness except malaria or fever. The exclusion criteria
were as follows: unwillingness to participate or being younger
than 6months. Participantswere visited every otherweek by a
team of government trained and certified local community
health volunteers (CHVs) and screened for clinical malaria. A
clinical malaria case is defined as an individual with fever
(axillary temperature of 37.5�C or higher) and other related
symptoms such as chills, severe malaise, headache, or
vomiting at the time of examination or 1–2 days before the
examination, with a Plasmodium-positive blood smear or
rapid diagnosis test (RDT).36 For all fever and suspected
malaria cases, blood samples were taken, malaria infection
was tested using RDT, thin and thick smears prepared on a
labeled slide, and blood dots prepared on a labeled filter pa-
per. Body temperature and symptoms and signs of illness
were recorded on a case report form. Blood testing was only
performed with individuals who currently had fever (based on
testing by the CHV) and other malaria symptoms, or who re-
ported having had fever and other malaria symptoms in the
prior 2 days. Clinical cases were referred to the nearest
government-run hospital or health center for free treatment.
The incidence rate (cases/1,000 people/year) estimated from
this active case surveillance was used as one of the risk indi-
cators in this study.
Malaria vector abundancesamplings.Vector abundance is a

potential measure of malaria transmission intensity. Indoor-
resting mosquitoes were collected from all clusters using the
pyrethrum spraying collection (PSC) method in July 2019 and
January 2020. In each cluster, 20–25 houses were randomly
selected for vector sampling.House location andaltitudewere
determined using a handheld GPS.13,36 Mosquito species
were identified morphologically,13 and female anopheline
mosquitoeswere classedas unfed, blood fed, half-gravid, and
gravid.39 The number of sleepers in each sampling house
was recorded during the surveys. Specimens of An. gam-
biae s.l. were further analyzed by rDNA-PCR for species
identification.22,40

Malaria risk factor surveys. Aquatic habitat and mosquito
larval survey. Aquatic habitats were searched within all clus-
ters and within 1.0 km from the boundary of all clusters. All
aquatic habitats were located using GPS and examined for
Anopheles larval and pupal abundance using standard dip-
pers.41 Aquatic habitat surveys were conducted in July 2019
and March 2020. In addition to seasonal cross-sectional sur-
veys, “large” water ponds were identified using Google Maps
and their latitude/longitude was recorded. These ponds were
likely permanent habitats, regardless of season and rainfall.
Climatic data.Climatic datawere obtained from theNational

Aeronautics and Space Administration Earth Observation
satellite images (https://earthobservatory.nasa.gov). Vari-
ables included monthly and annual mean daytime/nighttime
LSTs in 2018 and 2019 (MOD11A2, MOD11A3 MODIS/Terra
LST/Emissivity 1 kmSINGrid),monthly and annual cumulative
precipitation in 2018 and 2019 (global precipitation mea-
surement IMERG Final Precipitation L3 1 month 0.1� × 0.1�
V06), and monthly and annual mean net evapotranspiration in
2018 and 2019 (MOD16A3GF v006 MODIS/Terra Net
Evapotranspiration Gap-Filled Yearly L4 Global 500 m SIN
Grid).
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Landscape, vegetation cover, and topographic data. These
variables included three major categories related to the for-
mation of larval habitats: geomorphometry, vegetation cover
from spectral analysis of satellite images, and soil surveys
(Figure 2). Geomorphometric variables included 30-m reso-
lution digital elevation model and derived variables, that is,
aspect, slope (in degrees and percentage rise), curvature,
curvature profile, curvature plan, topographic wetness index,
module multi-resolution index of valley bottom flatness,
ground surface roughness, and solar radiation measures
(monthly global radiation, direct radiation, diffused radiation,
and duration of radiation). Vegetation cover observed from
Landsat 8 includes 30-m resolution monthly and annual av-
erages of the NDVI, enhanced vegetation index (EVI), nor-
malized difference built-up index, NDWI, soil-adjusted
vegetation index (SAVI), andmodified SAVI for 2018 and 2019
(Supplemental Table S1). Soil properties (LandGIS Soil Water
contents at 33 kPa and 1500 kPa) included absolute depth to
bedrock, bulk density (fine earth), soil water capacity, and
texture class. Additional parameters include land cover types
such aswater body, grassland, and cropland (MCD12Q1v006
MODIS/Terra +Aqua LandCover TypeYearly L3Global 500m
SIN Grid), and tree cover values (type, percentage cover-
age, etc.).
Socioeconomic data. A demographic survey was con-

ducted in 2019 including all participating households and in-
dividuals in all clusters.37 Parameters recorded from the
demographic survey included household demographics

(number of residents, age, and gender), house type, and
malaria prevention measures (number of nets, net usage, IRS,
repellent, and others). Other parameters included distance to
major roads and healthcare facilities. House type is an indirect
estimate of household economic status based on roof, wall,
and ground material types. Distance to a major road where
public transportation is available is an indirect measure of
healthcare availability and socioeconomics. Distance to
health facilities is a good indicator of the availability of
healthcare services.
Other derived risk factors.Other variables included distance

to the nearest aquatic habitat (includingwater ponds), number
of habitats within 1.0 km of the cluster, weighted number of
habitats, distance to the nearest river, and distance to Lake
Victoria. The weighted number of habitats was calculated
using an exponential decay weight with a maximum of one
(100%) and a minimum of 0.05 (5%) at a distance of 1 km;
that is, habitat adjacent to the house was assigned a 100%
contribution to malaria transmission, and the contribution
declined to 5%by 1 km. Previous studies have used only the
distances to rivers/habitats, neither the number of habitats
nor the distance weighted number of habitats.25,28–30 How-
ever, having one habitat versus 10 similarly sized habi-
tats in a village can make a big difference in the adult
mosquito density in the village. In addition, since distance
determines dispersal effects, the number of habitats and
distance-weighted number of habitatsmay be important risk
factors.

FIGURE 2. Examples of satellite images. This figure appears in color at www.ajtmh.org.
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Malaria risk modeling. This study used a multistep ap-
proach to assess malaria transmission risks, analyze risk
factors, and eventually classify villages into risk groups for
operational planning purposes (Figure 3). First, we used field
observations of malaria transmission indicators from each
cluster to classify clusters into groups (i.e., observation-based
risk groups) using unsupervised classificationmethods. Then,
we applied risk factor analysis to the risk groups to determine
key risk factors using machine learning multinomial logistic
regression analysis. Principal component analysis (PCA) was
used to reduce the redundancy in risk factor data before risk
analysis. We then used unsupervised classification to
reclassify the clusters into new, risk factor–adjusted groups
based on the risk indicators adjusted by key risk factors. Fi-
nally, risk factors were reanalyzed based on risk factor–
adjusted groups (Figure 3).
Risk grouping by classification of clusters based on risk

indicators. First, clusters were classified into risk groups
based on field observations of the three malaria transmission
indicators: parasite infection prevalence for each cluster,
malaria vector abundance, and malaria case incidence
(Figure 3). These indicators are all on the Kenya government’s
surveillance list.8 To reduce uncertainty due to seasonality or
variations in each indicator, we selected three different com-
binations of risk indicators: prevalence + vector density,
prevalence + incidence, and prevalence + vector density +
incidence. We included parasite infection prevalence in all
cases because it has been included in all malaria indicator
surveys in malaria-endemic African countries.12 The original
data were normalized for each indicator at each sampling
occasion before performing the clustering analysis. To further
reduce uncertainty due to classification method, we tested
both hierarchical and k-means clustering methods.42 For the

k-mean clustering, we selected all k values that satisfied the
following criteria: 1) all indicator variablesmust be significantly
different in their mean values between groups after classifi-
cation, and 2) each group must include at least five members
(clusters). The purpose of using different combinations of
transmission indicators and different methods to assess
cluster-level risks was to 1) evaluate the consistency of the
classification results, 2) reduce data selection bias due to
specific indicator selected, and 3) determine the common key
risk factors.
Principal component analysis for dimension reduction and

removal of redundancy. We started with 200+ risk variables,
someofwhichwere significantly linearly correlated. To reduce
the dimension (thus reducing the complexity of the risk as-
sessment and avoiding overfitting) and remove redundancy
due to linear correlation, PCA was performed on risk factor
variables.43,44 Principal component analysis is one of themost
popular linear dimension reduction algorithms. It maps data in
a higher-dimensional (more variable) space to data in a lower-
dimensional (less variable) space while maximizing the vari-
ance of the data in the lower-dimensional space, that is,
minimizing the loss of information.45We appliedPCA to all risk
factors based on normalized data. Dimension reduction was
performed in two steps: selection of the top contributing
principal components and selection of the top contributing
variables.45 Principal components were selected by applying
two criteria: 1) total variance explained > 80% and 2) all ei-
genvalues after the sharp bend in the scree plot are rejected.
The criterion that produced fewer principal components was
chosen. The top contributing variables were selected from the
previously selected principal components.45 Selection of
the top contributing variables was based on three criteria: 1)
the variable occurs before the sharp bend in the variable scree

Parasite prevalence, Vector density, Malaria incidence

Classifica�on

Study villages

Observed risks
(risk indicators)

Observation-based 
Risk groups

Household & 
Environmental info Climate, land cover, topography, socioeconomic

Risk factors

Risk factors analysis

Operational-oriented
Risk groups

Re-classifica�on

PCA
(dimension reduc�on)

Risk-factor-adjusted

GBM multinomial 
logistics regression

FIGURE 3. Flowchart of data analysis process. This figure appears in color at www.ajtmh.org.
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plot, 2) the contribution exceeds the expected average con-
tribution, and 3) there is no overlap in variables selected from
different principal components (i.e., no collinearity).45 Only the
selected variables were used in the subsequent risk factor
analysis (Figure 3).
Risk factor analysis with multinomial logistic regression.

Based on observed risks, clusters were assigned to different
observation-based risk categories obtained from “Risk group-
ing” classification analysis. These risk groups were used as
multinomial dependent variables against risk factors (at each
household in different clusters) selected by PCA (Figure 3). A
total of 1,938 observations (households) for all risk factors were
used in the risk analysis. A generalized boosted regression
model (GBM) with multinomial logistic regression analysis was
used to identify the risk factors that significantly associatedwith
different risk levels.27,46,47 Ten-fold cross-validation was ap-
plied to validate the model performance. Model performance
was evaluated using classification accuracy, sensitivity, and
specificity, both overall and for each observation-based risk
group. Variable relative importance was calculated as the per-
centage of variance explained.
Altitude-adjusted reclassification and reclassification-

based risk factors. In this step, we wanted to test if moving
certain key risk factors into the “risk indicator”category, but use
it as a control variable to do reclassification, would improve the
grouping results for operational purposes. This step is not seen
inconventional riskassessmentanalysis. Theprinciplebehind it
is simple. In Kenya, malaria transmission intensity is strongly
affected by altitude. The highlands of western Kenya, where
malaria transmission is seasonal and unstable, are considered
an epidemic fringe area, whereas the lowlands of western
Kenya,wheremalaria isperennial, areconsideredmoderate-to-
intense endemic.11,12,21,48 Altitude is like an intrinsic driving
force that affects malaria transmission fundamentally.8 We
wanted to test to see if altitude was the single standout risk
factor for malaria transmission. If the answer was yes, we
wanted to see how the variable importance and cluster
regrouping changed when we reanalyzed the risk factors using
altitude-adjusted risk classifications, that is, using altitude as
control variable. Therefore, this step involved reclassification of
clusters based on adjusted risk indicators, and risk factor
analysis based on the reclassification results (Figure 3).
Mapping and satellite imageswere processed usingArcGIS

10.0 (ESRI, Redlands, CA), and all other data analysis was
performed using R ×64 3.6.3 (The R Foundation for Statistical
Computing, Vienna, Austria).

Informed consent and ethical clearance. Ethical clear-
ance was obtained from the Ethical Review Committee of
Maseno University, Kenya (MSU/DRPI/MUERC/00778/19),
and the Institutional Review Board of the University of Cal-
ifornia, Irvine, USA (HS# 2017-3512). Written consent was
obtained fromall adult participants.Written assent for children
(< 18yearsof age)wasobtained from theparticipants and their
parents or guardians. Inclusion criteria were provision of in-
formed consent (assent for children) and no reported chronic
or acute illness other than malaria. Exclusion criteria were
unwillingness to participate in the study, reported chronic or
acute illness other than malaria, or age < 6 months.

RESULTS

Field observations. Table 1 shows a summary of field ob-
servations of parasite infection prevalence (parasite identified
by PCR), mosquito abundance (adult and larval), and malaria
incidence based on cohort active case surveillance. The re-
sults indicate that parasite prevalence and larval density var-
ied substantially between seasons, although indoor-resting
mosquito density did not change much between seasons
(Table 1). Malaria incidence was estimated as 351.2 ± 61.5
cases/1,000people/year. Overall, the study area canprobably
be classified as having moderate-to-intense endemic
transmission.8,48,49

Classification of transmission intensity. Using different
transmission indicators (Table 1), study clusters were classi-
fied into two to five groups depending on the variables used,
with each group representing different risk levels (Figure 4).
Using a combination of parasite infection prevalence and
indoor-resting vector density, clusters could be classified into
two, three, or five groups with a significant difference in risk
indicators among groups; using parasite infection prevalence,
vector density, and malaria incidence could classify clusters
into two or three groups; and using parasite infection preva-
lence and malaria incidence could classify clusters into two or
three groups (Supplemental Text S1). Overall, seven grouping
results were produced (Supplemental Text S1). Different com-
binations of risk indicators led to different classification results
(i.e., inconsistent assignments of cluster members), as shown
by the example in Figure 4. This was no surprise because dif-
ferent risk indicators can be affected by different factors. This
highlighted the importance of indicators selection process.
Dimension reduction of potential risk factors. Principal

component analysis results illustrated that the top 14

TABLE 1
Descriptive statistics of field observations of parasite infection prevalence, mosquito density, and malaria incidence (calculated based on active
case surveillance)

Items Survey month/year Sample size (95% CI)

Asymptomatic malaria infection
(individuals, PCR prevalence %)

June 2019 3,514 (12.3 ± 3.4)
November 2019 3,933 (26.3 ± 4.1)

Indoor-resting mosquito pyrethrum
spraying collection (house-nights,
density in females/house)

July 2019 720 (0.65 ± 0.27)
January 2020 848 (0.52 ± 0.18)

Larval breeding habitat (habitats,
abundance in larvae/10 dips)

July 2019 1,134 (3.03 ± 0.56)
March 2020 715 (0.82 ± 0.15)
Water ponds* 208 (n.a.)*

Malaria incidence (visits, incidence rate in
cases/1,000 people/year)

January–April 2020 45,791 (351.2 ± 61.5)

n.a. = not available.
* Large water pond identified from satellite image and larval density not available.
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components explained 95.5% of data variance and the top
five components explained 80.6%. The scree plot showed a
sharp bend between the third and fourth components. To
avoid over-reduction of risk factors, the top five components
were selected for dimension reduction. After evaluation of the
variables contributing to each principal component, 53 risk
factors were selected for further risk analysis.
Risk factor analysis. Initial risk factor assessment was

conducted based on the classification results and the 53 se-
lected risk factors. There were seven classification results
(Supplemental TextS1), andaGBMmultinomial logisticmodel
was run on each of them. Results showed that all models
produced predictions with > 0.88 accuracy, sensitivity, and
specificity, except one model that predicted group-level
sensitivities at < 0.8 (Supplemental Text S2). These results
indicated that model predictions were reasonably good.
The results of variable importance (measured as accounted

for%of the variance)were especially interesting. In allmodels,
altitude was the only variable that accounted for 44.5–64.5%
of the variance. All other variable importance values were <
6%of the variance in all models for all variables (Supplemental
Text S2); that is, there was at least a 7-fold difference in vari-
able importance between altitude and all other factors. Other
important risk factors included number of habitats, distance to
river/lake, vegetation index, wetness index, and topographic
features (Supplemental Text S2).
Reclassification of clusters adjusted by altitude. Be-

cause altitude accounted for about half of all risk in all cases,
we moved altitude from the risk factor group to the “risk in-
dicator” group. Now, we had four types of risk indicators:
parasite infection prevalence, vector density, malaria in-
cidence, and altitude. Very interestingly, once altitude was
added as a risk indicator, the unsupervised classification of
study clusters yielded the same results, that is, the three

groups shown in Figure 5, regardless of the combinations of
variables and classification methods. The group on top
(Figure 5 right, group 1), where altitude was low, included 13
clusters, with 12 clusters significantly below the average alti-
tude (Figure 5 right). Many clusters in this group were located
in the Lake Victoria shore plain area (Figure 6, Supplemental
Figure S1), with low altitude but high transmission intensity
measured in all transmission indicators (Figure 5 left). This
group can be called lake plain zone. The middle group
(Figure 5 right, group 2) had medium but varying altitude, and
most clusters in this group had lower transmission intensity
(Figure 5 left). This group canbe calledmiddle slope zone. This
group formed a long zone separating the other two groups on
themap (Figure 6, Supplemental FigureS1). Thebottomgroup
(Figure 5 right, group 3) had significantly higher than average
altitude, with low incidence and varied prevalence but low-to-
medium vector density (Figure 5 left). This group formed the
highland plateau zone (Figure 6, Supplemental Figure S1).
Operationally, this grouping is probably thebest because itwill
bemuch easier to implement interventions assuming different
risk zones need different interventions. It was noted that alti-
tude alone might classify the clusters into 2–5 groups with
significantly different mean altitudes; however, malaria indi-
cators in most cases were not significantly different among
different groups (results not shown). In other words, altitude
itself was not enough to be treated as a transmission indicator.
Model-predicted risk probability was similar for each of the

three groups (Supplemental S3). For the lake plain zone
(Figure 6, Supplemental S3), the average risk probability was
0.61, ranging from 0.51 to 0.67. For the middle slope zone
(Figure 6, Supplemental S3), the average risk probability was
0.65, ranging from 0.54 to 0.73. The highland plateau had the
highest risk probability (Figure 6, Supplemental S3), and the
average risk probability was 0.67, ranging from 0.59 to 0.72.

FIGURE 4. Examples of classification (top) and member assignment (bottom) based on observed risk indicators. The numbers corresponding to
eachmember villagewithin the table at thebottom represent thegroupnumber (whitenumber inside theblackcircle) in eachclassification result.C1,
C2, . . ., etc. are the labels of each village. This figure appears in color at www.ajtmh.org.
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Important risk factors other than altitude: Risk
reassessment. Based on the results of the cluster reclassifi-
cation, we reassessed the risk factors other than altitude. The
sameGBMmultinomial logistic analysis was used to build the
model based on the risk variables previously selected by PCA
excluded altitude. The overall model prediction showed an
accuracy of 80.6%, sensitivity of 71.1%, and specificity of

85.6%. For each group, the sensitivity ranged from 63% to
79% and specificity ranged from 84% to 87%.
The likelihood-ratio χ2-test indicated 19 significant vari-

ables in the model (Supplementary S4). Their relative impor-
tance is shown in Table 2. Seven variables had ³ 5%
importance in the model and two had > 10% importance
(distance to lake at 24.4% and distance to river at 10.6%)

V  1 2 3 4 5

V – Village label
1: June prevalence
2: November prevalence
3: July vector density
4: January vector density
5: Incidence rate

❶

❷

❸

1 C D C F E
7 E F E C D
12 E E D C F
2 E D C C D
3 E D C D E
9 E D C C C
10 C D D E E
4 E E D F C
24 D D E D D
6 D D E D D
5 D E F E C
8 D D D F E
11 C C C C A
13 C C C C D
16 A A C C D
23 C C C C C
15 A A C C C
17 C A C C C
18 C A C C F
21 C A C C C
20 C A C C D
14 C C C C D
22 D C C C
19 E D C C C
25 C C C C C
32 C A C C C
26 C C C C A
27 C C C C A
28 D E D C A
35 C C D C A
36 D C D C A
30 C C C C C
31 A D D D D
29 A E D D A
33 A D C C C
34 A C C C D

Column label 

A
B
C
D
E
F

FIGURE 5. Reclassificationof clusters after altitudewas treatedas a risk indicator. Numbers inwhite colorwithin theblackcircle represent number
of clusters. This figure appears in color at www.ajtmh.org.
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FIGURE 6. Distribution of villages and clusters based on reclassification result. Numbers in different colors indicated different risk groups. Each
number represented a cluster as shown in Figure 5. The dash line illustrated the 500-m buffer boundary for each cluster. Blue dots and light blue
circles, respectively, represent aquatic habitats and largewater ponds found fromonsatellite images. Thisfigureappears in color atwww.ajtmh.org.
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(Table 2).Weightednumbersof habitats andwater pondswere
among the top five most important factors (Table 2, Figure 6).
Although its importance value was low (2.6%), the number of
bed nets owned per household was among the important
factors affecting malaria transmission (Table 2). Risk factors
could be roughly divided into four groups (Table 2). The first
group, which accounted for 62.7% of total importance, was
directly linked tohabitats: distance to lake, number of habitats,
etc. (Table 2). The second group, comprising 17.3% of im-
portance, was associatedwith ground ponding: valley bottom
flatness, soilwater capacity, etc. (Table 2). The third groupwas
vegetation cover, indirectly linked to soilwetness,whichmade
up 15.3% of total importance (Table 2). Only about 5% of the
variable importance came from the number of bed nets owned
(2.6%) and February temperature (2.2%) (Table 2). February is
usually the hottest and driest month in the study area. Overall,
ground wetness and habitat abundance were the most im-
portant risk factors in the study area.

DISCUSSION

Malaria remains a public health threat, especially in sub-
Saharan Africa.1 Malaria risk factor assessment provides
useful information for malaria prevention and disease
management.11,21,32 Individual- and household-level risk as-
sessment provides crucial information for public awareness
andpersonal preventivemeasures.11,21,32 Village andarea risk
assessment provide critical information for next-level decision
making, that is, regional-scale intervention planning and
implementation.26,27 which is particularly important for guid-
ing governmentalmalaria control policy. In this study, we used
a multi-stage and multi-indicator approach to assess malaria
risks in an endemic area in western Kenya. We found that
altitude was the single most important risk factor and could
potentially be treated as a malaria transmission indicator.
When altitude was used as a malaria risk indicator, classifi-
cation of villages produced near perfect results; villages were

classified clearly into separate areas, which is beneficial for
intervention operational purposes at county or sub-county
level. Our results are supported by other studies, which have
found a distinct difference in malaria transmission between
lowlands and highlands.50,51 More importantly, the reclassi-
fication results are very similar to the current government
guidelines; that is, altitude is the decisive factor determining
endemicity and thus impacts intervention strategies.8,12,50

Factors related to larval habitats have high relative
importance. In addition to identifying altitude as the most
important risk factor,we found that thedistance to rivers/lakes
and (weighted) number of habitats accounted for 2/3 of all risk
once altitude was removed. In nearly all previous studies, only
the distance to the nearest habitats/river was used as a risk
factor25–27,29; the number of habitats was not considered. It’s
easy to understand the importance of the number of habitats:
more habitats can produce more mosquitoes. The weighted
number of habitats (including water ponds), which accounts
for the impact of distance on the likelihood of dispersal,
therefore provides a better measure of risk than distance
alone. Other important malaria risk factors include landscape
and topographic features, such as ground surface roughness
and vegetation cover, derived fromsatellite observations such
asNDVI andEVI in differentmonths. Almost all of these factors
relate to habitat formation and the ponding effect.52,53 Valley
bottom flatness and ground surface roughness determine
potential locations of ponds oncewater is available. Soil water
capacity determines the sustainability of aquatic habitats,
which in turn determines mosquito larval development.53

Normalized difference vegetation index and EVI are measures
of greenness or ground wetness and indicators of pre-
cipitation and potential habitat availability.54,55 The contribu-
tions of preventive measures and climatic factors are limited,
which is not surprising given the high temperatures and high
coverage of LLIN use in the study area. The study area has an
annual average temperature of 25�Cwith no clear cold period
except in the highlands, where temperatures are lower

TABLE 2
Risk factors and their relative importance, grouped by variable types

Variable type Variable (group)* Importance (%)

Hydrology and habitat Distance to lake 24.4
Distance to river 10.6
Weighted N. water ponds 9.2
Weighted N. habitats, dry season 8.6
Weighted N. habitats, rainy season 6.9
N. water ponds 3.0
Subtotal 62.7

Ground and soil property Ground surface roughness 7.9
Valley bottom flatness 5.0
Soil coarse fragments volumetric 2.7
Soil water capacity 1.7
Subtotal 17.3

Vegetation coverage EVI, February 1.2
EVI, May 3.7
EVI, December 3.3
NDVI, April 1.2
NDVI, May 1.3
NDVI, September 1.8
NDVI, October 2.8
Subtotal 15.3

Others No. of nets per household 2.6
Land surface temperature daytime, February 2.2

* EVI = enhanced vegetation index; NDVI = normalized difference vegetation index.
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because of high altitude. During this study, LLIN ownership
varied from 82% to 100% in different villages, and usage was
between 93% and 100%,18 so the overall effective coverage
(population usage) is between 75%and 100%,which is rather
high.56 Therefore, the effect onmalaria risk of not using LLIN is
relatively low.
A multi-indicator approach is important. All previous

studies have explored only one malaria transmission indicator
(e.g., parasite infection prevalence, confirmed malaria cases,
clinical positivity rates, or vector abundance).25–27,29 These are
malaria transmission indicators, but these indicators are affected
by climatic factors, which usually show strong seasonality. In
addition, different indicators are potentially affected by different
ecological factors. For example, vector adult density, which has
been evaluated in many studies,25 is affected by larval habitat
availability and productivity, whereas parasite infection is af-
fected by human behaviors such as the use of preventive
measures.14,57 Therefore, a combination of different trans-
mission indicatorsmayprovideabetter pictureof risk factorsand
reduced bias of using single indicator to assess risks.20–22,35,37

One way to combine multiple indicators is to create a
weighted integrated index.37 However, selection of weight for
each indicator is very subjective, which potentially brings
additional uncertainty. In this study, we used three indicators
with observations in different seasons and multivariate un-
supervised classification. Then,we analyzed risk factors using
multilevel logistic regression analysis based on the multino-
mial classification results. This is similar to the single indicator
cutoff method26,27; our study can better use the collected in-
tegrated information and reduces uncertainty due to the se-
lection of indicators. Although many previous studies have
surveyed multiple transmission indicators,25 our study pro-
vides a different approach to better use field survey data.
Risk factor dimension reduction is necessary. The con-

ventional method of risk analysis is to directly build a model
using transmission indicator survey results against climatic/
environmental and socioeconomic factors.27,29 There are
many potential risk factors, which may be linearly correlated.
For example, seasonal variation in vegetation (NDVI) is
strongly affected by precipitation (likely time-lagged), al-
though vegetation may change little when rainfall exceeds
threshold amounts, which is especially true in some extremely
wet areas.58,59 Using too many factors may lead to model
overfitting, and including correlated variables in a linear model
may produce biased results, thus increasing predictive
uncertainty.43,60–62 Carefully selected predictive variables are
especially important when using non-stepwise methods (e.g.,
non-stepwise linear regression), geographically weighted re-
gression, and certain machine learning methods such as
gradient-boosted regression (linear or logistic)47,60,62,63; these
are the methods frequently used for risk assessment
modeling.27,29 In our study, we used PCA before risk analysis
to reduce redundant variables.44 Indeed, in our risk model,
NDVI and EVI were important predictors of transmission in-
tensity, whereas the contribution of precipitationwasminimal.
Research impacts policy. The purpose of scientific re-

search is to inform policy, and in fact malaria control policy is
strongly influenced by research results.8,9,12,18 The purpose of
risk assessment is not only to identify the risk factors; here, we
went a step further by using risk factors to reclassify villages
into risk groups. This method may be called risk factor–
adjusted classification. The reclassification of villages clearly

provides a better risk map for operational purposes. None of
the previous risk assessment studies have included this
step.25–27 Other than altitude, which has been frequently used
as a key factor defining the malaria transmission intensity in
Kenya and elsewhere,8,12,18,25 we found that the (weighted)
number of habitats and related factors (e.g., distance to
nearest river/lake) accounted for 2/3 of malaria transmission
risk. This is another step not taken by most previous risk as-
sessment studies.25–27 Although the distance to the nearest
habitat is important, more habitats within and surrounding a
village will clearly increase the malaria risk in the village.64

Therefore, habitat management practices such as habitat re-
duction and larvicidingmaybean important supplement to the
current first-line vector control tools, that is, LLIN and
IRS.3,8,10,65

CONCLUSION

Malaria risk analysis is a useful way to informmalaria control
policies. This study used multi-indicators for the risk analysis
and provided additional information on the operational use of
risk assessment results. Policy-makers in malaria-endemic
countries should take into account health and environmental
factors on determining intervention strategies in areas with
different risks, as well as the cost-effectiveness in imple-
menting these strategies. This is especially important in LSM,
as larval source was one of the key transmission driving fac-
tors in this study.
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