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↑What is “already known” in this topic: 
Autocorrelation simply means that a variable is correlated with 
itself, ie, the pairs of observations that are close to each other 
are more likely to have values that are more similar, and pairs 
of observations far apart from each other are more likely to 
have values that are less similar. It is known in literature that 
many health outcomes possess spatial autocorrelation.   
 
→What this article adds: 

We applied methods of global and local spatial autocorrelation 
to identify the areas where high and low prevalence of 
childhood diarrhea are concentrated in Mozambique and to 
identify regions that need more attention in terms of resource 
allocation.  
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Abstract 
    Background: Diarrhea in children under 5 years is generally considered as an important public health problem and the major cause 
of childhood morbidity and mortality in Sub-Saharan Africa. The purpose of this study was to present exploratory spatial data analyses 
to identify spatial clusters and outliers in the prevalence of childhood diarrhea in Mozambique.  
   Methods: Using data from 2011 Mozambique Demographic and Health Survey, we calculated the prevalence of childhood diarrhea 
on the district level. Two exploratory spatial data analyses methods were applied, namely, global and local Moran’s I statistics, 
providing spatial autocorrelation and spatial clusters/outlier in the prevalence of childhood diarrhea, respectively. 
   Results: Choropleth mapping and global Moran’s I statistics showed that the prevalence of childhood diarrhea has clustered 
distribution across the study area. A local Moran’s I index revealed spatial clusters within the province of Tete, Gaza, Cabo Delgado, 
and Zambezia. However, spatial outliers were confined within Sofala province. 
   Conclusion: The exploratory spatial data analyses showed various spatial clustering and outliers present in the prevalence of 
childhood diarrhea, indicating interventions needed in targeted regions. 
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Introduction 
The public health significance and impact of childhood 

diarrhea is substantial, resulting in 525 000 deaths each 
year  (1). This puts diarrhea among 5 leading cause of 
childhood morbidity and mortality and an urgent health 
priority. In developing countries, diarrheal disease is re-
sponsible for 18% to 20% of all deaths in children young-
er than 5 years. Among World Health Organization 

(WHO) regions, the burden of childhood diarrhea is espe-
cially highest in South Asia and Sub-Sahara Africa (2-4). 
In pursue of Millennium Development Goals (MDGs), 
childhood mortality attributed to diarrheal diseases has 
been declined since 2000.   

Status of child health is a crucial indicator of the quality 
of life (5); therefore, examining the prevalence and pat-
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terns of childhood diarrhea at subnational level are re-
warding efforts in identifying high-risk areas where fur-
ther interventions could be directed. In Mozambique, diar-
rhea continues to be an endemic childhood disease, with 
seasonal (6) and geographical variations (7). According to 
the Demographic and Health Survey (DHS-2011), 11.1% 
of children younger than 5 years had at least one diarrheal 
episode within the past 2 weeks of survey (8). This survey 
also reported that the prevalence of diarrhea considerably 
varies at subnational level, indicating spatial heterogeneity 
in the prevalence of disease. 

Like any other infectious diseases, in childhood diar-
rhea, host, agent, human and physical environment are 
codependent and manifest spatial relationship (9). Hence, 
it is of utmost importance to study geographical variation 
of prevalence of childhood diarrhea and spatial dependen-
cy (i.e. the lack of independence in data at locations which 
are close together) at local level. A spatial analytical 
method can provide a measure that can suggest spatial 
dependence or spatial independence (10). By recognizing 
the areas with spatial dependency, vulnerable areas for 
future outbreaks of diarrheal diseases can be identified. It 
is necessary to identify spatial patterns in form of clusters 
and outliers. A spatial cluster is an area considered by 
feature (i.e. variable of interest) with either high or low 
values surrounded by neighboring areas demonstrating 
similar high or low values for the same feature. However, 
spatial outlier is an area where a feature demonstrate sta-
tistically significant higher or lower values as compared to 
the values found in neighboring areas (11). Spatial differ-
ences in childhood morbidity have been reported from 
many countries in Sub-Saharan Africa (12-16). Using var-
ious spatial analytical methods, studies have determined 
spatial heterogeneity in the prevalence of childhood mor-
bidity and its associated biodemographic and socioeco-
nomic risk factors. Therefore, the objective of this study 
was to apply spatial analytical techniques to identify spa-
tial autocorrelation, spatial cluster, and spatial outliers in 
the prevalence of childhood diarrhea in Mozambique.  

   
Methods 
Data 
This study analyzed the data from Mozambique Demo-

graphic and Health Survey (DHS) – 2011. Mozambique is 
a southeastern African country bordered with Tanzania, 
Malawi, Zimbabwe, South Africa, and Indian Ocean on 
Eastern border (Fig. 1). The Mozambique DHS 2011 was 
the third and the latest survey (at the time of data acquisi-
tion by the authors) conducted as a part of the MEASURE 
DHS program international series. In this survey, a 2-
staged sampling method was implemented in a way that 
the final sample was representative at national level, sub-
national level, rural, and urban areas. All urban and rural 
areas were divided into smaller areas known as Enumera-
tion Area (EA). Within each EA, list of households served 
as the sampling frame for the selection of household for 
the second stage. In the second stage of sampling, fixed 
number of households was selected through systematic 
sampling technique. A detailed note on DHS sampling 
technique can be found in the Appendix A of 

Moçambique Inquérito Demográfico e de Saúde 2011 (8). 
The survey collected detailed information relating to de-
mographic, child health care, and GPS coordinates from 
each EA. With a response rate of 99%, 13,745 ever-
married women age 15-49 years were interviewed. We 
extracted the information regarding the episode of diar-
rhea from every mother with a child aged 0-59 months. 
The data were then exported to Esri ArcGIS 10.1 soft-
ware, where data table was first merged with the DHS 
clusters and then aggregated for each subnational level.  

 
Global spatial autocorrelation 
The global measure of spatial autocorrelation was de-

veloped by Moran P (17), which measures the spatial de-
pendence of the variable. The spatial dependence denotes 
lack of independence in data in relation to its neighboring 
data points (18). Therefore, measure of spatial autocorre-
lation may suggest spatial dependence (clustering) or spa-
tial independence (dispersed). To test spatial dependence, 
the Moran’s I index formula is given as follows: 

 
ܫ  = 	 ݊∑ ∑ ௜௝௡௝ୀଵ௡௜ୀଵݓ 	 . ∑ ∑ ௜௝௡௝ୀଵ௡௜ୀଵݓ ௜ݔ) ௝ݔ൫(ݔ	− ∑൯ݔ	− ௜ݔ) ௝(ݔ	−  

 
 
where n is the number of data points	ݔ௜ is the proportion 

of children with diarrhea at location ith (where ith location 
denotes location of interest), ݔ௝ is the proportion of chil-
dren with diarrhea at location j (where jth location refers to 
neighboring locations around ith location), ݔ is the mean 
proportion of children with diarrhea and ݓ௜௝ is the spatial 
weights applied between location i and j. These spatial 
weights are assigned in a manner that jth neighbours re-
ceive a weight of 1 if their boundaries are adjacent to the 
ith location, otherwise not. Similar to correlation coeffi-
cient, the value of Moran’s I ranges between –1.0 and 
+1.0. To test the null hypothesis that there is no spatial 
dependence across the study area, the following equation 
was used: 

 ܼ = 	 ܫ −  (ܫ)ݎܽݒඥ(ܫ)ܧ

 
where E(I) represents the expected value of observed 

Moran’s I, var(I) represents the variance of Moran’s I. 
Given a significant p value, a positive Moran’s I denotes 
that the spatial distribution of high values and/or low val-
ues in the dataset are more spatially clustered than would 
be expected if underlying spatial processes were random. 
However, a significant negative Moran’s I index means 
that the spatial distribution of high values and low values 
in the dataset are more spatially dispersed than would be 
expected if underlying spatial processes were random. The 
tool for calculating spatial autocorrelation in Esri ArcGIS 
10.1 returns Moran’s I index and its associated p values.  
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Local spatial autocorrelation 
To identify spatial clusters and outliers in the study area, 

Anselin local Moran’s I (also called LISA – a Local Indi-
cator of Spatial Autocorrelation) was applied. In essence, 
local Moran’s I allows decomposition of global Moran’s I 
statistics over the study region to assess spatial concentra-

tions in population subgroups (19). In addition to identify-
ing spatial cluster, this index also assesses the influence of 
individual locations on the magnitude of the global Mo-
ran’s I index. The local Moran’s I index for the ith region 
is calculated by the following formula: 

 

 
Fig. 1. Location of study area 
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௜ܫ = ௜ݔ ௜ܵଶݔ	− 	 ෍ ௝ݔ௜,௝൫ݓ ൯௡ݔ	−
௝ୀଵ,௝ஷ௜ 	

 
where ݔ௜ is the proportion of children with diarrhea at 

location i, ݔ is the mean proportion of children with diar-
rhea, ݓ௜௝ is the spatial weights applied between location i  
and j (as explained above), and ௜ܵଶ is an estimate of the 
variance and is equal to: 

 

௜ܵଶ = ∑ ൫ݔ௝ −൯ଶ௡௝ୀଵ,௝ஷ௜݊ݔ	− 1 	ଶݔ	−
 

A positive value of local Moran’s index I denotes that a 
variable is surrounded by similar high or low values and 
forms a spatial cluster, while a negative value indicates 
that a variable has neighbours with dissimilar values (20). 
The local Moran’s I was tested using the following Z-
score test: 

 ܼ = 	 ௜ܫ (௜ܫ)ݎܽݒඥ(௜ܫ)ܧ	− 	
 

where ܫ௜ is the observed local Moran’s I index for ith lo-
cation and ܧ(ܫ௜) is the expected value of I for the ith loca-
tion. The null hypothesis for local Moran’s I states that 
there is no association between prevalence of childhood 
diarrhea of a region with its neighboring regions, whereas 
the alternate hypothesis supports that there is a similarity 
(spatial cluster) or dissimilarity (spatial outlier) in the 
prevalence of childhood diarrhea (20). The tool for calcu-
lating local Moran’s I index in Esri ArcGIS 10.1 returns 
local Moran’s I index with associated Z scores and p val-
ues for each location. In ArcGIS environment, Z scores 
and associated p values are calculated by the Randomiza-
tion Null Hypothesis testing. This hypothesis test postu-
lates that the observed spatial pattern of the data repre-
sents one of many (n!) possible spatial arrangements. Ac-
cording to the z-score and its associated p value, regions 
are divided into 5 spatial association types: (1) a region 
with high prevalence of childhood diarrhea surrounded by 
regions with high prevalence  (High-High cluster) with z-
score greater than 1.96; (2) a region with low prevalence 
which is bounded by neighboring regions with low preva-
lence as compared to the average (Low-Low cluster) with 
z-score greater than 1.96; (3) a region where prevalence is 
higher than the average and is surrounded by region of 
low prevalence (High-Low outlier) with z-score less than 
1.96; (4) a region with prevalence is less than the average 
while neighboring regions have a prevalence greater than 
the average (High-Low outlier) with z-score less than 
1.96; and (5) a region where prevalence of childhood diar-
rhea is not significantly different from the average. 
Among these, high-high and low-low types make spatial 
clusters pattern of prevalence, while high-low and low-
high types make spatial outliers. These high and low types 
are in relation to the average value of the prevalence of 
childhood diarrhea in the study region.     

  

  Results 
The overall prevalence of childhood diarrhea in 

Mozambique is 11.1%. The choropleth map of prevalence 
of childhood diarrhea in Mozambique, stratified by re-
gions and classified into 5 categories, is presented in Fig-
ure 2 (a). This choropleth map demonstrates the highest 
and lowest prevalence of childhood diarrhea across study 
area. Higher prevalence of childhood diarrhea was found 
in the regions within Tete, Zambezia, Sofala, and Nassa. 
On the other hand, regions bordering Mozambique Chan-
nel in the southeast of Mozambique mainly demonstrated 
lower prevalence.  

Moran’s I index of global spatial autocorrelation for 
childhood diarrhea was calculated to be 0.193. The ex-
pected value of spatial autocorrelation for randomness was 
-0.0078, with the standard deviation of 0.058. Because the 
value of expected I is smaller than the observed Moran’s I 
value, the significance test of I (z test) was 3.46. With the 
given value of Z score, there is less than 1% likelihood 
that this clustered pattern could be the result of random 
chance. This test indicates that the prevalence of child-
hood diarrhea is clustered and there is strong spatial de-
pendence across the study area. In Figure 2 (b), local indi-
cator of spatial association (LISA) map depicts colored 
regions where clustering is significant. The map shows 4 
types of spatial patterns based on pre-specified signifi-
cances: High – High (H – H), High – Low (H – L), Low – 
High (L – H) and Low – Low (L – L). Regions within 
Tete and Zambezia have HH clusters demonstrating statis-
tically significant cluster of higher prevalence of child-
hood diarrhea as compared to the average of study area. 
However, the regions within Gaza and Cabo Delgado have 
L – L clusters, where these regions have statistically sig-
nificant lower prevalence as compared to the average 
prevalence of childhood diarrhea in Mozambique. 

 
Discussion 
In this paper, data from Mozambique DHS 2011 were 

used to quantify the spatial dependency in the prevalence 
of childhood diarrhea. We began this analysis with the 
hypothesis that observed variation in the prevalence of 
childhood diarrhea is a random phenomenon. We applied 
2 broad categories of detecting spatial cluster: global and 
local spatial autocorrelation indexes. The former measures 
the average tendency of data to refute spatial randomness 
(21) (i.e. null hypothesis), while local methods identify 
spatial clusters and outliers (20, 22). In either method, 
spatial autocorrelation can be considered as a tool to de-
tect the likelihood of an event in a given region limits, or 
make more probable, the occurrence of an event in neigh-
boring regions (20). Using global Moran’s I index, we 
found spatial autocorrelation in the prevalence of diarrhea 
in Mozambique. Furthermore, local Moran’s I index was 
applied to decompose the global spatial autocorrelation 
and to identify spatial clusters and outliers. The spatial 
pattern in the prevalence of childhood diarrhea in the 
choropleth map demonstrated a similar picture in the LI-
SA map revealed by local Moran’s I. The results of the 
local spatial autocorrelation analysis showed that regions 
in Tete and Zambezia had a higher prevalence of child-
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hood diarrhea and were locally autocorrelated based on 
the prevalence data. In contrast to our findings, Gujral et 
al found fewer cases of diarrheal diseases in lakeside re-
gions, suggesting evidence against an endemicity of diar-

rhea in these regions (23).      
The observed spatial dependency was most likely re-

sulted from spatial heterogeneity in the underlying risk 
factors of childhood diarrhea and its incidence in Mozam-

 
Fig. 2. (a) Choropleth map and (b) Local spatial autocorrelation (LISA) cluster map of the prevalence of childhood diarrhea in Mozambique 
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bique (23). Horn’s finding suggested that childhood diar-
rhea is more common throughout the year in coastal re-
gions (24). The spatial clusters identified in this study are 
in neighboring regions of Africhol multicenter project. 
The regions under this project had recent cholera out-
breaks (25). The fact that regions with H-H clusters in 
Zambezia and outliers in Sofala state were identified near 
outbreak regions signifies the reintroduction of circulating 
pathogens in the region (26). Therefore, regions with H-H 
clustering identified in LISA should be carefully studied 
to develop suitable strategies for controlling childhood 
diarrheal cases. Accordingly, for both H-H and H-L spa-
tial clusters preventive measures, such as educating hand-
washing practices, adequate supply of clean drinking wa-
ter, improving facilities to dispose child’s stool, and intro-
ducing rotavirus vaccine, should be promoted on a broader 
scale to alleviate the burden of disease (27). The L-L clus-
ters are bounded within the regions where prevalence of 
diarrhea is less than the average of study area. These ex-
ploratory findings are consistent with other studies from 
Mozambique reporting burden of childhood diarrheal dis-
eases and its spatial distribution (24).     

This study revealed regional disparity and clustering of 
the prevalence of childhood diarrhea across Mozambique. 
Moreover, these clustering patterns identified in our anal-
ysis pointed out the varying spatial distribution of preva-
lence of childhood diarrhea. This highlights the need of 
policies targeted for certain regions which are clustered 
together. Our results could be seen as an important first-
step in understanding the complex geography of childhood 
diarrhea in Mozambique, and this work should be fol-
lowed by in depth spatial regression analysis to better un-
derstand the causal mechanism of clustering. Our study 
also highlights that an updated etiologic data on diarrheal 
diseases and susceptibility patterns of diarrheal pathogens 
are required for the health ministry to design better control 
strategies (7). Furthermore, future studies should deter-
mine whether clusters and outliers of prevalence of child-
hood diarrhea are associated with specific demographic 
and environmental characteristics such as poverty, under-
privileged household conditions, overcrowding, lack of 
exclusive breastfeeding, and lack of access to health care 
facilities (28). Finally, since the data used in this study 
had statistically significant spatial autocorrelation, it is 
warranted that any future study using prevalence data of 
childhood diarrhea from Mozambique from DHS 2011 
should use spatial statistical methods.  

Like any other research that employs spatial analyses, 
this study suffers from modifiable areal unit problem 
(MAUP). MAUP arises when data gathered and subse-
quently analyzed may vary from the analysis conducted at 
an alternative modifiable unit (29-32). Such that altered 
clusters and outliers’ pattern would emerge if analysis 
would have been conducted at different areal unit.      

 
Conclusion  
We have highlighted the value of application of global 

and local Moran’s I index for identification of clusters and 
outliers of childhood diarrhea in Mozambique. The meth-
od used here provides comprehensive information on the 

spatial distribution. Our results may help public health 
officials to determine appropriate allocation of health and 
financial resources to high-risk areas with an aim of low-
ering prevalence of childhood diarrhea. The use of preva-
lence data on the sub-district region of selected spatial 
clusters and outliers can be more helpful.  
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