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ABSTRACT

To appropriately serve humanity better, the need to distribute the limited resources correctly to the
needed persons and location remain nonnegotiable in our present dispensation. Indeed, it became
very expedient to sort for means of allocating these minimum resources to the needy against all
odds. The study seeks to identify communities with severe cases of HIV virus across Karu Local
Government Area of Nasarawa State and communities at high risk of HIV/AIDS. The study used
secondary data from the Karu Medical center Mararaba, which covered a period of ten (10) years,
from 2013 to 2023. The study used Moran’s [ Statistics, Kriging Model and Semivariogram model,
and ArcGIS software was used to analyzed the data. The finding shows that the Moran’s /
statistics recorded a positive value of 0.026684, z-score of 5.880192 and p-value 0.0000 which is
statistically significant. The spatial autocorrelation flattens out at 0.817 by the semivariogram and
Kriging model predicts communities at high risk of HIV/AIDS. This study conclude that
resources should be allocated to the identified communities and alongside intervention program
such as campaign programs and medical outreach to stop further prevalence of this virus.

Keywords: Spatial Autocorrelation, Kriging model, Moran’s I Statistics, Semivariogram,
HIV/AIDS.

INTRODUCTION Moran’s indices were used to investigate the
geographical clustering patterns of HIV and
TB co-clustering in Uganda, where both
diseases data were gotten for 2015, 2016, and
2017 from the Uganda ministry of health, and
the result shows that they exhibit relatively
different spatial clustering patterns across
Uganda, while the TB/HIV prevalence shows
consistent hotspot clusters around districts
surrounding Lake Victoria as well as northern
Uganda (Augustus et al, 2019).

Nasarawa state is been recognize as one of the
state in the northern region with high
prevalence rate of HIV/AIDS, though the
record shows that there is decline in the
number to 2,934 people in 2024, compared to
the incidence cases of 4,222 and 6,614 in the
year 2022 and 2023 (NASACA, 2024).
Richard (2014), studied the prevalence rate of
spatial variation of HIV/AIDS in Nigeria, he
used exploratory spatial data analytics (ESDA)
techniques, Global and Local Moran’s I A reviewed on Geographical distribution of
Statistics, and Getis and Ord Gi statistics to diseases in the world was conducted, it was
identify the pattern and communities with this =~ made a regional geographical overview of the
threatening diseases, and the result shows that  distribution of diseases concerning natural and
Nasarawa, Benue, Abuja, and Cross River social factors. The reviewed considered the
recorded high prevalence rate in Nigeria. influence of the geographical environment on
the prevalence of diseases, the impact of the

The Global Moran’s index, spatial scan ) . .
social environment of the expansion of the

statistics, and bivariate global and local
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disease, and also elaborated on globalization
and the diseases. In conclusion, the reviewed
contributed to publicity approach involving
the autochthon of diseases in certain regions as
their spread reckoning the present dispensation
technological development and population
dynamics across the globe (Blagoja et al,
2016).

Elsa et al (2023), investigate the spatial
distribution and determinants of barriers to
health care access among female youth in
Ethiopia with a total weighted sample of 6143
female youths between the aged of 15 to 24.
They used mix effect analysis to identify
factors contributing to health access barriers
and strength, also they wused wealth
inequalities concentration index and spatial
analysis to search the spatial distribution and
significant windows of barriers to healthcare
access. The outcome of their work shows the
barriers level to health facilities among youth
between age 15 to 19 to be at 61.3%, while the
barrier level among the youth with no formal
education 13.18%, the barrier level among the
youth with primary education is 2.95%, the
barrier among the married ones is 1.21%, and
that of poor household wealth is at 2.05%.
Finally, they conclude that the barriers to
healthcare were noticeably to be out of
proportionate among the youth of the Ethiopia,
hence, consistent study for intervention
programs to address the challenges
appropriately, its recommended.

A review articles was conducted on the use of
basis-function models of spatial statistics with
mostly nonstationary data cases. The reviewed
aim at basis functions models that provide
extreme flexibility and efficient computation
on nonstationary data, additionally, they
concentrate on the basis function models of
spatial process on the Gaussian, Non Gaussian,
Multivariate and spatio-temporal setting, and
application in geophysics. Lastly, they stress
on how skillfulness are these spatial models,
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which are now center stage in numerous
analysis application. Their reviewed ended
with examples and discussion on spatial
statistics software for analysis which are now
available and fit for spatial basis models (Noel
et al,2022).

Tsion et al (2024) examined Geospatial
determinants and spatio temporal variation of
early initiation of breastfeeding and exclusive
breastfeeding in  Ethiopia. = Multiscale
geographically weighted regression analysis
was used with data from Ethiopian
Demographic and health survey (EDHS). They
used spatial autocorrelation to measure
whether EIBF and EBF were dispersed,
randomly or clustery distributed and Kriging
interpolation techniques was used to predict
the outcome variables in the unmeasured areas,
also scan statistics was used to identify spatial
clusters with high prevalence of cases. In the
study, they find out that the trend analysis
increase in the prevalence of EIBF from
51.8% in the year 2011 to 71.9% in 2019 and
also that of EBF increases from 52.7% in 2011
to 58.9% in 2019. Also, there was spatial
variation in EIBF and EBF across the country.
Additionally, clusters of low prevalence of
EIBF were observed consistently in the Tigray
and Ambhara regions, while there were
significant clusters of EBF in Afar and Somali
regions, and lastly the study showed that
multiscale geographically weighted regression
analysis was a significant predictors of spatial
variations in EIBF.

Thi-Hien et al (2024), study the Identification
of spatial clusters and spatial outliers of
HIV/AIDS using local Moran’s [ statistic to
measure the number of HIV/AIDS cases in
each cities of Vietnam, and then Spatial
distribution of HIV/AIDS clusters and outliers
was mapped. The result shows that High
numbers of HIV/AIDS cases were mainly
concentrated in the provinces of the north
central region, and provinces in the south of



Vietnam, while Low numbers of HIV/AIDS
cases were detected in the northeastern
provinces, central and southeastern provinces
of Vietnam. Specifically, one high-high cluster
and six low-low spatial clusters, and four low-
high and high-low spatial outliers of
HIV/AIDS cases were successfully detected.
Whereas, the only high-high spatial cluster
was discovered in Binh Duong province with
3598 HIV/AIDS cases.

Leo et al (2014), analyze spatial clustering and
the spatiotemporal nature and trends of
HIV/AIDS prevalence in Malawi from 1994 to
2010, they used Inverse distance to generate
continuous surfaces of HIV prevalence for all
the years, Spatial dependency and clustering
of HIV prevalence was analyzed, and
correlation and multiple regression analyses
were used to identify factors associated with
HIV prevalence for 2010 and their spatial
variation/clustering mapped, compared to HIV
clustering. The study outcome shows that
there is wide spatial variation in HIV
prevalence at the region and there is
significant statistics of prevalence of spatial
dependence across the nation. Locally, HIV
was clustered among eleven southern district
with multiple regression of 2010 HIV
prevalence which produced a model with four
significant explanatory factors with adjusted
R? of 0.688 of mean distance to main roads,
mean travel time to nearest transport,
percentage that had taken an HIV test ever,
and percentage attaining a senior primary
education. Finally, Spatial clustering linked

(o)~ (o= (C)H-

Given
, (o) = ()
that is simplify residual.

=1

=1

The Moran’s I Statistics

Moran’s [ is a tool that simultaneously
measures spatial autocorrelation based on both
feature locations and feature values. Having a
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some factors to particular subsets of high HIV-
prevalence districts.

MATERIALS AND METHODS
Sources of Data

The study uses the health data from the
records unit of Karu General hospital
alongside with their location coordinates, and
the data were transformed to shape file format.
This study seek to identify communities with
cluster of HIV/AIDS and to also predict
communities that are prone to risk of
HIV/AIDS in Karu Local Government Area of
Nasarawa state with Morans I statistics and
Kriging Model using ArcGis software.

Model Specification
The Kriging Model

The general equation for the universal Kriging
()+ (1)

Where, is the dependent variable (variable of
interest), ( ) is typically a linear ~ function
of local explanatory variables (also known as
location), and  is a spatially dependent error
term.

The Kriging Weights
(o= () )

is the data weight, ( ) is the data value,
and ( ) is the estimate of unknow location.

=1

Also, in the case where the mean is not
stationary, the residual is subtracted from the
both sides which gives

) G)

(4)

set of features and an associated attribute, it
measures whether the pattern expressed is
clustered, dispersed, or random.



The Moran’s [ autocorrelation coefficient was
used to first measure the correlation between

=5 ~-)

=1

— =1
( ) Lo
=1 =0
Where is the number of Patients, is the
weight matrix of links between and , and

variables in the and spatial units patients,
and is the arithmetic mean of the variable
for all units. The value of local Moran’s [
range from +1 indicating high- high or low-
()
(==
(-2

2 C =)

The Semivariogram Model

A semivariogram its a statistical curve or
graph that shows the degree of similarity
between two sets of observations. Additionally,
its a probability graph with the x-axis that

display the horizontal distance between
— _1 _ 2
(V=55 (= )

Where is the variogram, is the lag distance,

RESULTS AND DISCUSSION

The fig 1 show the distribution of HIV in the
Karu Local Government of Nasarawa State.
As noticed, the Moran’s / index, z-score,
variance, expected index and the probability
value of the HIV virus in the LGA were
0.026684, 5.880192, 0.000024, -0.002375 and
0.000000 for the period of study from 2013 to
2023. The z-score which reflect the deviation
of the points from the means show to be
positive, which further indicate that there are
points that are above the average points from
the data distribution.
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the neighboring observations within each LGA
using this formula below

)

low clusters through a random pattern to —1
indicating high-low or low-high outliers
according to (Wang et al., 2016).

For identification of statistically significant
hotspot and cold spot of the clusters incidence,
the local moran’s 7 will be use

(6)

pairs of observations, and the y-axis display
some measure of similarity between those
pairs, or its can be seen as the function of
difference over distance, in other word its tells
us about similarity and dissimilarity of points
over time.

()

is the tail, and _ 1is the head.

Karu HIV Spatial Autocorrelation

The figure 2 revealed that there is a Spatial
Autocorrelation in the data set given the
Moran’s [/ index to be positive, and also
indicate that there is clusters. Additionally, the
variances quantify the dispersion of the data
set, and expected index value tell us the
probability of changes in the data set over the
time period, which second to the assessment of
geographical heterogeneity of HIV among
men who have sex with men (MSM) and
people who inject drugs (PWID), using HIV
global spatial autocorrelation and hotspot
analysis to highlight patterns of HIV infection
and identify areas of significant clustering of
HIV cases, whose shows that Global spatial
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autocorrelation Moran I statistics identified a  significant clusters of HIV infection with
clustered distribution of HIV infection among  Getis-Ord-Gi statistics holds to the North
MSM and PWID of less than 5%, and less  Central and South South regions were seen to
than 1% likelihood that this clustered pattern = be among MSM and PWID Amobi et al
is as a result of chance. Consequently, a  (2021).
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Figure 1: Spatial Autocorrelation.
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Figure 2: Spatial Autocorrelation by Distance.
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The above graph showed the various
clustering distance with a difference of 160 at
each interval and the z-score is statistically
significant for each cluster. The peak with the
lowest clustering distance was at 800.00 with
Morans’/ 0.079534, z-score 3.069134 value,
variance 0.079534, expected index -0.002469
and its p-value 0.002465. While that of higher
clustering was identified at maximum distance
of 1440.00 with Morans’/ 0.062603, z-score
value 3.631456, variance 0.000321, expected
index 0.002427, and p-value 0.000282.

The figure 3 shows the clustering levels across
the Karu LGA of HIV, with the green color
indicating that there is no clustering in those
areas, the light pink colour indicate that there
is high cluster level of HIV virus in Masaka,
Koya, Kuchikau, Gwagwa, and Keffi Shanu
communities of the Karu LGA, the red colour
shows there is high cluster of HIV surrounded
by individual with low severe infection cases,
the blue colour also shows those with lower
HIV infection virus surrounded by those with
high level of HIV infection, and lastly, the sky
blue indicate those communities with low
cluster level of the HIV diseases. This above
finding align with the work of Leo ef al (2014)
on spatial clustering and the spatiotemporal
nature and trends of HIV/AIDS prevalence in

DOI: 10.56892/bima.v9i11B.1274

Malawi from 1994 to 2010, where their work
revealed the spatial variation in HIV
prevalence at the region and the significant
statistics of prevalence of spatial dependence
across the nation, and locally, HIV was
clustered among eleven southern district.
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Figure 3: Karu HIV Cluster Map.
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The graph (Figure 4) depicts the spatial
autocorrelation of the data as it flattens out at
0.817 at the x-axis, and the binned helps us
visualize the relationship between the
variables. The plot further shows the
measurement variation with distance between
all pairs of sampled locations within the range.

y-10-1
B.45 —
7.394 | f
6.338 | b
H - - H
5281 | : et : e
4225 | : e
3169 | : . .
2113 | -:- '+.h = ® - 'I-- -it-n :1.. 2 "'.
= /’_’————-————_ [ H E + . e -:‘.'I. ‘! : :i
TS ASE ol IR DR N
0136 0272 D4DE 0.544 068 DE'I'-' 0953 1089 1275
— Model * Binned = fAveraged Distance (Degree), h -10 3

Figure 4: Semivariogram Graph.
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Figure 5: Karu LGA HIV Prediction
Map.

The Figure 5 shows the prediction range levels
of the HIV diseases of Karu LGA at various
communities. The prediction map showed the
area with low risk level, starting from blue to
red with the higher risk levels across various
communities, and the result indicate that
Kugbaru, Kabusu, Kafa, Mararaba, Masaka,
Ado, Kuchikau, Gwagwa, Bakin Kogi, Saka
and Keffi Shanu recorded high risk of HIV
virus. Hence, relevant authorities should put in
place measures to curtail further escalation of
this diseases. Thus far, the study aligns with
the assertion of Noel et al, (2022), on how
versatile are these spatial models, which are
now center stage in numerous analysis
application, where their reviewed articles
further concluded with examples and
discussion on spatial statistics software for
analysis which take care of nonstationary data
sets.

CONCLUSION

This study was design to identified
communities with high cases of HIV virus in
Karu Local Government Area of Nasarawa
State, and also those communities at high risk
of this virus using the Morans’/ statistics,
Kriging Model and the Semivariogram Model.
The studied identified Masaka, Koya,
Kuchikau, Gwagwa, and Keffi Shanu with
clustered of HIV/AIDS by the Morans’/
statistics, While the Kriging Models predicted
Kugbaru, Kabusu, Kafa, Mararaba, Masaka,
Ado, Kuchikau, Gwagwa, Bakin Kogi, Saka
and Keffi Shanu communities to be at high
risk to this life threatening diseases. Thus, this
study recommends a prompt action by the
relevant body to intensify intervention
programs across the LGA to curtails further
prevalence of this diseases. Furthermore, those
communities identified with the severe cases,
intervention and campaign station should be
stage within their rich to reduce cost, because
some of those communities are mostly in rural
area which are also face with some barriers to
health facilities, therefore, denying them
access to this facilities (Elsa et al, 2023).

REFERENCES

Amobi, O., Abiye, K., Moses, K., Otse,, O.,
Antoine, J., & Olivia, K. (2021).
“Geographical Disparities in HIV
Seroprevalence Among Men Who
Have Sex with Men and People Who
Inject Drugs in Nigeria: Exploratory
Spatial Data Analysis.” JMIR Public
Health and Surveillance, 7(5), e19587.
Doi: 10.2196/1958

Augustus, A., Mahdi, F., Petter, P., & Ali, M.
(2019). “Spatial analysis of HIV-TB
co-clustering in Uganda.” Infectious
Diseases, 19,
https://doi.org/10.1186/s12879-019-2.

Blagoja, M., & Temjana, M. (2016).
“Geographical distribution of diseases


https://www.researchgate.net/journal/JMIR-Public-Health-and-Surveillance-2369-2960?_tp=eyJjb250ZXh0Ijp7ImZpcnN0UGFnZSI6InB1YmxpY2F0aW9uIiwicGFnZSI6InB1YmxpY2F0aW9uIiwicG9zaXRpb24iOiJwYWdlSGVhZGVyIn19
https://www.researchgate.net/journal/JMIR-Public-Health-and-Surveillance-2369-2960?_tp=eyJjb250ZXh0Ijp7ImZpcnN0UGFnZSI6InB1YmxpY2F0aW9uIiwicGFnZSI6InB1YmxpY2F0aW9uIiwicG9zaXRpb24iOiJwYWdlSGVhZGVyIn19
https://doi.org/10.2196/19587
https://doi.org/10.1186/s12879-019-2

in the world.” www.mes.org.mk, 13,
146-156.

U. & Alpaslan, MN. (2024).
“Analysing the relationship between
countries’ freedom level and the
number of Covid-19 cases.” Saglik
Akademisyenleri Dergisi, 11(3), 350-

Cirakls,

357.
Darabi, G. F., Hezarkhani, A., & Zare M. R.
(2019). “Geospatial analysis and

assessment of ?*Ra, 23U, 232Th, ¥Cs,
and “°K at Anzali wetland, north of
Iran.” Environmental Monitoring and
Assessment, 191(6), 390.
10.1007/s10661-019-7516-y
Dhokotera, T., Riou, J., Bartels, L., Rohner, E.,
Chammartin, F., Johnson, L., Singh, E.,
Olago, V., Sengayi, M. M., Egger, M.,
Bohlius, J., & Konstantinoudis, G.
(2021). “Spatiotemporal modelling
and mapping of cervical cancer
incidence among HIV positive women
in South Africa: a nationwide study.”

International  Journal of Health
Geographics, (20)30
https://doi.org/10.1186/s12942-021-
00283-z.

Diego, F. C., Jingjing, L., Adam, J. B., Adam,
A., Peng, J., Elizabeth, N. M., & Frank,
T. (2017). “Mapping the spatial
variability of HIV infection in Sub-
Saharan Africa: Effective information

for localized HIV prevention and

control.”  Scientific ~ Report, 7,
https://doi.org/10.1038/s41598-017-
09464-y.

Ebrahim, G. R., Meysam, O., Arash, T. B.,
Arezou, A., & Marzieh, N. (2021).
“Geo-epidemiological reporting and
spatial clustering of the 10 most
prevalent cancers in Iran”. Geospatial
Health, 16(1), Doi:
10.4081/gh.2021.904.

Elsa, A. F., Desale, B. A., Wubshet, D. N.,
Tadele, B. B., Tsegaw, A. B., Banchlay,

£ Bima Journal of Science and Technology, Vol. 9(1B) Apr, 2025 ISSN: 2536-6041§ jdl

DOI: 10.56892/bima.v9i11B.1274

157

A., Tadesse, T. T., Sisay, M. W., Abel,
E., Alebachew, F. Z., Atitegeb, A., &
Samrawit, M. F. (2023). “Spatial
distribution and determinants of
barriers of health care access among
female youths in Ethiopia, a mixed
efect and spatial analysis.” Sci Rep,
13(1), 21517. Doi: 10.1038/s41598-

023-48473-y.

Emily, D. C., & Melinda, K. M. C. (2021).
“Impact of imprecise household
location on  effective  coverage

estimates generated through linking
household and health provider data
by geographic proximity: a simulation
study.” International Journal of Health

Geographics, 20(38).
https://doi.org/10.1186/s12942-021-
00292-y

Federica, C., Caterina, C., Valeria, C. Keti, L.,
Anil, M., Elena, P., & Giorgia, S.
(2020). “Do spatial interactions fuel
the climate-conflict vicious cycle? The
case of the African continent.” Journal
of Spatial Econometric, 1(5), 4237.
DOI: https://doi.org/10.1007/s43071-
020-00007-8.

Fei, J.,, & Lung-fei, L. (2020). Asymptotic
properties of a spatial autoregressive
stochastic frontier model. Journal of

Spatial  Econometric, 1(2), DOL:
https://doi.org/10.1007/s43071-020-
00002-z.

Gao, F., Clara, L., Khali, K., Mélanie, G.,
Baptiste, B., & Séverine, D. (2021).
“Efficiency of fine scale and spatial
regression in modelling associations
between healthcare service spatial
accessibility and their utilization.” Int.
J Health Geogr, 20(22).
https://doi.org/10.1186/s12942-021-
00276-y.

Gregg, G., & Erica, L. N., (2019). “Beyond
mapping: a case for geospatial
analytics in humanitarian health.”


http://www.mes.org.mk
https://ui.adsabs.harvard.edu/link_gateway/2019EMnAs.191..390D/doi:10.1007/s10661-019-7516-y
https://doi.org/10.1186/s12942-021-00283-z
https://doi.org/10.1186/s12942-021-00283-z
https://doi.org/10.1186/s12942-021-00292-y
https://doi.org/10.1186/s12942-021-00292-y
https://doi.org/10.1007/s43071-020-00007-8
https://doi.org/10.1007/s43071-020-00007-8
https://doi.org/10.1007/s43071-020-00002-z
https://doi.org/10.1007/s43071-020-00002-z
https://doi.org/10.1186/s12942-021-00276-y
https://doi.org/10.1186/s12942-021-00276-y

British Medical Journal Global Health,
4(5). DOI:10.1136/bmjgh-2019-
001849.

Heni, P., Pandji, W. D., Joni, H., Endanj, P. A.,

Yalemzewod, A. G., Harapan, H.,
Mara 1., Widyastuti, W. H., Ngabila, S.,
& Mkirsal, P. (2021). “Geographical
heterogeneity and socio-ecological risk
profiles of dengue in Jarkata,
Indonesia.” Geospatial Health, 16(1),
Doi: 10.4081/gh.2021.948.

Huling, L., Hui, L., Zhongxing, D., Zhibin, H.,

Jacob,

Feng, C., Kaji W., Zhihang ,P. &
Hongbing, S. (2020). “Spatial
statistical analysis of Coronavirus
Disease 2019 (Covid-19) in China.”

Geospatial ~ Health, 15(1), Doi:
10.4081/gh.2020.867.
D., & Tony, E. S. (2021). “A

hierarchical approach to scalable
Gaussian process regression for spatial
data.” Journal of Spatial Econometrics,
2(7), 623.
https://doi.org/10.1007/s43071-021-
00012-5.

Jesse, W., Melody, S., Yvonne, A., Yijun, Z.,

Jin, C.

Stephanie, W., Shreya, M., & Niamh,
D. (2021). “International Improving
spatial data in health geographics:
a practical approach for testing data
to measure children’s physical activity
and food environments using Google
Street View”. Journal of Health
Geographics, 20(37),
https://doi.org/10.1186/s12942-021-
00288-8

, & Murray, A. T. (2021). “Exploring

Micro-scale Spatiotemporal Dynamics
of Restaurant Entrepreneurship with

Public Open Data.” International
Journal of Geospatial and
Environmental Research. 8(3).

https://dc.uwm.edu/ijger/vol8/iss3/5

Joaqui, M. M., Michela, C., David, C., &

Maria, G. P. (2019). “Species

£ ¥ Bima Journal of Science and Technology, Vol. 9(1B) Apr, 2025 ISSN: 2536-6041 )

DOI: 10.56892/bima.v9i11B.1274

158

distribution modeling: a statistical
review with focus in spatiotemporal
issues.”  Stochastic ~ Environmental
Research and Risk Assessment, 37,
322-3244
https://doi.org/10.1007/s00477-018-
1548-7(0123456789().,-
volV)(0123456789().,-volV)

Jos¢, U. M., & Urbina, G. F. (2021). “A

flexible special case of the CMerrinSN
for spatial modeling and prediction.”
Spat. Stat, 47.
doi: 10.1016/j.spasta.2021.100556

Joseph, M., Paul, O., Peter, M., & Victor, A.

(2019). “A spatial database of health
facilities managed by the public health
sector in sub Saharan Africa.”
Scientific Data, 6.
Doi:10.1038/s41597-019-0142-2.

Kang, J., Kim, H., Park, J., & Shin, H. (2021).

“Short-term Slope Changes on Dokdo
Island Identified from Ground-based

3D LiDAR Data.” [International
Journal of Geospatial and
Environmental Research, 8(3).

https://dc.uwm.edu/ijger/vol8/iss3/3

Khalifa, M. A., Kindi, A. A., Amira, A., Duhai,

A., Noura, A., Talal, A., Yassine, C. &

Ahmed, M. E. K. (2021).
“Demographic and socioeconomic
determinants of COVID-19 across

Oman - A geospatial modelling
approach.” Geospatial Health, 16(1),
doi: 10.4081/gh.2021.985.

Kost, G. (2019). “Geospatial Science and

Point-of-Care Testing: Creating
Solutions for Population Access,
Emergencies, Outbreaks, and

Disasters.” Public Health, 7(1), Doi:
10.3389/fpubh.2019.00329

Leo, C. Z., Ezekiel, K., & Eliza, J. (2014).

“Analyzing spatial clustering and the
spatiotemporal nature and trends of
HIV/AIDS prevalence using GIS: the
case of Malawi.” BMC Infectious


https://www.researchgate.net/journal/British-Medical-Journal-Global-Health-2059-7908
http://dx.doi.org/10.1136/bmjgh-2019-001849
http://dx.doi.org/10.1136/bmjgh-2019-001849
https://doi.org/10.1186/s12942-021-00288-8
https://doi.org/10.1186/s12942-021-00288-8
https://dc.uwm.edu/ijger/vol8/iss3/5
https://doi.org/10.1007/s00477-018-1548-7(0123456789().,-volV)(0123456789().,-volV)
https://doi.org/10.1007/s00477-018-1548-7(0123456789().,-volV)(0123456789().,-volV)
https://doi.org/10.1007/s00477-018-1548-7(0123456789().,-volV)(0123456789().,-volV)
https://doi.org/10.1016/j.spasta.2021.100556
https://www.researchgate.net/journal/Scientific-Data-2052-4463
https://www.nature.com/articles/s41597-019-0142-2
https://dc.uwm.edu/ijger/vol8/iss3/3

Diseases, 14(1), 1994-2010.
http://www.biomedcentral.com/1471-
2334/14/285.

Mikova, R. (2023). “Trends and spatial
differences in the change of the age
structure of a population in rural
areas.”  Bulgarian  Journal  of
Agricultural Economics and
Management, 68(4), 48-61.

NASACA, (2024). “World AIDS Day: 2,934
people are living with HIV/AIDS in
Nasarawa.”
https://fmino.gov.ng/world-aids-day-
2934-people-are-living-with-hiv-aids-
in-nasarawa-nasaca-executive-director/

Noel, C., Matthew, S. D., & Andrew, Z. M.
(2022). “Basis-Function Models in
Spatial Statistics.” Annual Review of
Statistics and Its Application, 9, 373—
400. https://doi.org/10.1146/annurev-
statistics-040120-020733

Richard, O. D. (2014). “Mapping the
HIV/AIDS epidemic in Nigeria using
exploratory spatial data.” Analysis.
GeoJournal, 75(2), 1-15. DOI
10.1007/s10708-010-9350-1.

Sidamo, B.N.; Kerbo, A. A., Gidebo, D.K., &
Wado, Y.D. (2024). “Predictors of
Sexual and Reproductive Health Rights
Knowledge among Adolescents in
Gamo Zone, Southern Ethiopia: A
multi-level analysis.” Journal of
African  Population Studies, 37(1),
5293.
https://doi.org/10.59147/np5qApyn.

Thi-Hien. C., & Thi-Hong, D. (2024).
“Identification of spatial clusters and
spatial outliers of HIV/AIDS using
local Moran’s 1 statistic.” World
Journal of Biology Pharmacy and

Health Sciences, 17(01), 101-108.
DOI:
https://doi.org/10.30574/wjbphs.2024.1
7.1.0012

DOI: 10.56892/bima.v9i11B.1274

Tsion, M. S., Kusse, U. M., Yordanos, S. A.,

159

Zufan, A. A., Hiwot, A. A., Abdu,
H. S., Afework, A. L., Kebede, G. S.,
Bezawit, M. F., & Bizunesh F. K.
(2024). “Geospatial determinants and
spatiotemporal  variation of early
initiation  of  breastfeeding and
exclusive breastfeeding in Ethiopia
from 2011 to 2019, a multiscale
geographically weighted regression
analysis.” BMC Public Health, 24(1),
2011.  Doi:  10.1186/s12889-024-
19552-0.


http://www.biomedcentral.com/1471-2334/14/285
http://www.biomedcentral.com/1471-2334/14/285
https://fmino.gov.ng/world-aids-day-2934-people-are-living-with-hiv-aids-in-nasarawa-nasaca-executive-director/
https://fmino.gov.ng/world-aids-day-2934-people-are-living-with-hiv-aids-in-nasarawa-nasaca-executive-director/
https://fmino.gov.ng/world-aids-day-2934-people-are-living-with-hiv-aids-in-nasarawa-nasaca-executive-director/
https://doi.org/10.1146/annurev-statistics-040120-020733
https://doi.org/10.1146/annurev-statistics-040120-020733
https://doi.org/10.59147/np5qApyn

