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Abstract

Background: COVID-19 was the devastating worldwide public health problem in recent years. COVID19 disease affecting large populations in different continents of 
the world starting on 11 March 2020.

This study will be useful to give information on geographical surveillance of COVID-19 in Ethiopia, to know regions of high or low rates of COVID 19, to give evidence 
as baseline data for future research on COVID-19 in Ethiopia, and to predict the prevalence of COVID-19 from the untested population in different regions of Ethiopia using 
the art geospatial techniques. 

Methods: We have used secondary data collected from March 13, 2020, to November 23/ 2021 From COVID19 – Ethiopia - Ethiopian Health Data. ArcGIS 10.3 and 
SaTscan software were used for spatial analysis and geographical analysis respectively. 

Results: A high prevalence of COVID-19 was found in Addis Ababa (67.36%) and Oromia (13.85%). 

Spatial autocorrelation analysis indicated that the spatial distribution of COVID-19 is nonrandom (Moran’s Index: 0.134297, P-value: 0.052384). 

In spatial scan statistical analysis, eight clusters were identifi ed and the higher rates of COVID-19 were observed in the Afar (RR= 1.80, p<0.001) and Addis Ababa 
(RR= 50.33, p<0.001) regions. 

Conclusion: The spatial distribution of COVID-19 cases in Ethiopia was not random. 

Hot spot research revealed a signifi cant prevalence of COVID-19 patients in the Addis Ababa, Dire Dawa, Harari, and Oromia regions. For the reduction of COVID-19 
infections in Ethiopia, preventative and control activities should be extended to high-risk locations.
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Introduction 

COVID-19 has been a devastating worldwide public health 
problem in recent years [1].

The World Health Organization notifi ed COVID-19 as a 
disease affecting a large population in different continents 
of the world on March 11, 2020 [2]. There were 17.6 million 
COVID-19 disease cases and 680 000 deaths worldwide in 
August 2020 [3].

The COVID-19 disease spread through China, Europe, and 
the United States in the fi rst half of 2020 before reaching the 
rest of the world.

Brazil was severely impacted, with 92,000 people dying as a 
result of COVID-19 by August 2020. Mexico and Indonesia had 
each recorded 47,000 and 5100 deaths by that time.

On the other hand, countries in Sub-Saharan Africa, 
such as Nigeria and Ethiopia, recorded 880 and 274 deaths, 
respectively [4].

Although the frequency of COVID-19 has dropped, the 
number of morbidity and mortality has continued to climb [5].

The COVID-19 index case in Ethiopia was notifi ed in Addis 
Ababa on 13 March 2020, but currently, all regions of the 
country were affected by COVID-19 [6].

The disease burden in Ethiopia is still low; this could be 
due to a lack of testing and a lack of compliance in reporting 
confi rmed cases.

Socio-demographic, mobility, behavioral, climatic, and 
concomitant illness were the key characteristics identifi ed for 
disparities in transmission, severe illness, and death among 
the countries [7,8].

SARS COV2 IS transmitted from an infected person through 
exhalation, talking, coughing, and sneezing by aerosol 
transmission travel via airfl ow that suspended for a long 
time or droplet transmission through direct contact by direct 
deposition in short-range or contact transmission by indirect 
contact [9].

Individual variations in protective immunity can occur due 
to genetic differences.

A recent study showed robust and highly functional T 
cell-mediated response (even in antibodies-seronegative 
individuals) elicited by SARS-CoV-2, which accord long-term 
protection Realistically, herd immunity to SARS-CoV-2 can be 
achieved through vaccination instead of natural infection [10].

Thus, there is an urgent need to expand genome sequencing 
to better track, understand and control emerging and more 
transmissible SARS-COV-2 variants in various states of India 
[11].

Ethiopia is a big country with diverse socio-demographic 
features, resources, and geographic areas, resulting in variance 
in the risk of COVID-19 infection among Ethiopian regions. 

This study will be useful for providing information on 
COVID-19 geographical surveillance in Ethiopia, identifying 
regions with signifi cantly high or low COVID-19 rates, 
providing evidence as baseline data for future COVID-19 
research in Ethiopia, and predicting COVID-19 prevalence from 
an untested population in different regions of Ethiopia using 
state-of-the-art geospatial techniques. 

Methods

Study design, period, and setting 

We have used secondary information collected from March 
thirteen, 2020, to November 23/ 2021 from COVID19 – Ethiopia 
- Ethiopian Health Data [12].

Ethiopia covers 100,000 square kilometers and is located 
between 3° and 15° north latitude and 33° and 48° east longitude.

Afar, Amhara, Benishangule Gumuz, Gambela, Harar 
Oromia, Somalia, Southern Nation Nationalities and Peoples 
Region (SNNPRS), and Tigray are Ethiopia’s nine regions and 
two administrative towns (Addis Ababa and Dire Dawa). The 
executive regions of Ethiopia country that’s their shapefi les 
were found from the info for international body areas [13].

Source and Study Population. The source population was 
the entire population of Ethiopia. The study population was 
populations tested for COVID nineteen from March thirteen, 
2020, to November twenty-three/2021.

Data assortment Tools and Procedures. We were used 
secondary information from the Ethiopian Health Data of 
COVID nineteen that is public accessible [12].

The data were according from totally different regions of 
Ethiopia country.

Variables

Outcome variables: COVID nineteen cases.

Management of data

For spatial and geographical analysis, ArcGIS 10.3 and 
SaTscan software were utilized, respectively.

Analysis of geospatial data

COVID 19’s spatial distribution in Ethiopia: COVID 19’s 
geospatial analysis includes Ethiopia’s nine regions and two 
administrative cities.

As seen in Figure 1, each region is represented by a point on 
the map with COVID-19 prevalence.

Analysis of spatial autocorrelation

We use Global Moran’s spatial autocorrelation measure to 
examine the COVID-19 pattern in Ethiopia [14] The “Moran’s 
I” statistic is spatial. that evaluates Autocorrelation in space by 
using a single number that ranges from -1 to +1 to represent 
the entire data set.
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Moran’s I values are close to 1, 1, and 0, suggesting illness 
dispersion, clustering, and random distribution of disease, 
respectively. The null hypothesis (COVID-19 is randomly 
distributed) is rejected when Moran’s I is statistically 
signifi cant (P< 0:05). 

Incremental autocorrelation is a type of autocorrelation 
that occurs at various distances.

Z-scores for spatial autocorrelation were obtained at various 
distances. The intensity of spatial grouping and statistical 
signifi cance is determined by Z-scores. The maximum 
Z-scores refl ect the distances at which spatial clustering is 
most prominent [14].

Getis –OrdGi statistics: Hot spot analysis

With Gi Statistics for each region, Getis –OrdGi Statistics 
analyzes the variation of spatial autocorrelation across the 
regions. With P-value tests of signifi cance, the Z-score is 
used to determine the statistical signifi cance of clustering. A 
“hotspot” is indicated by a high Gi Statistics, whereas a “cold 
spot” is indicated by a low Gi Statistics.

Statistical analysis of a spatial scan

The Spatial Scan Statistical Analysis was performed using 
SaTScan software version 9.6 to identify locations with 
signifi cantly high or low COVID 19. Using a discrete poison 
model, we did a purely spatial analysis and scanning for 
clusters with high or low rates.

Interpolation of space

Based on the tested population, the spatial interpolation 
analysis is utilized to forecast COVID-19 for an untested 
population.

To predict the untested population, we utilized ArcGIS 10.7 
software and the usual Kriging spatial interpolation technique.

Result

COVID 19’s spatial distribution

COVID-19 was found to be very common in Addis Ababa 
(67.36 percent) and Oromia (13.85 percent) COVID-19 has a low 
incidence in Ethiopia’s Afar, Somalia, and Gambela areas, as 
seen in Table 1.

Report on spatial autocorrelation

The z-score of 1.93996450728, as shown in Figure 2, 
indicates that there is less than a 10% possibility that this 
clustered pattern is the result of random chance.

Global Moran’s I 0.134297, Variance 0.014586 Expected 
index -0.100000, P= value: 0.05 Z-score: 1.939965.
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Figure 1: Spatial distribution of COVID 19 across regions of the country.

Table 1: The number of COVID 19 cases from March 13, 2020, to November 23 /2021 
In Ethiopia. 

No Region COVID 19 Case Percent 

1 Addis Ababa 211,364 67

2 Tigray 7116 2.27

3 Amhara 13932 4.44

4 Benishangul Gumuz 3366 1.07

5 Gambella 883 0.28

6 Harari 5226 1.67

7 Somalia 2757 8.88

8 SNNPR 14,989 4.78

9 Oromia 43,472 13.85

10 Dire Dawa 7847 2.5

11 Afar 2852 0.91

Figure 2: Spatial autocorrelation of COVID 19 across regions of the country.
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Incremental Autocorrelation is a type of autocorrelation 
that occurs at various distances. 

Moran’s I value was used to compute global spatial statistics 
to fi nd COVID-19 spatial grouping.

At 32468.494 km distances, where spatial clustering is 
more prominent, a Z-score with statistical signifi cance was 
achieved, as shown in Table 2. A total of ten distance bands 
were found using incremental spatial autocorrelation, with a 
starting distance of 30933700 meters. As shown in Table 2. 

Getis –OrdGi statistics: Hot spot analysis

As illustrated in Figure 3, the red color indicates a higher 
clustering of high COVID-19 prevalence from March 13, 2020, 
to November 23, 2021, which was discovered in the districts of 
Dire Dawa, Harari, Oromia, and Addis Ababa.

Statistical analysis of a spatial scan 

We have used the discrete Poisson model for purely spatial 
analysis. 

We see that there were 313,804 total “cases” (COVID19), 11 
Number of locations, Population, averaged over time, 83110000, 
Annual cases/100000, 376.8.

Eight Clusters were detected with purely spatial analysis 
and scanning for clusters with high or low rates using the 
discrete Poisson model.

The fi rst cluster (Addis Ababa) is centered at 9.005401 north 
latitude and 38.763611 east longitude and is 0 km kilometers in 
diameter. It has a Gini cluster but does not overlap with other 
clusters. 

The relative risk is 50.33 indicating that this area with an 
unusually high percentage of COVID 19. The P-value for the 
cluster is virtually zero (P-value <0.00000000000000001) – 
there is absolutely no way a result this extreme could occur by 
chance. Log-likelihood ratio= 489554.861364.

The second cluster (Somalia) is centered 6...661229 north 
latitude and 43.790845 east longitude and is 604.48 kilometers 
in diameter. It has no Gini cluster and overlaps with 5 and 7 
clusters. 

The relative risk is 0.25 indicate that this area with an 
unusually low percentage of COVID 19. The P-value for the 
cluster is virtually zero (P-value <0.00000000000000001) – 
there is absolutely no way a result this extreme could occur by 
chance. Log-likelihood ratio= 61260.573386. 

The third cluster (Amhara) is centered at 11.663240 north 
latitude and 37.821903 east longitude and is 0 kilometers 
in diameter. It has a Gini cluster and no overlap with other 
clusters. 

The relative risk is 0.14 indicate that this area with an 
unusually low percentage of COVID 19. The P-value for the 
cluster is virtually zero (P-value <0.00000000000000001) – 
there is absolutely no way a result this extreme could occur by 
chance. Log-likelihood ratio= 47020.207580.

The fourth cluster (SNNPRS) is centered at 6.033103 north 
latitude and 36.433828 east longitude and is 319.05 kilometers 
in diameter. It has a Gini cluster and no overlap with other 
clusters. 

The relative risk is 0.32 indicate that this area with an 
unusually low percentage of COVID 19. The P-value for the 
cluster is virtually zero (P-value <0.00000000000000001) – 
there is absolutely no way a result this extreme could occur by 
chance. Log-likelihood ratio= 13875.237666. 

The fi ve clusters (Somalia) are centered at 6.661229 north 
latitude and 43.790845 east longitudes and are 0 kilometers 
in diameter. It has a Gini cluster and overlaps with 2 clusters. 

Table 2: Incremental autocorrelation.

Distance Morans Index Expected index Variance Z score P value 

30933700 0.108151 -0.100000 0.013372 1.800059 0.071851

31701097 0.108151 -0.100000 0.013372 1.800059 0.071851

32468494 0.112098 -0.100000 0.010761 2.044585 0.0408896

33235891 0.112098 -0.100000 0.010761 2.044585 0.040896

340032.88 0.119966 -0.100000 0.006950 2.638603 0.008325

347706.85 0.121202 -0.100000 0.006553 2.732463 0.006286

353380.83 0.077010 -0.100000 0.00599 2.293125 0.021841

363054.80 0.029399 -0.100000 0.005718 1.711156 0.087052

370728.77 0.029399 -0.100000 0.005718 1.711156 0.087052

378402.74 -0.016320 -0.100000 0.005592 1.119065 0.263112

The distance measured in meters 
The fi rst peak (Distance value) 347706.85, 2.732463
Max peak (Distance value) 347706.85, 2.732463
Incremental Spatial Autocorrelation COVID-19

 
  

Hot spot -95% confidence Harar, Diredawa, Addis Ababa, and Oromia 

 

Cold spot -95% confidence  

Figure 3: Hot spot analysis of COVID 19 in Ethiopia.
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The relative risk is 0.13 indicate that this area with an 
unusually low percentage of COVID 19. The P-value for the 
cluster is virtually zero (P-value <0.00000000000000001) – 
there is absolutely no way a result this extreme could occur by 
chance. Log-likelihood ratio= 12820.537622.

The sixth cluster (Tigray) is centered 14.032334 north 
latitude and 38.316573 east longitude and is 0 kilometers 
in diameter. It has a Gini cluster and no overlap with other 
clusters. 

The relative risk is 0.36 indicate that this area with an 
unusually low percentage of COVID 19. The P-value for the 
cluster is virtually zero (P-value <0.00000000000000001) – 
there is absolutely no way a result this extreme could occur by 
chance. Log-likelihood ratio= 5192.000922.

The seven clusters (Afar) are centered at 11.485999 north 
latitude and 41.245999 east longitude and is262.69 kilometers 
in diameter. It has a Gini cluster and overlaps with 2 clusters. 

The relative risk is 1.80 indicate that this area with an 
unusually high percentage of COVID 19. The P-value for the 
cluster is virtually zero (P-value <0.00000000000000001) – 
there is absolutely no way a result this extreme could occur by 
chance. Log-likelihood ratio= 2208.269809.

The eighth cluster (Benishangule Gumuz) is centered at 
10.780289 north latitude and 35.565786 east longitude and is 
0 kilometers in diameter. It has a Gini cluster and no overlap 
with other clusters. 

The relative risk is 0.89 indicate that this area with an 
unusually low percentage of COVID 19. The P-value for the 
cluster is virtually zero (P-value < <0.00000000000000029) – 
there is absolutely no way a result this extreme could occur by 
chance. Log-likelihood ratio= 25.473135.

The output fi le of SaTscan software read by Google Earth 
software as shown in Figure 4. 

COVID-19 clusters were found in the Afar and Addis Ababa 
regions. 

Interpolation of space

For the prediction of COVID19 prevalence in untested 
populations in different locations of Ethiopia, we employed 
standard Kriging interpolation. Based on geostatistical Kriging 
analysis, for all regions except Gambela, Tigray, half of Somalia, 
and SNNPRS the total predicted covid19 prevalence for untested 
populations is 9.35-10.81%, inside regions of Tigray, Afar, Dire 
Dawa, Amhara, Beneshangul Gumuz, Gambela, SNNPRS and 
Harari regions the predicted covid19 prevalence for untested 
populations is 7.89-9.35% and for Addis Ababa, the predicted 
covid19 prevalence for untested populations is highest which is 
10.81-19.57% (Figure 5).

Discussion 

COVID-19 was found in high concentrations in Addis Ababa 
(67.36 percent) and Oromia (13.85 percent). Many factors 
contributed to the high frequency of COVID-19 patients in 
Addis Ababa.

Figure 4: Spatial scan statistics of COVID-19 in Ethiopia.
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One, Addis Ababa is Ethiopia’s capital city, and it is a 
popular destination for international travelers.

As a result, the city is at a higher risk of contracting 
COVID-19 [15].

Second, Addis Ababa has a higher level of diagnostic and 
quarantine coverage than other Ethiopian regions, allowing for 
early detection of new illnesses in the metropolis [6].

Third, there was minimal understanding of COVID-19 
transmission mode in Addis Ababa, with 48 percent [16] 
knowing it, which is higher than 95.1 percent in Southwest 
Ethiopia [17].

According to a prior study, poor levels of knowledge about 
COVID-19 and associated preventative strategies enhanced 
COVID-19 community transmission [18].

Fourth, preventive measures against COVID-19 were found 
to be less than 49 percent in Addis Ababa [16].

Other factors contributing to the higher prevalence of 
COVID-19 cases in Addis Ababa, Oromia, Diredawa, and 
some districts of Harari might include poor water supply and 
handwashing facilities, overcrowding, numerous social and 
religious rituals, and rising unemployment [19,20].

The number of cases in other locations will rise as testing 
and quarantine services are expanded in other areas.

According to recent research, identifying those who 
have been exposed to COVID-19 can signifi cantly reduce the 
number of COVID-19 cases [21,22]. Testing and contact tracing 

initiatives in high-risk areas including Oromia, Afar, Addis 
Ababa, Diredawa, and Harari should be expanded.

Limitation

We used secondary data acquired between March 13, 2020 
and November 23, 2021, and the results could change over time 
if more recent data were used and examined.

A manmade disaster that strikes the country could alter 
COVID-19 transmission rates in war zones.

Conclusion

The spatial distribution of COVID-19 cases in Ethiopia was 
not random.

Addis Ababa is home to moreover half of the COVID-19 
cases.

Hot spot research revealed that Addis Ababa, Dire Dawa, 
Harari, and Oromia regions had a high number of COVID-19 
patients.

COVID-19 clusters were found in the Afar and Addis Ababa 
regions, according to spatial scan statistics using a discrete 
poison model.

According to spatial Ordinary Kriging interpolation, the 
total predicted covid19 prevalence for untested populations 
in all regions except Gambela, half of Somalia, Tigray, and 
SNNPRS is 9.35-10.81 percent.

For the reduction of COVID-19 infections in Ethiopia, 
preventative and control activities should be extended to high-
risk locations. 
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Figure 5: Spatial interpolation of COVID 19 in Ethiopia. 
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