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Spatial distribution and cluster
analysis of retail drug shop characteristics
and antimalarial behaviors as reported
by private medicine retailers in western Kenya:
informing future interventions
Andria Rusk1*, Linda Highfield1, J. Michael Wilkerson1, Melissa Harrell1, Andrew Obala2,3 and Benjamin Amick4,5

Abstract
Background: Efforts to improve malaria case management in sub-Saharan Africa have shifted focus to private antimalarial retailers to increase access to appropriate treatment. Demands to decrease intervention cost while increasing
efficacy requires interventions tailored to geographic regions with demonstrated need. Cluster analysis presents an
opportunity to meet this demand, but has not been applied to the retail sector or antimalarial retailer behaviors. This
research conducted cluster analysis on medicine retailer behaviors in Kenya, to improve malaria case management
and inform future interventions.
Methods: Ninety-seven surveys were collected from medicine retailers working in the Webuye Health and Demographic Surveillance Site. Survey items included retailer training, education, antimalarial drug knowledge, recommending behavior, sales, and shop characteristics, and were analyzed using Kulldorff’s spatial scan statistic. The Bernoulli purely spatial model for binomial data was used, comparing cases to controls. Statistical significance of found
clusters was tested with a likelihood ratio test, using the null hypothesis of no clustering, and a p value based on 999
Monte Carlo simulations. The null hypothesis was rejected with p values of 0.05 or less.
Results: A statistically significant cluster of fewer than expected pharmacy-trained retailers was found (RR = .09,
p = .001) when compared to the expected random distribution. Drug recommending behavior also yielded a
statistically significant cluster, with fewer than expected retailers recommending the correct antimalarial medication to adults (RR = .018, p = .01), and fewer than expected shops selling that medication more often than outdated
antimalarials when compared to random distribution (RR = 0.23, p = .007). All three of these clusters were co-located,
overlapping in the northwest of the study area.
Conclusion: Spatial clustering was found in the data. A concerning amount of correlation was found in one specific
region in the study area where multiple behaviors converged in space, highlighting a prime target for interventions.
These results also demonstrate the utility of applying geospatial methods in the study of medicine retailer behaviors,
making the case for expanding this approach to other regions.
Keywords: Cluster analysis, Antimalarial, Retail shops, Medicine outlets, Scan statistic, Geospatial
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Background
Seeking initial treatment for febrile illness from retail
drug outlets is a common practice in many regions where
malaria is endemic [1–6]. While efforts are being made to
ensure availability of effective firstline malaria treatments
in drug outlets, several studies have found private medicine retailers continue recommending, prescribing, and
dispensing outdated antimalarials [7–11]. Consequently,
many programs have been implemented to increase
medicine retailer knowledge and modify their practices
[12, 13]. The programs come at a high cost, and could be
more effective when efforts consider local environments
[14] and are adapted to the local context [15].
Geospatial analysis techniques, specifically cluster
analysis, can help improve effectiveness and adaptability
by identifying specific spatial areas where intervention is
most needed, and thus helping target financial resources.
While these methods have been used frequently to
detect malaria disease clusters [16–20], they have been
employed less frequently to study malaria-related behaviors [21, 22], and have not yet been expanded to explore
private medicine retailer behaviors.
The Affordable Medicines Facility—Malaria (AMFm)
program, which subsidized costly artemisinin-based
combination therapies (ACTs) to encourage their prescription and dispensation over cheaper but less effective
therapies for treating malaria, was recently transitioned
into the Global Fund’s existing core grant processes [23].
A change from subsidies to a co-payment mechanism
will require countries that had previously received subsidies through the AMFm program that reduced the cost of
ACTs, to now choose how much of their country’s budget
will be re-allocated from existing priorities to pick up the
cost of subsidizing these medications [24]. It is expected
that costs of ACTs will rise, and where cost plays a role
in which drugs are dispensed or purchased, will reduce
the use of ACTs and increase the use of monotherapies
or other less-effective medicines [24]. This, in combination with the $109 million spent in Kenya in 2009 on
malaria treatment and prevention in children alone [25],
has resulted in calls for innovative approaches to improve
private retailer services without posing significant financial challenges to local governments [26].
It is now more important than ever to be able to target interventions aimed at modifying medicine retailer
behavior toward recommending and dispensing effective
medications (and not recommending or dispensing ineffective medications). Discovering any spatial clustering of
private medicine retailer behaviors and other predictors
of appropriate dispensing behavior will provide critical
intelligence to target interventions, increase intervention
effectiveness, and reduce costs. The study objectives are
to describe spatial clustering of specific retail drug shop
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characteristics and medicine retailer knowledge and
behaviors that are related to appropriate malaria case
management.

Methods
Study area and sample

The data for the present study are from the Webuye
Health and Demographic Surveillance Site (WHDSS) in
the Bungoma district of Kenya’s Western Province [27].
The study area is home to roughly 80,000 residents [28],
and has a total area of 130 km [2] (50.2mi2) [29]. The
site sits at an elevation of 1523 m (4997ft) with a range
of 1477–1733 m [30], and lies at 0.617° latitude and
34.767° longitude [28]. A map of Kenya, with the Bungoma district that contains the study region set as an
inset, is available in Fig. 1. The region’s primary economy
is subsistence farming and a single local sugar-processing
plant. This area is endemic for malaria, and suffers from a
particularly high burden of malarial disease. A 1998 study
of western Kenya found P. falciparum parasites in 44 % of
asymptomatic children during the dry season, and 55.4 %
of children in the wet season [31]. A detailed description
of the WHDSS has been published previously [29].
The WHDSS area is largely rural with one small periurban center located just beyond the WHDSS boundary,
and includes one district hospital, one faith-based hospital, one health center, two medicine dispensaries, and
multiple businesses serving the private health sector. The
retail sector includes privately owned pharmacies, traditional healers, herbalists, chemists, agrovets that also
carry human medicines, and drug outlets.
These locations, referred to here as medicine retailers,
make up the study population and include all outlets that
are located up to or within 5 km of the WHDSS border
with the exception of the river-bound north-eastern border, to include the retailers that are accessible to those
living within the WHDSS. Locations that were included
were privately owned and carried any antimalarial medication. Exclusion criteria included those retailers that
sold only general goods, were public health facilities,
or refused to participate in the survey. A map of the
WHDSS, retail outlet locations, and major roadways can
be seen in Fig. 2.
Data collection

Each research team member was assigned to cover a
sub-section of the study area on motorbike. Team members began in the market center of their area and identified all medicine retailers in that area. The name and
GPS coordinates of each location were recorded. In each
retail drug shop, retailers were asked to identify any other
places to buy medicines nearby. This process of drug
shop identification continued until no new locations were
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Fig. 1 Map of Kenya, with the Bungoma district containing the study area inset

identified. Team members then visited each identified
location to administer a survey. The first respondent at
each shop completed the survey. A Garmin E-trex handheld GPS unit was used to map all the major roads, town
centers, and retail drug shop locations in the study area.
Measures

Meetings were held with prominent members of the
community, including chiefs, assistant chiefs, and village
elders to review survey objectives and seek their approval
prior to study commencement. These leaders circulated
study information to their communities. In addition, all
participants in the study gave verbal consent before participating in the survey.
The survey contained eighty items, all of which were pretested outside the study area. The survey items included
for analysis collected medicine retailer characteristics,
retailer behaviors, and retail drug shop characteristics that
related to malaria case management. These variables were
selected for exploration based on findings in the literature
that show these variables as significant predictors of access
to appropriate care for malaria [12, 14].
Fig. 2 Detailed map of the study area with shop locations. Adapted
from Smith et al. 2011 [50]

Medicine retailer characteristic measures

Retailer characteristics included health qualification, type
of health qualification, education level, and antimalarial
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drug knowledge. The health qualification data were captured with the question, “Do you have a health-related
qualification?” Recorded responses were “yes” (coding = 1), and “no” (coding = 0).
The type of health qualification variable was comprised
of a two-part question. Only those who answered in the
affirmative to the first question, “Do you have a healthrelated qualification?” were then asked the second question, “What is your type of qualification?” Open-ended
responses were categorized into “Pharmacist,” “Pharmacy technician,” “Pharmacy assistant,” “Medical Doctor,” “Nurse/Midwife,” “Clinical Officer,” and “Other.” For
the purposes of this research, responses were collapsed
into two categories, “Pharmacy-trained,” which included
all open-ended responses referencing any training in
pharmacy (coding = 1), and “Nurse/Midwifery-trained,”
which included all open-ended responses referencing any
training in nursing or midwifery (coding = 0).
The education variable was an open-ended question: “What is your education level?” Responses were
recorded, and categorized into “None,” “Some primary,”
“completed primary,” “complete secondary,” or “some or
completed above secondary.” For the purposes of this
research, the first four categories were collapsed into one
group; “Completed secondary or less” (coding = 0). The
last category remained the same: “Some or completed
above secondary” (coding = 1). This dichotomization
was employed because the health-related training needed
to operate a retail drug shop required at least a secondary
school education [32].
The last respondent characteristic variable on antimalarial drug knowledge was based on the open-ended
question, “What is the name of the malaria medication
recommended by the Ministry of Health to treat uncomplicated malaria?” Responses were categorized into
“ACT” or “Not ACT” according to the Ministry of Health
(MOH) guidelines of using ACTs as the firstline therapy
for treating uncomplicated malaria [33]. Because this
question was open-ended, any response that met the
MOH recommendations was included in the “ACT” category (coding = 1), including responses referring to Coartem, a brand name ACT medication, and Artemether
Lumefantrine, or AL, referring to the generic name for
Coartem. All other responses that did not reference an
ACT medication were classified into the “Not ACT” category (coding = 0).
Medicine retailer behavior measures

The medicine retailer behaviors included in the analysis
were recommending the correct antimalarial drug to a
child under the age of five, and recommending the correct antimalarial drug to adults. These were both based
on the open-ended questions “Which malaria medicine
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do you recommend most for children under 5 years of
age” and “Which malaria medicine do you recommend
most for adults,” respectively. Responses were classified
in the same manner as the above question on antimalarial
drug knowledge, into “ACT” and “Not ACT” categories,
using the same coding.
Retail drug shop characteristic measures

The last variables captured shop characteristics, including
whether a shop sold ACTs more than any other antimalarial, and whether the shop offered diagnostic services.
The first of these was captured with an open-ended question, “Even if it is currently out of stock, which malaria
medicine is most sold in your shop?” These responses
were classified using the same approach as the above
question on antimalarial drug knowledge, into “ACT” and
“Not ACT” categories, using the same coding.
Offering diagnostic services was determined with two
open-ended questions: “Do you ever provide microscopic
testing on the premises” and “Do you ever sell Rapid
Diagnostic Testing kits?” If a response was affirmative to
either question, that response was classified as “Offers
diagnostic testing” (coding = 1). If a response was negative to both questions, that response was classified as
“Does not offer diagnostic testing” (coding = 0).
Data entry and analysis

Microsoft Access was used to record all data that was collected from the survey, which were double entered and
confirmed. Discrepancies were resolved by consulting
the original hard copy survey forms. Variables from the
survey included in this study were coded and imported
into Stata v11 [34]. After coding, variables were exported
from Stata and imported into Kulldorff ’s SaTScan program version 9.3.1 [35, 36].
Kulldorff ’s spatial scan statistic was used due to its wide
application in public health [37], and malaria research
[16–18, 20]. The Bernoulli purely spatial model for binomial data was used, which compares cases to controls.
Cases are defined as those responses coded as a “1.” Controls are those responses coded as a “0” [38, 39]. The scan
statistic allows for the detection of clustering of cases
within a circular window that differs significantly from
the expected random distribution, yielding the window
(or windows) with the highest value. SaTScan tests the
hypothesis of detecting statistically significant clusters
against the null hypothesis of no significant clusters.
SaTScan tests this hypothesis by creating a series of circular windows over the study area, evaluating each one
as a possible cluster. The window with the highest likelihood of being a cluster is assigned a p value adjusted
for multiple testing [40]. The spatial scan is set to detect
higher rates of the variable of interest, called “hot spots”,
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where there are more cases found within the cluster than
would be expected, as well as lower rates, called “cold
spots,” where there are fewer cases found than would be
expected, determined using an alpha of 0.05. Statistical
significance of clusters is tested with a likelihood ratio
test, using the null hypothesis of no clustering (random
distribution), and a p value based on 999 Monte Carlo
simulations [40]. The null hypothesis was rejected with p
values of 0.05 or less.
Clustering was tested for all variables at both high and
low rates. Only the low rates were reported here, because
it is the low rates of key behaviors that are most appropriate for informing interventions. Also, since all included
variables were binary, the results for low rate clusters
were the inverse of the results for high rates of that same
variable, so reporting both was deemed unnecessary.
The default setting of SaTScan for the maximum window size is no more than 50 % of the study population.
This parameter can be modified by the user, yet no guidance is given within the program manual recommending any criteria to be used to inform this selection. The
need for guiding principles to help choose an appropriate
maximum window size has been the discussion of past
methodological papers [37, 41]. Since this area is heterogeneous on a large scale, with varying population density around market centers and peri-urban regions, but
homogenous on a smaller scale when focused on a specific sub-region, it is important that detection efforts are
flexible, and are able to detect effects on multiple scales.
For the purposes of this research, variable clusters were
run on maximum window sizes from 50 to 15 %, using
increments of 5 %. Stability of the significant cluster was
determined by comparing the results of each run, and
was defined by the primary cluster maintaining size and
space over repeated scans [37]. Only the primary significant clusters were reported as the software did not identify any statistically significant secondary clusters that did
not overlap with primary clusters [42].
With one exception, all clustering of individual-level
variables were reported at the 25 % maximum window
size. This scan parameter was selected for the purposes
of informing interventions, and because the primary
SaTScan cluster for these variables did not change size
or space for any intervals of 5 % between 50 and 15 %
maximum window size. Additionally, the stability of
these clusters lends reliability to the selection of a scan
at any interval [37]. The one exception is with low rates
of nursing or midwifery-trained retailers compared to
pharmacy-trained retailers. This variable was reported at
the 20 % maximum window size.
All clusters of shop-level variables, whether the sold
ACTs more than any other antimalarial and whether they
ever offered diagnostic testing, were reported at the 50 %
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maximum window size. This size was chosen because
these two variables had low numbers of cases in their
clusters. This maximum window size was selected both
to retain power, and to best inform interventions by capturing more cases.
For each variable analyzed, the location of the statistically significant cluster was reported, along with
the observed number of cases within the cluster, and
the expected number of cases within that cluster. Also
reported were the relative risks for each variable cluster,
where the numerator was the risk of being a case within
the cluster, and the denominator was the risk of being a
case outside the cluster. It was calculated as the observed
cases divided by the expected cases within the cluster
divided by the observed cases divided by the expected
cases outside the cluster [43]. Where there were zero
cases within a cluster, the relative risk will always be zero.
These were also reported.
Ethics

The data used in this study, and the research effort that
led to its collection, was reviewed and approved by the
Moi University Institutional Research and Ethics Committee (Reference# IREC/2008/05). This research was
reviewed, approved, and deemed exempt from The University of Texas Health Science Center at Houston Committee for the Protection of Human Subjects (Reference#
HSC-SPH-14-1035). All medicine retailers included in
the study gave verbal consent prior to participating in the
survey.

Results
Medicine retailers from 97 distinct outlets participated
in the survey. Four observations were excluded from the
analysis because GIS coordinates were not recorded for
those surveys. Two additional observations were dropped
from the analysis because the latitude and longitude were
recorded incorrectly (recording points over the Indian
Ocean), and because the intended coordinates could
not be known, they were excluded. Of the 91 medicine
retailers included in the analysis, 70 were women, 12 had
no health-related training, 31 had no education beyond
secondary school, and roughly half were the shop owner.
Medicine retailer characteristics are summarized in
Table 1. Retail drug shops had anywhere from one to six
employees, with a mean of 1.5. Nine percent of shops had
ever offered microscopic testing, and only 2 % had ever
offered rapid diagnostic testing. Retail drug shop characteristics are summarized in Table 2.
Distribution of spatial clustering

Of the nine variables included in the analysis, seven of
them yielded statistically significant clusters. The two
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Table 1 Medicine retailer characteristics
N = 91

%

n = 34

37

n=7

8

n = 70

77

n = 31

34

n = 60

66

n = 37

41

Age
Under 30
30–50
Over 50
Missing
Female ratio
Education
Secondary school or less
More than secondary school
Training
Pharmacy trained
Nursing/midwifery trained
Untrained
Years worked in the shop
1 year or less
1–5 years
5–10 years
10+ years
Facility owner
Yes
No

n = 49

54

n=1

1

n = 42

46

n = 12

13

n = 32

35

n = 14

15

n = 38

42

n=7

8

n = 46

51

n = 45

49

Table 2 Retail drug shop characteristics
N = 91
Number of staff—Mean (min–max)

1.49 (1–6)

Number who dispense—Mean (min–max)

1.22 (1–2)

%

Ever outage of antimalarials
Yes
No
Ever offered microscopic testing
Yes
No
Ever offered rapid diagnostic testing
Yes
No

n = 40

44

n = 51

56

n=8

9

n = 83

91

n=2

2

n = 89

98

variables that did not show statistically significant clustering were having any health-related training and recommending appropriate malaria treatment to children.
The cluster analysis of all variables are summarized in
Table 3.
Medicine retailer characteristics

Statistically significant clusters were found for the following medicine retailer characteristics: education, type
of health training (whether in pharmacy or nursing/midwifery), and antimalarial drug knowledge (or, correctly

identifying ACTs as the recommended antimalarial therapy). Only one of these four, education, was clustered in
the south of the study area. The remaining three were
clustered in the northwest of the study area. Also, only
one of the four, having nursing/midwifery health training, was clustered in the peri-urban center of Webuye
Town. The remaining variables clustered in non-urban
areas. Please see Fig. 3 for a geographic representation of
the location for each statistically significant cluster.
Medicine retailer education The education cluster compared those retailers who reported an education beyond
secondary school to those who stopped at secondary
school. The statistically significant cluster contained
zero cases, but had an expected 8.57 cases (RR = 0.00,
p < .001). This region of the study area had far fewer
retailers with above a secondary education than was
expected given the distribution of education across the
rest of the study area.
Medicine retailer health‑related training The pharmacy-trained cluster compared those with training in
pharmacy to those with training in nursing or midwifery.
This “cold spot” cluster was located in the northwest of
the study area, and was also off the major roadways. The
statistically significant cluster contained 1 case (or retailer
trained in pharmacy), to an expected 8.9 cases (RR = .09,
p = .001). Working in a shop within that cluster reduced
the likelihood of being trained in pharmacy by 91 %, also
indicating a higher-than expected concentration of nursing/midwifery-trained retailers.
The nursing/midwifery-trained cluster compared those
with training in nursing/midwifery to those with training
in pharmacy. The statistically significant cluster had zero
cases, to an expected 4.25 (RR = 0.0, p = .053), indicating
there were fewer than expected nursing-trained retailers
working in Webuye Town. This was the only variable that
clustered in the peri-urban area.
This was also the only retailer-level variable not
reported at the 25 % maximum window size. These
results are for the 20 % maximum window size. When
windows of larger sizes were scanned, the results lost statistical significance.
Antimalarial drug knowledge The malaria drug knowledge cluster, which found lower rates than expected of
medicine retailers who correctly identified the MOH-recommended antimalarial for uncomplicated malaria compared to those who could, contained zero cases compared
to an expected 4.4 cases based on simulations (RR = 0.00,
p = .025). This cluster was also in the northwest of the
study area, and overlaps considerably with the cluster of
nursing/midwifery-trained retailers.
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Table 3 Results of the cluster analysis
Retail drug shop characteristics

High rate or
low rate

No. of cases
in cluster

No. of expected
cases

No. of controls
in cluster

Log likelihood
ratio

Relative
risk

p value

Sells ACTs more than any other
antimalarial

Low

4

12.54

28

8.24

0.23

.007*

Offers diagnostic testing (MST or RDT) Low

0

4.45

45

6.62

0

.014*

0

8.57

13

16.24

0

<.001*

Medicine retailer characteristics
Has more than a secondary school
education

Low

Has health-related training

Low

0

1.74

2

Is trained in pharmacy, rather than
nursing/midwifery

Low

1

8.9

22

Is trained in nursing/midwifery
rather than pharmacy

Low

0

4.25

8

Did identify ACTs as the MOH-recommended firstline antimalarial
for non-complicated malaria

Low

0

4.4

Would recommend appropriate
malaria treatment for children
under 5

Low

2

Would recommend appropriate
malaria treatment for adults

Low

2

4.21

0

.352

0.09

.001*

6.58

2.45

.053*

7

7.46

0

.025*

5.86

11

2.98

0.31

.877

9.34

15

8.5

0.18

.010*

10.3

Medicine retailer behaviors

* Statistical significance at p < 0.05

Medicine retailer behaviors

Recommending correct treatment to adults The only
retailer behavior variable that had a statistically significant
cluster was recommending the correct antimalarial treatment to adults. This cluster found lower than expected
rates of retailers who would recommend correct antimalarial treatment to adults, with only 2 cases inside the
cluster out of an expected 9.34. Working in a shop inside
this cluster increased your “risk” of recommending inappropriate treatment to adults by 82 % (RR = 0.18, p = .01).
This cluster was located in the northwest of the study area,
overlapping with low rates of knowing the correct antimalarial therapy, and low rates of having training in pharmacy.
Retail drug shop characteristics Cluster analyses also
revealed statistically significant clusters for low rates in
both shop-level variables: whether a shop offered diagnostic testing, and whether a shop sold ACTs more than
any other antimalarial. As described, both of these clusters are reported at the 50 % maximum window size to
retain power and intervention utility.
Offered diagnostic testing Lower than expected rates
of offering diagnostic testing were found to be geospatially clustered in the study area. This cluster contained
zero observed cases, but 4.45 expected cases (RR = 0.00,
p = .014). This was the only cluster that included both
peri-urban and rural shop locations.

Sold ACTs more than other antimalarials The second
shop level variable of selling ACTs more than other antimalarials was found to cluster across space. This cluster
contained four observed cases, but 12.54 expected cases
(RR = 0.23, p = .007). The “risk” of selling a non-recommended antimalarial more than any other increased by
77 % within this cluster. The geographic location of this
cluster reveals considerable overlap with having a nursing/midwifery-training, and with not recommending
appropriate malaria treatment to adults.
Even though this cluster was also reported at the 50 %
maximum window size, selection of the appropriate scan
size proved difficult in this case. This variable had two
statistically significant clusters at all intervals between 50
and 30 %, but the primary cluster changed size and location as the window size was reduced. Once the 20 % scan
was reached, the two clusters collapsed into one, and this
single cluster remained statistically significant down to
a window size of 15 %. Figure 4 depicts the movement
of the primary cluster across each scan window, and its
eventual joining with the secondary cluster at the 20 %
window size.
As the primary cluster moved across space, the p values did change slightly with each change in geographic
location of the cluster. However, statistical significance
was retained across all clusters. The reported relative risk
and p value at the 50 % maximum window size remain
unchanged at 45 %. At 35 %, the relative risk drops to
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Fig. 3 Geographic position of statistically significant clusters for low rates of included variables

0.22 and the p value increases to 0.018. Table 4 summarizes the results of the cluster analysis for this variable at
each maximum window size, and includes comparisons
of the relative risk, p value, and changes to expected and
observed numbers of cases within each cluster.

Discussion
The results of these analyses identified statistically significant clusters of key medicine retailer characteristics,
behaviors, and retail drug shop characteristics that have
been found to be predictive of antimalarial dispensing
behaviors and access to appropriate malaria case management in past research [12, 14]. The results confirm
the presence of spatial heterogeneity in these data. These
findings can be used to inform interventions aimed at
improving medicine retailer behaviors and malaria case
management by enabling geographic targeting of a specific behavior requiring modification, rather than delivering multi-component interventions across the entire
study area.

There was a statistically significant cluster of medicine
retailers without a post-secondary education working
in shops in the south of the study area, in the sub-locations of Makala and Milo. Agencies and others designing
educational interventions for this region should consider targeting their efforts in these geographic areas, as
they appear to contain most of the educational gap in
this population. A surprising finding in regards to the
education attained by medicine retailers is that there
is no overlap between this and the geographic clusters
of other variables. It is possible that education is not
strongly associated with the included antimalarial behaviors, or that these relationships are not geospatial. Past
research in this study area [7] did not find education to
be a statistically significant predictor of antimalarial drug
knowledge. However, for other intervention goals where
education is a key predictor, those intervention efforts
now have a clear geographic place to target their efforts.
While education was found to cluster in isolation
from the other variables, an unexpected measure of
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Fig. 4 Cluster analysis results of varying intervals of maximum window sizes for single variable: Shop selling ACTs more than any other antimalarial

correspondence was discovered in the remaining variables. Low rates of pharmacy-trained retailers overlapped with 100 % of the shop locations in the cluster
of low rates of selling ACTs more than any other antimalarial. Also overlapping with these two clusters are
the clusters of low rates of recommending the correct
antimalarial treatment to adults, and low rates of knowing the correct antimalarial drug. These four variables
have statistically significant clusters that all overlap with
one another. This finding provides valuable information
to interventionists because it explicates what behaviors should be targeted, and delivers a precise location
where those programs are the most needed and would
be of the most use.
With the concordance between the geospatial clustering of these variables, it is even more meaningful that
the statistically significant cluster of low rates of nursing/midwifery-trained staff is entirely outside the region,
and geospatial centered over the peri-urban center of
Webuye Town. Here, lower than expected rates of nursing/midwifery-trained staff (which corresponds to higher

than expected rates of pharmacy-trained staff ) are not
spatially co-located with the low rates of any other behaviors. While past research found pharmacy-trained staff to
be more likely to know the correct antimalarial medication than untrained staff [7], it is not known if they are
also more likely to have this knowledge, and to dispense
accordingly, when compared to nursing or midwiferytrained staff. This is an issue that may have considerable implication on medicine retailer training programs
and retail drug shop regulations, and requires further
research.
Most clusters examined in the analyses are geographically centered away from major roadways. Clusters of low
rates of education, appropriate treatment of adults, pharmacy-trained staff, and selling ACTs are positioned off
major roads, and do not include shops situated on local
highways or primary transportation routes. This posits
that knowledge and training might have reached shops
located on roadways better than shops in the interior, and
that interventionists may need to apply more effort into
infiltrating rural areas.
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Table 4 Results of cluster analysis at 5 % maximum window size intervals
Maximum
window

Size significant Relative risk Log likelihood
cluster order
ratio

p value No. of cases
in cluster

No. of expected No. of controls Radius of cluscases
in cluster
ter

50

Primary

0.32

8.24

0.007

4

12.54

32

50

Secondary

0

6.85

0.038

0

4.85

12

4.37

45

Primary

0.23

8.24

0.007

4

12.54

32

7.97

45

Secondary

0

6.85

0.038

0

4.85

12

4.37

40

Primary

0.23

8.24

0.006

4

12.54

32

7.97

40

Secondary

0

6.85

0.036

0

4.85

12

4.37

35

Primary

0.22

7.16

0.018

3

10.51

27

6.86

35

Second

0

6.85

0.033

0

4.85

12

4.37

30

Primary

0.22

7.16

0.017

3

10.51

27

6.86

30

Secondary

0

6.85

0.031

0

4.85

12

4.37

25

Primary

0.11

6.99

0.018

1

7.28

19

5.78

25

Secondary

0

6.85

0.031

0

4.85

12

4.37

20a

Primary

0

6.85

0.02

0

4.85

12

4.37

15

Primary

0

6.85

0.02

0

4.85

12

4.37

7.97

Italicized areas are clusters shown in Fig. 2
a

The primary cluster at 20 % is the same size and location of the secondary cluster for 50–25 %

An urban/rural disparity is also evident in the results,
with most clusters centered in the rural regions. The
rural area of this study region had lower rates of retailers with pharmacy training, with a post-secondary school
education, retailers who knew the MOH-recommended
antimalarial, who would recommend that drug to adult
patients, and who sold that drug more than other lesseffective antimalarials. The urban part of the study region
had higher rates of pharmacy-trained staff. This urban/
rural variation is consistent with results from several
other studies [10, 44–46], which found disparities in
access to antimalarials and behavior of shop retailers
between urban and rural shop locations.
A systematic review conducted by Wafula and colleagues [10] found that shops in urban locations are more
likely to administer correct treatments, more likely to
offer better services, and more likely to administer appropriate treatment than rural shops. Several other studies
in sub-Saharan Africa have found that medicine retailers working in rural shop locations were more likely to
dispense and stock medications according to customer
demands rather than guidelines, were more likely to
charge less for those medications, and were more likely
to work in a drug shop rather than a pharmacy [47–49].
Urban locations were more likely to stock prescriptiononly drugs, were more likely to have antimalarial drugs
on-hand, and were more likely to be co-located with a
higher concentration of other healthcare facilities.
While the findings of this study affirm those of past
research that urban/rural variation exists in medicine
retailer behaviors and characteristics, they go beyond

general rural and urban differences. They identify precisely where in the study area additional training is
needed, and on specifically which behaviors. The urban/
rural difference in these data is better contextualized by
the spatially distributed clusters of characteristics and
behaviors afforded by geospatial analysis.
Geospatial methods have been successfully employed
in past research to identify geographic targets for interventions [40, 47–49], providing investigators with helpful
information regarding where their interventions are most
needed. While these activities are clear examples of the
utility spatial analysis can have for intervention development, their use in the developing world, arguably where
they could be most beneficial, is limited. These findings,
and the foundation of applying geospatial methods to
intervention development, encourage the expansion of
this methodology into new fields. Additionally, the availability of the software used in this research, Kulldorff ’s
SaTScan program, is available for use without license
cost, increases access to cluster analysis and expands its
utility.
The results of this study provide insight that helps complete a more complete picture of medicine retailer behaviors related to appropriate malaria care, enabling efficient
spatial targeting of training and intervention efforts
aimed at increasing access to appropriate antimalarial
medication and improving malaria case management.
Knowing the geographic location of these “hot-spots” is
critical to reducing the burden of malaria in this community. Given the new policy environment affecting available funds to support antimalarial access in the retail
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sector in Kenya, any opportunities to conserve funds
through increased intervention efficiency are welcome
discoveries.

Conclusion
Malaria control and intervention efforts are costly, with
the people of Kenya spending $109 million by the household and the health sector, on treating and preventing
malaria in children alone [25]. Now more than ever, finding ways to make the most of money spent on interventions is critical. Using geospatial methods, such as cluster
analysis, can provide valuable information to intervention developers, helping them target their programs,
cover smaller areas, use fewer resources, and address
key behaviors. Before embarking on costly programs,
researchers should consider the utility of geospatial analytical techniques to help focus their efforts.
The building of geospatial databases can help facilitate
future geospatial analysis studies by providing coordinates for key locations and variables of interest. Kenya’s
demographic surveillance system undertakes a growing number of regularly administered surveys [29] that
incorporate GIS data. The data collection efforts within
the WHDSS serve as a role model to other regions looking to expand their own databases and opportunities for
geospatial research.
Considering the exploratory nature of this study and
the small geographic size of the study area, additional
geospatial studies are needed, preferably with larger data
sets, to investigate opportunities to incorporate geospatial relationships into intervention planning. Comparison studies should be made with those interventions that
incorporate geospatial feedback for targeting, and those
that do not.
The findings of this study provide insight into the true
picture of medicine retailer behaviors in identifying specific areas where these behaviors need to be modified to
best assure appropriate malaria case management. These
results are actionable, and should be considered prior to
the implementation of programs directed at these behaviors. While there has yet to be discovered a “silver bullet”
to eradicate malaria, the employ of geospatial techniques
may well provide a target.
Authors’ contributions
AR performed data analysis and drafted the manuscript. LH contributed to the
data analysis plan, and provided revisions to the manuscript. JMW, MS, and BA
provided revisions to the manuscript. AO participated in developing the data
collection tool. All the authors read and approved the final manuscript.
Author details
1
The University of Texas School of Public Health, Pressler Dr, Houston, TX,
USA. 2 Moi University School of Medicine, Nandi Rd, Eldoret, Kenya. 3 Webuye
Demographic Surveillance Site Scientific Steering Committee, Eldoret,
Kenya. 4 Department of Health Policy and Management, Florida International

Page 11 of 12

University, Robert Stempel College of Public Health and Social Work, Miami,
FL, USA. 5 Institute for Work and Health, Toronto, Canada.
Acknowledgements
The authors would like to acknowledge all the individuals who participated
in the original survey, including Dr. Wendy O’Meara and Nathan Smith, and all
investigators and study staff who supported and carried out the original study.
Particular appreciation goes to all researchers expanding the field of malaria
study in the private retail sector whose efforts have seminally contributed to
this work. Special thanks also go to the faculty and staff of Moi University, The
University of Texas School of Public Health, Duke University, and the WHDSS.
Competing interests
The authors declare that they have no competing interests.
Received: 1 October 2015 Accepted: 8 February 2016

References
1. Chuma J, Abuya T, Memusi D, Juma E, Akhwale W, Ntwiga J, Nyandigisi A,
Tetteh G, Shretta R, Amin A. Reviewing the literature on access to prompt
and effective malaria treatment in Kenya: implications for meeting the
Abuja targets. Malar J. 2009;8:243.
2. Chuma J, Okungu V, Molyneux C. Barriers to prompt and effective malaria
treatment among the poorest population in Kenya. Malar J. 2010;9:144.
3. Okeke TA, Uzochukwu SC. Improving childhood malaria treatment and
referral practices by training patent medicine vendors in rural south-east
Nigeria. Malar J. 2009;8:260.
4. Burton DC, Flannery B, Onyango B, Larson C, Alaii J, Zhang X, Hamel
MJ, Breiman RF, Feikin DR. Healthcare-seeking behavior for common
infectious disease-related illnesses in rural Kenya: a community-based
house-to-house survey. J Health Popul Nutr. 2011;1:61–70.
5. Guyatt HL, Snow RW. The management of fevers in Kenyan children and
adults in an area of seasonal malaria transmission. Trans R Soc Trop Med
Hyg. 2004;98(2):111–5.
6. Sumba PO, Wong SL, Kanzaria HK, Johnson KA, John CC. Malaria
treatment-seeking behavior and recovery from malaria in a highland area
of Kenya. Malar J. 2008;7:245.
7. Rusk AE, Smith N, Menya D, Obala A, Simiyu C, Khwa-Otsyula B, O’Meara
WP. Does anti-malarial drug knowledge predict anti-malarial dispensing
practice in drug outlets? A survey of medicine retailers in western Kenya.
Malar J. 2011;11:263.
8. Hetzel M. Malaria treatment in the retail sector: knowledge and practices
of drug sellers in rural Tanzania. BMC Pub Health. 2008;8:157.
9. Abuya T, et al. Impact of ministry of health interventions on private
medicine retailer knowledge and practices on anti-malarial treatment in
Kenya. Am J Trop Med Hyg. 2009;80(6):905–13.
10. Wafula FN, Miriti EM, Goodman CA. Examining characteristics, knowledge
and regulatory practices of specialized drug shops in Sub-Saharan Africa:
a systematic review of the literature. BMC Health Serv Res. 2012;12:223.
11. Sudhinaraset M, Ingram M, Lofthouse HK, Montagu D. What is the role
of informal healthcare providers in developing countries? A systematic
review. PLoS One. 2013;8(2).
12. Wafula FN, Goodman CA. Are interventions for improving the quality of
services provided by specialized drug shops effective in sub-Saharan
Africa? A systematic review of the literature. Int J Qual Health Care.
2010;22(4):316–23.
13. Abuya TO, Fegan G, Amin AA, Akhwale WS, Noor AM, Snow RW, Marsh V.
Evaluating different dimensions of programme effectiveness for private
medicine retailer malaria control interventions in Kenya. PLoS One.
2010;5(1). doi:10.1371/journal.pone.0008937.
14. Goodman CA, Brieger W, Unwin A, Mills A, Meek S, Greer G. Medicine
sellers and malaria treatment in sub-Saharan Africa: what do they
do and how can their practice be improved. Am J Trop Med Hyg.
2007;77(6):203–18.
15. Abuya T, Amin A, Molyneux S, Akhwale W, Marsh V, Gilson L. Importance
of strategic management in the implementation of private medicine

Rusk et al. Int J Health Geogr (2016) 15:9

16.

17.

18.
19.
20.

21.
22.

23.

24.
25.
26.
27.

28.

29.

30.
31.

retailer programmes: case studies from three districts in Kenya. BMC
Health Serv Res. 2010;10(Suppl 1):S7.
Brooker S, Clarke S, Njagi JK, Polack S, Mugo B, Estambale B, Muchiri E,
Magnussen P, Cox J. Spatial clustering of malaria and associated risk factors during an epidemic in a highland area of western Kenya. Trop Med
Int Health. 2004;9(7):757–66.
Coleman M, Coleman M, Mabuza AM, Kok G, Coetzee M, Durrheim DN.
Using the SaTScan method to detect local malaria clusters
for guiding malaria control programmes. Malar J. 2010;8(68).
doi:10.1186/1475-2875-8-68.
Alemu K, Worku A, Berhane Y, Kumie A. Spatiotemporal clusters of
malaria cases at village level, northwest Ethiopia. Malar J. 2014;13(223).
doi:10.1186/1475-2875-13-223.
Winskill P, Rowland M, Mtove G, Malima RC, Kirby MJ. Malaria risk factors
in north-east Tanzania.Malar J. 2011;10(98). doi:10.1186/1475-2875-10-98.
Ndiath M, Faye B, Cisse B, Ndiaye JL, Gomis JF, Dia AT, Gaye O. Identifying malaria hotspots in Keur Soce health and demographic surveillance site in context of low transmission. Malar J. 2014;13(453).
doi:10.1186/1475-2875-13-453.
O’Meara WP, Smith N, Ekal E, Cole D, Ndege S. Spatial distribution of bednet coverage under routine distribution through the public health sector
in a rural district in Kenya. PLoS One. 2011;6(10).
Giardina F, Kasasa S, Sie A, Utzinger J, Tanner M, Vounatsou P. Effects of
vector-control interventions on changes in risk of malaria parasitaemia in
sub-Saharan Africa: a spatial and temporal analysis. Lancet Glob Health.
2014;2(10): e601–e615.
Hurst A. Board approves integration of AMFm into core Global Fund grant
processes. 2012; www.theglobalfund.org Retrieved from http://www.
theglobalfund.org/en/mediacenter/newsreleases/2012-11-15_Board_
Approves_Integration_of_AMFm_into_Core_Global_Fund_Grant_Processes/ on February 3, 2015.
Arrow KJ, Danzon PM, Gelband H, Jamison D, Laxminarayan R, Mills A,
Germano M, Panosian C, Peto R, White NJ. The Affordable Medicines Facility—malaria: killing it slowly. Lancet. 2012;380(9857):1889–90.
Sicuri E, Vieta A, Lindner L, Constenla D, Sauboin C. The economic costs of
malaria in children in three sub-Saharan countries: Ghana, Tanzania, and
Kenya. Malar J. 2013;12(307). doi:10.1186/1475-2875-12-307.
Tavrow P, Shabahang J, Makama S. Vendor-to-vendor education to
improve malaria treatment by private drug outlets in Bungoma District,
Kenya. Malar J. 2003;2(10). doi:10.1186/1475-2875-2-10.
O’Meara WP, Obala A, Thirumurthy H, & Khwa-Otsyula B. The association between price, competition, and demand factors on private sector
anti-malarial stocking and sales in western Kenya: considerations for the
AMFm subsidy. Malar J. 2013;12(186). doi:10.1186/1475-2875-12-186.
Obala A, Simiyu CJ, Odhiambo DO, Naanyu V, Chege P, Downing R,
Mwaliko E, Mwangi AW, Menya D, Chelagat D, Nyamogoba HDN, Ayuo
PO, O’Meara WP, Twagirumukiza M, Vandenbroek D, Otsyula BBO, de
Maeseneer J. Webuye Health and Demographic Surveillance Systems
Baseline Survey of Soil-Transmitted Helminths and Intestinal Protozoa among Children up to Five Years. J Trop Med. 2013;2013:734562.
doi:10.1155/2013/734562.
Simiyu CJ, Naanyu V, Obala AA, Odhiambo DO, Ayuo P, Chelagat D, Downing R, Menya D, Mwaliko E, O’Meara WP, Were EO, Shitote S, de Maeseneer
J, & Khwa-Otsyula BO. Establishing Webuye Health and Demographic
Surveillance Site in rural western Kenya: challenges and lessons learned.
Princeton. 2013. Retrieved from princeton.edu: http://paa2013.princeton.
edu/papers/131997.
OpenStreetMap. Elevation of Webuye. Kenya Elevation Map. Retrieved
from http://www.floodmap.net/elevation/ElevationMap/?gi=178202.
Shililu JI, Maier WA, Seitz HM, Orago AS. Seasonal density, sporozoite rates
and entomological inoculation rates of Anopheles gambiae and Anopheles

Page 12 of 12

32.
33.
34.
35.
36.
37.

38.
39.
40.
41.

42.
43.
44.
45.
46.

47.
48.
49.
50.

funestus in a high-altitude sugarcane growing zone in western Kenya.
Trop Med Int Health. 1998;3:706–10.
Laws of Kenya. The Pharmacy and Poisons Act, Revised Edition. National
Council for Law Reporting with the Authority of the Attorney General
2009, Chapter 244, p 9.
Ministry of Health, Republic of Kenya. MoH National symposium on next
anti-malaria treatment policy in Kenya. Ministry of Health, Republic of
Kenya, Naivasha. 5–6th April 2004, pp 1–29.
StataCorp. Stata Statistical Software: Release 11. College Station: StataCorp LP; 2009.
Kulldorff M. A spatial scan statistic. Commun Stat Theory Methods.
1997;26(6):1481–96.
Kulldorff M, Nagarwalla N. Spatial disease clusters: detection and inference. Stat Med. 1995;14(8):799–810.
Sherman RL, Henry KA, Tannenbaum SL, Feaster DJ, Kobetz E, Lee DJ.
Applying spatial analysis tools in public health: an example using SaTScan
to detect geographic targets for colorectal cancer screening interventions. Prev Chronic Dis. 2014;11:130264. doi:10.5888/pcd11.130264.
Kulldorff M, Athas WF, Feurer EJ, Miller BA, Key CR. Evaluating cluster
alarms: a space-time scan statistic and brain cancer in Los Alamos, New
Mexico. Am J Public Health. 1998;88:1377–80.
Kulldorff M, Hefferman R, Hartman J, Assuncao R, Mostashari F. A spacetime permutation scan statistic for disease outbreak detection. PLoS Med.
2005;2:e59.
Waller LA. Spatial epidemiology. Emory University 2006. Retrieved
from http://www.sph.emory.edu/departments/bios/documents/techdocs1/2006/Tech_Report_06-15.pdf.
Chen J, Roth RE, Naito AT, Lengerich EJ, MacEachren AM. Geovisual analytics to enhance spatial scan statistic interpretation: an
analysis of U.S. cervical cancer mortality. Int J Health Geogr. 2008;7:57.
doi:10.1186/1476-072X-7-57.
Westercamp N, Moses S, Agot K, et al. Spatial distribution and cluster
analysis of sexual risk behaviors reported by young men in Kisumu,
Kenya. Int J Health Geogr. 2010;9:24. doi:10.1186/1476-072X-9-24.
Kulldorff M. SaTScan user guide for version 9.4. 2015. Retrieved from
www.satscan.org. http://www.satscan.org/cgi-bin/satscan/register.pl/
SaTScan_Users_Guide.pdf?todo=process_userguide_download.
Brieger WR, Osamor PE, Salami KK, Oladepo O, Otusanya SA. Interactions
between patent medicine vendors and customers in urban and rural
Nigeria. Health Pol Plan. 2004;19(3):177–182.
Molyneux CS, Mung’ala-Odera V, Harpham V, Snow RW. Maternal
responses to childhood fevers: a comparison of rural and urban residents
in coastal Kenya. Trop Med Int Health. 1999;4(12):836–45.
Davis B, Ladner J, Sams K, Tekinturhan E, de Korte D, Saba J. Artemisinin-based combination therapy availability and use in the
private sector of five AMFm phase 1 countries. Malar J. 2013;12(135).
doi:10.1186/1475-2875-12-135.
South AP, Jones DE, Hall ES, Huo S, Meinzen-Derr J, Liu L, Greenberg JM.
Spatial analysis of preterm birth demonstrates opportunities for targeted
intervention. Mat Child Health J. 2011;16(2):470–8.
Law DC, Serre ML, Christakos G, Leone PA, Miller WC. Spatial analysis and
mapping of sexually transmitted diseases to optimize intervention and
prevention strategies. Sex Transm Infect. 2004;80(4):294–9.
Gesink DC, Sullivan AB, Norwood T, Serre ML, Miller WC. Does core
area theory apply to STIs in rural environments? Sex Transm Dis.
2013;40(1):32–40.
Smith N, Obala A, Simiyu C, Menya D, Khwa-Otsyula B, O’Meara WP.
Accessibility, availability, and affordability of anti-malarials in a rural district in Kenya after implementation of a national subsidy scheme. Malar J.
2011;10:316.

