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Data sources

• National death registry database of Mexico (INEGI)

• Pre-pandemic yearly per week distribution of illness-related 

deaths
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Introduction

STI and HIV prevention and care services have been unavoidably dis-
rupted by the pandemic and its associated interventions, such as lock-
down and other social distancing measures.

Services were reconfigured to be increasingly online/by phone, rather
than in person, so that the UK March 2020 lockdown is expected to
have had a causal effect on HIV diagnosis.

Assessing the effect of a policy (or intervention) on an outcome requires
first estimating the ‘counterfactual’, i.e. what would have happened if
the intervention had not taken place.

Feysal Kemal (Peter Kirwan,Tasnuva Tabassum,James Lester, Pantelis Samartsidis,Alison Brown, Daniela De Angelis, Chiara Chiavenna,Anne Presanis)Impact of the first COVID-19 lockdown on HIV diagnosis in England



Introduction...

Time series models to estimate such counterfactuals have been used in
many applications such as health and Social science[Brodersen et al.,
2015].

In this paper, I aim is to estimate the magnitude of the effect of the
first UK national COVID-19 lockdown on HIV diagnoses.

In particular by inferring the counterfactual of how many new HIV
diagnoses would have occurred in the absence of the lockdown, and
comparing this with the recorded number of new HIV diagnoses during
2020.
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Data

The HARS dataset records all new HIV diagnoses from 1978 to 2020.

For the purpose of this study, we concentrate on diagnoses from the
period 2004 to 2020.

We aggregated the HARS dataset by year, quarters, age group, a com-
bined gender/sexual orientation variable, and 2 stages of diagnosis.

Feysal Kemal (Peter Kirwan,Tasnuva Tabassum,James Lester, Pantelis Samartsidis,Alison Brown, Daniela De Angelis, Chiara Chiavenna,Anne Presanis)Impact of the first COVID-19 lockdown on HIV diagnosis in England



Methods

Synthetic controls

The idea behind synthetic control [Abadie et al., 2010] is to find a
control unit, unaffected by the intervention, against which to compare
the treated/intervened on unit.

Rather than use a single control unit, a weighted sum of control units
(that are all unaffected by the intervention) might be better correlated
with the pre-intervention treated unit than a single control time series
alone.

Our “treated unit” is the time series of quarterly new HIV diagnoses
affected by the intervention (lockdown).
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The causal impact method

The causal impact method (CIM) was introduced by [Brodersen et al.,
2015], using a Bayesian structural time series (BSTS)model to estimate
the counterfactual against which to compare the treated unit

Bayesian variable selection using a spike and slab prior is used to decide
which control time series Zt,s to include, i.e. how to define the synthetic
control.

The BSTS model is fitted to the pre-intervention period data, then
the fitted model is used to predict the counterfactual for the post-
intervention period.

The causal effect is defined as the difference between the counterfactual
prediction and the observed treated unit in the post-intervention period.
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BSTS model

BSTS model for the outcome Yt,s , the observed number of new HIV
diagnoses at time t (quarter-year) for stratum s is given as follows:

Yt,s ∼ N(µt,s , σ
2
y ,t,s)

µt,s = αsZt,s + lt,s + γt,s

lt+1,s ∼ N(lt,s + δt,s , σ
2
l ,t,s)

δt+1,s ∼ N(δt,s , σ
2
δ,t,s)

γt+1,s ∼ N

(
−

U−2∑
u=0

γt−u,s , σ
2
γ,t,s

)
The magnitude of the effect can be defined as the difference between
the observed series and the conterfactuals

Yi ,t(Observed) − Yi ,c(counterfactual)
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Chosen synthetic control time series

Finding appropriate synthetic controls time series for this application was
very challenging

We checked three group of control time series:

Time series that are likely to be highly correlated with new HIV diag-
noses, such as HIV tests, tests and diagnoses for other STIs.

Random terms in google searches that are unlikely to have been affected
by the lockdown, such as “apple”, “duck”, “google”, “bbc”, etc

To help capture the observed peak hit in 2015 in the MSM group,we
also included search terms for events/names that were in the news in
2015 (Tsipras,Syriza,Syria, Austerity, Greece election,Paris summit).

Combination of 37 synthetic controls series were selected from google trend
data
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Results

Estimated posterior probability of an effect

Gender/ Age group Late diagnosis Non-late diagnosis
sexual orientation (AIDS or CD4 < 350) (CD4 >= 350)

MSM
15-24 56% 64%
25-34 91% 63%
35-49 52% 60%
50+ 67% 89%

Other men
15-24 88% 96%
25-34 64% 59%
35-49 55% 92%
50+ 98% 71%

Women
15-24 45% 55%
25-34 51% 58%
35-49 56% 75%
50+ 87% 91%

Table: Estimated posterior probability of a causal effect of the first COVID-19
lockdown on HIV diagnoses, by gender, sexual orientation, age group, and stage
of diagnosis.
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Results: Counterfactual plots
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Figure: Counterfactual plots for MSM aged 25-34 (left) and 35-49 (right) with
late diagnosis. The black lines show the observed diagnoses, the dashed line is the
posterior mean counterfactual diagnoses, and the blue ribbon is the 95% CrI for
the counterfactual diagnoses.
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Dumbbell plots
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Figure: Dumbbell plots for MSM exposure groups showing the observed vs the
counterfactual number of new diagnoses summed over the three quarters after the
lockdown ordered by effect size.
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Discussion

We estimated the effect of the first UK national SARS-CoV-2 pandemic
lockdown on HIV diagnoses.

Due to the small sample sizes in the age group 50+, the variability in
the difference between the counterfactual and the observed diagnoses
is comparatively high in this age group.

There is a higher posterior probability of an effect for those with non-
late diagnosis compared with late diagnosis among women.

This analysis is the first to formally quantify the effect of the first UK
national SARS-CoV-2 pandemic lockdown on HIV diagnoses.
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Conclusions

Largest effect is seen in first calendar quarter after lockdown, with the
effect subsequently reducing as HIV testing, and consequent diagnosis,
caught up during the summer of 2020.

The magnitude of the effect of lockdown on HIV diagnosis varies for
the different strata we considered.

Public health campaigns which encouraged HIV home testing during
the lockdown may also have helped to mitigate the effect.
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Modelling local variations across 
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approach



Introduction:
Small area 

estimation (SAE)

Estimation of health-related 
parameters for small 

geographic areas (Rao & Molina, 
2015)

Role
Significance 

in public 
health 

S
A
E

Provision of insights into localized 
health disparities, disease 

prevalence, and risk factors within 
specific geographic area (Wakefield 

et al., 2020) 
John Snow cholera map adapted from (Erraissi, 2019)



Introduction:
Small area estimation 

(SAE)

SAE categories

A

Design-based 
estimation

Function:
Direct sampling

B

Model-based 
estimation

Function:
Statistical / 

machine learning 
(ML) modelling

Study focus:
ML models

John Snow cholera map adapted from (Erraissi, 2019)



Introduction:
ML models

Spatial and 
spatiotemporal 

ML models

ML models that account for 
spatial or spatiotemporal 
context

❑ Luo et al., 2021

❑ Draidi et al., 2022

❑ Lucas et al., 2022

❑ Wang et al., 2023

❑ Geographically weighted random forest (GRF/GWRF)

❑ Spatio-temporal attention network (STAN)

❑ Graph wavenet (GWNet)

❑ Spatio-temporal prediction network (STG-Net)

❑ Cross-location attention-based graph neural networks (ColaGNN)

Credit: Unknown creator



Spatial and 
spatiotemporal 

ML models

Global

Local

%Smoker

COVID-19 
dynamics 
in the US

Source: Adapted from (George et al., 2022)

I can provide 

more.

Introduction:
ML models



Introduction:
Spatial and 

spatiotemporal ML 
models for COVID-19 

studies

SAESAECOVID-19

A

C

B

Global pandemic threat (Dai et al., 2023)

Over 700 million cases worldwide

(Worldometer, 2024)

Over 7 million total deaths worldwide

(Worldometer, 2024)



Objectives

Gaps

2: To model COVID-19 spatial 
dynamics using composite 

indicators

3: To incorporate temporal 
variation into our model to gain 

a deeper understanding of 
COVID-19 spatiotemporal 

dynamics

1: To construct 
composite indicators



Methods: 
Study area

The United States (US)

Spatial distribution of percentage of people with fair or poor health
Sources: Author generated map



Methods: 
Data sources

County Health Rankings and Roadmaps

Data 
sources

USAFacts



Methods: Data
SAE

SAE

Response 
variables

COVID-19

Incidence 
rate

Mortality 
rate



Methods: 
Geographically 

weighted principal 
component analysis 

(GWPCA)

GWPCA
GWPCAGWPCA

A spatial extension of 
the conventional PCA

Σ 𝑢𝑖 , 𝑣𝑖 = 𝑋𝑇 ∙ 𝑊 𝑢𝑖 , 𝑣𝑖 ∙ 𝑋 𝑤𝑖𝑗 =
1 −

𝑑𝑖𝑗
𝑏

2 2

, 𝑑𝑖𝑗 ≤ 𝑏

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

𝐿 𝑢𝑖 , 𝑣𝑖 ∙ 𝑉 𝑢𝑖 , 𝑣𝑖 ∙ 𝐿𝑇 𝑢𝑖 , 𝑣𝑖 = Σ 𝑢𝑖 , 𝑣𝑖 𝑑𝑖𝑗 = (𝑢𝑖 − 𝑢𝑗)
2+(𝑣𝑖 − 𝑣𝑗)

2

𝑋 is the individual indicators matrix,𝑊 𝑢𝑖 , 𝑣𝑖 is the diagonal matrix of spatial weights, 𝑤𝑖𝑗 is the bi-

square kernel function, 𝑑𝑖𝑗 is the distance between counties 𝑖 and 𝑗, 𝑏 is the bandwidth that

determines the neighbourhood size, 𝐿 𝑢𝑖 , 𝑣𝑖 is the matrix of loadings of the individual indicators for

each component and 𝑉 𝑢𝑖 , 𝑣𝑖 is the diagonal matrix of the variance of the components.

W 𝑢𝑖 , 𝑣𝑖

Sources: Harris et al., 2011; Aidoo et al., 2021



Methods: 
Geographically 

weighted random forest 
(GWRF)

GWPCA
GWPCAGWRF

A spatial extension of 
the conventional RF

𝑌𝑖 = 𝑎 𝑢𝑖 , 𝑣𝑖 ∙ 𝐱𝑖 +𝜀𝑖 , 𝑖 = 1: 𝑛 𝑤𝑖𝑗 = exp −0.5 ∙
𝑑𝑖𝑗
𝑏

2

W 𝑢𝑖 , 𝑣𝑖

𝑑𝑖𝑗 = (𝑢𝑖 − 𝑢𝑗)
2+(𝑣𝑖 − 𝑣𝑗)

2

𝑑𝑖𝑗 is the distance between counties 𝑖 and 𝑗, 𝑏 is the bandwidth that determines the neighbourhood

size, 𝑎 𝑢𝑖 , 𝑣𝑖 𝐱𝑖 is the model prediction calibrated on county 𝑖, 𝑦𝑖 is the observed value of COVID−19

incidence or mortality rate at county 𝑖, 𝑛 is the number of counties, 𝑊 𝑢𝑖 , 𝑣𝑖 is the matrix of spatial

weights, 𝑤𝑖𝑗is the Gaussian kernel function.

Source: Georganos et al., 2021



Methods: 
Proposed model

GWPCAGWPCAProposed 
model

A temporal extension 
of the GWRF

𝑌𝑖 = 𝑎 𝑢𝑖 , 𝑣𝑖 , 𝑡𝑖 ∙ 𝐱𝑖 +𝜀𝑖 , 𝑖 = 1: 𝑛

𝑤𝑖𝑗 = exp −0.5 ∙
𝑑𝑖𝑗
𝑆𝑇

𝑏𝑆𝑇

2

W 𝑢𝑖 , 𝑣𝑖

𝑑𝑖𝑗
𝑆𝑇= 𝑑𝑖𝑗

𝑆 + 𝜇 ∙ 𝑑𝑖𝑗
𝑇 + 2 ∙ 𝜇 ∙ 𝑑𝑖𝑗

𝑆 ∙ 𝑑𝑖𝑗
𝑇 ∙ cos 𝜏

𝑑𝑖𝑗
𝑆 and 𝑑𝑖𝑗

𝑇 are the space and time distance functions, respectively; 𝑏𝑆𝑇 is the bandwidth that

determines the neighbourhood size, 𝑎 𝑢𝑖 , 𝑣𝑖 , 𝑡𝑖 𝐱𝑖 is the model prediction calibrated on county 𝑖 and
time 𝑡𝑖; 𝑦𝑖 is the observed value of COVID−19 incidence or mortality rate county 𝑖 and time 𝑡𝑖; 𝑛is the
number of counties; 𝑊 𝑢𝑖 , 𝑣𝑖 is the matrix of spatial weights; 𝑤𝑖𝑗 is the Gaussian kernel function;

𝑢𝑖 , 𝑢𝑗 are the latitudes for counties 𝑖 and 𝑗; 𝑣𝑖 , 𝑣𝑗 are the longitudes for counties 𝑖 and 𝑗; 𝑡𝑖 , 𝑡𝑗 are the

observed times for counties 𝑖 and 𝑗; 𝜇 is a scale parameter; 𝑏𝑆𝑇 is the bandwidth; 𝜏 ∈ 0, 𝜋 .

𝑑𝑖𝑗
𝑆 = (𝑢𝑖 − 𝑢𝑗)

2+(𝑣𝑖 − 𝑣𝑗)
2; 𝑑𝑖𝑗

𝑇 = (𝑡𝑖 − 𝑡𝑗)
2

AIM 3

Sources: Georganos et al., 2021; Wu et al., 2014



Methods: 
Evaluation metrics

GWPCAGWPCAEvaluation
metrics

𝑦𝑖 is the observed value of COVID-19 incidence or mortality rate at county 𝑖, ො𝑦𝑖 is the predicted value of

COVID-19 incidence or mortality rate at county 𝑖, ത𝑦 is the observed mean of COVID-19 incidence or

mortality rate across all counties, and 𝑛 is the number of counties.

𝑅𝑀𝑆𝐸 =
σ𝑖=1
𝑛 𝑦𝑖 − ො𝑦𝑖 2

𝑛

𝑅2 = 1 −
σ𝑖=1
𝑛 𝑦𝑖 − ො𝑦𝑖

2

σ𝑖=1
𝑛 𝑦𝑖 − ത𝑦 2

𝑀𝐴𝐸 =
σ𝑖=1
𝑛 𝑦𝑖 − ො𝑦𝑖

𝑛
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Results
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Introduction

• A novel severe acute respiratory syndrome 

is brought on by the coronavirus, an 

infectious pathogen.

• Since the 1960s, when human 

coronaviruses were first identified.

• The COVID-19 pandemic has had 

significant impact on global health, 

leading to widespread morbidity and 

mortality.

• Global mortality has already exceeded 6.7 

million [1]



By March 28, 2023



Mexico

Remains the front-line 

nation, with overall 

1,151,642

699, 917 530, 841 397, 146

Deaths

United 

States
Brazil India Russia

333, 449



Intro cont...

• Although the infection burden is high in Europe, Americas, and West Pacific, 

• we need to pay attention to the continent of Africa, in particular, highly 

populous nations like Ethiopia, where most nations face resource challenges 

in terms of

• skilled human,

• economic, and 

• logistical facilities to control the prevalence of the pandemic.



Objectives and Study Design

• To determine clinical and demographic characteristics, as well as risk factors for 

in-hospital mortality, are assessed in HUCSH, Ethiopia

Specifically,
• Describe the baseline characteristics by Outcome Status.

• Identify the effect of different risk factors on the mortality of patients

with COVID-19 by stratifying different covariates

• Estimate the effect of covariates on covid-19 patients to wards

mortality



Study design and population

• A hospital-based retrospective cohort study was conducted using 

medical records 

• 804 COVID-19 patients at HUCSH, COVID-19 isolation and 

treatment center

• From 24/9/2020 to 26/11/2021 were considered as study population



The survival 
outcome

Demography
Variables  

• Time from admission 

to discharge,( in days) 

• The observed event, 

(Death or Censored).

• Age Category

• Sex

• Severity 

• Source of 

Reporting 

• Like Fever,

• Cough, 

• Shortness of 

breath 

• body weakness

• Chest pain...

• CVC,

• Hypertension, 

• Diabetes, 

• HIV, 

• Renal Disease .

Variables of the Study

Symptoms 
variables 

Comorbidity
Variables  



Statistical analysis

•Descriptive statistics and chi-square test

•Kaplan-Meier plot with various covariates for non-parametric estimation 

•the cox regression analysis for the time to death was applied.

•The Cox model

ℎ 𝑡 = ℎ0 𝑡 𝑒 𝛽1𝑋1+𝛽2𝑋2+⋯𝛽𝑝𝑋𝑝

The hazard function can be interpreted as the risk of dying at time t. 

where,

• t - the survival time

• h(t) - the hazard function determined by a set of p covariates (𝑋1, 𝑋2, …𝑋𝑝)

• (𝛽1, 𝛽2…𝛽𝑝) measure the impact (i.e., the effect size) of covariates.

• the term h0 is called the baseline hazard. The ‘t’ in h(t) reminds us that the hazard  

may vary over time.

• two-sided tests with a significance threshold of less than 0.05 were used.



Result and Discussion

Demographic Characteristics of the study population

•A mean age of 44.8 ± 20.6 (median=45, [0.006, 100]) years

•512 (64.1%) men and 289 (34.9%) female

•An average of 10.9 ± 7.17 days take from admission to discharge, from [0.5,60] days. 

An average of 16.5 ± 8.42, [1, 63] days from the onset of symptoms to discharge

The onset of their symptoms to admission on average 5.92 ± 5.22 days, with [0.5,51] days. 

•Over 78% of patients reported more than three symptoms, and 90% of patients had at least 

one symptom. 

•Chest pain (68.9%), cough (68.7%), shortness of breath (65.7%), and fever (57.6%) were 

the most prevalent symptoms

•Also, 24.1% of patients had severe illnesses, 21.4% had critical illnesses, 30.0% had 

moderate illnesses, and 24.5% had mild illnesses.



Comorbidities

• Of the 804 patients, 395 (49.1%) had at least one or more coexisting   

medical conditions comorbidities. 

• 291(36.2%) reported having one comorbidity, 

• 84 (10.4%) two comorbidities and 18 (2.2%) three or more comorbidities.

• 180 (22.4%) had diseases related to cardiovascular 

• About 42(5.2%) experienced various forms of trauma  

• While 40(5%) experienced other respiratory problems 

• 22(2.7%) renal disease/urological conditions 

• Diabetes mellitus (128, 15.9%),

• Hypertension (122, 15.2%), 

• cancer (30, 3.7%), and RVI/HIV (25, 3.1%) were the most common coexisting 

conditions among the study participant patients 



KM Plots demography and other 



KM Plots symptoms



KM Plots comorbidities





Result and Discussion cont…

• 173 (21.5%) death occurred 

• From the total study population 

• more than 40% were aged less than 40

• 562(69.9%) were from HUCSH different wards

• The mean (SD) and median length of stay from admission to death were 6.63(5.98) and 
5[0.5, 32]days, respectively [28, 31, 32, 61, 62].

• The mean (SD) and median duration of stay from the time of the first symptom to 
admission were 5.92 (5.22) and 5[0, 51]respectively [29, 44, 45, 49, 51, 54, 55, 56, 59].

• Malaysian patients took (3 days)when their symptoms started, 

• German patients took double the median time (10 days).

• Fever, Cough, Shortness of breath, sore throat, headache, GBW, Chest Pain, NSSB, Health 
facility visit, severity, and number of symptoms have a significant association with the 
source of reporting

• Similarly, the number of comorbidities, CVCB, Diabetes and hypertension were 
significantly associated with the source 



Result and Discussion

There is a clear relationship between old age and a higher risk of dying.

Africa region [74], South Africa [75], China [35], Brazil [62], Norway [76], the Netherlands [31], Malays

ia [50], Canada [37], and Ethiopia [17].

•More than three comorbidities had a higher risk of dying. [34, 35, 37, 56].

•As the severity level rises from mild to critical, the probability of death also significantly

rises. Meta-analyses on sub-Saharan Africa and Congo [77, 78].

•Diabetes increases more than doubles the chance of death [34, 35, 37, 56, 62, 79].

•The interaction of shortness of breath and sore throat increases the risk of death.

•The interaction of general body weakness and a history of visiting the hospital earlier

decreases the risk of death.

•The interaction of diabetes and hypertension cooperate to reduce mortality risk.

•Further explanation is required with regard to the hospital's care or the interaction effect of the

treatments.



Conclusion 
• This study characterized a large cohort of hospitalized COVID-19 patients 

in Ethiopia and showed that 

• Similar to high-income countries, Older age groups, sex, severity, co-morbidities, 
and the number of symptoms upon admission were associated with an increased 
risk of in-hospital death. 

• Source of reporting, (Government give attention for medium hospitals)

• HUCSH give attention to patients in different wards  

• Hawassa city health office should raise awareness about pre-diagnosis to the 
community and make them get tested

• The average age was remarkably low. 

• Additionally, a greater number of comorbidity, shortness of breath, sore throat, 
general body weakness, diabetes, and patients who visit health facilities before 
onset had a higher risk of dying due to covid-19 disease. 

• On the other hand, patients who show symptoms decrease the risk of death. 
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Introduction

➢ Malaria is a severe health threat in the World, mainly in Africa including Ethiopia.

➢ An estimated of 1.5 billion cases and 7.6 million death due malaria were recorded globally in 2020.

➢ Malaria is the most public tropical disease and is still prevalent in tropical and subtropical regions including Ethiopia.

➢ Malaria is a severe health threat in the World, mainly in Africa including Ethiopia.



Cont’d …

➢ Malaria is a serious health problem in Ethiopia, affecting the socio-economic and health status of the country at large.

➢ Based EMIS-2015, nearly 60% of Ethiopia’s population lives in the malaria region, 

➢ and 68% of the country’s population are at high risk of spreading malaria.

➢ Morbidity and mortality associated with malaria cases are characterized by spatial variations across the county.



Cont’d …

➢ The values of two similar units in space tend to be more similar than would be predicted by chance. 

➢ As a result, models that overlook SAC may be incorrect due to overestimation of environmental variable’s importance.

➢ Morbidity and mortality associated with malaria cases are characterized by spatial variations across the county.

➢ Malaria incidences and geographic risk factors for malaria are often positively auto correlated. 



Cont’d …

➢ Malaria is a serious health problem in Ethiopia, affecting the socio-economic and health status of the country at 

large.

➢ Therefore, this study was aimed to investigate the spatial patterns and predictors of malaria 

distribution in Ethiopia.



➢A weighted sample of 15,239 individuals with rapid diagnosis test obtained from the Central 

Statistical Agency and Ethiopia malaria indicator survey of 2015. 

➢Global Moran’s I and Moran scatter plots were used in determining the distribution of 

malaria cases.

Data and Methodology 



➢Whereas, the auto logistics spatial binary regression model was used to investigate the 

predictors of malaria.

➢ One of the most extensively utilized models for modeling spatially linked binary data is the 

auto logistics spatial regression model.

➢ It’s a variant of the generalized logistic regression model with a spatial autocorrelation term 

in the form of Euclidean distance.

Cont’d . . .



➢ Models that included the spatial autocorrelation effect were important to the response 

variable which, 

➢ resulting in accurate results in estimating the spatial distribution of malaria illnesses

➢ Improving model accuracy 

➢ and Adaptability.

Cont’d . . .



➢ In this study, we restricted our attention to a 

constant auto regression coefficient (rii = r) 

for all geographic indexes that can express the 

conditional probability of the occurrence of malaria 

disease as: 

Where, 

πi denotes the probability of an event occurring for every 

region; 

Xi is independent variable 

Auto covi is the auto covariate variable,

β and r are the coefficient of explanatory variable and 

coefficient of fixed auto covariate variable in the equation. 

i is the index of geographical region (cluster) respectively. 



➢ Among the weighed sample of 15,239 individuals included in this study, 2876 were had 

malaria cases,  1951(67.84%) households were in rural. 

➢ Among 8362 females, about 510(17.73%) had malaria cases 

➢ Among 6878 male, 2366(15.53%) have malaria cases. 

➢ 1218(42.35%) were Illiterate , 

Results



➢ About 1879(65.33%) malaria case were used surface water,

➢ 32(1.11%) were used tanker water, 

➢ The remaining 965 (33.56%) were had other sources of water.

Cont’d . . . 



Fig 1:  Spatial Autocorrelation of malaria

➢ The Moran’s I p-value of is less than 0.05, implies that there exists a

significant spatial autocorrelation in risk of malaria disease between

regions of the country.

➢ Moran’s I index value was positive and indicate,

the spatial distribution of malaria disease was significantly

clustered between zones of the country 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.05



The malaria rapid diagnosis test was clustered 

as high risk in 

➢Northern Amhara.

➢Southwestern parts of Oromiya,

➢Western parts of Gambela. 

➢Eastern and middle parts of Tigray.

➢Western part of Afar, 

➢and central part of Somali regional states of 

Ethiopia
Fig 2: Spatial distribution of Malaria in Ethiopia



Fig 3: Predicted spatial effects from the malaria case in Ethiopia, 

from EMIS 2015.

➢ Spatial autocorrelation of malaria is almost predictable as human 

populations live in spatial clusters rather than in random 

distributions of regions.

➢ Gambella, 

➢ Beneshangul Gumuz, 

➢ The common boundary of Afar and Amhara, 

➢ The west part of Somalia 

➢ and Oromiya in the south and east region were at high risk. 



The spatial effect had a positive significant effect on malaria cases,

where districts with lower levels of patient status were usually surrounded by districts with 

lower levels of patient status. 

and that districts with a higher incidence of malaria cases were usually surrounded by districts 

with a higher incidence of malaria.

Cont’d . . . 



are highly associated with transmission of malaria 

that determines the survival of mosquito over large 

areas/malaria cases

From the model result the transmission of malaria 

infection by:  

➢ the mosquitoes over space

➢ The effects of socio-economic 

➢ The demographic variables

➢ Geographic variable 

➢ types of toilet use and place of residence 

➢ Source of water used



➢ Considering the space  variations and factors would be useful for the prevention, control and 

ultimately achieve elimination targets in the area.

➢ Spatial clustering of malaria cases has occurred in all regions, but  the risk of clustering was 

different across the regions/areas.

➢ protected anti-mosquito net was reducing the risk of malaria incidence.

Conclusions



➢ The risk of malaria was found to be higher for those who live in soil floor-type houses as 

compared to those who lived in cement or ceramics floor type.

➢ To provide clean drinking water, proper hygiene and maintaining the good condition of a 

house is essential in controlling the transmission of malaria.

Cont’d . . . 



➢ Concerned body shall use spatial statistics results  for 

monitoring and identifying high-rate malaria affected regions and helpful when implementing 

preventative measures.

➢ Being able to determine areas and predict malaria onset can help policies makers to target 

actions at the right time and at the right places.
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