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ABSTRACT
Objective To investigate the extent of geospatial 
clustering of reported deaths during the Ebola outbreak in 
Liberia and the covariates associated with the observed 
clustering.
Design Cross- sectional study.
Participants Male and female respondents from the 
2019–2020 Liberia Demographic and Health Survey. The 
analysis covered 11 928 (women=7854 and men=4074) 
respondents for whom complete data were available.
Outcome measures The outcome variable was the 
death of a household member or relative during the Ebola 
outbreak in Liberia, coded 1 if the respondent reported 
death and 0 otherwise.
Methods We applied the Bayesian geoadditive 
semiparametric regression to examine the extent of 
geospatial clustering of deaths at the district- level and 
community- level development and socioeconomic factors 
associated with the observed clustering.
Results Almost a quarter (24.8%) of all respondents 
reported the death of a household member or relative 
during the Ebola outbreak. The results show that deaths 
were clustered within districts in six (Grand Cape Mount, 
Bomi, Monsterrado, Margibi, Gbarpolu and Lofa) of the 15 
counties in Liberia. Districts with high death clustering 
were all near or shared borders with Sierra Leone and 
Guinea. The community- level development indicators 
(global human footprint, gross cell production and 
population density) had a non- linear associative effect 
with the observed spatial clustering. Also, respondents’ 
characteristics (respondent’s age (non- linear effect), 
educational attainment and urban- rural place of residence) 
were associated with the observed clustering. The 
results show that death clustering during outbreaks 
was constrained to poor settings and impacts areas of 
moderate and high socioeconomic development.
Conclusion Reported deaths during the Ebola outbreak in 
Liberia were not randomly distributed at the district level 
but clustered. The findings highlight the need to identify 
at- risk populations during epidemics and respond with the 
needed interventions to save lives.

INTRODUCTION
Ebola, a viral infection known to be one of 
the deadliest pathogens to infect humans, 
has been a global public health concern since 
its outbreak in 1976, near the Ebola River in 
the Democratic Republic of Congo (DRC).1 2 
The transmission mode is primarily through 
human- to- human contact with infected body 
fluids, causing severe and acute systemic 
diseases.2 Since the first outbreak in 1976, 
there have been over 20 reported outbreaks 
in sub- Saharan Africa, mainly in Sudan, 
Uganda, DRC and Gabon, with the largest 
and most complex outbreaks, between 2014 
and 2016, predominantly in Guinea, Sierra 
Leone and Liberia.1 3 4 More cases and fatal-
ities were reported in this outbreak than all 
the others combined.5

STRENGTHS AND LIMITATIONS OF THIS STUDY
 ⇒ In many low- income and middle- come countries, 
fatalities in times of epidemics are under- reported, 
and there are no registers to identify geographic ar-
eas where deaths are particularly clustered.

 ⇒ The present study has used cross- sectional data of 
reported deaths of household members and rela-
tives during the Ebola outbreak in Liberia to iden-
tify geographical clusters (districts) where reported 
deaths at the time of the epidemic were statistically 
significantly high.

 ⇒ The identified clusters align with reported Ebola vi-
rus transmission rates at the district level.

 ⇒ The deaths are not directly linked to the Ebola vi-
rus disease and there are no records to verify their 
veracity; however, all things being equal, if Ebola 
deaths during the outbreak were not concentrated 
within some districts, then we will expect a random 
spatial scatter of deaths.
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Analysis of clinical data from Guinea, Liberia and 
Sierra Leone revealed an overall average case fatality 
rate of 62.9% (95% CI 61.9% to 64.0%).6 There were 
more than 28 000 cases of the Ebola virus disease (EVD), 
of which over 11 000 were fatal.2 5 However, there are 
high uncertainties about the precise number of cases 
and fatalities and their spatial distributions.7–9 Never-
theless, understanding the geospatial distribution of 
cases and deaths at the local administrative level where 
health planning and interventions are implemented 
and monitored is essential for responding to epidemics. 
Thus, there is the need to identify geographic clus-
ters where unfavourable epidemic outcomes are high 
and their associated covariates. Given the lack of a 
comprehensive register of reported deaths attributable 
to Ebola in Liberia, we used reported deaths of house-
hold members and relatives during the outbreak which 
occurred between 30 March 2014 and 1 June 201610 11 
to investigate the extent of geospatial clustering (at the 
district level) of fatalities at the time of the epidemic 
and the covariates associated with the observed spatial 
clustering. All things being equal, if Ebola deaths during 
the outbreak were not clustered, then we will expect a 
random spatial distribution.

Previous outbreaks of Ebola were limited to remote, 
rural settings allowing containment efforts to be more 
effective. However, the widespread nature of the 2014–
2016 outbreak was attributed to highly mobile popula-
tions and densely populated regions being affected at 
the early stages of the epidemic.12 Liberia was one of the 
most affected countries. About 10 680 confirmed cases 
and 4810 deaths of EVD were reported in the country.13 14 
Liberia being one of the least developed countries in the 
world with a weak and underfunded health system, inad-
equate access to healthcare, further compromised by the 
outbreak,13 under- reporting of cases and fatalities could 
be substantial.8

Before the outbreak of the Ebola epidemic, Liberia 
struggled with a weak health system that was distressed 
and weakened by a protracted civil war.15 With just 50 
doctors for a population of 4.3 million, there was limited 
capacity to respond to the epidemic given its magnitude.13 
The epidemic had severe impacts on the health system, 
including the loss of health workers. It was estimated that 
Ebola killed 0.11% of the general population, compared 
with 8.07% of healthcare workers.16 In addition, more 
than 1.5 million of the population live in communities 
with extreme poverty, widespread job losses and food 
insecurity, weak surveillance systems, poor public health 
infrastructure and an adult literacy rate below 43%.17 
Over 70% of the urban population live in slums char-
acterised by poor sanitation and overcrowding.17 These 
potential super- spreaders typify potential spatial concen-
trations of cases and fatalities. Thus, to effectively and effi-
ciently respond to epidemics, there is the need to identify 
hotspots of reported deaths during the outbreak. It is also 
essential that the associated covariates are examined to 
inform epidemic response.

METHODS
Sample
The data are derived from the 2019–2020 Liberia Demo-
graphic and Health Survey (LDHS). The LDHS adopted 
a two- stage stratified cluster (census enumeration areas) 
sampling design. A total of 325 clusters were selected, 
constituting 9745 households. Within the selected house-
holds, 8065 women aged 15–49 years and 4249 men 
aged 15–59 years were interviewed. The LDHS collected 
detailed information on respondents’ experiences and 
practices during the Ebola outbreak, along with demo-
graphic, socioeconomic and other health data. The anal-
ysis covered 11 928 (women=7854 and men=4074) survey 
participants. A total of 2951 respondents representing 
24.8% (weighted estimate) reported the death (95% CI 
24.0 to 25.5) of a household member or relative.

Outcome variable
The outcome variable, respondents who reported that 
a household member or relative died during the Ebola 
outbreak (30 March 2014 and 1 June 2016) in Liberia, 
was binary coded 1 if the respondent reported a death 
and 0 otherwise.

Explanatory variables
The explanatory variables were derived from the LDHS 
and the Liberia Geospatial Covariate Datasets (LGCD).18 
The LGCD data were extracted for 2014–2015, coinciding 
with the Ebola outbreak in Liberia. It provides geospatial 
community- level development and socioecological data 
for buffers surrounding 2 km of urban and 10 km of rural 
DHS survey clusters.18 The LDHS and LGCD data sets 
were merged at the individual level. The LDHS provides 
an individual- level case identification code (CASEID) and 
a cluster- level identification code (V001). These two codes 
reflect an individual and the cluster in which he/she lives. 
The LGCD provides a cluster- level identification code 
(DHSCLUST), which matches V001 in the LDHS. Using 
V001 and DHSCLUST, we merged the LDHS and LGCD 
at the individual level. Therefore, all individuals within a 
cluster have the same geospatial covariate information. 
The geospatial covariates were contextual variables that 
describe the characteristics of the group in each cluster, 
rather than characteristics of an individual.

We grouped the explanatory variables into two cate-
gories: community development factors derived from 
the LGCD and socioeconomic characteristics of the 
respondents derived from the LDHS. The classification 
of the community development factors was based on the 
theory that geography plays a vital role in the develop-
ment of communities,19 and infectious disease outbreaks 
threaten poor and marginalised communities more 
than any others.20 21 This has been attributed to the lack 
of access to healthcare services, resources and public 
health infrastructure to prevent, diagnose and treat 
infections.22–26 For example, in Liberia, it is reported 
that the outbreak mainly affected the impoverished and 
remote communities with poor physical infrastructure, 
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including roads, proper sanitation and health facili-
ties.20 The community- level development indicators 
selected for the analysis were: built population, global 
human footprint, nightlights composite, proximity to 
national borders, travel time to the nearest settlement 
with 50 000 people or more and population density. The 

selected indicators reflect three primary influences of 
the development of an area: density (agglomeration, 
scale economies), distance (spatial mobility and access) 
and division (spatial integration of economies).19 See 
table 1 for the definition of the selected community 
development indicators.

Table 1 Selected community development and socioeconomic factors

Community development factors (community level)

Variable Definition Type of variable

Built population An index ranging from 0 to 1, where 0 represents extremely rural and 1 extremely 
urban. The index reflects built- up presence, remoteness and access to resources. 
Growth in built- up presence is usually due to population and economic growth, 
urbanisation, growth of smaller settlements into larger ones and expansive 
land development, with accompanying challenges such as air pollution and 
uncontrolled and unplanned urban growth.39

Continuous

Global human footprint An index ranging from 0 (low) to 100 (high) covering human population pressure 
(population density), human land use and infrastructure (built- up areas, night- 
time lights, land use/land cover) and human access (coastlines, roads, railroads, 
navigable rivers). The index measures human pressure on the environment and 
reflects the use of land resources and the growth of infrastructure and amenities.40

Continuous

Gross cell production The average purchasing power parity (PPP) in 2005 US dollars. It considers 
economic, demographic and geophysical characteristics of an area, including 
climate (precipitation and temperature), terrain (elevation, roughness), location 
indicators, population and luminosity. As a result, the indicator reflects the spatial 
distribution of incomes and favourable economic environments within countries.41

Continuous

Nightlights composite The average night- time luminosity of the area shows the differentiation of regions 
based on the density of population and the degree of electrification of dwellings, 
commercial and industrial premises and infrastructure. The higher the index, the 
higher the level of socioeconomic development of an area.42

Continuous

Proximity to national 
borders

The geodesic distance (in metres) to the nearest international borders. Continuous

Travel times The average time (minutes) required to get to a settlement of 50 000 or more 
people. An indicator of access to people, resources and markets.19

Continuous

Population density The number of persons per square kilometre. Continuous

Socioeconomic factor (individual level)

Variable Coding Type of variable

Age of respondent   Continuous

Sex of respondent 0=male, 1=female Categorical

Educational attainment 0=no education, 1=primary, 2=secondary, 4=higher Categorical

Frequency of reading 
newspaper or magazine

0=not at all, 1=less than once a week, 2=at least once a week Categorical

Frequency of listening 
to the radio

0=not at all, 1=less than once a week, 2=at least once a week Categorical

Community development factors (community level)

Variable Definition Type of variable

Frequency of watching 
television

0=not at all, 1=less than once a week, 2=at least once a week Categorical

Frequency of using 
internet last month

0=not at all, 1=less than once a week, 2=at least once a week, 3=almost every day Categorical

Household wealth status 0=poorest, 1=poor, 2=middle, 3=rich, 4=richest Categorical

Place of residence 0=urban, 1=rural Categorical

Region 0=North Western, 1=South Central, 2=South Eastern A, 3=South Eastern B, 
4=North Central

Categorical

 on A
pril 18, 2024 by guest. P

rotected by copyright.
http://bm

jopen.bm
j.com

/
B

M
J O

pen: first published as 10.1136/bm
jopen-2021-054095 on 27 June 2022. D

ow
nloaded from

 

http://bmjopen.bmj.com/


4 Amoako Johnson F, Sakyi B. BMJ Open 2022;12:e054095. doi:10.1136/bmjopen-2021-054095

Open access 

The socioeconomic factors we considered for the 
analysis were: the age and sex of the respondent, educa-
tional attainment, frequency of reading newspapers or 
magazines, listening to the radio and watching televi-
sion, household wealth status, urban- rural and regional 
place of residence (table 1). We considered the socio-
economic indicators to examine if reported deaths were 
skewed to poor and marginalised households and inves-
tigate if respondents’ background characteristics influ-
enced their reporting of a death. Correlations among the 
selected predictors were assessed using the interval- by- 
interval Pearson’s R and the ordinal- by- ordinal Spearman 
correlation for the categorical- by- categorical covariates, 
nominal- by- interval eta for the continuous- by- categorical 
covariates and the Pearson’s R for the continuous- by- 
continuous variables (online supplemental file S2). The 
results showed very low correlations among the vari-
ables, except for built population and population density 
(R2=0.883). The results, therefore, show low potential for 
multicollinearity.

Statistical analysis
We used one- way analysis of variance (ANOVA) tech-
nique to examine the mean distributions of the contin-
uous covariates aggregated by respondents who reported 
and those who did not report a death. To check for 
the normality assumption associated with the one- way 
ANOVA test, we computed and plotted the standardised 
residuals of the outcome measure and the continuous 
covariates and assessed if they follow a normal distribu-
tion. Further, we used the Levene test to examine the 
assumption of homogeneity of variances. Examination of 
the data revealed platykurtosis distribution of the resid-
uals and in some cases non- normal distribution. The 
Levene test revealed a violation of the homogeneity of 
variance assumption (p<0.05) for the three variables—
gross cell production, nightlight composite and prox-
imity to national borders. The results are presented in 
online supplemental file S1. In this regard, the Welch test 
was used to examine statistically significant differences in 
the means of the continuous covariates for respondents 
who reported and those who did not report a death. 
The Welch test was preferred over the Kruskal- Wallis H 
non- parametric test because studies have shown that it is 
unstable when data are non- normal.27

We also examined the percentage distribution of 
respondents who reported a death by the categorical 
covariates of the background characteristics of the 
respondents, using χ2 test to assess statistically signifi-
cant differences. To examine the extent of geospatial 
clustering of reported deaths at the district level during 
the Ebola outbreak and the covariates associated with the 
observed spatial patterns, we used the Bayesian geoaddi-
tive semiparametric (BGS) regression technique.28 The 
BGS approach allows for simultaneous estimation of 
non- linear effects of the continuous covariates and the 
fixed effects of the categorical and continuous covari-
ates in addition to the unobserved spatial effects, both 

spatially structured and unstructured.28 The advantage of 
this technique is that it allows for the true underlining 
relationship between the outcome variable and contin-
uous covariate variables to be explored. The analysis was 
conducted at the district level, where health programmes 
are implemented and monitored. The LDHS provides 
the geographic coordinates for the centroid of the 
geographic clusters (enumeration areas) which can be 
linked to the districts in which the respondents reside. 
Thus, area- level analysis was conducted with the district 
as the geographic unit of focus. It is worthwhile to note 
that, although deaths during the Ebola outbreak were 
reported by household members, the LDHS did not 
provide information on households’ geographic location, 
for confidentiality and anonymity purposes. Thus, we are 
unable to provide information on households’ location 
and their weights, as well as each case and its distance 
from other cases.

The outcome variable of interest  yij  was coded 1 if a 
respondent i in district j reported that a household 
member or relative died during the Ebola outbreak and 0 
otherwise. In this regard, the outcome variable  yij  follows 
a binomial distribution with the expected probability  πij  
of reporting a death. Thus, the logistic model linking the 
probability  πij  of reporting a death is of the form:

 yij|ηij ∼ B(πij)  1

 
πij = P (yij = 1|ηij) =

exp (ηij)
1+exp (ηij)  2

where  ηij  is the covariate of interest. If we have a 
vector  x

′
ij = (xij1, . . . , xijk)

′

  of k continuous covariates and 

 λ
′
ij = (λij1, . . . λijd)

′

  a vector of d categorical covariates, 
then the predictor  ηij  can be specified as:

 ηij = αλ
′
ij + βx

′
ij   3

where α  is a vector of unknown regression coefficients 
for the categorical covariates,  λ

′

ij ,  β  is a vector of unknown 
regression coefficients for the continuous covariates  x

′

ij .
To account for non- linear effects of the continuous 

covariate and the spatial correlation of the proportion 
of respondents who reported death, the BGS framework, 
which replaces the strictly linear predictors with flexible 
semiparametric predictors, was adopted. The model is 
thus specified as:

 ηij = αλ
′
ij + fkx

′
ijk + fspat (Si)

  4

where  fk
(
x
)
  are the non- linear smoothing function of 

the continuous variables  xijk , and  fspat
(
Si
)
  accounts for 

unobserved spatial heterogeneity at district j (j=1, …, 
S), some of which may be spatially structured (corre-
lated) and others unstructured (uncorrelated). The 
spatially structured effects show the effect of location by 
assuming that geographically close areas are more similar 
than distant areas, while the unstructured spatial effect 
accounts for spatial randomness in the model. Equation 
5 is thus specified as
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 ηij = αλ
′
ij + fkx

′
ijk + fstr(Si) + funstr(Si)

  5

where  fstr  is the structured spatial effects, and  funstr  is 
the unstructured spatial effects and  fspat

(
Si
)
= fstr + funstr . 

The spatially structured effects depict the extent of death 
clustering and the associative effects of unaccounted 
predictor covariates, which may be spatially clustered or 
random. The smooth effects of continuous factors are 
modelled with P- spline priors, while the spatial effects are 
modelled using Markov random field priors.

We used the posterior modes of the structured spatial 
effects and their corresponding probabilities at 95% 
nominal level to examine the spatial correlates of the 
outcome variable at the district level. The posterior prob-
abilities at the 95% nominal level show districts where 
reported deaths were statistically significantly high (high 
positive estimates of the posterior mode), significantly 
low (high negative estimates of the posterior mode) and 
where the effects were not significant (estimated poste-
rior mode not significantly different from zero). The 
estimated posterior mode of the spatial effects charac-
terises unexplained spatially correlated covariate infor-
mation. Thus, using a sequential modelling approach, 
we were able to identify districts where the community 
development and socioeconomic covariates were spatially 
correlated with the observed clustering of deaths during 
the Ebola outbreak.

To examine if the reported deaths were geospatially 
clustered at the district level and if the community- level 
development indicators and the respondents’ socioeco-
nomic characteristics were associated with the observed 
clustering, we fitted a series of models. Model 0 was a 
null (constant) model. Model 1 accounted for only the 
spatial effects. Model 2 included the community devel-
opment indicators, and model 3 added the socioeco-
nomic factors. Only covariates significant at p<0.05 were 
retained in the model. The statistical software R was used 
for the analysis.29

It is important to note that the outcome measure for 
this study is not the prevalence of death (death rate) but 
respondents who reported that a household member or 
relative died during the Ebola outbreak in Liberia. The 
LDHS did not collect information on the number of 
people who died during the outbreak and the number 
of household members or relatives who died during the 
outbreak was also not reported. In this regard, the total 
number of people exposed was not available, and thus 
relative risk could not be calculated and the OR was used 
as a measure of the strength of association.30 To ensure 
that the ORs from the logistic regression are not over-
estimated we conducted a sensitivity analysis by fitting 
a Poisson model to the data, computed the prevalence 
ratios and compared them to the ORs.

To avoid model overfit, we added the variables in a 
progressive manner (sequentially) and check if there 
is any significant improvement to the model using 
the Akaike information criterion (AIC) and Bayesian 

information criterion as measures of improvement to the 
model fit. To assess the extent of spatial autocorrelation 
in the residuals, we computed the Moran’s I statistics and 
their corresponding p values. The assumption of statis-
tical independence and identical distribution of the resid-
uals was deemed violated where p<0.05.31

RESULTS
Descriptive analysis
Table 2 shows the weighted percentage of respondents 
who reported the death of a household member or a 
relative during the Ebola outbreak by the socioeconomic 
background characteristics of the respondents. Nearly 
one- quarter (24.8%) of the respondents reported the 
death of a household member or relative. The rate was 
higher for urban residents (25.4%) when compared 
with rural residents (23.8%); however, the difference 
was not large enough to be statistically significant. Statis-
tically, a significantly higher percentage of deaths were 
reported in the North Western region (32.0%) when 
compared with the South Central (26.4%), South Eastern 
A (21.2%), South Eastern B (21.9%) and North Central 
(21.5%) regions. Male (26.3%) respondents were signifi-
cantly more likely to report a death (26.3%) compared 
with females (23.9%). Regarding educational attainment, 
respondents with secondary and higher education were 
more likely to report a death. Table 2 also shows that 
respondents with access to information (newspaper, radio 
and television) were statistically significantly more likely 
to report a death. A lower percentage of respondents 
from the poorest households (19.3%) reported the death 
of a household member or a relative during the Ebola 
outbreak when compared with those from poor (26.8%), 
middle (24.8%), rich (25.3%) and the richest (27.0%) 
households.

The mean of the continuous socioeconomic and 
community- level development indicators aggregated by 
respondents who reported and those who did not report 
a death of a household member or other relatives during 
the Ebola outbreak in Liberia is shown in table 3. The 
mean age of respondents who reported a death (31.8 
years) was significantly (p<0.05) higher compared with 
those who did not (29.3 years) report a death. The 
community development factors statistically significantly 
(p<0.05) associated with reporting a death were the gross 
cell production, nightlight composite and travel time to 
the nearest main settlement with a population of 50 000 or 
higher. The mean gross cell production for respondents 
who reported death was significantly lower (US$428.7) 
when compared with those who did not report a death 
(US$468.4). The nightlight composite shows that respon-
dents in more developed communities (mean=0.82) were 
more likely to report a death when compared with those 
in less developed communities (mean=0.73). Also, the 
travel time showed that respondents with shorter travel 
time to main settlements were more likely to report a 
death. The built population, global human footprint, 
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proximity to national borders and population density 
were not significantly associated with reporting a death.

BGS regression
The estimated posterior variance of the continuous 
covariates and the posterior ORs of the categorical covari-
ates of reporting a death during the Ebola outbreak in 
Liberia and their corresponding 95% credible intervals 
are shown in table 4, along with their model summary 

statistics. Model 3A shows the posterior ORs from the 
final model fitted with the logit link function, while model 
3B shows the posterior prevalence ratios from the model 
fitted with Poisson link function (table 4). The results 
show that the posterior ORs from the logistic model and 
posterior prevalence ratios from the Poisson model were 
in the same direction and there was no evidence that 
logistic regression markedly overestimated the ORs. We 

Table 2 Weighted percentage distribution of respondents who reported death of a household member or other relatives 
during the Ebola outbreak in Liberia by socioeconomic factors

Socioeconomic factors Percentage 95% CI P value Sample size

Overall 24.8 24.0 to 25.5 11 928

Type of place of residence 0.059

  Urban 25.4 24.4 to 26.4 4699

  Rural 23.8 22.6 to 25.0 7229

Region <0.001

  North Western 32.0 29.0 to 35.0 1669

  South Central 26.4 25.2 to 27.5 3335

  South Eastern A 21.2 18.2 to 24.2 1893

  South Eastern B 21.9 18.7 to 25.0 2230

  North Central 21.5 20.1 to 22.8 2801

Sex 0.004

  Female 23.9 23.0 to 24.9 7854

  Male 26.3 25.0 to 27.7 4074

Highest educational level <0.001

  No education 23.5 22.0 to 25.0 3586

  Primary 22.9 21.3 to 24.5 3489

  Secondary 25.7 24.6 to 26.9 4326

  Higher 28.8 25.9 to 31.8 527

Frequency of reading newspaper or magazine <0.001

  Not at all 23.6 22.8 to 24.5 10 258

  Less than once a week 29.7 27.6 to 31.9 1263

  At least once a week 28.6 25.0 to 32.1 407

Frequency of listening to the radio <0.001

  Not at all 20.3 19.1 to 21.5 4770

  Less than once a week 27.2 25.8 to 28.7 3834

  At least once a week 27.6 26.1 to 29.0 3324

Frequency of watching television 0.003

  Not at all 23.7 22.7 to 24.7 8071

  Less than once a week 25.8 24.2 to 27.5 2547

  At least once a week 27.1 25.1 to 29.0 1310

Wealth index for urban/rural <0.001

  Poorest 19.3 17.6 to 21.0 2696

  Poorer 26.8 24.9 to 28.6 2496

  Middle 24.6 22.9 to 26.3 2375

  Richer 25.3 23.6 to 27.0 2209

  Richest 27.0 25.3 to 28.7 2152

 on A
pril 18, 2024 by guest. P

rotected by copyright.
http://bm

jopen.bm
j.com

/
B

M
J O

pen: first published as 10.1136/bm
jopen-2021-054095 on 27 June 2022. D

ow
nloaded from

 

http://bmjopen.bmj.com/


7Amoako Johnson F, Sakyi B. BMJ Open 2022;12:e054095. doi:10.1136/bmjopen-2021-054095

Open access

used a sequential model- building approach to analyse the 
associations of the community development and socio-
economic covariates on reporting a death. Interpreta-
tion of the model coefficients is based on the final model 
(model 3A).

The Moran’s I statistics for model 1 was −0.142 with a 
corresponding p value of 0.0318, indicating spatial auto-
correlation of the residuals and therefore violation of 
the assumption of statistical independence and identical 
distribution of the residuals, when only the spatial effects 
are accounted for in the model. When the community 
development indicators and the socioeconomic factors 
were added in models 2 and 3, the Moran’s I statistics 
reduced to −0.0782 and −0.0721, with corresponding p 
values of 0.1768 and 0.2167, respectively. This indicates 
that the assumption of statistical independence and iden-
tical distribution of the residuals was not violated for the 
final model.

Geospatial clustering of reported deaths
The estimated deviance and AIC for model 0 (null model) 
were 13 020.0 and 13 022.0, respectively (table 4). When 
the spatial effects were included in the model (model 
1), the deviance and AIC reduced by 456.8 and 326.1, 

respectively. The high reduction in the deviance and AIC 
after the spatial effects were included in the model indi-
cates that deaths were not spatially randomly distributed 
but clustered. Figure 1A shows the districts where the 
posterior mode of the structured spatial effects was posi-
tive and statistically significantly high (clusters of high 
reported deaths) at the 95% nominal level. The figure 
shows clustering of high reported deaths in 21 districts 
in six of the 15 counties in Liberia: Grade Cape Mount, 
Bomi, Gbarpolu, Montserrado, Margibi and Lofa.

Community development factors associated with the observed 
spatial clustering
The community development indicators were included in 
model 2 (table 4). This led to a reduction of 88.7 and 53.0 
in the deviance and AIC, respectively. The considerable 
decline in deviance and AIC suggests that the commu-
nity development factors significantly correlate with the 
odds of reporting a death. The community development 
factors, global human footprint, gross cell production 
and population density were identified to have non- 
linear associations with the observed spatial clustering of 
reported deaths (figure 2A–C).

Table 3 Mean of the continuous covariates by respondents who reported and those who did not report the death of a 
household member or other relatives during the Ebola outbreak in Liberia

Indicators Mean 95% CI of mean P value

Age of respondent (years) <0.001

  Reported a death 31.8 31.4 to 32.1

  Did not report a death 29.3 29.0 to 29.5

Built population 0.226

  Reported a death 0.33 0.32 to 0.35

  Did not report a death 0.32 0.31 to 0.33

Global human footprint 0.103

  Reported a death 41.1 40.9 to 42.0

  Did not report a death 41.0 40.7 to 41.3

Gross cell production <0.001

  Reported a death 428.6 418.4 to 439.0

  Did not report a death 468.4 462.0 to 474.8

Nightlight composite 0.003

  Reported a death 0.82 0.77 to 0.878

  Did not report a death 0.73 0.70 to 0.76

Proximity to national borders (m) 0.240

  Reported a death 1717.5 1642.4 to 1792.5

  Did not report a death 1665.8 1623.1 to 1708.5

Travel time 0.017

  Reported a death 79.3 75.3 to 83.3

  Did not report a death 85.2 82.8 to 87.6

Population density 0.596

  Reported a death 2144.2 2042.4 to 2245.9

  Did not report a death 2112.6 2054.7 to 2170.4

 on A
pril 18, 2024 by guest. P

rotected by copyright.
http://bm

jopen.bm
j.com

/
B

M
J O

pen: first published as 10.1136/bm
jopen-2021-054095 on 27 June 2022. D

ow
nloaded from

 

http://bmjopen.bmj.com/


8 Amoako Johnson F, Sakyi B. BMJ Open 2022;12:e054095. doi:10.1136/bmjopen-2021-054095

Open access 

Figure 2A shows that for a global human footprint of 
between 1 and 39, there is a trivial variation (OR between 
0.90 and 1.11) in the associations with the observed 
spatial clustering of reported deaths. However, from a 
global human footprint of 40–55, the odds of reporting a 
death decreases from about 1.1 to 0.67 and then begins to 
increase to an OR of 1.11. The figure shows that the odds 
of reporting a death were lowest for those with a moderate 
(around 55) global human footprint. Regarding gross 
cell production, figure 2B shows higher odds of reported 
deaths for areas with average purchasing power parity 
(PPP) around US$1000.00, when compared with areas 
with lower PPP and those with higher PPP. The results 
also show a decline in the odds of reported deaths with 

increasing population density (figure 2C). Implying, the 
odds of reporting a death were lower in highly populated 
areas, indicating that reported deaths decreased with 
increasing urbanisation.

When community development indicators were 
included in the model, the posterior mode of the struc-
tured spatial effects became statistically insignificant 
(p>0.05) in 13 of the 21 districts with clustering of high 
reported deaths. These are the Gbarma district in the 
Gbarpolu county, the Commonwealth, Garwula, Gola-
konneh, Porkpa and Tewor districts in the Grand Cape 
Mount county, Quardu Boundi and Voinjama districts 
in the Lofa county, Firestone, Kakata and Mambah- Kaba 
districts in the Margibi county, and the Careysburg, 

Table 4 Posterior variance estimates of the spatial effects at the district level and the non- linear covariates, along with the 
posterior ORs and posterior prevalence ratios of the categorical covariates for reporting a death of a household member or 
relative during the Ebola outbreak in Liberia, their corresponding 95% credible intervals and model summary statistics

Model 0 Model 1 Model 2
Model 3A
POR (95% CI)

Model 3B
PPR (95% CI)

District- level variance

  Structured spatial effects (SSE) 0.141 0.137 0.156 0.0417

  Unstructured spatial effects (USE) 0.096 0.096 0.101 0.0875

  % change in SSE

Variance of the non- linear effects

Community development factors

  Global human footprint 0.055 0.058 0.0218

  Gross cell production 0.230 0.211 0.0494

  Population density 0.020 0.020 0.0052

Socioeconomic factors

  Age of the respondent 0.014 0.0078

Covariates

Socioeconomic factors

  Educational attainment

  No formal education 1.00 1.00

  Primary 1.27 (1.13 to 1.44)** 1.19 (1.07 to 1.32)**

  Secondary 1.39 (1.23 to 1.56)** 1.27 (1.15 to 1.40)

  Higher 1.27 (1.02 to 1.59)* 1.19 (0.77 to 0.96)

  Place of residence

  Urban 1.00 1.00

  Rural 0.80 (0.70 to 0.93)** 0.86 (0.77 to 0.96)**

Model summary statistics

  Deviance 13 020.0 12 563.2 12 474.5 12 287.7 13 283.2

  AIC 13 022.0 12 695.9 12 642.9 12 476.6 13 435.7

  BIC – 13 184.9 13 262.9 13 172.5 13 997.2

  GVC – 1.087 1.083 1.069 0.6547

  Change in deviance – 456.8 88.7 186.8 –

  Change in AIC – 326.1 53.0 166.3 –

**P<0.01; *p<0.05.
AIC, Akaike information criterion; BIC, Bayesian information criterion; CI, credible intervals; GVC, Generalized Cross Validation; POR, posterior 
OR; PPR, posterior prevalence ratio.
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Figure 1 Geospatial (A) clustering of deaths during the Ebola outbreak in Liberia and (B) their geospatial correlates.
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Commonwealth 1 and Greater Monrovia in the Montser-
rado county (figure 2B). This indicates that the commu-
nity development indicators are associated with high 
reported deaths in these districts.

Socioeconomic factors associated with the observed spatial 
clustering
The respondents’ socioeconomic factors were included in 
model 4 (table 3), leading to a decline of 186.8 and 166.3 
in the deviance and AIC, respectively. The respondent’s 
age showed a strong non- linear association with the odds 
of reporting a death (figure 2D). The odds of reporting 
a death is low from age 15 years (OR=0.61) and then 
increases linearly until about 30 years (OR=1.11) and 
remains constantly high between ages 30 and 55 years.

The categorical socioeconomic covariates identified 
to be statistically significantly (p<0.05) associated with 
the observed spatial clustering were educational attain-
ment and urban- rural place of residence (table 4, model 
3A). The estimated posterior ORs show that educated 
respondents had higher odds of reporting a death when 
compared with those with no formal education. Those 
with primary, secondary and higher level education were 
27.0%, 39.0% and 27.0%, respectively, more likely to 
report a death when compared with those with no formal 
education. Further, respondents in rural areas were 20.0% 
less likely to report a death when compared with those 
residents in urban areas. The socioeconomic covariates, 
sex of respondent, frequency of reading newspaper or 
magazine, listening to the radio and watching television, 

Figure 2 Non- linear associative effects of the continuous community development ((A) global human footprint, (B) gross cell 
production, (C) population density) and socioeconomic factors ((D) age of respondent) and the posterior log odds of reporting a 
death during the Ebola outbreak.
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household wealth status and region of residence were 
not statistically significantly associated with the observed 
spatial pattern of reported deaths. The posterior mode 
of the structural spatial effects became insignificant in 
only one district (Garwula district in the Grand Cape 
Mount county) when the socioeconomic covariates were 
included in the model.

The observed spatial clustering of reported deaths in 
Dowein, Klay, Senjeh and Suehn Mecca districts in the 
Bomi county, Bopolu district in the Gbarpolu county and 
the St Paul River and Todee districts in the Montserrado 
county was neither associated with the community devel-
opment factors nor the socioeconomic covariates. Thus, 
the observed spatial clustering of reported deaths in these 
districts was unexplained by the selected covariates. For 
policy relevance, we test for plausible interactions but 
none was statistically significant at p<0.05. The poste-
rior mean of the unstructured spatial (random) effects 
is shown in figure 3. The figures show a random scatter 
of the posterior mean of the unstructured spatial effects 
for all the fitted models, further confirming low spatial 
autocorrelation of the residuals.

DISCUSSION
Our findings show that deaths during the Ebola outbreak 
in Liberia were not spatially randomly distributed at the 
district level but clustered. Deaths were significantly clus-
tered in districts in the North Western, South Central 
and parts of the North Central regions. In the North 
Western region, we found clustering of high reported 
deaths in districts in the Grade Cape Mount, Bomi and 
parts of Gbarpolu counties, while in the South Central 
region, we found clustering in districts in Monrovia and 
its surrounding counties of Montserrado and Margibi. In 
the North Central region, clustering of high deaths was 
identified in districts in the Lofa county, one of the coun-
ties that reported the first case of Ebola in Liberia, and it 
shares borders with Guinea and Sierra Leone.12 32

Within Liberia, the Lofa county was reported as the 
third most important source of the Makona Ebola 
variant, the third worst affected county and a major 
epicentre early in the second wave of the outbreak.33 
However, Lofa’s contribution to the spread of the Ebola 
virus to other counties was substantially minimal.32 34 The 
minimal contribution of the Lofa county to the spread 
has been attributed to its remote location, isolation from 
populated settings of the country and poor connecting 
roads.32 This narrative is consistent with the findings of 
our study. In the Lofa county, high death clustering was 
identified in only two adjoining districts: Quardu Boundi 
and Voinjama districts.

Documentary evidence shows that although the 
outbreak started in rural areas, it quickly spread to urban 
centres, including Montserrado and Margibi.12 At the 
peak of the epidemic, the most affected counties included 
Montserrado and Margibi.12 32 Contact tracing data also 
show that the neighbouring counties of Montserrado and 

Margibi were the primary sources for the spread of the 
Makona Ebola variant to other Liberian counties.32 35 Our 
study also found significant clustering of deaths in these 
counties.

Regarding the country’s North Western region, all 
districts in the Grand Cape Mount and Bomi counties 
and three districts in the Gbarpolu county were identified 
as clusters of significantly high reported deaths. Thus, 
indicatively, the Grand Cape Mount and the Bomi coun-
ties, in addition to the Montserrado and Margibi counties 
and the capital Monrovia experienced the highest levels 
of EVD infections in Liberia,36 as reflected in our findings 
with regard to reported deaths during the Ebola outbreak 
in Liberia.

We also found that the observed geospatial clustering 
of deaths during the Ebola outbreak in Liberia was non- 
linearly associated with the community- level develop-
ment indicators: the global human footprint (use of land 
resources and infrastructure development), gross cell 
production (estimate average PPP in 2005 US dollars) 
and population density. The results revealed that the 
community- level development indicators were associated 
with the observed clustering of deaths predominantly 
in the Grand Cape Mount, Margibi, Lofa and in some 
districts in Monsterrado.

With regard to the global human footprint, we found 
that the odds of high death clustering were lowest for areas 
with moderate (around 55) global human footprint and 
comparatively higher for areas with low and high global 
human footprint. Considering gross cell production, our 
findings show that the odds of high death clustering were 
low for areas with average PPP below US$500.00 and those 
above US$1200.00, but higher for those with PPP around 
US$1000.00. This indicates that deaths were more likely 
in areas with moderate to high community development. 
We also found that the odds of reported death clustering 
declines with increasing population density, showing that 
highly populated areas had lower odds of death clustering 
compared with less populated areas.

The 2016 Liberia Household Income and Expenditure 
Survey reported a substantially high absolute poverty rate 
(greater than 50.0%) across all counties, except the Mont-
serrado county (20.3%), including Monrovia.37 Although 
absolute poverty is high across most counties, the rates 
were comparatively modest for the Grand Cape Mount 
(53.7%), Margibi (52.2%) and the Gbarpolu (60.5%) 
counties when compared with counties such as River Gee 
(81.9%) and Maryland (84.0%). Similarly, the LDHS 
shows lower poverty levels and better access to amenities 
in the South Central region, particularly the Montserrado 
and Margibi counties, when compared with the Grand 
Cape Mount, Bomi and Gbarpolu counties in the North 
Western region.38

These developmental characteristics of the communi-
ties are reflective of the findings from our study. Death 
clustering was observed to be significantly high in the 
more developed counties of Montserrado (including 
Monrovia) and Margibi, and also the poor to moderate 
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Figure 3 Posterior mean of the unstructured spatial effects for (A) model 1, (B) model 2, and (C) model 3A.
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counties of Grand Cape Mount and Gbarpolu. The higher 
odds of reported death clustering in less populated areas 
reflect the remoteness and isolation of Lofa county.

The findings of our study show that during epidemics, 
deaths are likely to be clustered, and these may not 
always be in poor and marginalised communities. There-
fore, interventions and policy responses should identify 
at- risk populations and respond accordingly to minimise 
fatalities.

Strengths and limitations of this study
Evidence shows that deaths during epidemics are under- 
reported, and local- level registers of fatalities, particularly 
in the low- income and middle- come countries, are often 
non- existent. The present study has used cross- sectional 
data of reported deaths of household members and rela-
tives during the Ebola outbreak to identify geospatial 
clusters (districts) where reported deaths at the time were 
statistically significantly high. The identified clusters are 
in line with reported Ebola virus transmission rates at the 
district level and their characteristics. Nonetheless, some 
limitations are worth noting. First, these are self- reported 
deaths not directly linked to Ebola. Also, there are no 
records to verify the veracity of these deaths. However, all 
things being equal, if Ebola deaths during the outbreak 
were not concentrated within some districts, then we will 
expect a random spatial scatter of deaths.
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