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Abstract

Background: Reducing childhood mortality is the fourth goal of the Millennium Development Goals agreed at the
United Nations Millennium Summit in September 2000. However, childhood mortality in developing countries
remains high. Providing an accurate picture of space and time-trend variations in child mortality in a region might
generate further ideas for health planning actions to achieve such a reduction. The purpose of this study was to
examine the spatio-temporal variation for child mortality rates in Manhiça, a district within the Maputo province of
southern rural Mozambique during the period 1997-2005 using a proper generalized linear mixed model.

Results: The results showed that childhood mortality in all the area was modified from year to year describing a
convex time-trend but the spatial pattern described by the neighbourhood-specific underlying mortality rates did
not change during the entire period from 1997 to 2005, where neighbourhoods with highest risks are situated in
the peripheral side of the district. The spatial distribution, though more blurred here, was similar to the spatial
distribution of child malaria incidence in the same area. The peak in mortality rates observed in 2001 could have
been caused by the precipitation system that started in early February 2000, following which heavy rains flooded
parts of Mozambique’s southern provinces. However, the mortality rates at the end of the period returned to initial
values.

Conclusions: The results of this study suggest that the health intervention programmes established in Manhiça to
alleviate the effects of flooding on child mortality should cover a period of around five years and that special
attention might be focused on eradicating malaria transmission. These outcomes also suggest the utility of suitably
modelling space-time trend variations in a region when a point effect of an environmental factor affects all the
study area.

Background
Reducing childhood mortality (mortality before the age
of five) is the fourth goal of the Millennium Develop-
ment Goals agreed at the United Nations Millennium
Summit in September 2000. However, childhood mortal-
ity in developing countries remains high: it has been
estimated that about 10.6 million children die each year,
although most of these deaths could be prevented by
public health interventions [1-3]. Therefore, the quality
of a health system in a country or region is a crucial

issue when it comes to ensuring the success of health
campaigns developed to decrease such mortality.
Unfortunately, most developing countries have poorly-
functioning systems for monitoring life events; for
example, in Africa only 30% of births are registered [4].
Manhiça, a district within the Maputo province of

southern rural Mozambique, is covered by a continuous
demographic surveillance system (DSS) that since 1996
has been run by the Health Research Centre of Manhiça
(CISM). Details about the census and follow-up proce-
dures are described by Alonso et al. [[5], p. 189-195].
The DSS has proved to be an adequate tool for report-
ing accurate demographic measures for southern rural
Mozambique [6]. Moreover, providing an accurate
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picture of space-time variations in child mortality in the
district might generate further ideas for health planning
actions in Manhiça. In this regard, modelling the
temporal variability in childhood mortality would help
health researchers to understand the relationship
between this mortality and events that may vary from
year to year, for example, climatic conditions. In terms
of spatial variability, areas with high mortality risks
would require special health strategies that are different
to those in areas with lower risks.
In spatial mortality mapping the data used are often

aggregated and comprise death counts within a lattice,
which might be health areas or administrative zones. It
should be noted here that when the spatial lattice
involves small areas the use of crude measures such as
the standardised mortality rate is likely to yield unac-
ceptably large standard errors or suggest extreme risks
that misrepresent the real risk heterogeneity among
areas and time [7]. These problems are usually over-
come by applying smoothing methods such as the
Poisson regression mixed model (PRMM) [8]. The
PRMM includes a random effect for each area under
study with a certain prior distribution that can accom-
modate the real risk heterogeneity among areas, or the
spatial dependence of the data due to common unmea-
sured risk factors which contiguous areas might share.
A widespread prior choice for the random effects in
this kind of study is what is known as the conditional
autoregressive model [9,10] (PRMM-CAR). If in addi-
tion of spatial variability one aims to evaluate the
time-trend evolution of these areas one can extend the
PRMM-CAR model by including a plausible function
depending on time in the linear predictor of the
model. Bernardinelli et al. [7] extended the PRMM-
CAR model to consider a linear time trend in their
analysis. The authors proposed to include random
effects for both the area-specific intercept and time
trends. By including a linear time trend in space the
estimates of an area-specific trend can borrow strength
from related areas, thus resulting in more sensitive
estimates when data are scarce.
The present study evaluates the spatio-temporal varia-

tion in childhood mortality in the village of Manhiça
and its outskirts during the period 1997-2005, using a
modified version of the space-time trend variation
model proposed by Bernardinelli et al. [7] to model
appropriately our mortality data.

Methods
Study area
The study was conducted in the village of Manhiça and
its outer reaches which is located in Maputo province,
southern Mozambique, during the period January 1997
to December 2005.

The village of Manhiça, 25°24’S and 32°48’E, is
situated in an area of flat, bush savannah along the
coast of Mozambique; it is 80 km north of the capital
Maputo and covers approximately 120 km2. Geographic
characteristics, climatological conditions and population
living customs in Manhiça have been described in detail
by Abellana et al. [11].
The study area is subdivided for political-administra-

tive reasons into 115 small neighbourhoods. Maps of
the area were obtained from the Direção Nacional de
Geografia e Cadastro of Mozambique (reference num-
bers: SG-36/I-I-NE page 1169 2532, SG-36/J-I-NO page
1170 2533A1, SE-26/V-III-SO page 1178 2532B3,
SG-36/I-IV-SO page 1179 2532B4). The maps were
scanned and the limits of the neighbourhoods were geore-
ferenced by the Manhiça Health Research Centre (CISM).

Study subjects
Data were collected via the demographic surveillance
system (DSS) which has been operating and run by the
CISM in Manhiça since 1996. During surveillance every
household is visited at least twice a year and life events
including births, deaths and migrations are recorded.
Other events such as pregnancies, abortions, stillbirths
and level of education are also documented during the
visits, as are the characteristics of household construc-
tion. Since six-monthly visits could lead to the omission
of some events the information recorded was comple-
mented through weekly updates by the key informants
in the community, as well as via daily hospital visits.
The information collected from the DSS regarding

children consisted in birth date, gender, neighbourhood
of residence, and, in the case of death, the date of this
event.
Each child included in the analysis had to have resided

in the study area during the period 1997-2005, while the
time at risk for each child in each year was defined as
the number of days that the child was alive during that
year and aged below five years old.
We also collected socio-demographic indicators at the

neighbourhood level, for example, the percentage of
illiterate mothers in the specific neighbourhood, percen-
tage of households with a WC, percentage of households
with a kitchen, percentage of cane households and
percentage of households with a single construction.
These covariates were categorised as quartiles to facili-
tate the identification of any association patterns with
the mortality rates.

Standardised mortality rates
Annual standardised mortality ratios (SMR) at both
district (i.e., Manhiça and its outskirts) and neighbour-
hood level were determined. To obtain the annual
expected number of deaths, gender-specific mortality
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rates (calculated as the number of deaths divided by the
number of children-per-day at risk in each gender group
in the specific year under consideration when district
level is the goal, or year and neighbourhood when
neighbourhood level is the objective) were multiplied by
the sum of children-per-day at risk in each gender
group across the whole period from 1997 to 2005 and
across all neighbourhoods. Therefore, SMRs that deviate
from 1 show which years, or neighbourhoods in a
specific year, have higher/lower mortality rates than the
constant average across all the study area and over the
period analysed.

Exploratory analysis
Global time-trend
For modelling purposes one usually assumes that death
counts are Poisson distributed. Therefore, generalised lin-
ear models (GLM) are applied, where the canonical func-
tion that links death counts to the linear predictor is the
logarithm, and the log-expected counts are included into
the model as an offset. This model is commonly termed
the Poisson regression model (PRM). Hence, we con-
ducted a time-trend exploratory analysis by plotting the
log-transformed SMRs (logSMR) for each year for the dis-
trict of Manhiça revealing a marked increase followed by
decreased shape of the crude logSMR, thus indicating that
the most plausible model includes time in the analysis by
using a second-order polynomial time trend, i.e. log SMR
= f(t,a) = a0 + a1t + a2t

2.
Therefore, if Yit and Eit are the number of deaths and

expected counts respectively, in the i-th neighbourhood
and t-th year, and we denote by μit the expected value
of Yit , i.e., μit = E(Yit), then the PRM (which will be
referred as Model 0) is defined as:

log log   it it iE t t        0 1 2
2 x 

where a0 represents the baseline log-relative mortality
risk across all neighbourhoods and a1 and a2 stand for
the global log-relative mortality rate evolution. In order
to avoid possible colinearity between a1 and a2 in
model parameter estimates, t was constructed to range
discretely from -4 to 4, and thus t and t2 are orthogonal
vectors. This is simply a year translation in which the
mid-point of the period, 2001, is taken as the translation
value. Thus, 2001 becomes the artificial value of 0 and
therefore the baseline year in the analysis, while -4 cor-
responds to 1997 and 4 to 2005. Note that if a1 and a2

are estimated to be 0 it would mean that no changes in
mortality rates would be observed across the period. If
only a2 is estimated to be 0 a linear time-trend would
be observed, and the sign of a1 would indicate whether
there had been a linear increase or decrease in mortality
rates. Otherwise, if a2 is estimated to be significantly

different from 0 then a curved evolution is detected, and
its sign stands for the convexity or concavity of the time
evolution in mortality rates.
Finally, b is the vector of covariate parameters (in our

analysis correspond to the socio-demographic indica-
tors) and xi corresponds to the i-th row of the design
matrix. The exponential of b (eb) is referred as the cov-
ariate-specific relative risk. Likelihood-ratio tests were
used to decide which socio-demographic indicators
would be included in the final model.
Spatio-temporal variability
In order to explore whether there was a common time-
trend function or whether there were some neighbour-
hoods in which specific time-trends deviated from this
global tendency, a PRM including the time-trend func-
tion for each neighbourhood was conducted. Here,
therefore, the dependent variable was the number of
deaths per year in the specific neighbourhood under
consideration.
From the 115 PRM models adjusted separately for

each neighbourhood we obtained 115 estimates about
intercept (a0), first- (a1) and second-order (a2) polyno-
mial coefficient estimates, thus describing the specific
time-trend for each neighbourhood. When a high varia-
bility was observed this indicated the need to include
random effects in the PRM.
To explore the possible spatial dependency among

neighbourhoods for both neighbourhood-specific inter-
cepts and neighbourhood-specific time trend we calcu-
lated the Moran I test [12] for spatial autocorrelation
among the 115 estimates of each element of the a vec-
tor (a0, a1 and a2 respectively). If this spatial depen-
dence assumption was not reasonable, random effects
were given an exchangeable prior function, i.e. random
noise; otherwise, when a significant result was observed
this recommended the inclusion of spatially-dependent
random effects.

Data modelling: Poisson regression models with random
effects
Following the exploratory results we applied Poisson
regression mixed models (PRMM) accounting for neigh-
bourhood-specific random effects.
If we assume that the conditional mean mortality

count for the i-th neighbourhood and t-th year given
the random effect vectors b = (b1,...,bJ), with J being the
number of random effects vectors to be considered in
the analysis, is given by μit = E(Yit | b), then the PRMM
is specified as:

log log , , it itE f t         b x i

In the event of spatial dependence we applied the
improper conditional autoregressive joint distribution
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(ICAR) [13,14] which induces ‘local’ smoothing by
complete borrowing strength from related neighbours:

b 0 Qj j j Sb b
j

    
, ,, , ,1 115

2 ~MVN 

where Q is the 115 × 115 matrix defining the neigh-
bourhood structure. Here we adopted the common
neighbourhood approach, which defines areas i and k as
neighbours if they share a common boundary, meaning
that a specific neighbourhood will borrow strength from
contiguous neighbourhoods. Therefore, the diagonal
elements of Q are equal to the number of neighbours of
the specific neighbourhood, while off-diagonal elements
will be -1 if the corresponding areas are neighbours and

0 otherwise.  S j

2 is the variance component reflecting

the spatially-structured variability.
In the event that spatial dependency was not reason-

able exchangeable priors were applied:

b 0 Ij j j Hb b
j

    , ,, , ,1 115
2 ~MVN 

where I is the 115 × 115 identity matrix and  H j

2 a

non-structured variance component.
Three different PRMMs accounting for a second order

polynomial time-trend and neighbourhood-specific ran-
dom effects were applied. The first PRMM (Model 1)
included random effects for neighbourhood-specific
intercepts with non-structured variability. The second
PRMM (Model 2) accounted for neighbourhood-specific
intercept random effects with ICAR prior function.
Model 1 and 2 are defined as follows, and the difference
relies in the joint distributional assumption of the
random effects, exchangeable and ICAR for Model 1
and 2 respectively:

log log   it it i iE b t t         0 0 1 2
2 x 

Here, b0i represents the underlying log-relative
mortality risk for the i-th neighbourhood in the baseline
year 2001, however, since no other random effects are
included into the model and b0i are independent from
both time-trend and covariates, b0i are interpreted as
the underlying log-relative mortality risks constant for
the whole period considered.
A third model (Model 3) was also conducted which

accounted as well for curvature time-trend random
effects with exchangeable prior functions:

log log   it it i i i iE b b t b t             0 0 1 1 2 2
2 x 

were b1i and b2i are the neighbourhood-specific devia-
tion trends from the overall trend explained by the fixed

effects a1 and a2. Note that predictions about a2 + b2i
illustrate the sharpness of the neighbourhood-specific
curvatures.
The exponential of the sum of all elements in the

linear predictor of a PRMM is referred as the neigh-
bourhood-specific relative risk in the explicit year.
The PRMM parameters were estimated using the

penalised quasi-likelihood (PQL) approach [15].
For inference about neighbourhood-specific underlying

relative risks, prediction intervals about the random
effects predictions were applied according to the
approach proposed by Escaramís et al. [16]. When pre-
dictions of the random effects are significantly different
from 0, the prediction of the underlying neighbourhood-
specific relative risk will have a 100(1-0.05)% prediction
interval entirely above or below 1, where 0.05 is the
type I error.
The quasi-likelihood version of the Schwarz (BIC)

information criterion [17] was used as a rule of thumb
to discriminate between models [[18] (sect. 6.4), 19
(sect. 15.2)]. We also estimated the dispersion parameter
of the resulting PRMM. This parameter estimate is a
goodness-of-fit measure in Poisson regression models,
since it tells us how close the theoretical variability of
the variable analysed is to the estimated variability
through the model. Therefore, if both variabilities are
equal then the dispersion parameter should be estimated
to be 1, and therefore the distributional assumption of
the model holds.
Model 3 is a modified version of the space-time trend

variation model proposed by Bernardinelli et al. [7] in
the sense that incorporates a convex time-trend via a
second-order polynomial specification in the linear pre-
dictor instead of a linear time-trend, thus letting the
model appropriately fit the steep increase followed by
the steep decrease of the global time-trend evolution of
our mortality data. Furthermore Bernardinelli et al. [7]
argue the use of full Bayesian approaches, such as Mar-
kov Chain Monte Carlo (MCMC), for model parameter
estimates in order to take into account the uncertainty
in inference about underlying relative-risks predictions
that arises from having to estimate variance components
instead of plugging-in true values into the predictors.
We have here taken benefit of the PQL technique in
terms of lower CPU time consumption against MCMC
methods by using Escaramís et al. [16] approach for
inference about underlying relative-risk predictions. This
approach is based on an analytical adjustment of such
uncertainty and has been shown to provide accurate
interval predictions when using the PQL technique to
obtain model parameter estimates.
The models were fitted using the SAS software with

the GLIMMIX procedure [20] and details on the syntax
used are given in Additional file 1.
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Results
Data description
The mean population count for the study area over the
period considered was 9013 children below the age of
five (range: 7287 in 1997 to 10,025 in 2004). Population
per neighbourhood ranged from a mean of 18 children
per year to a mean of 499.
The mortality rate reached a peak of 42 cases per

1000 children/year in 2001, with the lowest values being
found at either end of the period (27 and 26 cases per
1000 children/year in 1997 and 2005, respectively).
Of all the socio-demographic indicators considered in

our study only households with a single construction
showed a significant association: those neighbourhoods
with a lower percentage of single constructions showed
an increased effect on child mortality rates (Table 1).
Exploratory results for our data showed a mean time-

trend convex curvature among southern Manhiça neigh-
bourhoods associated with the crude logSMR and

revealing a marked increase followed by decreased shape
(Figure 1, first plot in the grid). The estimated second-
order polynomial time-trend confirmed this result as the
sign of the quadratic term is negative (Table 1 and
Figure 1).
Time evolutions of the crude logSMRs for each of the

115 neighbourhoods are also shown in Figure 1. The
plots include as well the smoothed time-trends derived
from fitting the PRM for each neighbourhood. A high
variability between trends is perceptible, however a high
proportion of them seem to have undergone a convex
time evolution in mortality rates. Boxplots in the last
cell of the grid of Figure 1 are a resume of these neigh-
bourhood-specific smoothed time-trends; in particular
the plots show the variability between neighbourhoods
through their intercept, first- and second-order polyno-
mial estimates. A high level of heterogeneity across
neighbourhoods can be observed for the intercept
estimates; however a lower variability is shown for the
first- and second-order estimates. These results indicate
the need to include random effects in the neighbour-
hood-specific intercept in the final model but time trend
appears to be constant across all neighbourhoods.
Furthermore, the 115 intercept estimates showed a

significant autocorrelation (Moran’s I = 4.1, p < 0.0001),
whereas the 115 first- and second-order polynomial esti-
mates did not (Moran’s I = 1.181 and 0.224, respectively,
with p = 0.119 and 0.411, respectively). These results
suggested the presence of a common spatial pattern in
the whole period analysed as the geographic variability
of the intercept represents the baseline log-mortality
rate variability which is time independent. However the
non-significant autocorrelation for the first- and second-
order estimates indicated that the time-trend pattern of
a specific neighbourhood may not depend on time-trend
patterns from related neighbourhoods.

Data modelling
Results from the three PRMM models as well as the
model without random effects (Model 0) are shown in
Table 2. Model 0 exhibits over-dispersion (j = 1.218)
which is clearly addressed by extending the PRM by
including random effects in the linear predictor (Models
1, 2 and 3). According to the quasi-BIC, Model 2 seems
to capture the variability structure of the data better
than Model 1 (BIC for Model 1 = 2713.22 vs BIC for
Model 2 = 2704.94) revealing therefore that a spatial
structure among neighbourhoods is present in childhood
mortality rates in southern Manhiça. Model 3 extends
Model 2 to take into account the time-trend variability
in mortality rates among neighbourhoods. According to
the results from this last model, the variability of the
time-trend curvature among neighbourhoods is negligi-
ble since the variance for the first- and second-order

Table 1 Associations between log standardised mortality
rates (log of observed cases/expected cases) for children
and socio-demographic indicators adjusted by global
mean time-trend among the 115 Manhiça
neighbourhoods derived from the Poisson regression
models

Covariates Categories Estimate p-value

(standard
error)

Time Continuous 0.005 (0.009) 0.5736

time2 -0.027 (0.004) <0.0001

% households with WC <74% 0.170 (0.095) 0.3546

74-82% 0.080 (0.077)

82-89% 0.075 (0.067)

>89%

% households with kitchen <40% -0.094 (0.099) 0.5196

40-49% -0.086 (0.080)

49-59% -0.001 (0.069)

>59%

% cane households <62% -0.065 (0.086) 0.1963

62-72% 0.090 (0.067)

72-81% 0.008 (0.060)

>81%

% households with a single
construction

<54% 0.213 (0.072) 0.0003

54-60% 0.023 (0.070)

60-67% -0.080 (0.066)

>67%

% households with an
illiterate mother

<49% 0.005 (0.090) 0.4626

49-54% 0.009 (0.082)

54-59% 0.088 (0.071)

>59%
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polynomial random effects is almost 0. In addition the
quasiBIC of Model 3 (BIC = 2711.24) is greater than the
quasiBIC of Model 2, suggesting the use of Model 2 to
analyse the data under the parsimonious rule.
Therefore Model 2 is selected to describe the data.

This model shows to appropriately fit the theoretical
Poisson variability of mortality counts as the dispersion
parameter is very close to 1 (j = 1.057). According to

the model those neighbourhoods with the lowest per-
centage of households with a single construction had a
significant risk effect on child mortality rates. The over-
all trend in child mortality rates for the period studied
took a convex form, as the second-order polynomial
time-trend estimate is negative (a2 = -0.028(0.004)). The
model also shows that the same spatially-structured
variability among neighbourhoods is present in the

Figure 1 First plot: dots indicate annual log standardised mortality rates for Manhiça district, while the smoothed line is the
estimated second-order polynomial time trend derived from the Poisson regression model. The same information is shown in
subsequent plots per each of the 115 neighbourhoods that comprise Manhiça. Last plot: boxplots showing the variability among the 115
intercept, first- and second-order polynomial estimates derived from the 115 neighbourhood-specific Poisson regression models.
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whole period analysed ( S
2 = 0.094(0.030)). Therefore

neighbourhoods that started with lower mortality rates
in 1997 reached lower mortality rates in the middle of
the period (2001) and reverse.
Figure 2 shows the two independent components of the

model, the convex time-trend common for all neighbour-
hoods (bottom-left panel) and the common spatial pat-
tern along the whole period (maps in right-hand side),
where neighbourhoods with highest underlying relative
risks are situated in the peripheral side of the district.
Figure 3 describes the spatio-temporal variability of

the neighbourhood-specific relative risks. For the sake of
simplicity maps for the years 1997, 1999, 2001, 2003
and 2005 are shown, while the remaining years in the
study period are taken as intermediate steps. It can be
seen that the highest rates of child mortality are reached
in 2001, although the situation returns to initial values
in 2005, with a very similar spatial pattern along the
whole period analysed, where the biggest cluster with
lower relative risks is situated in the west-central side of
the district. The slight difference of the spatial pattern
of the relative risks across years is due to the little
changes of the socio-demographic indicators during the
period under consideration.

Discussion
The present study evaluated the space-time trend varia-
tions in the southern area of Manhiça district for the
period 1997-2005.
The data were analysed using a Poisson regression

mixed model (PRMM) that included a second-order
polynomial time trend. This model showed a correct fit
to the steep increase from 1997 to 2001 followed by a
steep decrease thereafter of the global mortality rates
among the 115 neighbourhoods that comprise the
southern Manhiça district. This model is similar to the
linear space-time trend variation model proposed by
Bernardinelli et al. [7], which was also applied by
Kleinsmidth et al. [21] to evaluate trends in malaria
incidence rates in a small area in South Africa. Our
model includes random effects for neighbourhood-speci-
fic intercepts accounting for spatial dependence; how-
ever we did not find neighbourhood-specific variability
on time-trends. The inclusion of the spatial random
effects with respect to baseline enables the data for each
area to borrow strength from related areas across the
whole period. The model can also readily detect those
neighbourhoods with extreme underlying mortality risks
present in all the study period by constructing

Table 2 Model parameter estimates derived from the Poisson regression mixed models used to evaluate the spatio-
temporal variation in Manhiça child mortality rates (log standardised mortality rates; log of observed cases/expected
cases) during the period 1997-2005

Parameter
symbol

Description of parameter Estimate

(Standard Error)

Model 0* Model 1 Model2 Model 3

a0 Baseline log-rate across all areas 0.101 (0.051) 0.129 (0.063) 0.114 (0.062) 0.114 (0.062)

a1 Log of the overall curvature trend during the period 1997-2005 0.009 (0.010) 0.008 (0.010) 0.008 (0.010) 0.008 (0.010)

a2 -0.028
(0.004)

-0.028
(0.004)

-0.028
(0.004)

-0.028 (0.004)

b Log-relative risks of % households with a single
construction

<54% 0.276 (0.068) 0.231 (0.085) 0.224 (0.084) 0.220 (0.084)

54-
60%

0.090 (0.069) 0.052 (0.082) 0.050 (0.082) 0.051 (0.082)

60-
67%

-0.031
(0.067)

-0.060
(0.076)

-0.059
(0.076)

-0.056 (0.076)

>67% baseline baseline baseline baseline

 H
2 Variance component reflecting the non structured variability of

neighbourhood-specific intercepts
– 0.051 (0.017) – –

 S
2 Variance component reflecting the spatially-structured variability of

neighbourhood-specific intercepts
– – 0.094 (0.030) 0.092 (0.032)

 time
2 Variance components reflecting the non-structured variability of

neighbourhood-specific curvature time trend
– – – 0.0006 (0.0013)


time2
2 – – – 0.00008

(0.0002)

j Dispersion parameter 1.218 1.067 1.057 1.036

quasiBIC Quasi-likelihood Information criteria 3394.66* 2713.22 2704.94 2711.24

*Model 0 is a Poisson regression model, which does not include random effects, the coefficient estimates are maximum likelihood estimates and the goodness of
fit measure here is the Schwarz information criterion (BIC) based on the likelihood instead of the quasi-likelihood.
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prediction intervals of the neighbourhood-specific ran-
dom effect predictions. The underlying relative risks
reflect the mortality risks that are not explained by
known risk factors and the fact that they present a spa-
tial structure also reflect unknown common environ-
mental factors that contiguous neighbourhoods share.
Our model shows that a spatial distribution of childhood

mortality is patent in all the study period, as shown in Fig-
ures 2 and 3. The neighbourhoods with the lowest rates
are mainly clustered in the centre-west side of the district,

and the tendency is towards higher in the periphery areas.
This is better seen in Figure 2 map on the left-hand side
where significantly higher underlying relative risks are all
situated in the peripheral side of the district. Despite being
more blurred in our mortality data, this spatial pattern is
similar to the marked spatial pattern described by Abel-
lana et al. [11] for the spatial distribution of malaria infec-
tion in children under the age of 10 years living in the
area. These authors also found that children under five
years of age are at the highest risk group of malaria

Figure 2 Left-bottom panel: the estimated second-order polynomial time trend derived from the Poisson regression mixed model;
dashed lines correspond to the 95% confidence intervals of the estimated time trend curvature. Left-hand side map represents point
predictions of underlying relative risks for child mortality in Manhiça district common in the entire period from 1997 to 2005, derived from the
Poisson regression mixed model. Right-hand side map shows the significance of the underlying relative risks with a 90% of confidence.

Figure 3 Point predictions of relative risks for child mortality in Manhiça district, derived from the Poisson regression mixed model
corresponding from left to right to: 1997, 1999, 2001, 2003 and 2005.
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infection. This is in accordance with the fact that a high
percent of deaths of sub-Saharan children under the age
of five is attributable to malaria [22]. Concretely, malaria
due to Plasmodium falciparum is the main killer among
children between 28 days to 4 years living in southern
Manhiça [23]. However childhood deaths in the study area
are also attributable to other causes such as malnutrition,
diarrhoea, pneumonia or HIV/AIDS [23] that might spoil
the specific spatial structure of malaria infection in chil-
dren living in southern Manhiça.
The model also shows that all southern Manhiça has

undergone a convex evolution in child mortality rates dur-
ing the period 1997-2005, with a maximum being reached
in 2001. This convexity pattern could have been caused by
the precipitation system that started in early February 2000,
and which saw heavy rain flood parts of Mozambique’s
southern provinces. In as little as three weeks the main
river systems in Mozambique, from the Incomati River in
the south to the Zambézia River in the centre-north,
exceeded their normal yearly flood rates by several fold. As
a result, the surrounding villages were flooded, causing the
worst damage in fifty years. Manhiça is crossed by the Inco-
mati River from north to south and was one of the areas
severely affected by the precipitation system. As can be
seen in Figure 4 the annual rainfall in 2000 was markedly
higher than the other annual rainfalls for the period ana-
lysed, reaching values above 3000 mm, whereas in other
years it did not even reach 2000 mm. Rainfall was recorded
by the climatology station located near CISM. Given that
many of the causes of global child mortality in developing
countries, including malaria, diarrhoea, acute respiratory

infections and malnutrition, are highly sensitive to climatic
conditions such as flooding, this may explain the higher
mortality rates in the middle of our study period.

Conclusions
The study showed that the same geographical pattern of
underlying childhood mortality rates was patent in Man-
hiça and its outskirts in all the study period from 1997 to
2005 and similar to the spatial distribution of childhood
malaria infection, suggesting that special attention might
be focused on eradicating malaria transmission in Man-
hiça to achieve the reduction of childhood mortality
agreed in the Millennium Development Goals at the Uni-
ted Nations Millennium Summit in September 2000 [24].
The study also showed that childhood mortality in

Manhiça was modified from year to year describing a
convex time-trend during the period, a common pattern
for all the neighbourhoods that comprise the area,
where the peak coincides with the precipitation system
that started in early February 2000. However after
approximately five years child mortality rates returned
to initial values suggesting that health intervention pro-
grammes established in Manhiça to alleviate the effects
of flooding on child mortality should cover a period of
around five years. These outcomes suggest as well the
utility of modelling space-time trend variations in a
region when a point effect of an environmental factor
affects all the study area.

Additional material

Additional file 1: SAS syntax details. SAS syntax details for the Poisson
regression mixed models parameter estimates.
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