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Abstract
Background: The data generated from malaria indicator surveys have a
multilevel structure where children or households are nested within cluster and
this may result in dependent data. In a survey, clusters or units within clusters
may be selected with unequal probabilities and often surveys are subjected to
non-response. Modeling of these data must take into consideration these aspects
as these could lead to incorrect inferences. The main purpose of this study is to
assess the factors that affect child malaria diagnostic outcomes and to estimate
the proportion of overall child-level variation in malaria outcome that is
attributable to child and household-level predictors and the cluster-level predictors
using various weighted multilevel models. In this study, cluster represents a
”Kebele”, which is the smallest administrative unit in regional states in Ethiopia.
Methods: A sample of 4,384 under five years age children were in this study
from three regional states of Ethiopia. Various multilevel models with random
cluster effects were used taking into account the survey design weights. These
weights are scaled to address unequal probabilities of selection within clusters.
Results: The asymptotic chi-square mixture distribution test results suggested
the need for the cluster-level random effects in all the models. The findings
related to child / household- and cluster-level predictors are consistent with those
available in existing literature. The overall variability has been partitioned into
child/household-level and cluster-level variability and the results revealed that
some of the differences between clusters in under five years age children malaria
RDT outcomes explained by child/household factors.
Conclusions: The use of weighted multilevel model to examine within- and
between cluster variability in malaria RDT outcomes for under five years age
children and of the extent to which between clusters variability is explained by
child / household and cluster-level factors. The approach used in this paper
allows investigation of how individual- and cluster-level factors including the
public health authorities’ interventions plans related to health outcomes
simultaneously. Such collective assessment approach may lead to more effective
public health strategies and could have important policy implications for health
promotion and for the reduction of health disparities.
Keywords: Generalized linear mixed model; Odd ratios;
Pseudo-maximum-likelihood; Scaling design weight; Weighted multilevel model

Background
Malaria is a serious hemolytic vector borne disease caused by five Plasmodium parasite species that affect humans. These are Plasmodium falciparum, Plasmodium vi-
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vax, Plasmodium ovale, Plasmodium malariae and Plasmodium knowlesi. The parasites are spread to people through the bites of infected female Anopheles mosquitoes.
The first two species pose the greatest threat and they are the most common malaria
pathogens which dominates in Africa [1]. For example, about 66.5%, 69.2% and
89.4% reported malaria cases in years 2016, 2017 and 2018 in Ethiopia were caused
by Plasmodium falciparum, respectively and the remainder of the cases were caused
by Plasmodium vivax [2].
According to the latest World Health Organization (WHO) Report 2019, an estimated 228 million cases of malaria occurred worldwide, compared with 251 million
cases in 2010 and 231 million cases in 2017 [2]. An estimated 67% (272,000) malaria
deaths in 2018 were children aged under 5 years. According to Centre for Disease
Control (CDC) and Prevention, generally in Africa where there is high malaria
transmission of young children who have not yet developed partial immunity to
malaria and pregnant women, whose immunity is decreased by pregnancy, especially during the first and second pregnancies are the most vulnerable groups [3].
The estimated malaria cases in Ethiopia declined from about 7.7 to 2.4 millions
and estimated deaths due to malaria declined from 14,424 to 4,757 between 2010
and 2018. The country has low malaria prevalence compared to most other malariaendemic countries in Africa (e.g. Burkina Faso, Cameroon, the Democratic Republic
of the Congo and Ghana). However, malaria is still a major public health problem
in Ethiopia [4].
In most malaria indicator surveys (MIS), the sampling designs organize the study
populations into clusters such as districts, villages or survey enumeration areas.
Then select households or people within the clusters to collect data (e.g. see [5, 6]).
The data generated from these surveys have a multilevel structure where children
or households are nested within cluster and hence the surveys result in dependent
data. Since children or households that live in the same clusters share similar environment and the public health administrative processes taken by the authorities
to control malaria transmission in the areas, hence they are likely to resemble each
other with respect to the effects from these. Thus, two randomly selected children
from the same cluster, e.g. survey enumeration area, they may have similar malaria
status (tested positive or negative) than the malaria status of two randomly selected
children from different clusters, even when the measured child / household-specific
characteristics of the selected children are identical to one another. Analysis of the
malaria status data by conventional binary logistic regression model needs the outcomes to be independent across children given the predictor variables. However, if
the observed outcomes are not independent of one another, failure to appropriately
handle the intra-cluster correlations among the observations within clusters can lead
to incorrect inferences on the effects of model covariates ([7, 8, 9]). The conventional
analysis also prevents to study the association between specific cluster characteristics with the individual outcome [10] and ignores the hierarchical structure of the
data.
In most malaria prevalence related studies, researchers apply either the generalized
estimating equation (GEE, [11, 12]), for example see ([13, 14, 15]), by considering the
intra-cluster correlation in order to improve estimates of the fixed effects and their
standard errors; or the generalized linear mixed model by introducing random effects
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to take into account the within correlation only (e.g. see [16, 17]). Rodriguez and
Goldman [18], however emphasized that the estimation of similarity of observations
within a cluster or group is not only improve these two estimates but also the
estimation, in particular by introducing individual level or cluster-level factors as
a set of control variables, may provide information how the cluster level factors
influence the individual characteristics or vice versa. Multilevel regression models
([19, 20, 21]) can also handle correlated data. Multilevel models incorporate clusterspecific random effects that account for the dependency of the data by partitioning
the total individual variance into variation due to the clusters and the individuallevel variation that remains [22]. However, unlike multilevel models, GEE had been
developed to handle correlated data without explicitly accounting for heterogeneity
across clusters and it does not provide direct estimates of the variance structure, but
treat these as nuisance parameters [23]. It does also not allow to examine influence
of individual-level or cluster-level factors on between cluster variation, and sources
of intra-cluster correlation [24].
In order to have proper plans in response to health risks, public health research
becomes increasingly interested in investigating the reasons of variation between areas or area-level influences on health, i.e. contextual influences on health. Therefore,
to analyze health related data, e.g. MIS data, one needs to adopt methods that allow investigations of within and between clusters variances ([24, 9]). The multilevel
models take into account the clustered nature of the data, so they can correctly estimate standard errors which lead to more accurate inferential decisions [20] and they
allow to investigate sources of variations within and across clusters. Furthermore,
in complex survey, clusters or units within clusters or both may be selected with
unequal weights or probabilities and often surveys are subjected to non-response.
Modeling of data obtained from these surveys must take into consideration these
aspects as these could lead to biased parameter estimates ([25, 8]).
The main objective of the current study is to assess the factors that affect the
malaria rapid diagnostic test outcomes of under five years age children in three major regions of Ethiopia. In addition to assessing the factors that affect the malaria
outcomes, we are also interested to estimate the proportion of overall child-level
variation in malaria outcome that is attributable to child / household-level characteristics (or predictors) only, to the cluster-level characteristics (or predictors), and
to both predictors simultaneously using various weighted multilevel models. In this
study, ”Kebele”, which is the smallest administrative unit of Ethiopia, similar to
a neighbourhood or a localized and delimited group of people was considered as a
cluster.
The rest of the paper is organized as follows. The data, some basic review of
statistical models for the analysis of multilevel data with binary outcomes and
scaling methods of sampling weights are introduced in ”Methodology” section. The
results from applying these methods on the study data are discussed in ”Results”
section. Finally discussion, and conclusions and pointers for future study are given
in ”Discussion” and ”Conclusion” sections respectively.
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Methodology
Study data
The data for this study was obtained from the 2011 Ethiopia National Malaria
Indicator Survey (MIS). The survey was conducted by the Ethiopian Health and
Nutrition Institutes and its partners, the Ethiopian Ministry of Health in collaboration with the Central Statistics Agency (CSA), US President’s Malaria Initiative
(PMI), United Nations Children’s Fund (UNICEF), Malaria Control and Evaluation Partnership in Africa (MACEPA/PATH), Malaria Consortium, The Carter
Center (TCC), World Health Organization (WHO), and International Center for
AIDS Care and Treatment Programs (ICAP).
The MIS was a large nationally representative survey designed to cover key
malaria control interventions, treatment-seeking behavior, malaria prevalence; and
also to assess anemia prevalence in children under 5 years of age, malaria knowledge
among women, and indicators of socioeconomic status [5]. The survey consisted of
a two-stage sample design. The first stage involved selecting clusters from a list of
enumerations areas (EAs) covered in the 2007 Population Census, these areas made
up the primary sampling units (PSUs). However, in the three regional states that
were used in this study, namely Amhara, Oromia and Southern Nations, Nationalities and Peoples’ (SNNP) the Kebeles were the clusters. A total of 332 Kebeles or
clusters where 91 from Amhara, 153 from Oromia and 88 from SNNP regions were
included in the analyses.

Outcome and explanatory variables
The response or outcome variable in this study was an indicator of whether a child
under five years of age had been tested positive for malaria, coded as 1, or not, coded
as 0. At the survey blood samples were taken from all children under five years of
age in every sampled household per WHO guidelines after obtaining consent from
residents and assistance of the parent/guardian of the child. Then malaria parasite
testing was done using CareStartT M rapid diagnostic tests (RDT).
The predictor variables used to explain the malaria outcomes are defined at two
levels, child / household characteristics or factors and Kebele or cluster characteristics or factors. As a child level predictor variables we used child age, gender and the
anaemia category of a child which was a four-category variable with the categories
no anaemia, mild, moderate and severe anaemia. For a household background variables, we considered those commonly investigated in the malaria literature (e.g. see
[26, 16, 27, 17, 28, 29]) and these include number of household members, whether
household had mosquito nests that can be used while sleeping or not which was
a dichotomous variable with the categories yes or no; whether household sprayed
interior walls of the dwelling against mosquitoes within the last 12 months prior to
the survey or not which was a dichotomous variable with the categories yes or no;
number of rooms in the dwelling, the dwelling has windows which was a dichotomous variable with categories yes and no; main source of drinking water which was a
three-category variable with the categories unprotected, protected source and piped
water; main material of the house wall which was a three-category variable with the
categories no wall, wood and finished wall (e.g. bricks); main material of house floor
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which was a three-category variable with the categories earth plastered by dung,
rudimentary and finished floor (e.g. cemented); main material of the house roof
which was a three-category variable with the categories natural (e.g. thatch / leaf),
corrugated iron and wood; household toilet facility which was a three-category variable with the categories no facility, pit latrine and flush toilet; and household wealth
index which was a five-category variable with the categories poorest, second, middle,
fourth and richest. A cluster or Kebele explanatory variables are region which was
a three-category variable with the categories Amhara, Oromiya and SNNP regional
states; and median altitude in meters. For the analysis, the variable Kebele was used
as a cluster, i.e. level 2, variable and the child / household predictor variables as
level-1 characteristics. The MIS data include weight for sampling design at level-1.
Compositional and contextual effects
When individual factors, e.g. age of a child or household has mosquito nets or
not, are characteristics of subjects who are more likely to be ill, variability of their
distributions across areas will influence health outcomes in a given area, this is
called a composition effect. The effects of variables defined at a group or cluster
level on outcomes defined at an individual or child level after controlling for relevant
individual level confounders are called contextual effects.
The median altitude of a Kebele may be a marker for Kebele-level factors potentially related to malaria infection, such as climate or environmental conditions, and
these factors may affect everyone in the Kebele. The notions of compositional and
contextual effects apply not only when the focus is upon context as geographical
setting but also it can be applied when context is seen in terms of administrative
setting [30]. In Ethiopia, the public service delivery is under the jurisdiction of the
regional states. The regional health bureaus are responsible for administration of
public health while the districts are responsible for planning and implementation of
services. So, public health administrative processes that had been taken by district
or regional authorities to control malaria transmission in the Kebeles might affected
the positive malaria RDT outcomes of children living within a particular Kebele.
Therefore, in this study we defined the child / household characteristics (predictors)
as composition effects whereas as median altitude and region as contextual effects.
Statistical models for the analysis of multilevel data with binary
outcomes
Let yij denote the malaria outcome of the ith under five years age child in the
jth Kebele or cluster identified by the CareStartT M rapid diagnostic tests (RDT)
with probability πij , where yij = 1 denotes the child tested positive, while yij = 0
denotes the child tested negative for malaria. A two-level generalized linear mixed
model (GLMM) or multilevel model with random effects for the outcome yij is given
by
(2)′

(2)

(1)

ηij = g(µij ) = x′ij β + zij bj , i = 1, . . . , nj ; j = 1, . . . , n(2) ,

(1)

(2)

where g(·) is the link function, xij and zij are vectors of explanatory variables or
(2)

covariates, β is vector of fixed regression coefficients or parameters, bj

is vector
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(1)

of random effects varying over Kebeles, nj and n(2) denote the number of level-1
units, i.e. number of children within the level-2 unit or Kebele j and the number of
level-2 units or number of Kebeles, respectively. The subscripts (1) and (2) are used
here and throughout the paper to represent level-1 units i and level-2 units j. It is
assumed that bj is independently and normally distributed with zero mean vector
(2)
and a q × q variance-covariance matrix G, in short bj ∼ N (0, G). The conditional
(2)

expectation µij = E(yij |xij , bj ) is linked to the linear predictor ηij via a link
function g(·) and the conditional distribution of yij belongs to the exponential
family. Note that throughout this paper we used two-level GLMM and multilevel
model interchangeably because the study data has two levels.
As it was mentioned earlier, the MIS data has sampling weights for PSU. Using a
pseudo-maximum-likelihood approach, we can extend the multilevel model framework to accommodate weights at different levels (e.g. see [8]). This approach is very
useful in analyzing survey data that arise from multistage sampling. In these sampling designs, survey weights are often constructed to account for unequal sampling
probabilities, non-response adjustments, and post-stratification. Suppose that the
matrix G depends on a vector of parameters θ. Specifically the parameter vector
q (q + 1)
θ describes the
distinct variance-covariance elements of the matrix G.
2
(2)
Let wj is the level-2 weight of the level-2 unit or Kebele j and wi|j is the level-1
conditional weight of the level-1 unit or child i within the level-2 unit or Kebele j.
Then following the notation used in [8], the log-pseudo-likelihood for a multilevel
model with random effects is expressed as


(2)
log p(yij |bj , β, θ) =


R
Pn(1)
Pn(2) n(2)
(2)
(2)
(2)
j
log exp
i=1 wi|j log f (yij |bj , β, θ) g(bj |θ)dbj ,
j=1 wj
where

Pn(1)
j
i=1

(2)

(2)

wi|j log f (yij |bj , β, θ) is the log-likelihood contribution of level-1
(2)

units, which are conditional on the random effect bj

(2)

at level-2 and g(bj |θ) is

(2)

the normal density of the random effect bj . The integrals in equation (2) can be
approximated by the Adaptive quadrature (e.g. see [31, 32]).
To make inference about fixed effects and variance-covariance components, we can
use the empirical (sandwich) variance estimators. Let α = (β ′ , θ ′ )′ . For a 2-level
model, Rabe-Hesketh and Skrondal [8] show that the gradient can be written as a
weighted sum of the gradients of the top-level units and is given by
(2)

n
X

(2) ∂
wi

i=1

n(2)

log(p(yi ; α)) X
si (α)
≡
∂α
i=1

where n(2) is the number of level-2 units and si (α) is the weighted score vector of
the level-2 unit i. The estimator of the ”meat” of the sandwich estimator can be
written as
n(2)

J=

n(2) X
b i (α)
b ′.
si (α)s
(2)
n − 1 i=1
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b is given as
So, the empirical estimator of the covariance matrix of α
b −1 JH(α)
b −1
H(α)

b is the second derivative matrix of the log pseudo-likelihood with respect
where H(α)
b
to α and evaluated at α.
Scaling sampling weights
In complex surveys, clusters or units within clusters or both may be selected with
unequal weights or probabilities and often surveys are subjected to non-response.
Modeling of data obtained from such surveys must take into consideration these
aspects as they can lead to biased parameter estimates ([25, 8]). When the sampling
weights associated with level-1 units, they could lead to bias in variance components
estimators if they are large [33]. Furthermore, the variance parameter estimators
that are obtained by the pseudo-maximum-likelihood method can be biased when
the sample size is small. To correct weights and reduce bias literature recommend
scaling the weights before using them in the multilevel modelling (e.g. see [34, 25,
35, 8]). In this work, we have used the following two weight-scaling methods [34] in
the fitted multilevel models for reducing possible biases of the variance parameter
(1)
estimators. Let nj denote the number of level-1 units in the level-2 unit j and let
wi|j denote the weight of the ith level-1 unit in level-2 unit j. The first method,
called method 1, scales the weights so that the new weights sum to the effective
cluster size [34],
n

(1)

j
X

λwi|j =

i=1

(

Pn(1)
j
i=1

P

wi|j )2

(1)
nj

i=1

,

2
wi|j

where λ is the scale factor and it becomes

λ=

Pn(1)
j
i=1

P

wi|j

(n)
nj

.

2
i=1 wi|j

The second method, called method 2 [34], scales the weights so that the new weights
sum to the cluster sample size. So that the scale factor is
(1)

λ=

nj

Pn(1)
j
i=1

.
wi|j

The multilevel models with random effects, i.e. two-level GLMMs, were fitted with
the PROC GLIMMIX in SAS. Since PROC GLIMMIX in SAS uses the weights
provided in the data set for analysis, to use the scaled weights the scaled weights
should be provided in the data set. Note also that the level-1 and level-2 weights
appear in separate places within the pseudo-maximum likelihood estimator function
in equation (2), therefore one must take special care to include design weights at
the right place in the PROC GLIMMIX.
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Results
Child, household and Kebele characteristics
A total of 4,384 under five years age children were in this study, of which 49.82
per cent were male. The mean (SD) age of the children was 2.67 (0.02) years. The
total number of members in each household ranged from 2 to 15, with a mean
(SD) of 5.78 (1.99) members. Large per cent of the sampled households (47.77%)
were in areas with median altitudes at least 2000 meters, 38.18 per cent were in
areas with median altitude ranging between 1500 and 2000 meters, and 14.05 per
cent were in areas with median altitudes less than 1500 meters. A total of 51.66 ,
25.80 and 22.54 per cents of households were sampled from Oromiya, SNNP and
Amhara regional states, respectively. The mean (SD) number of rooms in sampled
households was 2 (0.95) and ranges between 1 and 9 rooms. About 61.84 per cent
of children were lived in dwellings that had at least one window. Over half of
the sampled households (53.38%) had no mosquito net. Information about indoor
residual spraying of interior walls of the dwelling against mosquitoes within the last
12 months prior to the survey was also collected. Only 29.99 per cent of the sampled
households had sprayed at least once within the last 12 months. About 58.6 per cent
of the sampled household had unprotected source of drinking water whereas 18.1
and 23.3 per cents of them had protected and pipped sources of drinking water,
respectively. Almost 80 per cent of sampled households had either bamboo / wood
with mud or stone with mud as main material of their dwellings wall, 12.93 per cent
of the households had finished wall and 7.33 per cent of households’ dwellings either
had no wall or uncovered abode or bamboo / reed or carton as main material of
their dwellings wall. The finished wall group included cement walls, walls made with
stones and cement and bricks. Large per cent (44.68) of the sampled households had
either thatch / leaf or rustic mat / plastic sheet as their main roof material, 35.18
per cent of them had either corrugated iron or calamine / cement fiber or cement /
concrete and 20.14 per cent of the households had either sticks and mud or reed /
bamboo or wood planks or wood or roofing shingles as their main roof material. The
majority (93.17%) of the household had earth / sand or dung plastered floor, 4.82
per cent of the households had either wood planks or palm / bamboo as their main
floor material and only 2.01 per cent of the households had a finished floor which
were either ceramic tiles or cement or carpet. Out of the sampled households, 48.53
and 18.59 per cents of them had pit latrine and flush toilet facilities, respectively,
whereas 32.88 of the households had no toilet facility. The wealth index used in this
survey serves as an indicator of level of wealth of a household that is consistent with
expenditure and income measures. Of the sampled households 22.48, 21.99, 18.86,
18.90 and 17.77 per cents of them were in the poorest, second poorest, middle,
fourth and the richest (or highest) wealth quintile, respectively. Overall, 2.15 of the
children had severe anaemia, 13.98 per cent had moderate anaemia, 14.16 per cent
had mild anaemia and 69.71 per cent had no anaemia.

Fitted models
We fitted three multilevel models with Kebele-specific random effects. The first was
the null model, denoted by M0 , which did not contain any child / household or
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Kebele level characteristics. It had only Kebele-specific random effects bj and fitted
to verify if there is indeed variation between Kebeles in under five years age children
malaria RDT outcomes, that is
logit(πij ) = β0 + bj ,
where β0 is identical for all Kebeles and bj quantify differences between what is
measured on average in the study area and what is measured in each Kebele. It is
assumed that Kebele-specific random effect bj ∼ N (0, σb2 ). Note that G = σb2 I. In
the second model we included the child / household-level predictor variables in M0 ,
called M1 , i.e. it has a form
logit(πij ) =

K
X

βk xijk + bj .

k=0

The coefficients βk , k = 1, . . . , K, where K is the total number of coefficients which
depends on number of categories of predictors in the model, are fixed effect parameters and bj is as defined in model M0 . The third model defined using both child /
household-level and two Kebele / cluster-specific predictor variables, i.e. it was M1
with two Kebele - specific predictor variables (region and median altitude), called
M2 and has a form
logit(πij ) =

K
X

k=0

βk xijk +

L
X

αl vjlk + bj ,

l=1

where αl , l = 1, . . . , L, where L is the total number of coefficients for Kebele level
predictors and it depends on number of categories of predictors, are the fixed effects
for Kebele-level predictors and vjlk is the kth observed value of the lth predictor
at the jth Kebele. Note that the regression coefficients or fixed effects βk and αl in
the above models represent the study area average effects whereas the Kebele-level
variance σb2 provides an estimate of what could be explained by each Kebele-level.
As mentioned earlier, the MIS data used in this study include a single overall
level-1 weighting variable that incorporates level-2 design issues and the weights
account for unequal probability of selection given different population sizes within
Kebeles. As the study data do not have specific weight for level-2, here we did not
weight level-2 in the analyses. However, as Rabe-Hesketh and Skrondal [8] indicated
scaling level-2 weights has little practical effect. The above multilevel models were
fitted after scaling the survey weight using the two scaling methods (1 and 2). The
weighted analyses results across the fixed and variances of the random effects were
almost identical at two decimal places. Even though the results obtained slightly
different between these methods, we had the same inferential decisions for child /
household- and Kebele-level characteristics in each of the fitted model. As we are
interested in to discuss the point estimates, such as intercepts and odds ratios we
reported here the results from scaling Method 1 [9].
The asymptotic 0.5 χ20 + 0.5 χ21 mixture distribution [36] test statistic for testing
H0 : σb2 = 0 against H1 : σb2 > 0 in models M0 , M1 and M2 takes the values
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RLRT = 136.91, 48.57 and 29.83, respectively with p-value < 0.0001 in all the
three tests. The large value of the test statistic or a very small p-value strongly
suggests a rejection of the null hypothesis H0 : σb2 = 0 that no Kebele-specific
random effects should be included in the model. Therefore, these results imply the
need for the Kebele-random effects in the model.
The Type III tests for the predictor variables or fixed effects in Table 1 show that
eight of the 14 child / household characteristics, namely the age of the child, number
of rooms in the dwelling, whether the dwelling had windows or not, whether the
household had any mosquito nets that can be used while sleeping or not, whether
the household sprayed the interior walls of the dwelling against mosquitoes within
12 months before the survey or not, type of main roof material, the kind of toilet
facility the household where the child lived had and the anaemia status or category
of the child were significantly associated with the child malaria RDT outcome at
5% level in model M1 . These eight variables and the two Kebele characteristics,
region and the median altitude were significantly associated with the child malaria
RDT outcome at 5% level of significant in model M2 , i.e. the model that including
both child / household characteristics and the two Kebele characteristics.
Table 1 Type III tests for the Covariates or predictor variables for the binary GLMMs.
p-valu
Covariates

Numerator DF

Model M1

Model M2
0.0014

Age

1

0.0006

Gender, Female

1

0.4202

0.3509

Household members

1

0.4715

0.3958

Number of rooms

1

0.0207

0.0050

Windows exist, Yes

1

0.0227

0.0404

Mosquito nets, Yes

1

0.0003

0.0100

Sprayed within 12 months

1

0.0001

0.0022

Drinking water

2

0.6895

0.4617

Main wall material

2

0.4539

0.2105

Main roof material

2

0.0200

0.0397

Main floor material

2

0.5515

0.3746

Toilet facility

2

0.0024

0.0108

Household wealth index

4

0.2233

0.3548

Anaemia category

3

< 0.0001

< 0.0001

Region

2

0.0009

Median Altitude

1

0.0020

Fixed effects and odds ratios
The estimated intercept in M0 was −5.485, while the estimated variance of the
random effects was 4.248 with a standard error of 0.906. Thus, the probability
for under five years age child who lived in any Kebele where the study conducted
tested positive for malaria was 0.41% given that the random effect of the Kebele was
equal to zero on the logit scale. Thus, taking the inverse logit transformation of the
interval for βb0 , for 95% Kebeles, the Kebele-specific probability under five years age
child who lived in the areas had tested positive for malaria would lie in the interval
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(0.0001, 0.2357). Since exp(βb0 + bj )/(1 + exp(βb0 + bj )) 6= exp(βb0 )/(1 + exp(βb0 ))
for bj 6= 0, the average Kebele predicted probability of under five years age child
tested positive for malaria may differ from the average Kebele-specific probability of
malaria infection. The regression coefficients associated with the child / householdand Kebele-level are the fixed effects (βk and / or αl ) part of the fitted models M1
and M2 . The estimated values of these effects (with corresponding standard errors
in brackets) and the p-values to test βk = 0 are given in Table 2. The estimates in
this table are in the log odds scale, however by taking exponential of the estimates,
one can easily obtain estimates of the odds ratio (OR) of under five years age child
tested positive for malaria relative to an appropriate reference group. These are
given in Table 3 with their 95% confidence intervals (CI) in brackets. The p-values
in Table 2 and the 95% confidence interval of odds ratios in Table 3 revealed similar
conclusion drown from Type III tests on the association of malaria RDT outcomes
with child / household- and Kebele-level characteristics.
These results (model M1 ) revealed that the odds of malaria increased as the age
of a child increased (OR = 1.481 with 95% CI (1.185, 1.853). The OR of positive
malaria RDT outcome for female child relative to male child was 0.825 with 95% CI
(0.516, 1.318). The 95% confidence interval contains 1 suggesting that the odds of
positive malaria RDT outcomes were not significantly different between male and
female groups, however female children were less likely infected by malaria in the
study areas. The positive malaria RDT outcome slightly decreased as the number of
household members increased but this decrease was statistically non-significant at
5% level (OR = 0.947 with 95% CI: 0.816, 1.099). Children lived in dwellings with
windows were almost twice more likely to had malaria than those lived in dwellings
without windows (OR = 2.042, 95% CI: 1.105, 3.773). However, relative to children
in the households without mosquito net, the OR of positive malaria RDT outcomes
was 3.132 (95% CI: 1.686, 5.820) for those in the households with mosquito nets.
Spraying of interior walls of the dwelling against mosquitoes within the last 12
months prior to the survey significantly reduced (by 50.5%) the odds of malaria
infection relative to those children residing in dwellings that had not been sprayed
during this period (95% CI: 0.345, 0.710). Compared to children in households
that had unprotected source of drinking water, the ORs of positive malaria RDT
outcomes for those in households that had protected source and piped water as the
main sources of drinking water were 0.705 (95% CI: 0.316, 1.575) and 0.896 (95%
CI: 0.396, 2.029), respectively. Compared to children in dwellings with bamboo /
wood with mud or stone with mud as the main wall material, those in dwellings
with no walls or walls constructed from cane / trucks / bamboo /reed, uncovered
abode or carton, and those in dwellings with finished walls were associated with a
higher risk of malaria, with the ORs of positive malaria RDT outcome 1.307 (95%
CI: 0.502, 3.401). Whereas those children residing in dwellings with finished wall
(cement walls, walls made with stones and cement and bricks) had less odds of
positive malaria RDT outcome 0.624 (95% CI: 0.283, 1.373).
Relative to children residing in dwellings with corrugated iron as the main roof
material, the OR of positive malaria RDT outcomes was about three times more
(OR = 3.074 with 95% CI: 1.318, 7.169) for those residing in dwellings with natural
roof (thatch / leaf and rustic mat / plastic sheet) and increased by 8.1% (OR =
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Table 2 Estimated regression coefficients (SE) and variance components for the two-level GLMMs.

Fitted models
Predictor

Model M0

Model M1

Model M2

Estimate (SE)

Estimate (SE)

p-value

Estimate (SE)

p-value

-5.485 (0.344)

-9.478 (0.8957)

< 0.0001

-8.060 (0.839)

< 0.0001
0.0014

Child related variables
Intercept
Age

0.393 (0.114)

0.0006

0.356 (0.112)

Gender, Female

-0.193 (0.239)

0.4202

-0.219 (0.234)

0.3509

Household members

-0.055 (0.076)

0.4715

-0.065 (0.076)

0.3958

Number of rooms

0.277 (0.120)

0.0207

0.339 (0.121)

0.0050

Windows exist, Yes

0.714 (0.313)

0.0227

0.659 (0.321)

0.0404

Mosquito nest, Yes

1.142 (0.316)

0.0003

0.740 (0.287)

0.0100

-0.703 (0.184)

0.0001

-0.756 (0.247)

0.0022

Sprayed within 12 months
Drinking water (Ref Unprotected)
Protected source

-0.349 (0.410)

0.3947

-0.494 (0.406)

0.2231

Piped water

-0.120 (0.417)

0.7924

-0.129 (0.409)

0.7535

Main wall material (Ref Wood)
No wall

0.268 (0.488)

0.5835

0.534 (0.437)

0.2223

-0.472 (0.403)

0.2408

-0.473 (0.380)

0.2131

Natural

1.123 (0.432)

0.0094

1.158 (0.459)

0.0117

Wood or other

0.078 (0.383)

0.8394

0.267 (0.373)

0.4751

Finished wall, e.g. bricks
Main roof material (Ref Corrugated iron)

Main floor material (Ref Finished)
Rudimentary

0.338 (0.389)

0.3838

0.448 (0.373)

0.2294

Earth / dung plaster

0.483 (0.562)

0.3896

0.593 (0.548)

0.2797

Flush toilet

1.763 (0.533)

0.0009

1.453 (0.491)

0.0031

Pit latrine

0.879 (0.447)

0.0496

0.781 (0.404)

0.0533

Poorest

1.383 (0.712)

0.0521

1.154 (0.706)

0.1021

Second

1.281 (0.620)

0.0389

1.124 (0.617)

0.0685

Middle

1.170 (0.521)

0.0248

1.032 (0.518)

0.0464

Fourth

0.244 (0.323)

0.4491

0.244 (0.310)

0.4306

Toilet facility (Ref No facility)

Household wealth index (Ref Richest)

Anaemia category (Ref No anaemia)
Mild

0.582 (0.348)

0.0942

0.466 (0.348)

0.1807

Moderate

1.745 (0.320)

< 0.0001

1.534 (0.330)

< 0.0001

Severe

2.722 (0.482)

< 0.0001

2.676 (0.502)

< 0.0001

Oromiya

-1.625 (0.452)

0.0003

SNNP

-0.174 (0.409)

0.6715

-0.002 (0.001)

0.0002

Region (Ref Amhara)

Median Altitude
Variance of random effects
σb2

4.248(0.906)

2.131 (0.561)

1.860 (0.659)

1.081 with 95% CI: 0.51, 2.317) for those residing in dwellings with wood / wood
planks, reed / bamboo, sticks and mud, calamine/cement fiber and other as the
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main roof material. Children residing in dwellings with earth/sand and/or dung
plastered as the main floor material were most likely at the highest risk for malaria
compared to those in dwellings with a finished floor surface (OR = 1.621 with 95%
CI: 0.539, 4.873). Those who residing in dwellings with rudimentary floor (either
wood planks or palm/bamboo) as the main floor material also had higher risk (OR
= 1.403 with 95% CI: 0.655, 3.004) compared to those in dwellings with a finished
floor surface. The risk of anaemia was found to be highly associated with malaria
RDT outcome where the odds of malaria increased as the severity of anaemia of
a child increased. The odds of positive malaria RDT outcome for under five years
age children with mild, moderate and severe anaemia status were 1.790, 5.728 and
15.211 times more than that of the non-anaemic children, respectively. However, the
increased for mild status was not statistically significant (p-value = 0.0942 and 95%
CI for OR: 0.905, 3.538). Relative to those children with richest households, those
with poorest, second, middle and fourth wealth index categories had 3.985, 3.600,
3.226 and 1.277 times higher odds of positive malaria RDT outcomes, respectively.
Compared to children who resided in the Amhara region, children who resided
in Oromiya and SNNP regional states were less at risk with the odds ratios ranging 0.227 and 0.852, respectively (see model M2 results in column 4 of Table 3).
However, the difference was significant only between Amhara and Oromiya regions
(p-value = 0.0013 and 95% CI for OR: 0.092, 0.559). The result in model M2 revealed that the odds of malaria for a child decreased with an increase in median
altitude (OR = 0.998 with 95% CI: 0.996, 1.000), specifically, the odds decreased by
approximately 20% as the Kebele median altitude increased by 100 meters. Observe
from both Table 2 and Table 3 that we had similar conclusions for child / household
predictors in model M2 as that of M1 .

Between Kebeles variance
Considering the three models M0 , M1 and M2 , the Kebele-level variance decreased
as the child / household- and Kebele-level characteristics were introduced (see Table 2), where σ
bb2 = 4.248, 2.131 and 1.860 for models M0 , M1 and M2 , respectively.
These suggest that when accounting for the child / household- and Kebele-level
characteristics, the part of the variability which is relevant at the Kebele-level (level2) becomes lower. These also mean that the Kebele-level variance quantifies part
of the variability which is relevant at Kebele level but not explained, for example
in models M2 by Kebele-level characteristics or predictors introduced in the model
[20]. Generally, if the Kebele-level characteristics are relevant, then they would be
associated with the RDT outcome, which was the case here and they would also
explain the Kebele-level variance from M1 . The Kebele-level predictor variables explained about 12.72% of the variance of the random effects from model M1 . The
percentage of Kebele-level variance explained by the two Kebele-level characteristics, region and median altitude was 56.21% (= (4.248 − 1.860)/4.248 × 100). Hence,
in the model M2 , 43.79% of the Kebele-level variance remain unexplained, indicating that some unmeasured or unknown Kebele characteristics could be missing [20].
Furthermore, recall that the two sets of predictors, i.e. child / household and Kebele,
appeared to influence significantly the likelihood of positive malaria RDT outcomes.

Page 13 of 20

Zewude and Debusho

Page 14 of 20

Table 3 Estimated odds ratios (95% confidence intervals) for the two-level GLMMs.
Odds ratio (95% CI)
Covariates

Model M1

Model M2

Age

1.481 (1.185, 1.853)

1.414 (1.131, 1.768)

Gender, Female

0.825 (0.516, 1.318)

0.807 (0.505, 1.287)

Household members

0.947 (0.816, 1.099)

0.946 (0.811, 1.103)

Number of rooms

1.319 (1.043, 1.668)

1.418 (1.107, 1.816)

Windows exist, Yes

2.042 (1.105, 3.773)

1.692 (0.866, 3.307)

Mosquito nets, Yes

3.132 (1.686, 5.820)

1.969 (1.114, 3.483)

Sprayed within 12 months, Yes

0.495 (0.345, 0.710)

0.470 (0.289, 0.762)

Drinking water (Ref Unprotected)
Protected source

0.705 (0.316, 1.575)

0.652 (0.292, 1.457)

Piped water

0.896 (0.396, 2.029)

0.933 (0.413, 2.105)

Main wall material (Ref Wood)
No wall

1.307 (0.502, 3.401)

2.013 (0.907, 4.465)

Finished wall, e.g. bricks

0.624 (0.283, 1.373)

0.765 (0.365, 1.600)

3.074 (1.318, 7.169)

3.074 (1.295, 7.827)

1.081 (0.51, 2.317)

1.081 (0.629, 2.713)

Main roof material (Ref Corrugated iron)
Natural
Wood or other
Main floor material (Ref Finished)
Rudimentary

1.403 (0.655, 3.004)

1.859 (0.885, 3.903)

Earth / dung plaster

1.621 (0.539, 4.873)

1.885 (0.631, 5.626)

Flush toilet

5.830 (2.052, 16.567)

4.787 (1.755, 13.054)

Pit latrine

2.407 (1.002, 5.784)

2.352 (1.046, 5.288)

Toilet facility (Ref No facility)

Household wealth index (Ref Richest)
Poorest

3.985 (0.988, 16.073)

3.690 (0.895, 15.202)

Second

3.600 (1.068, 12.139)

3.161 (0.885, 11.286)

Middle

3.222 (1.160, 8.949)

2.713 (0.926, 7.944)

Fourth

1.277 (0.678, 2.402)

1.468 (0.775, 2.780)

Anaemia category (Ref No anaemia)
Mild
Moderate
Severe

1.790 (0.905, 3.538)

1.563 (0.762, 3.205)

5.728 (3.058, 10.726)

5.226 (2.726, 10.020)

15.211 (5.918, 39.093)

13.828 (5.038, 37.951)

Region (Ref Amhara)
Oromiya
SNNPR
Median Altitude

0.227 (0.092, 0.559)
0.852 (0.368, 1.974)
0.998 (0.996, 1.000)

Discussion
Analysis results
This study focused on malaria indicator survey data analysis using the weighted
multilevel models, specifically on under five years age children RDT outcomes in
three largest regional states in Ethiopia. Beside identifying significant risk factors
associated with malaria infection, the multilevel analyses allowed us to examine
within- and between Kebele variability in malaria RDT outcomes for under five
years age children in the study areas and of the extent to which between Kebeles
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was explained by child / household and Kebele-level factors. In the analyses, the
overall variability has been partitioned in child/household-level and a Kebele-level
variability and the results revealed that after controlling for child/household factors,
Kebele-level variability reduced which shows the presence of composition effects of
these factors, that is some of the differences between Kebele in under five years age
children malaria RDT outcomes explained by child/household factors, see model M1
result in Table 2. Part of the remaining Kebele-level variability was then partially
explained and reduced when taking into account Kebele factors, see model M2 result
in Table 2.
The results of this study clarified the association between the malaria RDT outcomes of children under five years of age and some of the characteristics of children that their vulnerability to malaria infection increases significantly with increase in age and with the severity of their anaemia status but child’s gender has
no association with the outcome. The result on age agrees with the findings of
([37, 26, 38, 39, 40, 13, 17]), anaemia results do agree with recent WHO report
(WHO2019) and the gender finding is similar to those of Baragetti, et al [41], Ayele,
Zewotir, and Mwambi [26], Roberts and Matthews [13] and Ugwu and Zewotir [17].
In the study, it was observed that as the number of household members increased
the risk of malaria infection in under five years age children decreased, however this
association was statistically nonsignificant.
The household characteristics, specifically socio-economic factors such as number of rooms in the dwelling, whether the dwelling had windows or not and the
household had mosquito nets that can be used while sleeping were significantly positively associated with child’s malaria infection. The positive association of positive
malaria RDT outcomes with the number of rooms and the dwelling had windows
could be more rooms and windows created more entry points for the mosquito if
these windows were not closed properly or during peak biting times. The positive
associate of having mosquito nets with positive malaria RDT outcomes could be
due to either households did not treat the nets with insecticide or households did
give priority to adults to use the nets if they had no enough nets for everyone or
inappropriate use of the nets or perhaps a child was exposed to mosquito bites
during other times of the day or evening when the net was not in use. This also
could be due to household did not get proper training on how to use the nets from
local public health workers. However, incidence of a household had sprayed interior
walls of the dwelling against mosquito in the past 12 months before the survey was
significantly negatively associated with a child’s malaria RDT outcome where the
risk of malaria infection was substantially reduced in the event of household had
sprayed interior walls of the dwelling against mosquitoes.
The results also showed that good quality source of drinking water was associated
with a lower risk of malaria compared to unprotected source. The unprotected
sources such as irrigation ditches / channels, or dam can create breeding sites for
larvae. Compared to a child who was resided in dwelling with wooden wall (bamboo
/ wood with mud), those resided in dwellings with no wall or poor quality wall,
e.g. made from uncovered abode or cane / trucks / bamboo /reed had high risk
of malaria infection, whereas those resided in dwellings with finished wall surface
of cement, stone with lime / cement, bricks or cement blocks had very low risk
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of malaria infection. These results agree with the findings of Ghebreyesus et al.
[42], Ayele, Zewotir, and Mwambi [26], Woyessa et al [43], Okebe et al [44] and
Lwetoijera et al [45] where they found poor housing quality facilitate mosquito
entry and hence exposed children for malaria infection. Reference to dwellings with
finished floors (parquet or polished wood, ceramic tiles and cement), children resided
in dwellings with natural floor (earth / sand plaster with dung) and rudimentary
floors (wood planks and palm / bamboo) had higher risk of malaria infection and
these results agree with Ayele, Zewotir, and Mwambi [26]. However, these results
were statistically nonsignificant. The wealth status of the households had negative
effect on the positive malaria RDT outcomes. That is, compared to the richest
households, the study revealed that under five years age children from the poorest
households were at highest risk of malaria infection followed by those children from
households who had been in the second, middle and fourth wealth index categories.
The region that a child was resided significantly associated with the risk of malaria
infection, where children resided in Oromiya and SNNP regional states had relatively lower risk compared to children in Amhara regional state. The result also
showed that the Kebele median altitude negatively associated with the positive
malaria RDT outcomes. That is children resided in lower altitude areas were at
higher risk of malaria infection this was due to the fact that as altitude decreases
environment becomes more favourable to malaria development.

Multilevel model
The simultaneously inclusion of characteristics of individuals living in different areas, i.e. composition factors and area-level characteristics, i.e. contextual factors in
multilevel models with individuals as the units of analysis allowed to examine the
Kebele effects after the child / household-level confounders have been controlled.
This approach requires data sets including individuals nested within areas or the
data sets should have hierarchical structure that allow to define composition factors
and exposure group. One of the challenges, however is defining relevant geographical areas where the attention or research hypothesis is focussed on. These could
be communities, neighbourhoods or areas, as Diez-Roux [46] suggested generally
these refer person’s immediate residential environments whose characteristics may
be relevant to the specific health outcome being studied.
The effects of individual-level variables may differ by contextual characteristics or vice-versa. In other words, cross-level interactions involving individual- or
contextual-level variables may occur. This can also easily be incorporated in the
analysis and changes in the amount of variation due to the cross-level interactions
can be determined. For example, studies show that the child anaemia prevalence
depends on region (e.g. see [47]), therefore we have considered a model that include
cross-level interaction, i.e. region by anaemia category interaction to see their joint
effect. The inclusion of this term explained only 2% of the Kebele-level variability
therefore the result is not reported in this paper. However, it should be noted that a
cross-level interaction between a level-1 and a level-2 variable behaves like a level-1
variable [48]. That is, the cross-level interaction varies between children living in
the same Kebele and so might explain part of the variation within Kebeles.
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Malaria presence depends mainly on climatic factors such as temperature, humidity, and rainfall. Malaria is transmitted in tropical and subtropical areas, where
Anopheles mosquitoes can survive and multiply, and where malaria parasites can
complete their growth cycle in the mosquitoes. Human behavior factors, often dictated by social and economic reasons, can influence the risk of malaria for individuals and communities. For example, human activities can create breeding sites for
larvae such as standing water in irrigation ditches and burrow pits; and population
movement and migration [3]. In this study, however the contextual factors were
defined at the Kebele level where the household resided. Therefore, relative to people activities and mobility, this level could hide part of the environment. As many
dimensions and determinants of environment interrelated, interpretation of results
concerning area factors is usually complex [46]. The differences between Kebeles
could be due to bio-ecological or human factors. Further, the climate could affect
the malaria cycle and vector development, but these were not introduced in the
models because the MIS data do not contain these measurements. However, these
factors are strongly correlated with altitude, which synthesizes climatic and vegetal
conditions. Therefore, part of the altitude influence certainly reflects the influence
of climatic factors on malaria.

Conclusion
In this paper, we demonstrate the use of weighted multilevel model to examine
within- and between Kebele variability in malaria RDT outcomes for under five
years age children and of the extent to which between Kebeles variability is explained by child / household and Kebele-level factors.
Malaria related infection, morbidity and mortality can be prevented and reduced
through interventions such as vector control methods namely, long-lasting insecticidal nets and indoor residual spraying of households with insecticides and including
case diagnostic testing and treatment. In Ethiopia the interventions are administered by the regional health bureaus which are responsible for administration of
public health while the districts or Kebeles are responsible for planning and implementation of services. The Kebele-level factor, i.e. region, in the model could
explain part of the variation between Kebeles that possibly caused by the interventions process across the administrative regions.
The Kebele-level variance can be interpreted as heterogeneity across Kebeles for
the probability of under five years age child was tested positive for malaria. As this
variance is not attributable to individual- and Kebele-level variables (where here
individual level variables are child and household characteristics) that were in the
model, the random effect could then be considered as a replacement of unmeasured
Kebele-level factors that possibly influence the malaria RDT outcome. The human
activities on the environment might contribute to between Kebele variability. As
mentioned earlier, if data available on the activities, beside modeling the variability via random effect one can add cross-level interactions between individual- and
Kebele-level characteristics and assess their significance too. Thus, the multilevel
modelling allows investigation of how individual- and Kebele-level factors including
the public health authorities’ interventions plans related to health outcomes simultaneously. Such collective assessment approach may lead to more effective public
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health strategies and could have important policy implications for health promotion
and for the reduction of health disparities.
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