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Abstract: Studies on the distribution of lymphatic filariasis (LF) have mostly focused on reporting
prevalence at the community level and distribution at the district levels. Understanding the distribu-
tion patterns at community levels may help in designing surveillance strategies. This study aimed
to characterize the spatial distribution of LF infections in four hotspot communities in Ghana. The
research, involving 252 participants, collected demographic data, mass drug administration (MDA)
information, household GPS coordinates, and antigen detection test results. The LF prevalence varied
significantly among the communities, with Asemda having the highest (33.33%) and Mempeasem
having the lowest (4.44%). Females had lower odds of infection than males (OR = 2.67, p = 0.003
CI: 1.39–5.13). Spatial analysis using kernel density, Anselin Local Moran’s, Getis-Ord Gi models,
Ordinary Least Squares, and Geographic Weighted Regression revealed mixed patterns of spatial auto-
correlation. This study identified LF hotspots, indicating clusters of high or low prevalence with some
areas showing disparities between MDA coverage and LF positivity rates. Despite these hotspots, the
overall distribution of LF appeared random, suggesting the importance of purposeful sampling in
surveillance activities. These findings contribute valuable insights into the micro-epidemiology of LF,
emphasizing the need for community-specific investigations to understand the factors influencing the
effectiveness of MDA programs in controlling filarial infections. The study highlights the importance
of refining surveillance strategies based on community-level distribution patterns.

Keywords: microepidemiology; Lymphatic filariasis; spatial mapping; mass drug administration

1. Introduction

Lymphatic filariasis (LF), also known as elephantiasis, is a parasitic disease that affects
millions of people in tropical and subtropical regions of the world [1,2]. It is caused
through the transmission of microscopic worms called Wuchereria bancrofti, which are
spread through the bites of infected mosquitoes [3]. The disease eventually leads to severe
and disfiguring swelling of the limbs, genitalia, and breasts, and a variety of other health
problems if not detected and treated early [4]. LF is a major public health concern, with
an estimated 120 million people affected worldwide and over 1.3 billion people at risk of
infection [5].

The World Health Organization (WHO) set a roadmap in 2021 aimed at eliminating LF
by 2030 as a public health problem [6,7] and has brought together diverse groups including
public–private partners and national governments to support the Global Programme to
Eliminate Lymphatic Filariasis (GPELF) using two methods; mass drug administration
(MDA) administered annually to entire communities in endemic regions and morbidity
management and disability prevention for people with chronic complications [3,8,9].
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MDA is the key strategy for the control and elimination of LF. MDA involves the
administration of a single-dose combination of anti-parasitic drugs, such as diethylcar-
bamazine (DEC), ivermectin, and albendazole, to entire at-risk populations, regardless
of whether they are infected [10]. The goal of MDA is to reduce the transmission of the
disease by targeting the microfilariae that circulate in the blood [11]. By reducing the
number of parasites in the population, the risk of transmission decreases, and the disease
burden can be significantly reduced. The success of MDA programs relies on high coverage
rates, which require strong community engagement and mobilization efforts. Community
leaders, health workers, and volunteers play a critical role in educating people about the
benefits of MDA and addressing any concerns or misconceptions they may have [12].

MDA has been highly effective in reducing the prevalence of LF in many areas. As of
2021, over 7 billion treatments have been delivered globally, and over 17 countries have
been declared free of LF [13]. However, not all areas have seen the same level of success with
MDA. The sustained, high-coverage MDA necessary to reach and maintain elimination
targets can be quite challenging to achieve and, in some settings, the transmission of
LF persists, leading to substantial suffering and disability [14,15]. Importantly, while
MDA programs succeed in reaching their national and district-level coverage targets, focal
transmission may persist at the sub-district or community levels and is often hard to detect
with current M&E tools. Geospatial methods play a crucial role in identifying focal areas of
disease transmission [16–18].

Geospatial maps provide a visual representation of the patterns showing the distri-
bution of LF within communities with other relevant attribute data such as prevalence
rates and potential breeding sites [9]. It gives a better understanding by providing a visual
representation of the patterns of transmission, identifying high-risk areas, and helping
programs plan targeted interventions [19].

Ghana was one of the early countries to adopt a national LF elimination strategy
and has been undertaking MDA since 2001 [10,20]. At the time of writing this paper,
108/114 endemic districts have achieved success and stopped MDA and moved on to post-
MDA surveillance; however, six districts have still not passed the Transmission Assessment
Survey (TAS), despite 15–18 rounds of MDA. The inability of MDA to bring LF infection in
these districts below the threshold where it is safe to stop mass treatment underscores the
critical need to understand the local factors perpetuating LF transmission.

Micro-epidemiological investigations can shed light on local risk factors, such as
unique social and cultural practices that may influence both exposure to the vector and
treatment uptake, population mobility that could cause reintroduction of infection, and
environmental factors that are more conducive to persistent LF transmission. By unrav-
eling the intricacies of LF transmission at the micro level, tailored interventions can be
developed to address the specific challenges hindering the achievement of TAS passing
criteria, ultimately advancing progress towards LF elimination goals.

Spatial mapping represents an important starting point to visualize the patterns of LF
infection at a micro level and to start to identify the risk factors likely to give rise to the
observed infections. Importantly, spatial mapping can help the Ghana LF program identify
high-risk areas in which to deliver targeted interventions.

2. Materials and Methods
2.1. Study Sites

The study was carried out in four rural communities in Ghana with a high incidence
of lymphatic filariasis (LF) [21]. Asemda and Mempeasem are located in the Ellembelle
district, while Azani and Abase are located in the Ahanta district of the western region of
Ghana (Figure 1). These districts are in the moist evergreen ecological zone and receive
rainfall throughout the year [22]. Farming and fishing are the main occupations in these
communities and the dominant languages spoken are Ahanta and Nzema. The selected
communities are all small. While the Ahanta West district passed TAS in 2022, MDA was
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still ongoing in Ellembelle at the time of this study in March 2023. The Ahanta West and
Ellembelle districts have received 19 and 18 rounds of MDA, respectively.
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Figure 1. Map of Ghana showing the 4 communities in the two study districts. Base layers from
(https://www.diva-gis.org/Data (accessed on 28 April 2023)).

2.2. Study Design

A community-wide assessment of LF was undertaken among community members
18 years and older. Each community was visited over a 3-to-4-day period, with sampling
lasting from 6 am to 12 noon and from 3 pm to 6 pm in order to reach as many consenting
adults in the community as possible. Due to the nature of this study, there was a mobiliza-
tion and consenting team, a lab team, and a GPS team. Public announcements were made to
inform the community of the presence of the study team at the central point. Door-to-door
visits were also performed to sensitize community members to take part in this study. The
following inclusion and exclusion criteria were followed.

Inclusion Criteria

1. Adults 18 years of age and above
2. Participants who have provided informed consent.
3. Participants who are residents of communities being studied.
4. Individuals who agree to blood collection and testing.

Exclusion Criteria

1. Children under 18 years.
2. Adults who refused consenting.
3. Adults who refuse blood collection and testing.
4. Adults who are sick or unwell at the time of the sampling.

At the central point written informed consent was obtained from all participants. Their
demographic information and a simple questionnaire (see Supplementary File S1) on the

https://www.diva-gis.org/Data
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knowledge attitude perception (KAP), participation in MDA, and drug acceptability was
administered, after which day time blood collection and testing were conducted with the
filarial test strip (FTS) [23]. Participants who tested positive by the FTS were asked to return
at night (from 9 pm) for the collection of another blood sample to determine the presence
and count of microfilaria by microscopy. After the FTS, the participants were accompanied
to their respective houses and their household GPS coordinates were recorded using i-got
GT-120 devices for spatial analysis. These data were used to map the distribution of the
participants and their infection status within the communities. Attempts were made by the
mobilization team over the 3-to 4-day period to reach all adults in the community.

2.3. Data Analysis

Stata version 17 and ArcGIS 10.8 were used for data processing and analysis. The
demographic data were analyzed using descriptive statistics, including frequencies, per-
centages, and proportions, to provide insights into the distribution within communities and
districts, with significance determined using chi-square tests. Logistic regression analysis
was also performed to assess the significance of demographic characteristics and previous
participation in mass drug administration. Ordinary least squares (OLS) and geographical
weighted regression (GWR) were used to explore the community spatial variability with
dependent factors such as age, while individual community-based spatial maps were
created using a range of techniques, including kernel density and Anselin Local Moran I.
In addition, the Getis-Ord Gi statistic model was utilized to identify spatial variations in
prevalence and infection status [24,25].

2.4. Spatial Mapping and Predictive Risk Maps

The GPS coordinates of all the participants’ households were plotted within their re-
spective communities. In cases where a compound had multiple individuals and positivity,
graduated circles are used to indicate the numbers in the maps generated to provide a
clear representation.

Kernel density was used for spatial analysis, which involved estimating the probability
density function of the LF prevalence to reveal the underlying positivity distribution within
the communities [26]. This is achieved by applying a “kernel” or smooth function to each
data point in the dataset and combining them to obtain a density estimate. The kernel
function is typically a bell-shaped curve, resembling a normal distribution, and its width
determines the degree of emphasis given to neighboring households. The resulting density
estimate is valuable for identifying prevalence patterns and predicting the areas where
future infections may likely occur based on current prevalence. The formula used to
calculate kernel density is:

Density = 1
(radius)2

n
∑

i=1

[
3
π · popi

(
1 −

(
disti

radius

)2
)2

]
For disti < radius

where i = 1, . . ., n are the input points; popi is the population field value of point one; and
disti is the distance between compounds and the (x, y) location.

2.5. Spatial Autocorrelation Analysis

The Anselin Local Moran’s analysis method was further used to determine the similar-
ity of household prevalence to nearby households. This method was employed to recognize
the spatial clusters and anomalies in the data collected. It measures the degree to which
household prevalences’ in close proximity to each other exhibit similarity [27]. It is particu-
larly useful in identifying clusters of high or low LF prevalence. The technique involves
computing a local Moran’s I statistic for each observation in the dataset, which quantifies
how closely related the prevalences are. By examining the local Moran’s I statistic, we
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detected clusters of similar observations (high–high) or dissimilar observations (low–high
or high–low). The formula used to calculate the local Moran’s I statistic is:

II =
Zi − Z

σ2

n

∑
j=1·j ̸=i

[
Wij(Zj − Z)

]
In the formula, Zi represents the value of the variable Z at location i, Z is the average

value of Z in the sample of n, Zj denotes the value of the variable Z at all other locations
(where j ̸= i), σ2 is the variance of the variable Z, and Wij is a weight assigned based on the
distance dij between locations i and j. The weight Wij can be calculated as the inverse of the
distance dij or can be determined using a distance band, where samples within the distance
band are given equal weight, while those outside the distance band are assigned a weight
of 0.

The Getis-Ord Gi model further determined the difference between observed and
expected household prevalences. It identified spatial clusters of high or low values. It is
an extension of the local Moran’s I statistic, which measures the spatial autocorrelation
and extent to which high or low values cluster together in a spatial dataset [28]. Getis-Ord
Gi does this by comparing the values of each observation or data point to the values
of its neighboring observations and then computing a z-score that indicates whether the
observation is part of a cluster of high or low values. The z-score is obtained by dividing the
difference between the observed value and the mean value of the neighboring observations
by the standard deviation of the values of the neighboring observations. A positive Getis-
Ord Gi statistic indicates that an observation has a high value and is surrounded by other
observations with high values, suggesting a spatial cluster of high values. A negative
Getis-Ord Gi statistic indicates that an observation has a low value and is surrounded by
other observations with low values, indicating a spatial cluster of low values. A value of
zero signifies no spatial clustering. Getis-Ord Gi is especially useful in detecting hotspots
and coldspots in a spatial dataset, which are areas with significantly high or low values,
respectively, such as LF infection rates. In determining significant hotspots, a high Z-score
denotes the hotspot, and a coldspot is denoted by a low Z-score. This model is calculated as

Gi =

n
∑

j=1
Wi,j(d)bj−b

n
∑

j=1
Wi,j

s

√√√√√ n
n
∑

j=1
W2

i,j−

 n
∑

j=1
Wi,j

2

n−1

where n = total prevalence; Wi,j(d) = spatial weight vectors for all the values within the
distance (d); d = the distance between ith and jth location; Wi,j = weight of the individual
prevalence (Wi,j = 1); bj = neighboring jth value; b = the average of all the prevalence; and
S = the standard deviation.

The resulting predictive data for lymphatic filariasis infections were then plotted as
heat maps.

3. Results
3.1. Study Participants and Community Characteristics

During this study, 252 participants were recruited from the four communities. Among
these, 49 (19.44%) tested positive for lymphatic filariasis, and 203 (80.56%) tested negative.
Asemda had the highest proportion of positive cases (29/87; 33.33%), followed by Azani
(15/74; 20.27%), Abase (3/46: 6.52%), and Mempeasem (2/45: 4.44%). There was a
significant association between sex and LF status (χ2 = 8.05, p = 0.005), with males having a
higher proportion of positive cases (27.88%) than females (13.51%) (Table 1).
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Table 1. Frequency distribution and percentage of participants by community, district, sex, age, and
previous mass drug administration (MDA) for lymphatic filariasis.

Total Positive FTS Negative FTS
N = 252 (%) N = 49 (%) N = 203 (%) Statistic p-Value

Community Chi = 22.11 <0.001
Azani 74 (29.37) 15 (20.27) 59 (79.73)
Abase 46 (18.25) 3 (6.52) 43 (93.48)
Asemda 87 (34.52) 29 (33.33) 58 (66.67)
Mempeasem 45 (17.86) 2 (4.44) 43 (95.56)
District Chi2 = 2.88 0.089
Ahanta West 120 (47.62) 18 (15.00) 102 (85.00)
Ellembelle 132 (52.38) 31 (23.48) 101 (76.52)
Sex Chi2 = 8.05 0.005
Female 148 (58.73) 20 (13.51) 128 (86.49)
Male 104 (41.27) 29 (27.88) 75 (72.12)
Age Chi2 = 5.73 0.572
≤20 13 (5.16) 2 (15.38) 11 (84.62)
21–30 75 (29.76) 12 (16.00) 63 (84.62)
31–40 40 (15.87) 8 (20.00) 32 (80.00)
41–50 49 (19.44) 8 (16.33) 41 (83.67)
51–60 34 (13.49) 8 (23.53) 26 (76.47)
61–70 29 (11.51) 6 (20.69) 23 (79.31)
71–80 6 (2.38) 2 (33.33) 4 (66.67)
80> 6 (2.38) 3 (50.00) 3 (50.00)
Participation in
previous MDA Chi2 = 2.61 0.106

Yes 200 (79.37) 43 (21.50) 157 (78.50)
No 52 (20.63) 6 (11.54) 46 (88.46)

The association between participation in previous MDAs and test results was sta-
tistically significant (χ2 = 1.2. p = 0.002) with individuals who participated in previous
MDA being less likely to have the disease compared to those who did not. LF positivity in
Asemda (χ2 = 5.9, p = 0.015) was statistically significant compared to the other communities.
No significant association was observed between the infection and the different age groups
(Table 2).

Table 2. Frequency distribution of community, participant age characteristic, and participation in the
last MDA according to sex.

N Positive (%) Negative (%) Chi2 p-Value

Community
Abase 46 3 (6.5) 43 (93.5) 1.22 0.27

Males 17 2 (11.8) 15 (88.2)
Females 29 1 (3.5) 28 (96.6)

Asemda 87 29 (33.3) 58 (66.7) 5.9 0.015
Males 41 19 (46.3) 22 (53.7)

Females 46 10 (21.7) 36 (78.3)
Azani 74 15 (20.3) 59 (79.7) 1.61 0.205

Males 20 6 (30.0) 14 (70.0)
Females 54 9 (16.7) 45 (83.3)

Mempeasem 45 2 (4.4) 43 (95.6) 1.53 0.216
Males 26 2 (7.7) 24 (92.3)

Females 19 0 (0.0) 19 (100)
Age
≤20 13 2 (15.4) 11 (84.6) 2.03 0.155

Males 7 2 (28.6) 5 (71.4)
Females 6 0 (0.0) 6 (100)
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Table 2. Cont.

N Positive (%) Negative (%) Chi2 p-Value

21–30 75 12 (16.0) 63 (84.0) 3.53 0.06
Males 26 7 (27.0) 19 (73.0)

Females 49 5 (10.2) 44 (89.8)
31–40 40 8 (20.0) 32 (80.0) 3.63 0.057

Males 18 6 (33.3) 12 (66.7)
Females 22 2 (9.1) 20 (90.9)

41–50 49 8 (16.3) 41 (83.7) 0.04 0.84
Males 20 3 (15.0) 17 (85.0)

Females 29 5 (17.2) 24 (82.8)
51–60 34 8 (23.5) 26 (76.5) 0.15 0.702

Males 15 4 (26.7) 11 (73.3)
Females 19 4 (21.1) 15 (78.9)

61–70 29 6 (20.7) 23 (79.3) 2.65 0.103
Males 11 4 (36.4) 7 (63.6)

Females 18 2 (11.1) 16 (88.9)
71–80 6 2 (33.3) 4 (66.7) 1.5 0.221

Males 2 0 (0.0) 2 (100)
Females 4 2 (50.0) 2 (50.0)

80> 6 3 (50.0) 3 (50.0) 1.2 0.273
Males 5 3 (60.0) 2 (40.0)

Females 1 0 (0.00) 1 (100)
Participation
in previous

MDA
Yes 200 43 (21.50) 157 (78.5) 10.07 0.002

Males 79 26 (32.9) 53 (67.1)
Females 121 17 (14.1) 104 (85.9)

No 52 6 (11.5) 46 (88.5) 0.01 0.92
Males 25 3 (12.0) 22 (88.0)

Females 27 3 (11.1) 24 (88.9)

3.2. Associations between Demographic Variables, MDA, and Infection

In the multiple logistic regression analysis conducted, the various factors, specifically
community, sex, age group, and participation in previous MDA in relation to FTS positivity
had different correlations. The odds of getting infected within the different communities
was found to be 0.82, but this was not statistically significant (p = 0.258 CI: 0.58–1.16),
indicating no association between the community of residence and the likelihood of testing
positive for LF. Similarly, no association was found with the age grouping (OR = 1.12;
p = 0.231 CI: 0.93–1.35), and participation in previous MDA (OR = 2.39; p = 0.072 CI:
0.92–6.18). However, a significant association was observed with sex. Females had a lower
odd of infection than males (OR = 2.67; p = 0.003). Overall, the regression model accounted
for a relatively small proportion (6%) of the variability in the FTS outcome, as indicated
by the pseudo R-squared value of 0.0607, suggesting that other factors not included in the
model may influence an individual’s likelihood of testing positive for LF.

3.3. Hotspots for Community Infections

The households in all four communities exhibited a proximity to each other in terms
of spatial distribution. The number of people tested for LF per household within these
communities ranged from 1 to 5 individuals (Figures 2A, 3A, 4A, and 5A). In the output
maps, higher values corresponded to areas where more individuals within households
underwent LF testing, whereas lower values indicated areas with a lower number of
individuals tested. This suggests that the positivity rate would have likely gone up if more
people from households willingly consented to test. At the community level, the testing
participation rate was Abase: 4.56%, (46/1008), Asemda: 5.00% (87/1741), Azani: 6.61%
(74/1119) and Mempeasem: 5.73% (45/784). Considering that Ghana has an estimated
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adult population of around 65% (18 and above), Abase, Asemda, Azani, and Mempeasem
had adult testing rates as 7.02% (46/655), 7.69% (87/1131), 10.18% (74/727), 8.82% (45/510),
respectively.
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Figure 2. Spatial analysis of data from Asemda community, Ellembelle district. (A) Distribution
of FTS positivity by household, (B) Kernel density-based spatial prediction of the likelihood of
lymphatic filariasis infection; (C) hotspots for cluster and outlier LF positive distribution (Anselin
Local Moran’s); (D) Spatial distribution of hotspots and coldspots (Getis-Ord Gi). Base layers from
(https://www.diva-gis.org/Data (accessed on 17 May 2023)).

The kernel density distribution analysis was performed using the positive cases of LF
per household to estimate the spatial distribution of infections (Figures 2B, 3B, 4B, and 5B).
The resulting maps illustrate the smoothed density of LF-positive cases across the study
communities. Higher-density areas correspond to areas with a concentrated number of
positive cases, indicating potential hotspots of increased LF infection prevalence. This
distribution highlights the spatial patterns and clusters of LF positivity.

Anselin’s local Moran’s hotspot analysis was also conducted using the positivity
rates for LF to identify statistically significant clusters and outliers. The analysis reveals
specific areas on the map that exhibit significant spatial clusters of high or low LF positivity
(Figures 2C, 3C, 4C, and 5C). Infectivity clusters were mostly found around the outskirts
of the communities due to a combination of factors, mosquito reservoirs, community
population distribution, etc.

https://www.diva-gis.org/Data
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Figure 3. Spatial analysis of data from Azani community, Ahanta West district. (A) Distribution
of FTS positivity by household; (B) Kernel density-based spatial prediction of the likelihood of
Lymphatic Filariasis infection; (C) Hotspots for cluster and outlier LF positive distribution (Anselin
Local Moran’s); (D) Spatial distribution of hotspots and coldspots (Getis-Ord Gi). Base layers from
(https://www.diva-gis.org/Data (accessed on 17 May 2023)).

The Getis-Ord Gi hotspot analysis was conducted using the positivity rates for lym-
phatic filariasis (LF) to identify statistically significant hotspots within the study communi-
ties (Figures 2D, 3D, 4D, and 5D). This analysis pinpointed specific areas on the map that
exhibited significant clusters of high or low LF positivity. High-value clusters indicated
areas with a dense concentration of LF-positive cases, indicating areas of heightened infec-
tion prevalence. Conversely, low-value clusters represented areas with a lower number of
LF-positive cases. The Getis-Ord Gi analysis provided valuable insights into the spatial
patterns of LF, enabling the identification of hotspots and areas that may require targeted
interventions for LF control and prevention.

https://www.diva-gis.org/Data
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Figure 4. Spatial analysis of data from Abase community, Ahanta west district. (A) Distribution
of FTS positivity by household; (B) Kernel density-based spatial prediction of the likelihood of
lymphatic filariasis infection; (C) hotspots for cluster and outlier LF positive distribution (Anselin
Local Moran’s); (D) Spatial distribution of hotspots and coldspots (Getis-Ord Gi). Base layers from
(https://www.diva-gis.org/Data (accessed on 17 May 2023)).

3.4. Spatial Autocorrelation

The Moran’s index indicated the degree of spatial association between neighboring
households (Table 3). Asemda showed a slight positive spatial autocorrelation (Moran’s
Index: 0.007), suggesting neighboring households with similar LF positivity levels. In
contrast, Abase (−0.085) and Azani (−0.019) exhibited negative spatial autocorrelation,
indicating a dispersion pattern where neighboring households have contrasting LF positiv-
ity rates. Mempeasem (0.043) displayed a positive Moran’s index, suggesting a clustering
pattern of LF positivity in neighboring households. The p-values for Asemda, Abase, and
Azani (0.816, 0.642, and 0.942, respectively) were above the significance threshold (p > 0.05),
suggesting that the observed spatial autocorrelation in LF positivity in these communities
could be due to random chance rather than true spatial patterns. For Mempeasem, the
p-value (0.057) was marginally close to the significance threshold, indicating a possible
clustering pattern, as indicated by the model.

https://www.diva-gis.org/Data
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Figure 5. Spatial analysis of data from Mempeasem community, Ellembelle district. (A) Distribution
of FTS positivity by household; (B) Kernel density-based spatial prediction of the likelihood of
lymphatic filariasis infection; (C) hotspots for cluster and outlier LF positive distribution (Anselin
Local Moran’s); (D) spatial distribution of hotspots and coldspots (Getis-Ord Gi). Base layers from
(https://www.diva-gis.org/Data (accessed on 17 May 2023)).

Table 3. Parameters of spatial autocorrelation for LF positivity across the communities.

Spatial
Parameters Asemda Abase Azani Mempeasem

Moran’s index: 0.007037 −0.084898 −0.019971 0.043047
Expected index: −0.019608 −0.04 −0.02439 −0.045455

Variance: 0.002905 0.009348 0.003744 0.002159
z-score: 0.233218 −0.464386 0.072227 1.9049
p-value: 0.815592 0.642371 0.942421 0.056793

Observed
general G 0.010687 0.003277 0.005307 nan

Expected
general G 0.011232 0.010113 0.008678 0.019148

Variance: 0.000005 0.000151 0.000011 inf
z-score: −0.233428 −0.555806 −1.017551 nan
p-value: 0.815429 0.578343 0.308891 nan

The general G statistic assessed the global spatial autocorrelation. The communities exhib-
ited non-significant values. Asemda (p = 0.815), Abase (p = 0.578) and Azani (p = 0.309) showed
no significant spatial clustering or dispersion in LF positivity (Figures 2D, 3D, 4D, and 5D).
Mempeasem had undefined data, making interpretation impossible.

https://www.diva-gis.org/Data
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The spatial analysis of participant engagement on self-reported coverage in the last
MDA treatment round within households in each community showed a negative Moran’s
index across the communities (Table 4). These values suggest a weak negative spatial auto-
correlation indicating that individual households with higher self-reported coverage are
not clustered together in proximity, and the same holds true for those with lower coverage,
which are less clustered than what would be expected by chance and may consistently
report higher or lower coverage compared within each community (Figure 6). Also, people
within a household exhibited similar treatment coverage. This spatial heterogeneity further
reveals that participant engagement varies across different areas within each community
and within different households.

Table 4. Parameters of spatial autocorrelation for LF self-reported MDA coverage across the communities.

Spatial
Parameters Asemda Abase Azani Mempeasem

Moran’s index: −0.048013 −0.088814 −0.060009 −0.052879
Expected index: −0.019608 −0.04 −0.02439 −0.045455

Variance: 0.002918 0.010323 0.004088 0.009874
z-score: −0.525878 −0.480445 −0.557114 −0.074718
p-value: 0.598973 0.630911 0.577449 0.940439

Observed
General G 0.011734 0.011612 0.005906 0.015728

Expected
General G 0.011232 0.010113 0.008678 0.019148

Variance: 0.000001 0.000003 0.000002 0.000009
z-score: 0.417736 0.815016 −2.197311 −1.156848
p-value: 0.67614 0.415063 0.027998 0.247335
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Figure 6. Spatial distribution for cluster and outlier (Anselin Local Moran’s), and hotspots and
coldspots (Getis-Ord Gi) on self-reported MDA across the communities. Base layers from (https:
//www.diva-gis.org/Data (accessed on 17 May 2023)).

Furthermore, the z-scores for all communities show that the observed spatial autocorre-
lation is lower than what would be expected by chance while non-significant corresponding
p-values imply that the household’s distribution within each community do not deviate
significantly from random distribution.

The observed General G values were positive for all communities showing a tendency
towards positive spatial autocorrelation (Table 3). This suggests that households with
similar levels of participant engagement are somewhat clustered together within each
community. The Expected General G values were relatively close to the observed values
indicating that the actual spatial autocorrelation variability is not different from what would
be expected by chance, showing a random spatial distribution of participant engagement
across each community. The corresponding p-values shows that the spatial patterns of
participant engagement are not statistically significant, except for Azani, where the p-value
(0.02) indicates that the spatial pattern of participant engagement is statistically significant,
deviating from random distribution.

3.5. Ordinary Least Squares (OLS) and Geographic Weighted Regression Analysis (GWR)

OLS regression analysis was conducted to investigate the relationship between age
and LF positivity across the four communities: Abase, Asemda, Azani, and Mempeasem.
Overall, the intercept values showed statistically significant associations with LF positivity
across all communities (Abase: p < 0.001, Asemda: p < 0.001, Azani: p < 0.001, Mempeasem:
p < 0.001). However, while the coefficient for age did not reach statistical significance in
Abase, Azani, and Mempeasem (p > 0.05 for all), it was statistically significant in Asemda
(p = 0.02).

These findings suggest that while there is a consistent baseline association between
the intercept values and LF positivity across the communities, age alone may not be a

https://www.diva-gis.org/Data
https://www.diva-gis.org/Data
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significant predictor for positivity in most settings. However, in Asemda, age does appear
to be a significant predictor, albeit with a relatively modest effect size.

GWR allows for the parameters of regression to vary spatially for continuous data.
Using age as the determining factor again and only continuous variable in relation to
LF prevalence, the values across the four communities—Asemda, Abase, Azani, and
Mempeasem—provide valuable insights into LF infections with implications for under-
standing prevalence.

Asemda demonstrates a relatively small bandwidth of 0.041, signifying a localized
effect within a limited spatial range. Abase and Mempeasem presented even smaller
bandwidths of 0.00098 and 0.0012, respectively, emphasizing highly localized effects within
extremely narrow distances. Azani, with a bandwidth of 0.0031 showcases a more balanced
influence within a moderate spatial scale. In fitting the model for GWR, residual squares
which represents the difference between the observed values and the values predicted by
the model revealed community spatial variations. Abase stands out with lower residual
squares (1.93), suggesting a more optimal fit of the model in capturing the variability in
FTS positivity. In contrast, Asemda displayed higher residual squares (17.31), indicative
of a less optimal fit. Azani falls in between with moderate residual squares (10.91), while
Mempeasem has the lowest residual squares (0.78), reflecting the strongest fit comparatively.
Mempeasem had a more consistent relationship between age and FTS positivity while
Abase and Azani were moderate implying a balanced level of spatial variability. Asemda,
suggested greater spatial heterogeneity in the relationship.

Examining R2 and adjusted R2 values determined the proportion of explained vari-
ances in community infectivity. Abase emerged with the highest R2 (0.30) and adjusted R2

(0.18), indicating the most substantial explanatory power. Mempeasem, while exhibiting
a strong R2 (0.18), showed a lower adjusted R2 (0.09). Asemda and Azani present lower
values, suggesting less explanatory power. These results underscore the importance of tai-
loring interpretations to the specific characteristics of each community, providing valuable
insights for public health interventions and community-specific strategies.

The assessment of residuals from both OLS and GWR across the four communities
evaluated model performance in capturing variability for LF positivity. With the OLS
analysis, Abase exhibited lower residuals, suggesting a more optimal fit of the model in cap-
turing LF positivity variability. Conversely, Asemda showed higher residuals, indicating a
less optimal fit of the model. Azani’s residuals may reflect potential model inadequacy in
explaining LF positivity within the community, while Mempeasem’s residuals reflected
the overall fit of the model. The GWR analysis provided additional insights into spatial
variations in model fit. Abase showed lower residual squares, indicating a stronger fit of
the model and potential spatial homogeneity in LF positivity. A relatively small bandwidth
in Asemda suggested localized effects of age on LF prevalence, highlighting spatial hetero-
geneity. Azani, with lower residual squares, potentially indicated a more optimal fit of the
model and highlighted potential areas for underprediction or overprediction. Mempeasem
exhibited lower residual squares, suggesting a stronger fit compared to other communities
and potential areas with more consistent relationships between age and LF positivity.

3.6. FTS Positivity and Participation in Mass Drug Administration

The comparison between FTS status (Table 1) and MDA coverage, based on participant
self-reported coverage from the last treatment time-point in these communities, surveyed
had Abase’s FTS positivity rate at 6.52%, while having a moderate MDA coverage of 71.7%.
In contrast, Asemda had a considerably higher FTS positivity rate of 33.33%, but also
exhibited a high MDA coverage of 97.7%. Azani fell in between with an FTS positivity rate
of 20.27% and an MDA coverage of 75.7%, and Mempeasem had the lowest FTS positivity
rate at 4.44% alongside an MDA coverage of 75.6%. Participants residing in households
that did not participate in the most recent MDA showed a high likelihood of infection in
Azani and Mempeasem (Figure 7).
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4. Discussion

This study sought to systematically characterize the spatial distribution of lymphatic
filariasis infections in four communities located in the Ahanta West and Ellembelle districts
of Ghana to gain insights into the disease patterns, identify high-risk areas, and utilize this
information for effective decision making.

The significant association between LF status and the study communities suggests
variations in prevalence and transmission dynamics. Asemda emerged as a high-risk
community with a substantial proportion of LF-positive cases. This highlights the need
for targeted interventions such as intensified surveillance, vector control measures, and
focused treatment campaigns in Asemda to reduce LF transmission and prevalence [29,30].
Participant engagement within households in the last MDA round shows spatial hetero-
geneity in the self-reported coverage within each community. The weak negative spatial
autocorrelation and non-significant spatial patterns in the Moran’s index (Table 3) indicate
that participant engagement is influenced by unique factors specific to different areas within
each community. The variability in engagement levels highlights the need for targeted
and community-specific approaches to enhance participant engagement. The General G
statistic also showed the spatial autocorrelation within each community. While Asemda
and Abase show a slightly higher observed spatial autocorrelation than expected, Azani
exhibits a significant negative deviation from random distribution. Mempeasem displays a
moderate observed spatial autocorrelation but lacks statistical significance (Table 3). Un-
derstanding these spatial patterns can inform targeted interventions, especially community
members who do not adhere to MDA to enhance engagement and optimize MDA program
effectiveness in these communities.

The observed significant association between LF status and sex suggests that males
may have a greater likelihood of exposure compared to females, as confirmed by [31].
This highlights the importance of implementing gender-specific interventions and targeted
awareness campaigns to address the specific risk factors and behaviors that contribute
to the higher prevalence of LF among males. By focusing on gender-specific approaches,
public health efforts can effectively tackle the underlying factors that contribute to the
disparity in LF prevalence between males and females, ultimately leading to the more
successful LF control and prevention strategies [32].

The utilization of kernel density analysis allows for the identification of high-density
hotspots of lymphatic filariasis (LF) transmission, which may enable targeted interventions
and resource allocation to be more effective. By deploying preventive measures such as
focused vector control and mass drug administration campaigns in localized areas with
the highest disease burden, the overall transmission of LF can be reduced [33]. The spatial
autocorrelation analysis employed in this study, including Moran’s Index and General
G statistic, provide insights into the clustering or randomness of LF infections. These
findings help uncover the underlying spatial patterns of LF transmission, allowing for the
identification of high-risk areas and informing targeted surveillance and control strategies,
such as prioritizing engagement, testing, and treatment of community members residing in
these identified high-risk hotspots. Such a targeted approach allows for a more focused
allocation of resources and interventions, optimizing the impact of preventive measures
and contributing to the overall control of LF. Moreover, spatial analysis aids in spatial
prioritization, highlighting the localized nature of infections and emphasizing the need for
tailored interventions in specific areas [34,35]. The hotspot analysis highlighted specific
areas within the communities that showed the potential of the high concentration of positive
cases due to transmission. In Asemda and Azani (Figures 2B and 3B), the kernel density
maps indicated the presence of infections within the central portions of these communities.
It was observed that these central areas had a higher concentration of households with
more members, which could potentially attract mosquitoes and contribute to the higher
prevalence of infections [36–38]. In the case of Abase (Figure 4B), the density map revealed
infections extending along the eastern side of the community. This area has a higher
proportion of forested areas compared to other parts of the community. The presence of
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more forested areas might create suitable breeding grounds for mosquitoes, leading to a
higher likelihood of LF transmission and subsequent infections in this specific area [39].
For Mempeasem (Figure 5B), the infections concentrated at the entrance of the community.
This area had a lower density of households and was characterized by a higher proportion
of forested areas. The combination of fewer households and more forested surroundings
might contribute to a higher risk of LF transmission in this location [40]. It is also important
to note that the sampling size does not necessarily reflect the assumption that areas with
more participants will have a higher risk. In Figure 5A, for example, the area with the
highest risk had less participants and was isolated from the rest of the community.

Upon comparing the degree of spatial clustering in each community and between
households (ranges from −1 to +1), positive values indicated positive spatial autocorre-
lation, i.e., households with high (or low) LF positivity were surrounded by neighboring
households with similarly high (or low) positivity. Negative values also indicated nega-
tive spatial autocorrelation, where high (or low) positive households were surrounded by
neighboring households with negative values [41–43]. Abase and Azani (Table 2) exhibited
negative values, indicating negative spatial autocorrelation. This suggests that households
with high LF positivity in these communities are surrounded by households with lower LF
positivity or vice versa. In contrast, Asemda and Mempeasem (Table 2) showed positive
values, indicating positive spatial autocorrelation. This suggests the presence of clusters or
spatial patterns of similar LF positivity values within these communities.

Similarly, statistically significant hotspots and coldspots for infections were measured
from the Getis-Ord Gi. High positive community values showed that households with high
LF positivity were surrounded by neighboring households with similarly high positivity,
suggesting hotspots. Negative values indicated households with low LF positivity sur-
rounded by neighboring areas with similarly low positivity, suggesting coldspots [44]. This
model suggests that the presence of LF-positive households does not necessarily indicate a
high risk of transmission to nearby households, and the absence of positive households
does not guarantee a lack of risk in the surrounding area within these smaller communities
studied. This highlights the complexity of LF transmission dynamics and the need to con-
sider multiple factors beyond individual household status [27]. Factors such as mosquito
breeding sites, vector behavior, and environmental conditions can influence the spread of
LF within a community [4,45,46]. Asemda, Abase, and Azani (Table 2) showed positive
values for the General G statistic, indicating significant hotspots of high LF positivity. This
suggests the presence of concentrated areas with a high LF infection prevalence within
these communities. However, Mempeasem had a NaN value, indicating that it did not
meet the criteria for significant hotspots or coldspots based on the chosen threshold.

The application of OLS revealed associations between LF positivity and age, high-
lighting the importance of understanding broad-scale patterns of disease transmission.
GWR analyzed the infection’s diverse spatial patterns and relationships between age and
prevalence. The localized nature of LF transmission, as reflected in bandwidth and effective
number values, underscores the need for community-specific interventions. The varying
model fits, as indicated by residual squares highlighting the importance of tailoring public
health strategies to the unique characteristics of communities [47]. As GWR allows for
the consideration of spatial variability, this approach contributes to a more targeted and
nuanced understanding of LF spread, ultimately aiding in the development of effective and
localized interventions [48]. Both regression results highlight the relationships between
LF positivity and key predictors, varied across the different communities. This localized
approach revealed clusters of heightened LF transmission risk (Figure 7), suggesting the
presence of hotspot areas where targeted interventions may be most effective.

The identification of hotspot areas through OLS and GWR analyses enables policymak-
ers to prioritize resources and interventions in areas with the highest risk of LF transmission.
Targeted measures, such as intensified MDA campaigns and vector control efforts, can be
implemented to effectively reduce LF prevalence in these hotspots. Community-specific
interventions tailored to the localized risk can include greater community engagement
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and participation. By involving local communities in LF control efforts, such as enhanced
community health education programs and outreach activities, policymakers can aid the
effectiveness and sustainability of control initiatives. The spatial insights provided by both
OLS and GWR analyses underscore the importance of robust surveillance and monitoring
systems for LF control. The continuous monitoring of LF prevalence and transmission
dynamics at the local level is essential for the timely detection of changes in disease pat-
terns and the effectiveness of control measures. Addressing the multifactorial nature of LF
transmission requires collaboration across multiple sectors, including health, environment,
and sanitation. Policy efforts should focus on fostering intersectoral collaboration to ad-
dress the underlying determinants of LF transmission, such as access to vector control and
improved healthcare.

Azani and Abase are located in the Ahanta West district that had passed TAS less than
a year before this study, while Mempeasem and Asemda in Ellembelle are still undergoing
MDA. In conducting epidemiological surveys, the random selection of participants and
not necessarily the willingness of participants to be part of interventions is critical in
determining the infection and transmission thresholds in communities. This includes
extending assessments, both parasitological and entomological, to households on the
outskirts as much as possible. Assessments by NTD programs are generally based on
the willingness of the participants, with the assessors setting up in a central location and
waiting for participants. While the type of assessment implemented in this study may
not be easy to replicate in routine programmatic activities, the results are important in
designing epidemiological assessments to determine the transmission of LF in districts
either for monitoring and evaluations during MDA or surveillance after MDA. In Ghana,
monitoring and evaluation surveys for LF by the NTD program are based on community
members who self-report to a common location for FTS or microfilaria testing. This may
not provide a representative sample of the community, especially if participants who take
part in the MDA are the same as those who take part in these surveys.

The results of this study emphasize the need to enhance activities to reach individ-
uals who do not participate in MDA, requiring a multi-faceted approach that combines
education, community engagement and tailored communication to address specific con-
cerns and misconceptions. By implementing these strategies, MDA programs can strive
for higher coverage rates and move closer to the goal of LF elimination. The study can
also be enhanced in the future by integrating other community behavioral characteristics
to optimize the spatial autocorrelation methods. Both methods used require the careful
consideration of community definitions and assumptions. Nevertheless, when interpreted
with caution and in combination with other spatial analysis techniques, these methods can
provide valuable insights into the spatial structure and relationships within LF incidence
and distribution [49].

There are some limitations to this study. First, it was conducted in relatively small
communities, thereby affecting the sample sizes and the possible interpretation of the
results. During the study, the adults available in the community were reached, except those
who refused participation. Unfortunately, data on non-participation were not collected to
better understand this group, although studies in a neighboring district identified around
4% of individuals who refused all interventions [10]. The small sampling size and the FTS
positivity rates may also impact the spatial autocorrelation analysis. Some community
members also went about their normal economic activities and could not be reached during
the 3 or 4 days sampling and the hours during which the team was in the communities. As
such, the likelihoods of the sampling being biased cannot be overruled. A census of the
communities was not taken prior to sampling, and as such, the profile of non-participants
and number of households was not available for further analysis. It should be noted that
the same situation does apply to NTD interventions where only those who are willing are
assessed and non-participants are usually not accounted for. In this study, however, we
went a step further to reach out to reluctant individuals and map the coordinates of all
those who were tested. Furthermore, it is important to note that the spatial autocorrelation
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analysis used in this study primarily focused on the spatial patterns of LF infections and
did not consider contextual factors such as socioeconomic conditions and environmental
covariates that could potentially influence disease transmission dynamics [21,50]. While
incorporating such contextual information into the analysis may enhance the practical
relevance and accuracy of the findings [51], it is unlikely that environmental covariates
could differ significantly between the communities and change the transmission of LF
in these very small communities located in moist evergreen ecological zone that receives
rainfall throughout the year [22]. Despite these limitations, the results of the mapping
reveal that the distribution of infection across all four communities is random and does not
follow a clear pattern.

5. Conclusions

In this study, we characterized the spatial distribution of LF positivity in four com-
munities in the Ahanta West and Ellembelle districts of Ghana. Our findings suggest that
household LF infection does not exhibit a significant degree of spatial clustering at the
community level. Interestingly, there does not appear to be a clear relationship between
self-reported MDA coverage and the community-wide prevalence of LF. Any future studies
investigating community-level infection assessment should follow a random household
selection to ensure a representative sample.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/tropicalmed9050107/s1, Supplementary File S1: Intrument for
data collection.

Author Contributions: D.K.d.S. and C.S.A. conceived the study. D.K.d.S. provided funding. N.A.L.
and J.O. conducted community sensitization activities. J.G.S., N.A.L. and J.O. collected the data. J.G.S.
and D.K.d.S. analyzed the data. J.G.S. wrote the first draft. All authors have read and agreed to the
published version of the manuscript.

Funding: This work received financial support (Grant number NTDSC 245G) from the Coalition for
Operational Research on Neglected Tropical Diseases, which is funded at The Task Force for Global
Health primarily by the Bill & Melinda Gates Foundation (OPP1053230), by the United States Agency
for International Development through its Neglected Tropical Diseases Program, and with UK aid
from the British people.

Institutional Review Board Statement: Ethical approval for the study was obtained from the NMIMR
Institutional Review Board (CPN 021/19-20). Approval was also sought and granted from the chief,
elders, and opinion leaders of the study communities, as well as from the District Health Management
Team (DHMT). Informed consent was obtained from all study participants.

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: The datasets analyzed during the current study are available from the
corresponding author on reasonable request.

Acknowledgments: We are grateful to Elizabeth F. Long, Katherine M. Gass, of the Task Force for
Global Health, for their review and input on the paper.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. WHO. The Global Distribution of Lymphatic Filariasis, 2000-18: A Geospatial Analysis; WHO: Geneva, Switzerland, 2020.
2. Cano, J.; Rebollo, M.P.; Golding, N.; Pullan, R.L.; Crellen, T.; Soler, A.; Hope, L.A.K.; Lindsay, S.W.; I Hay, S.; Bockarie, M.J.; et al.

The global distribution and transmission limits of lymphatic filariasis: Past and present. Parasites Vectors 2014, 7, 466. [CrossRef]
3. Gyapong, J.O.; Kumaraswami, V.; Biswas, G.; Ottesen, E.A. Treatment strategies underpinning the global programme to eliminate

lymphatic filariasis. Expert Opin. Pharmacother. 2005, 6, 179–200. [CrossRef]
4. Col, L.; Agrawal, V.K.; Cdr, W.; Sashindran, V.K. Lymphatic Filariasis in India: Problems, Challenges and New Initiatives. Med. J.

Armed Forces India 2006, 62, 359–362.
5. Ottesen, E.A.; Duke, B.O.L.; Karam, M.; Behbehani1, K. Strategies and tools for the control/elimination of lymphatic filariasis.

Bull. World Health Organ. 1997, 75, 491–503.

https://www.mdpi.com/article/10.3390/tropicalmed9050107/s1
https://www.mdpi.com/article/10.3390/tropicalmed9050107/s1
https://doi.org/10.1186/s13071-014-0466-x
https://doi.org/10.1517/14656566.6.2.179


Trop. Med. Infect. Dis. 2024, 9, 107 20 of 21

6. Casulli, A. New global targets for ntds in the who roadmap 2021–2030. PLoS Neglected Trop. Dis. 2021, 15, e0009373. [CrossRef]
7. Malecela, M.N.; Ducker, C. A road map for neglected tropical diseases 2021–2030. Trans. R. Soc. Trop. Med. Hyg. 2021, 115,

121–123. [CrossRef]
8. Ottesen, E.A. Editorial: The Global Pl Programme to Eliminate Lymphatic Filariasis. Trop. Med. Int. Health 2000, 5, 591–594.

[CrossRef]
9. Srividya, A.; Subramanian, S.; Jambulingam, P.; Vijayakumar, B.; Dinesh Raja, J. Mapping and monitoring for a lymphatic filariasis

elimination program: A systematic review. Res. Rep. Trop. Med. 2019, 10, 43–90. [CrossRef]
10. de Souza, D.K.; Otchere, J.; Sumboh, J.G.; Asiedu, O.; Opare, J.; Asemanyi-Mensah, K.; Boakye, D.A.; Gass, K.M.; Long, E.F.;

Ahorlu, C.S. Finding and eliminating the reservoirs: Engage and treat, and test and treat strategies for lymphatic filariasis
programs to overcome endgame challenges. Front. Trop. Dis. 2022, 3, 953094. [CrossRef]

11. Bockarie, M.J.; Taylor, M.J.; Gyapong, J.O. Current practices in the management of lymphatic filariasis. Expert Rev. Anti-Infect.
Ther. 2009, 7, 595–605. [CrossRef]

12. Manyeh, A.K.; Ibisomi, L.; Ramaswamy, R.; Baiden, F.; Chirwa, T. Exploring factors affecting quality implementation of lymphatic
filariasis mass drug administration in bole and central gonja districts in northern ghana. PLoS Neglected Trop. Dis. 2020, 14,
e0007009. [CrossRef] [PubMed]

13. Mensah, D.A.; Debrah, L.B.; Gyamfi, P.A.; Rahamani, A.A.; Opoku, V.S.; Boateng, J.; Obeng, P.; Osei-Mensah, J.; Kroidl, I.;
Klarmann-Schulz, U.; et al. Occurrence of Lymphatic Filariasis infection after 15 years of mass drug administration in two hotspot
districts in the Upper East Region of Ghana. PLoS Neglected Trop. Dis. 2022, 16, e0010129. [CrossRef] [PubMed]

14. Silumbwe, A.; Zulu, J.M.; Halwindi, H.; Jacobs, C.; Zgambo, J.; Dambe, R.; Chola, M.; Chongwe, G.; Michelo, C. A systematic
review of factors that shape implementation of mass drug administration for lymphatic filariasis in sub-Saharan Africa. BMC
Public Health 2017, 17, 484. [CrossRef] [PubMed]

15. Biritwum, N.-K.; de Souza, D.K.; Marfo, B.; Odoom, S.; Alomatu, B.; Asiedu, O.; Yeboah, A.; Hervie, T.E.; Mensah, E.O.; Yikpotey,
P.; et al. Fifteen years of programme implementation for the elimination of Lymphatic Filariasis in Ghana: Impact of MDA on
immunoparasitological indicators. PLoS Neglected Trop. Dis. 2017, 11, e0005280. [CrossRef] [PubMed]

16. Stanton, M.C. The Role of Spatial Statistics in the Control and Elimination of Neglected Tropical Diseases in Sub-Saharan Africa: A
Focus on Human African Trypanosomiasis, Schistosomiasis and Lymphatic Filariasis. Adv. Parasitol. 2017, 97, 187–241. [PubMed]

17. Robertson, C.; Nelson, T.A. An Overview of Spatial Analysis of Emerging Infectious Diseases. Prof. Geogr. 2014, 66, 579–588.
[CrossRef]

18. Eneanya, O.A.; Fronterre, C.; Anagbogu, I.; Okoronkwo, C.; Garske, T.; Cano, J.; Donnelly, C.A. Mapping the baseline prevalence
of lymphatic filariasis across Nigeria. Parasites Vectors 2019, 12, 440. [CrossRef]

19. Joseph, H.; Moloney, J.; Maiava, F.; McClintock, S.; Lammie, P.; Melrose, W. First evidence of spatial clustering of lymphatic
filariasis in an Aedes polynesiensis endemic area. Acta Trop. 2011, 120, S39–S47. [CrossRef] [PubMed]

20. de Souza, D.K.; Gass, K.; Otchere, J.; Htet, Y.M.; Asiedu, O.; Marfo, B.; Biritwum, N.K.; Boakye, D.A.; Ahorlu, C.S. Review of
MDA registers for lymphatic filariasis: Findings, and potential uses in addressing the endgame elimination challenges. PLoS
Neglected Trop. Dis. 2020, 14, e0008306. [CrossRef]

21. Kwarteng, E.V.S.; Andam-Akorful, S.A.; Kwarteng, A.; Asare, D.C.B.; Quaye-Ballard, J.A.; Osei, F.B.; Duker, A.A. Spatial variation
in lymphatic filariasis risk factors of hotspot zones in Ghana. BMC Public Health 2021, 21, 230. [CrossRef]

22. Amekudzi, L.K.; Yamba, E.I.; Preko, K.; Asare, E.O.; Aryee, J.; Baidu, M.; Codjoe, S.N.A. Variabilities in rainfall onset, cessation
and length of rainy season for the various agro-ecological zones of Ghana. Climate 2015, 3, 416–434. [CrossRef]

23. Pantelias, A.; King, J.D.; Lammie, P.; Weil, G.J. Development and Introduction of the Filariasis Test Strip: A New Diagnostic Test
for the Global Program to Eliminate Lymphatic Filariasis. Am. J. Trop. Med. Hyg. 2022, 106, 56–60. [CrossRef] [PubMed]

24. Touloupou, P.; Retkute, R.; Hollingsworth, T.D.; Spencer, S.E.F. Statistical methods for linking geostatistical maps and transmission
models: Application to lymphatic filariasis in East Africa. Spat. Spatio Temporal Epidemiol. 2022, 41, 100391. [CrossRef] [PubMed]

25. Sabesan, S.; Raju, H.K.K.; Srividya, A.N.; Das, P.K. Delimitation of lymphatic filariasis transmission risk areas: A geo-
environmental approach. Filaria J. 2006, 5, 12. [CrossRef] [PubMed]

26. Ray, E.L.; Sakrejda, K.; Lauer, S.A.; Johansson, M.A.; Reich, N.G. Infectious disease prediction with kernel conditional density
estimation. Stat. Med. 2017, 36, 4908–4929. [CrossRef]

27. Lin, C.H.; Wen, T.H. How Spatial Epidemiology Helps Understand Infectious Human Disease Transmission. Trop. Med. Infect.
Dis. 2022, 7, 164. [CrossRef]

28. Bhunia, G.S.; Roy, S.; Shit, P.K. Spatio-temporal analysis of COVID-19 in India—A geostatistical approach. Spat. Inf. Res. 2021, 29,
661–672. [CrossRef]

29. Tripathi, B.; Roy, N.; Dhingra, N. Introduction of Triple-Drug Therapy for Accelerating Lymphatic Filariasis Elimination in India:
Lessons Learned. Am. J. Trop. Med. Hyg. 2022, 106, 29–38. [CrossRef]

30. Shaw, C.; McLure, A.; Graves, P.M.; Lau, C.L.; Glass, K. Lymphatic filariasis endgame strategies: Using GEOFIL to model mass
drug administration and targeted surveillance and treatment strategies in American Samoa. PLoS Neglected Trop. Dis. 2023, 17,
e0011347. [CrossRef]

31. Senkwe, M.N.; Berta, K.K.; Logora, S.M.Y.; Sube, J.; Bidali, A.; Abe, A.; Onyeze, A.; Pita, J.; Rumunu, J.; Maleghemi, S.; et al.
Prevalence and factors associated with transmission of lymphatic filariasis in South Sudan: A cross-sectional quantitative study.
Pan Afr. Med. J. 2022, 42, 61–67.

https://doi.org/10.1371/journal.pntd.0009373
https://doi.org/10.1093/trstmh/trab002
https://doi.org/10.1046/j.1365-3156.2000.00620.x
https://doi.org/10.2147/RRTM.S134186
https://doi.org/10.3389/fitd.2022.953094
https://doi.org/10.1586/eri.09.36
https://doi.org/10.1371/journal.pntd.0007009
https://www.ncbi.nlm.nih.gov/pubmed/32804967
https://doi.org/10.1371/JOURNAL.PNTD.0010129
https://www.ncbi.nlm.nih.gov/pubmed/35926012
https://doi.org/10.1186/s12889-017-4414-5
https://www.ncbi.nlm.nih.gov/pubmed/28532397
https://doi.org/10.1371/journal.pntd.0005280
https://www.ncbi.nlm.nih.gov/pubmed/28333930
https://www.ncbi.nlm.nih.gov/pubmed/28325371
https://doi.org/10.1080/00330124.2014.907702
https://doi.org/10.1186/s13071-019-3682-6
https://doi.org/10.1016/j.actatropica.2010.12.004
https://www.ncbi.nlm.nih.gov/pubmed/21172296
https://doi.org/10.1371/journal.pntd.0008306
https://doi.org/10.1186/s12889-021-10234-9
https://doi.org/10.3390/cli3020416
https://doi.org/10.4269/ajtmh.21-0990
https://www.ncbi.nlm.nih.gov/pubmed/35292584
https://doi.org/10.1016/j.sste.2020.100391
https://www.ncbi.nlm.nih.gov/pubmed/35691660
https://doi.org/10.1186/1475-2883-5-12
https://www.ncbi.nlm.nih.gov/pubmed/17092355
https://doi.org/10.1002/sim.7488
https://doi.org/10.3390/tropicalmed7080164
https://doi.org/10.1007/s41324-020-00376-0
https://doi.org/10.4269/ajtmh.21-0964
https://doi.org/10.1371/journal.pntd.0011347


Trop. Med. Infect. Dis. 2024, 9, 107 21 of 21

32. Kwarteng, E.V.S.; Osei, F.B.; Andam-Akorful, S.A.; Kwarteng, A.; Asare, D.-C.B.M.; Quaye-Ballard, J.A.; Duker, A.A. Mapping
Spatial Variation and Impact of the National MDA Program on Lymphatic Filariasis Elimination in Ghana: An Initial Study. Front.
Trop. Dis. 2022, 3, 811909. [CrossRef]

33. Medeiros, Z.; Bonfim, C.; Brandão, E.; Netto, M.J.E.; Vasconcellos, L.; Ribeiro, L.; Portugal, J. Using kernel density estimates to
investigate lymphatic filariasis in northeast brazil. Pathog. Glob. Health 2012, 106, 113–117. [CrossRef] [PubMed]

34. Gyapong, J.O.; Kyelem, D.; Kleinschmidt, I.; Agbo, K.; Ahouandogbo, F.; Gaba, J.; Owusu-Banahene, G.; Sanou, S.; Sodahlon, Y.K.;
Biswas, G.; et al. The use of spatial analysis in mapping the distribution of bancroftian filariasis in four West African countries.
Ann. Trop. Med. Parasitol. 2002, 96, 695–705. [CrossRef] [PubMed]

35. Surjati, E.; Wiwoho, B.S. Transmission elimination of lymphatic filariasis using spatial autocorrelation. J. Phys. Conf. Ser. 2021,
1869, 012106. [CrossRef]

36. Slater, H.; Michael, E. Mapping, Bayesian Geostatistical Analysis and Spatial Prediction of Lymphatic Filariasis Prevalence in
Africa. PLoS ONE 2013, 8, e71574. [CrossRef]

37. Slater, H.; Michael, E. Predicting the current and future potential distributions of lymphatic filariasis in africa using maximum
entropy ecological niche modelling. PLoS ONE 2012, 7, e32202. [CrossRef] [PubMed]

38. Eneanya, O.A.; Cano, J.; Dorigatti, I.; Anagbogu, I.; Okoronkwo, C.; Garske, T.; Donnelly, C.A. Environmental suitability for
lymphatic filariasis in Nigeria 01 Mathematical Sciences 0104 Statistics. Parasites Vectors 2018, 11, 513. [CrossRef]

39. Astuti, E.P.; Hendri, J.; Ipa, M.; Ruliansyah, A.; Garjito, T.A. Vector Surveillance for Lymphatic Filariasis After Mass Drug
Administration in an Endemic Area: A Case Study in Bekasi. J. Kesehat. Lingkung. 2023, 15, 134–142. [CrossRef]

40. Slater, H.C. Spatial Epidemiology and the Integrated Control of Malaria and Lymphatic Filariasis in Africa; School of Public Health,
Imperial College London: London, UK, 2012.

41. Nyandwi, E.; Veldkamp, T.; Amer, S.; Ruberanziza, E.; Rujeni, N.; Umulisa, I. Using Routinely Collected Health Records to
Identify the Fine-Resolution Spatial Patterns of Soil-Transmitted Helminth Infections in Rwanda. Trop. Med. Infect. Dis. 2022, 7,
202. [CrossRef]

42. Muhd Nor, K.; Che Dom, N.; Abdullah, S.; Precha, N. Spatial and Temporal Analysis of Dengue Cases in Peninsular Malaysia: A
five-year analysis from 2016 to 2020. Environ. Behav. Proc. J. 2022, 7, 275–282. [CrossRef]

43. Fornace, K.M.; Senyonjo, L.; Martin, D.L.; Gwyn, S.; Schmidt, E.; Agyemang, D.; Marfo, B.; Addy, J.; Mensah, E.; Solomon, A.W.;
et al. Characterising spatial patterns of neglected tropical disease transmission using integrated sero-surveillance in Northern
Ghana. PLoS Neglected Trop. Dis. 2022, 16, e0010227. [CrossRef]

44. Tesema, G.A.; Tessema, Z.T.; Heritier, S.; Stirling, R.G.; Earnest, A. A Systematic Review of Joint Spatial and Spatiotemporal
Models in Health Research. Int. J. Environ. Res. Public Health 2023, 20, 5295. [CrossRef]

45. Bockarie, M.J.; Pedersen, E.M.; White, G.B.; Michael, E. Role of vector control in the global program to eliminate lymphatic
filariasis. Annu. Rev. Entomol. 2009, 54, 469–487. [CrossRef]

46. Gyapong, J.O.; Owusu, I.O.; da-Costa Vroom, F.B.; Mensah, E.O.; Gyapong, M. Elimination of lymphatic filariasis: Current
perspectives on mass drug administration. Res. Rep. Trop. Med. 2018, 9, 25–33. [CrossRef] [PubMed]

47. Ackley, C.; Elsheikh, M.; Zaman, S. Scoping review of neglected tropical disease interventions and health promotion: A framework
for successful ntd interventions as evidenced by the literature. PLoS Neglected Trop. Dis. 2021, 15, e0009278. [CrossRef]

48. Leonardo, L.; Bergquist, R.; Li, S.Z.; Lv, S.; Khieu, V.; Sayasone, S.; Xu, J.; Olveda, R.; Utzinger, J.; Sripa, B.; et al. Multi-disciplinary
integration of networking through the RNAS+: Research on other target diseases. Adv. Parasitol. 2019, 105, 95–110.

49. Sun, Y.; Hu, X.; Xie, J. Spatial inequalities of COVID-19 mortality rate in relation to socioeconomic and environmental factors
across England. Sci. Total Environ. 2021, 758, 143595. [CrossRef] [PubMed]

50. Williams, T.; Karim, M.J.; Uddin, S.; Jahan, S.; Asm, S.M.; Forbes, S.P.; Hooper, A.; Taylor, M.J.; Kelly-Hope, L.A. Socio-economic
and environmental factors associated with high lymphatic filariasis morbidity prevalence distribution in Bangladesh. PLoS
Neglected Trop. Dis. 2023, 17, e0011457. [CrossRef]

51. Gananalatha, E.; Edirisinghe, G. Socio-economic and Environmental Determinants of Filariasis in Matara District of Sri Lanka.
Am. Sci. Res. J. Eng. 2017, 32, 105–118.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3389/fitd.2022.811909
https://doi.org/10.1179/2047773212Y.0000000008
https://www.ncbi.nlm.nih.gov/pubmed/22943547
https://doi.org/10.1179/000349802125001735
https://www.ncbi.nlm.nih.gov/pubmed/12537631
https://doi.org/10.1088/1742-6596/1869/1/012106
https://doi.org/10.1371/journal.pone.0071574
https://doi.org/10.1371/journal.pone.0032202
https://www.ncbi.nlm.nih.gov/pubmed/22359670
https://doi.org/10.1186/s13071-018-3097-9
https://doi.org/10.20473/jkl.v15i2.2023.134-142
https://doi.org/10.3390/tropicalmed7080202
https://doi.org/10.21834/ebpj.v7i20.3487
https://doi.org/10.1371/journal.pntd.0010227
https://doi.org/10.3390/ijerph20075295
https://doi.org/10.1146/annurev.ento.54.110807.090626
https://doi.org/10.2147/RRTM.S125204
https://www.ncbi.nlm.nih.gov/pubmed/30050352
https://doi.org/10.1371/journal.pntd.0009278
https://doi.org/10.1016/j.scitotenv.2020.143595
https://www.ncbi.nlm.nih.gov/pubmed/33218796
https://doi.org/10.1371/journal.pntd.0011457

	Introduction 
	Materials and Methods 
	Study Sites 
	Study Design 
	Data Analysis 
	Spatial Mapping and Predictive Risk Maps 
	Spatial Autocorrelation Analysis 

	Results 
	Study Participants and Community Characteristics 
	Associations between Demographic Variables, MDA, and Infection 
	Hotspots for Community Infections 
	Spatial Autocorrelation 
	Ordinary Least Squares (OLS) and Geographic Weighted Regression Analysis (GWR) 
	FTS Positivity and Participation in Mass Drug Administration 

	Discussion 
	Conclusions 
	References

