
 

Accepted Manuscript

Modelling and Forecasting Spatio-temporal Variation in the Risk of
Chronic Malnutrition Among Under-Five Children in Ghana

Justice Moses K. Aheto, Benjamin M. Taylor, Peter J. Diggle,
Thomas J. Keegan

PII: S1877-5845(16)30006-5
DOI: 10.1016/j.sste.2017.02.003
Reference: SSTE 210

To appear in: Spatial and Spatio-temporal Epidemiology

Received date: 26 January 2016
Revised date: 11 February 2017
Accepted date: 21 February 2017

Please cite this article as: Justice Moses K. Aheto, Benjamin M. Taylor, Peter J. Diggle,
Thomas J. Keegan, Modelling and Forecasting Spatio-temporal Variation in the Risk of Chronic
Malnutrition Among Under-Five Children in Ghana, Spatial and Spatio-temporal Epidemiology (2017),
doi: 10.1016/j.sste.2017.02.003

This is a PDF file of an unedited manuscript that has been accepted for publication. As a service
to our customers we are providing this early version of the manuscript. The manuscript will undergo
copyediting, typesetting, and review of the resulting proof before it is published in its final form. Please
note that during the production process errors may be discovered which could affect the content, and
all legal disclaimers that apply to the journal pertain.

http://dx.doi.org/10.1016/j.sste.2017.02.003
http://dx.doi.org/10.1016/j.sste.2017.02.003


ACCEPTED MANUSCRIPT

ACCEPTED M
ANUSCRIP

T

Highlights

• This is the first study to explore spatio-temporal patterns in < 5 stunting

• We develop a spatio-temporal model to capture variation in childhood

stunting

• Our method facilitates and enriches modelling and forecasting of future

stunting

• Substantial spatio-temporal variation exists in the risk of under 5 child

stunting

• Our method allows identification of higher risk communities for policy

decisions

1



ACCEPTED MANUSCRIPT

ACCEPTED M
ANUSCRIP

T

Modelling and Forecasting Spatio-temporal Variation in
the Risk of Chronic Malnutrition Among Under-Five

Children in Ghana

Justice Moses K. Aheto*, Benjamin M. Taylor, Peter J. Diggle, Thomas J.
Keegan

Lancaster Medical School,Faculty of Health and Medicine, Lancaster University, Bailrigg,
Lancaster, LA1 4YB, United Kingdom.

Abstract

Background: Spatio-temporal variation in under-five-year-old children mal-

nutrition remains unstudied in most developing countries like Ghana. This

study explores and forecasts the spatio-temporal patterns in childhood chronic

malnutrition among these children. We also investigate the effect of maternal

education on childhood malnutrition.

Methods: We analysed data on 10,036 children residing in 1,516 geographic

locations. A spatio-temporal model was fitted to the data and was used to pro-

duce predictive maps of spatio-temporal variation in the probability of stunting.

Results: The study found substantial spatio-temporal variation in the

prevalence of stunting. Also, higher levels of mother’s education were associated

with decreased risk of being stunted.

Conclusion: Our spatio-temporal model captured variations in childhood

stunting over place and time. Our method facilitates and enriches modelling and

forecasting of future stunting prevalence to identify areas at high risk. Improv-

ing maternal education could be given greater consideration within an overall

strategy for addressing childhood malnutrition.
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malnutrition.

1. Introduction

Childhood malnutrition is associated with poor mental and physical devel-

opment, and with increased risk of morbidity and mortality.[1, 2, 3, 4] It has

been established that morbidity and mortality increase exponentially with de-

teriorating nutritional status.[5] Childhood malnutrition also prevents children5

from reaching their full growth potential.[2, 4, 6] Childhood malnutrition is

also associated with economic and health complications in adult life and con-

stitutes a significant public health challenge globally, especially in developing

countries.[2, 4, 6, 7, 8]

Spatial and temporal variations in the effects on growth of different lev-10

els of childhood nutrition can be attributable to socioeconomic, environmental

and policy-related factors. Spatio-temporal analysis of under-fives malnutri-

tion could therefore help to improve our understanding of the problem and to

identify better and more targeted nutritional interventions, which is crucial to

public health policy given the limited resources available in developing countries.15

Spatio-temporal variation in malnutrition amongst under-five-year-old children

remains largely unstudied in most developing countries such as Ghana.

Studies into health outcomes such as malnutrition, diarrhoea and diarrheal

mortality using space-time analysis [9], spatial analysis [10, 11] and exploratory

analysis [12] has contributed to immense improvement in our understanding of20

such health outcomes.

The need to examine spatial and temporal patterns in the risk of childhood

chronic malnutrition in this study has been motivated by previous studies that

observed that certain health outcomes exhibit spatial, temporal, spatiotemporal

and seasonal patterns and that such findings are crucial to public health policy25

and to designing effective public health intervention, treatment and prevention

strategies.[13, 14, 10, 12, 15, 16, 9, 11] Specifically, a study conducted in north-

west Ethiopia to examine spatiotemporal clustering and seasonal differences in
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childhood diarrhoea reported substantial spatial, temporal, and spatiotemporal

clustering.[14] A study conducted in Mexico to investigate spatiotemporal pat-30

terns of diarrhoeal mortality also observed spatiotemporal trends [13]. A study

conducted in Somalia to examine wasting among children aged below 5 years

reported substantial spatial and temporal variability in wasting.[9] The present

study is the first to provide forecast maps for the risk of chronic malnutrition.

In a previous study using the 2008 Ghana Demographic and Health Survey35

(GDHS), we examined spatial variation in the risk of childhood malnutrition in

Ghana, and identified higher risk communities in the country. Results from that

study showed substantial spatial variation in the risk of childhood malnutrition

in the country (Aheto, et al. 2015, Unpublished). The present study explores

the spatio-temporal patterns in the risk of childhood malnutrition and provides40

a forecast for the risk of chronic malnutrition in Ghana.

Globally, malnutrition accounts for about 30% of under-five-year-old mor-

tality [1] and this percentage is higher in developing countries, at over 50%.[17]

Childhood malnutrition is the cause of about 40% of deaths among children

under the age of 5 years in Ghana [8, 18, 19, 20] and remains a major public45

health challenge in the country; the percentages of children aged less than 5

years who were stunted were 33% in 1993, 31% in 1998, 35% in 2003 and 28%

in 2008.[21]

The prevalence of malnutrition measured through nutrition surveys such as

the Ghana Demographic and Health Survey is characterized by both short-50

and long-term variability. The prevalence need to be interpreted in relation

to adverse climatic conditions, emergency factors and seasonality, all of which

can vary geographically. Thus, this information will be useful for assessing the

severity of malnutrition at one time and place and early prediction of the rates

at which malnutrition prevalences are likely to rise or decrease.[9]55

In this paper we investigate the spatio-temporal patterns in the risk of child-

hood chronic malnutrition measured on height-for-age Z-scores (HAZ, a measure

of stunting) among children aged less than 5 years while taking into account the

cross-sectional nature of each survey and adjusting for potential risk factors.
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Thus, we want to predict HAZ both in space and time. We produce forecast60

maps for spatio-temporal variations in stunting over Ghana and identify areas

at highest risk of stunting. We also evaluate the impact on the prevalence of

malnutrition that would take place if we could change each child’s covariates

in certain ways. Specifically, we consider a policy change with regards to ma-

ternal education. In 2008, 55% of mothers had less than 6 years of education.65

To test the effect of increasing the level of maternal education we forecast what

would have happened had each mother with less than 6 years education received

exactly 6 years of education.

We emphasise the importance of benefits to maternal and child health of

increased in women’s education. In our previous study using the 2008 GDHS70

dataset, we observed that an increase in the level of maternal education was

associated with decreased risk of child malnutrition.[20] Also, previous studies

have established an association between maternal education and child health

outcomes. Specifically, maternal education is linked to knowledge of good

practices for the mother and her child (e.g. feeding and health seeking be-75

haviour) but is also associated with household socioeconomic status and access

to food.[20, 8, 22, 23].

2. Methods

2.1. Study population and design

This study uses four data-sets from the quinquennial Ghana Demographic80

and Health Surveys (GDHS), conducted in 1993, 1998, 2003 and 2008.[21, 24, 25,

26] These data-sets included the same variables in each survey iteration, used the

same survey methodology and were conducted by the same organization. The

data were provided by the Ghana Statistical Service and DHS Program. They

contain information on the health of women and their children under 5 years of85

age, their geographic location and anthropometric measurements (weight and

height) at the time of the survey, breastfeeding and infant feeding practices,

childhood illness and mortality, domestic violence, fertility, awareness and use
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of family planning. Anthropometric measurements of female respondents of

reproductive age (15-49 years) and children under 5 years of age were collected90

from only those households selected for the individual interviews.

The GDHS used a two-stage cluster sampling design for each of the four sur-

veys. The clusters were enumeration areas or sample points. The 1984 Ghana

Population Census provided the master sampling frame from which the clusters

were selected for the 1993 and 1998 GDHSs, whilst the 2000 Ghana Population95

and Housing Census (GPHC) provided the master sampling frame for the se-

lection of the clusters for the 2003 and 2008 GDHSs. The clusters were selected

with probability proportional to the number of households listed in each cluster.

The selection of the clusters was followed by a complete listing of all households

in the selected clusters, which provided the sampling frame for the selection of100

households in the second stage. Different samples and sample sizes were used in

each of the four surveys, i.e. a serial cross-sectional rather than a longitudinal

design. The data therefore have a hierarchical structure, with households nested

within clusters and children nested within sampled households. There were a

total of 2,204, 3,298, 3,844 and 2,992 children aged below 5 years in 1993, 1998,105

2003 and 2008 GDHS datasets respectively. In our final analysis, we analysed

data on 1,922 (87.2%) in the 1993 GDHS, 2,736 (83.0%) in the 1998 GDHS,

3,074 (80.0%) in the 2003 GDHS, and 2,304 (77.0%) in the 2008 GDHS.

2.2. Geographical data

The 1993, 1998, 2003 and 2008 GDHSs identify the geographical locations110

of households with the centroid of the cluster from which they were selected.

This resulted in a total of 319, 395, 402 and 400 distinct geographical coordi-

nates for 1993, 1998, 2003 and 2008 GDHS data-sets, respectively. Data were

not collected from one of the clusters sampled in the 2008 survey. Geographic

coordinates were not recorded for 81, 10, 5 and 11 clusters in the 1993, 1998,115

2003 and 2008 surveys, respectively, and these clusters were therefore excluded

from our analysis. Out of the combined number of 1,623 clusters used across

the surveys, 399 featured in all the 4 surveys, 1 featured in three out of four, 12
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on two out of four. We used the 1,516 unique centroid cluster locations in our

spatio-temporal analysis.120

2.3. Outcome variable

The three most commonly used nutritional status measures for under-five

children are weight-for-age (WAZ), weight-for-height (WHZ) and height-for-age

(HAZ) Z-scores We use the HAZ score, which is considered to be the most stable

of the three as it is not easily influenced by temporal variations in food supply125

or impact of severe and recurrent diseases, and captures multiple dimensions

of children’s development, health and the environment in which they reside.[27,

28, 29]. Amongst these three measures, the HAZ score also gives the highest

national prevalence of malnutrition in each of the survey years.[21, 20]. A child

is classified as stunted or chronically malnourished if their HAZ score is below130

-2 standard deviations from the median of the reference population.[30]

2.4. Explanatory variables

Months of breastfeeding, child’s age, mother’s educational attainment and

household size have previously been identified in the literature to be predictive of

under-five nutritional outcomes in developing countries[20, 31, 22, 32, 33, 34, 35]135

and were available in the data from all four surveys. For our data, the backward

elimination method selected these four covariates for inclusion in our final spatio-

temporal model.

2.5. Numbers of eligible participants

In accordance with WHO guidelines, eligible HAZ scores are those in the140

range −6 to 6; values lying outside this range were removed as outliers[36].

The numbers of children with incomplete data on height and age, ineligible

HAZ scores or unidentifiable geographical coordinates in the 1993, 1998, 2003

and 2008 data-sets were 282, 562, 770 and 688, respectively. This resulted

in 10,036 children who could be included in our analysis, consisting of 1,922145

(87.2%), 2,736 (83.0%), 3,074 (80.0%) and 2,304 (77.0%) in 1993, 1998, 2003 and
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2008, respectively. Response rates from occupied households were 98.4%, 99.1%,

98.7% and 98.9% for 1993, 1998, 2003 and 2008, respectively [21, 24, 25, 26].

2.6. Statistical analysis

The analysis needs to accommodate: (i) the fact that some of the sampled150

locations change between successive surveys; (ii) our wish to be able to obtain

spatially continuous maps of the probability of malnutrition. In this section

we first introduce our statistical model for HAZ, accounting for the changes in

sampled locations over the four surveys. We then present the details of our

method for producing predictive maps.155

2.6.1. Model and Methods

Our dynamic linear model which is a linear state-space model for the HAZ

outcome, denoted by Y , is given by the state and observation equations, respec-

tively 1 and 2 below.

θt = Aθt−1 +BWt, Wt ∼MVN(0,Ω) (1)

Yt = Mtθt + Vt, Vt ∼MVN(0, σ2
vInt

), (2)

where nt is the number of children included at time t and Int is an nt × nt160

identity matrix. Also,

θt =


 St

βt


 ,

St = [S1,t, S2,t, . . . , S1516,t]
T

βt = [β1,t, β2,t, . . . , β5,t]
T

A = diag [rep (α, 1516) , rep (1, 5)]

B = diag
[
rep
(√

1− α2, 1516
)
, rep (0, 5)

]

Ω =


 Σ 01516×5

05×1516 05×5




Mt = [Dt | Xt]
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In the above expressions: rep (x, y) is a vector of length y whose elements are all

equal to x; diag [v] is a diagonal matrix with the elements of v on the diagonal;

0x×y is a matrix of zeros of dimension x by y; Σ is a matrix of dimension 1516×
1516 whose (i, j) element is the covariance between the centroid of the ith cluster165

and the centroid of the jth cluster, which we model as σ2 exp(−dij/φ), where

dij is the distance between cluster i and cluster j (see below for a justification);

the (i, j) element of the nt × 1516 matrix Dt is 1 if child i at time t was from

cluster j and zero otherwise; the nt × 5 matrix, Xt, is the design matrix for all

observations at time t; α ∈ [0, 1]; and Yt is a vector of observation at time t of170

length nt.

This formulation is a linear state-space model [37], whose state vector, θt,

includes the spatio-temporal random effects St and survey-specific covariate

effects βt. Note that Ω is not a valid covariance matrix since it has determinant

zero. However, because our initial conditions for the state vector are valid,175

the Kalman filtering recursions can nevertheless be implemented with Ω defined

as above. With α, A and B defined as above, the implication for the spatio-

temporal process St is that (unconditionally) if St−1 ∼ N(0,Σ), then St ∼
N(0,Σ) also, i.e. St is stationary in time and has a separable covariance function.

Note that the stationarity assumption only applies to the residual process, and180

that it is a common assumption in regression models.

The four model parameters are σ2, σ2
v , φ and α. Their interpretations are

as follows: σ2 is the unconditional variance of each Si,t; σ
2
v is the conditional

variance of each element of Yt given the state vector θt; φ controls the rate

at which the correlation between the Si,t at different locations decays with185

increasing distance between them; α is the autocorrelation between Si,t and

Si,t+1. We could have included the term Xtβ into the observation equation (2),

but this would have considerably increased the computational cost.

To complete the model, we set the initial conditions of the filter to be Gaus-

sian with mean µ0 and covariance Σ0. This choice guarantees that the time t190

filtering distribution [θt|Y1:t], where Y1:t denotes the set of all Ys for s = 1, 2, ..., t,

is also Gaussian for all t. We chose the initial conditions as follows. For µ0, we
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fitted a linear mixed effect model to the 1993 data-set using geographic location

as a single, spatially and temporally uncorrelated grouping variable, and set

µ0 as its maximum likelihood estimate under this working model. For Σ0, we195

conducted a sensitivity analysis using the choices Σ0 = diag [rep (u, 1521)] with

u ∈ {1, 10, 20, 50, 60}. All choices led to substantially the same results; we used

u = 10 in our main analysis.

We estimated the four parameters in our model, α, φ, σ2, σ2
v , using maxi-

mum likelihood. For the parameters φ, σ2 and σ2
v , we initialised the maximum200

likelihood procedure by conducting a variogram analysis of the 1993 data-set.

We set the initial value of the autocorrelation parameter, α, to be 0.5, the

mid-point of its support. The variogram analysis was also used to choose the

functional form for ρ, a choice between the Exponential, Gaussian and Spher-

ical correlation functions. We obtained 95% confidence intervals for our fixed205

effects from the filtering distribution; Table 1 gives βt for the last time point,

conditional on having observed data from all surveys up to and including 2008.

We then used the fitted model to compute the probability that a child at an

unsampled location will be chronically malnourished (stunted), i.e. for which

HAZ < −2, and constructed predictive maps for these probabilities across210

Ghana. We also constructed forecast maps of the effect of varying levels of

maternal education on the probabilities of chronic malnutrition across Ghana.

All computations were performed using the R package ‘miscFuncs’, which

implements the Kalman Filter and parameter estimation for Gaussian dynamic

linear models [38, 39].215

2.6.2. Predicting the Risk of Stunting Across the Whole of Ghana

One of our aims is to forecast the probability that in the year of a future

survey, here 2013, a child living at an arbitrary location will be stunted. In

order to produce maps, we forecast the probability of stunting on a grid of

points covering Ghana. This requires us to know or assume the values of all220

relevant covariates. For forecasting, we propose to draw from the empirical

distribution of covariates at the most recent survey time point (i.e. 2008) and use

10
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these samples to construct forecast probabilities of stunting across Ghana. This

involves two assumptions. The first is that the distribution of the characteristics

of the population in 2008, namely duration of breastfeeding, mothers’ education225

level, household size and the children’s age as measured in the survey will not

change substantially in the time we are intending to forecast. The second is

that the distribution of each of these population characteristics does not vary

spatially over the whole of Ghana; see below for further comment.

From our model, we can compute the one-step ahead forecast density of230

[θt+1|Y1:t] exactly. Using the mean and variance of this density, we can then

predict the distribution of the spatial random effect on the finely spaced grid

covering Ghana. This is a multivariate Gaussian distribution with mean S
(t+1)
G

and variance V
(t+1)
G . To predict the probability of malnutrition on this grid,

we again need to know or assume the values of individual-level covariates at235

each point on the grid. As in the purely spatial case, when individual-level

covariates are not available at locations for which a prediction is required it is

necessary to use one or more scenarios to represent the values of the covariates.

One possible solution would be to take a spatial average of risk factor values

over a suitable neighbourhood of each grid point, and use these to compute the240

required probabilities. However, this approach has the following drawbacks:

1. it would not take into account the amount of individual variability in the

data;

2. the effect of individual-level covariates is not the same as the effects of

group-level covariates; ignoring this would lead to ecological bias in the245

resulting estimates.

We therefore propose to use empirical individual-level covariate data to capture

individual-level variability, but with a homogeneous distribution over space.

To obtain the forecast mean and variance of HAZ for 2013 on the grid, we

used the covariates of the ith child in 2008, Xi,t+1, to compute the forecast250
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mean and variance for a child with the same covariates over Ghana,

M (i) = Xi,t+1βt+1 + S
(t+1)
G

V (i) = (Xi,t+1)TV
(t+1)
β Xi,t+1 + V

(t+1)
S + σ̂2

v

where V
(t+1)
β and V

(t+1)
S are the appropriate sub-matrices of V

(t+1)
G and σ̂2

v is

estimated nugget effect. Finally, we use equations (3) and (4) to combine these

estimates and obtain the mean and variance of the forecast distribution:

EY (Yt+1|data) = EXt+1 [EYt+1|Xt+1
(Yt+1|Xt+1,data)], (3)

VY (Yt+1|data) = VXt+1
[EYt+1|Xt+1

(Yt+1|Xt+1,data)]

+EXt+1 [VYt+1|Xt+1
(Yt+1|Xt+1,data)]. (4)

We then evaluate exceedance probabilities, i.e, P(HAZ < −2), using the stan-255

dard normal cumulative distribution function. In (3) and (4) we use Monte Carlo

integration to evaluate the outer integral, selecting covariate values, Xi,t+1, by

sampling from their empirical distribution in 2008.

2.6.3. Exploring the Effect of Policy Changes

A second aim is to produce predictive maps of the effect of varying levels of260

maternal education on the risk of childhood chronic malnutrition. We achieved

this by modifying M (i) and V (i) above, potentially changing each child’s covari-

ates depending on whether that child’s mother received (i) less than 6 years or

(ii) less than 12 years education. In case (i), we changed all maternal education

covariates to equal 6 years, if the child’s mother received less than 6 years of265

education. In case (ii), we changed all maternal education covariates to equal

12 years, if the child’s mother received less than 12 years of education. We

again used (3) and (4) to obtain the mean and variance of the policy-modified

predictive distributions.
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3. Results270

Out of the 10,036 children with eligible HAZ scores and geographical coor-

dinates 3,306 (33%) were identified as being stunted. Table 1 presents the esti-

mates of the fixed effects in our spatio-temporal model for HAZ score. Months

of breastfeeding, child’s age, and mother’s years of education were statistically

significant risk factors for HAZ score, whereas number of household members275

had no statistically significant association with HAZ score. Longer breastfeeding

duration and older ages of children were negatively associated with HAZ score

for children, while higher levels of mother’s education were positively associated

with HAZ scores for children.

Table 1: The effect estimate (β) for the associations between risk factors and child nutritional

status (height-for-age Z-score or HAZ score) for spatio-temporal model (n=10,036)

.

Parameter Estimates for HAZ (95%CI)

Intercept -1.288 (-1.421, -1.156)

Months of breastfeeding -0.445 (-0.485, -0.404)

Child’s age -0.195 (-0.236, -0.154)

Mother’s education 0.105 (0.070, 0.140)

Household size 0.008 (-0.024,0.040)

Table 2 presents the parameter of the fitted spatio-temporal model for HAZ.280

The range, which measures the rate at which spatial correlation decays to zero

with increasing distance, is about 95km. The estimated value of the autocor-

relation between successive values of Sit at the same location is α̂ = 0.07. To

formally test the effect of the dependency between states, we used a likelihood

ratio (deviance) test of the hypothesis that α = 0. The deviance statistic was285

3.6 on 1 degree of freedom, which is not conventionally significant (p = 0.0578).

Nevertheless, we included the estimate α̂ in our spatio-temporal model to enable

prediction of future stunting patterns.

To show how well our model works, we regressed the observed Height-for-Age
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Table 2: Parameters of the fitted spatio-temporal model for height-for-age Z-score (or HAZ)

.

Partial Sill (σ2)A Nugget (σ2
v)B Range (φ)C αD

Estimates 0.37 1.51 94.85 km 0.07

A = marginal variance associated with the Gaussian spatial processes.

B = variance associated with individual Gaussian residuals.

C = the scale parameter controlling the rate at which correlation decays to zero with

increasing distance.

D = dependence (correlation) between states.

z-scores (HAZ) on the predicted HAZ for each year and obtained the intercept,290

the slope and the R-squared values. The computed R-squared values for the

years 1993, 1998, 2003 and 2008 are 0.959, 0.966, 0.930, and 0.909, respectively.

We presented detailed results in Table 3 under supplementary material.

Figure 1 presents the maps of the geographical variation in the probability

that a child will be stunted in 1993, 1998, 2003 and 2008, using the same grey-295

scale for all four years. The ranges of the predicted probabilities of stunting in

1993, 1998, 2003 and 2008 are about 0.23 to 0.52, 0.19 to 0.44, 0.37 to 0.65 and

0.17 to 0.37, respectively. The highest stunting probability range of about 0.56

to 0.66 was observed in parts of Northern and Western regions in the year 2003.

At the time of writing, the 2008 Ghana Demographic and Health Survey300

is the most recent survey data-set available to the public. To illustrate the

performance of our fitted spatio-temporal model, we therefore used it to forecast

the probabilities of stunting for the year 2013. Figure 2 shows our forecast map,

using the same grey-scale as in Figure 1. The predicted stunting probability

ranges between 0.36 and 0.65. Stunting probabilities in the range 0.54 to 0.65305

were predicted in parts of Northern and Western regions of the country, while

probabilities in the range 0.42 to 0.53 were observed in parts of Upper West,

Upper East, Ashanti, Volta, Eastern, Brong Ahafo, Central and Greater Accra

regions of the country. The geographical distribution in the risk of childhood

chronic malnutrition observed in our forecast maps over Ghana is similar to310
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Figure 1: Probabilities of stunting in Ghana in 1993 (top left), 1998 (top right), 2003 (bottom

left) and 2008 (bottom right) in children < 5 years

15
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Figure 2: Overall probabilities of stunting forecast in Ghana in 2013 in children < 5 years

those observed in each of the actual surveys.

We also investigated the effect of mother’s education on the risk of child-

hood chronic malnutrition across Ghana by making predictions of childhood

malnutrition under different levels of maternal education in the country. Figure

3 presents our predicted maps of probabilities of childhood stunting based on315

mothers who had a minimum of 6 years and 12 years of education; note that

both panels use the same grey-scale, but that this is different from the grey-scale

used in Figures 1 and 2. The predicted stunting probability ranges from about

16
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Figure 3: Effect of a minimum of 6 (left) and 12 (right) years of mother’s education on

probabilities of stunting forecast in Ghana in 2013 in children < 5 years

0.17 to 0.26.

4. Discussion320

In this study, our aim has been to contribute to a better understanding

of childhood malnutrition problems in developing countries like Ghana and to

inform pre-emptive nutrition interventions. We constructed maps showing pre-

dicted probabilities of chronic malnutrition in children for the years 1993, 1998,

2003, 2008 and 2013. We have taken into account the uncertainties in our325

model parameters and in childhood characteristics implicit in these maps (see

the methods section).

We have assumed that the residual process in our model has a station-

ary covariance function, allowing our measured covariates to describe the first-

order spatial variation in malnutrition. One alternative would be to use a non-330

stationary covariance function for the residual process as in [9] but we did not

pursue this and further research is warranted in this area to explore this issue.
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Despite this, our spatiotemporal model works well: we observed high R-squared

values, and closeness of our intercept values to zero (0) and their respective slope

values to one (1) as presented in Table 3 under supplementary material. This335

suggests that the regression of observed HAZ on predicted HAZ has a regression

line reasonably close to the line of equality.

One advantage of our spatio-temporal model is that it is able to cope with

the changing locations and quantity of sampled clusters in each of the surveys.

One of the assumptions we have made in our analysis is that the data gathered340

from the survey samples are representative of the underlying population. While

the GDHS survey sample design attempts to achieve this, it is possible that

there may be regions in which responses to the survey were not representative

of the population; in such a case, more sophisticated analysis techniques would

be required in order to make inferences.345

Our model produces predictions at each of the cluster locations that have

historically occurred. If a new cluster location occurred in the next GDHS

survey, we would simply expand the parameter space to include random effects

for that cluster. These could then be updated along with other parameters and

we could make historical or future predictions of prevalence at that location.350

We found substantial spatial and temporal variations in the probabilities

of chronic malnutrition in Ghana, with median predicted prevalence of 33%,

33%, 47% and 26% for the years 1993, 1998, 2003 and 2008, respectively. We

observed that living in parts of Northern or Western regions was associated

with relatively high probability of chronic malnutrition. Our forecast median355

stunting prevalence for the year 2013 in the country was 46%; living in parts

of Northern and Western regions was again associated with significantly and

materially higher probabilities of chronic malnutrition. Among all the ten re-

gions of Ghana, Northern region was among the three regions in the northern

part of the country that are consistently the poorest; the other two are Upper360

East and Upper West.[40, 41, 23] This could partly explain the high chronic

malnutrition prevalence patterns observed in Northern region. Our finding in-

directly supports previous studies that reported that certain health outcomes
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such as diarrhoea, wasting, and diarrhoea mortality exhibit spatial and tempo-

ral patterns.[13, 14, 10, 12, 15, 16, 9, 11] Our study is the first of it kind to use365

spatio-temporal models to provide forecast maps for the risk of chronic malnu-

trition using repeated cross-sectional survey datasets, especially in developing

countries.

Using the same confounders, the risk of stunting is greatest in 2003 than

other years. This may be due to random variations which could not be controlled370

for in this study. However, we did not rule out the possibility that the observed

pattern in the risk of stunting in 2003 could be real and further research in this

area could explore this issue.

According to the ‘Feed the Future’ program, a United States Government

global hunger and food security initiative, chronic malnutrition in the northern375

regions of Ghana is related to household poverty levels, inadequate sanitation fa-

cilities and poor infant-feeding practices, and leads to higher disease burden.[42]

Our finding also supports a previous study conducted in Ghana among children

aged less than 5 years, which reported higher prevalence of malnutrition in the

northern part compared to the southern part of the country.[8, 23]380

Children from mothers with higher levels of education were at less risk of

malnutrition. This might be because a mother’s education is associated with

knowledge of good practices for herself and her child (e.g. feeding and health

seeking behaviour) but is also associated with household socioeconomic status

and access to food.[20, 8, 22, 23] In our predictive maps shown in Figure3,385

increasing the level of maternal education was shown to reduce the prevalence

of malnutrition throughout Ghana. However, policies and interventions aimed

at improving the level of maternal education to combat childhood malnutrition

must be supported with efforts to improve the general standard of living among

households in the communities.390

Our unexpected finding that months of breastfeeding have negative associ-

ation with HAZ could be the result of poverty among households in Ghana;

consequently, mothers may continue to breast feed beyond the recommended 6

months without supplementation.[20, 43] Also, our finding that child’s age is
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negatively associated with HAZ could be attributable to presence of progressive395

childhood diseases and deficit in proper complementary foods.[34, 35]

The parameter estimates from our spatio-temporal model characterise the

nature of the spatio-temporal variations in nutritional outcomes of children.

We observed a weak, and statistically non-significant, time-dependence between

successive surveys, suggesting that a spatial model for each of the survey years400

separately could have fitted the data as well as our spatio-temporal model.

However, one of our main aims in this paper is to forecast the risk of childhood

chronic malnutrition, which is only possible through a spatio-temporal model. A

longitudinal survey design, with repeated measurements in the same household,

would undoubtedly have led to stronger correlation between successive surveys405

The study’s strengths include representativeness and national coverage, which

makes the findings relevant to the wider population of Ghana. In addition, our

spatio-temporal model permitted us to borrow strength from similar previous

surveys conducted in 1993, 1998, 2003 and 2008 to provide a forecast for stunting

prevalence in the country in 2013.410

The study’s limitations include lack of access to other possible risk-factors

such as data on interventions (nutrition, health care and socioeconomic impacts)

and distance to health care facilities in the communities. Also, despite the fact

that cluster sampling is a cost-saving approach without the need to enumerate

all the households in the country, statistically it poses analytical challenges in415

that independence in observational units might not be guaranteed. As a result,

statistical analyses that rely upon the assumption of independence of house-

holds drawn will no longer be a valid assumption. Finally, the Demographic

and Health Survey typically displaces the cluster locations in order to protect

respondent confidentiality and this inherent nature could possibly have an im-420

pact on the final predictions since the calculated distances between clusters are

likely to be measured with increased error.

Previous studies in developing countries like Ghana have shown that so-

cioeconomic, cultural and demographic factors, feeding and care practices are

associated with nutritional outcomes of children under five years of age.[18, 20,425
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31, 22, 34, 44, 45, 46] However, these studies did not explore or forecast spatio-

temporal variations in nutritional outcomes.

Generally, lack of food availability, poverty, lack of dietary diversity, inad-

equate care and feeding practices coupled with inadequate or complete lack

of access to health care services are among the major factors responsible for430

malnutrition in children. [27, 40, 23]

Our results can be used to target public health nutrition interventions for

high-risk communities so as to improve overall health and nutrition of Ghana-

ian children in two different ways. Firstly, as with our example of maternal

education, our model enables prediction of the effectiveness of a public health435

intervention that changes the distribution of an included explanatory variable.

Secondly, our maps can identify priority areas for implementation of an interven-

tion that is known to be effective but is too expensive to implement universally.

5. Conclusion

Our forecast maps of probabilities of stunting for the year 2013 illustrate440

how our spatio-temporal modelling approach can be used as a tool for identi-

fying high risk communities. This can help to prioritise and target nutrition

and health policies that can promote effective and sustainable public health in-

terventions in Ghana and other developing countries, with the overall aim of

improving childhood nutrition and health. We also intend to apply our current445

spatio-temporal modelling techniques to update our model and provide forecasts

for the year 2019, as soon as the 2014 GDHS data-set is made available.
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