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Application of Bayesian geostatistical modeling for the
assessment of risk for child mortality during the 2008
earthquake in Wenchuan, People’s Republic of China
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Abstract. A Bayesian geostatistical model was used to identify factors related to topographical variation in the analysis of
mortality risk for children less than 5 years of age in the 2008 Wenchuan earthquake in the People’s Republic of China.
Epidemiological data from a standardized survey were available from 115 locations across the study area. Physical and
demographic factors measured directly at the township level were examined with respect to risk. The geostatistical model
explicitly accounted for spatial correlation present in child mortality by fitting a Gaussian linear model to the data. Results
identified the role of several factors in explaining geographical heterogeneity in child mortality and show that it was significantly correlated with earthquake intensity, population density, migrant labour, and the percentage of collapsed houses.
Keywords: under-five mortality, risk factors, Bayesian geostatistical model, earthquake, geographical information systems,
People’s Republic of China.

Introduction
An earthquake measuring 8.0 on the Richter scale
hit Wenchuan county, Sichuan province at 14:28 hours
local time on 12 May 2008. Its strength and its catastrophic impact made it among the strongest recorded
in Chinese history and also in the world. It caused
great damage to an area over 100,000 km2 and was
felt in most parts of the country. Sichuan province
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with the counties Beichuan, Shifang, Dujiangyan,
Mianzhu, Wenchuan and Pengzhou, was the most
severely affected area (Liu and Sun, 2009). The devastating earthquake claimed more than 69,000 lives with
more than 374,000 people seriously injured, and
18,000 reported missing (Li et al., 2009). Among the
large number of dead or missing were many children,
particularly those less than 5 years old (Watts, 2008).
Major earthquakes and other catastrophic events
can be considered outliers and result from mechanisms
involving amplifying critical cascades (Sornette,
2002). It is a growing and urgent need to understand
the intermittent dynamics of disasters in order to
improve our ways to deal with the negative effects
imposed by such occurrences (Tan et al., 2009). Child
mortality, particularly in children under 5 years, here
referred to as “under-five mortality” is an important
indicator of overall health-related vigilance and level
of development that should be of concern to policymakers and international organizations aiming to
improve public health and living standards. Children
under 5 years are largely dependent on their families
and lack the ability to protect themselves due to their
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psychological and physical vulnerability, and are
therefore more affected by environmental calamities
than other age groups. Child mortality is therefore an
important indicator of environmental risks associated
with earthquakes. Hence, in order to mount the adequate, preventive measures needed, the identification
of spatial patterns and epidemiological characteristics
of child mortality must come first.
In previous earthquake-related studies (De Bruycker
et al., 1985; Armenian et al., 1997; Peek-Asa et al.,
1998; Ellidokuz et al., 2005; Gutierrez et al., 2005),
epidemiological methods were usually used to assess
risk factors. However, the traditional methods do not
take into account spatial patterns of occurrences of
mortality and injuries and they do not evaluate the
risk factors accordingly. Ignoring this correlation
results in underestimation of the variance of the effects
of risk factors (Cressie, 1993) highlighting the need of
developing suitable techniques for incorporating this
correlation when assessing the risk of child mortality.
In this study, we use a fully Bayesian geostatistical
approach (Diggle et al., 1998) to model the spatial distribution of under-five mortality in the Wenchuan
earthquake. It explicitly incorporates the spatial correlation structure of the data, the ability to include
covariate effects and the comprehensive representation
of uncertainty in the model outputs. Here, the modeling of under-five mortality is measured by the mortality rate at the township level and this approach provides estimates of the effects of various factors influencing mortality patterns including township-level
environmental variables.
From an epidemiological point of view, earthquakes
can be seen as a “disease” whose mortality can be
linked to a number of contributing factors (Gutierrez et
al., 2005). To elucidate those contributing effects on
child mortality, we collected and analysed the township-specific data of physical and demographic factors.
We first identified and mapped the spatial distribution
of under-five mortality at the township level and then
considered other relevant physical and demographic
factors, such as earthquake intensity, population density, and the extent of collapsed houses. Finally, we
employed a spatial Gaussian linear model to assess the
association between child mortality and those factors.
Materials and methods
Data of earthquake-induced mortality
The data included in this study was defined as earthquake-induced deaths among children below 5 years

of age, either being part of the local or the floating
population (a phrase that describes current unprecedented migration flows, i.e. people moving from
underdeveloped areas to more developed areas looking for work and a better life). We distinguished
between direct deaths, defined as caused by structural
failures such as being struck or trapped by an object
dislodged during the earthquake or by falling, and
indirect deaths which included deaths caused by fire or
secondary shocks in the aftermath of the main earthquake. Death due to traffic control failure and other
car accidents were also defined as indirect.
We obtained under-five mortality data collected at
the township scale from the National Office for
Maternal and Child Health Surveillance (Wang et al.,
2011a). A three-level surveillance network was established immediately after the earthquake which was
adapted from the national three-level maternal and
children surveillance system. This specialized system
was composed of interviewers at the county-level
recruited from local maternal and child health hospitals in the study areas, interviewers at the townshiplevel recruited from town hospitals, and interviewers
at village-level were comprised of village doctors and
village chiefs. Most of the interviewers (80%) had
been engaged in collecting child health data for several years and had valuable and rich experience in this
field. Moreover, the village-level interviewers had been
living locally for many years and were acquainted with
each family in their villages. All the interviewers, however, still received further training on interview techniques.
Up to May 2009, a total of 934 earthquake-related
deaths of children less than 5 years, distributed over
115 townships within 21 counties, were confirmed by
the National Office for Maternal and Child
Surveillance with 683 cases of direct death and 251
cases of indirect death. We calculated township-specific crude mortality rates for each of the 115 townships
within a geographical information system (GIS) environment (ArcGIS version 9.3; ESRI, Redlands, CA,
USA), which was defined by dividing the number of
deceased children by under-five child population, and
then multiplying by 1,000. Census data about the
under-five population at the township level, however,
were lost in most earthquake-hit areas. We obtained
the county-level population of the under-five data at
the Municipal Civil Affairs Bureau and estimated the
township-level population of the under-five (pt ) as follows:
pt
,
pt = pc
pc
0

1

0

0

1
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where pc is the under-five population at county level,
pt the population at township level and pc the population at county level.
Risks of under-five mortality
0

1

1

The physical data included the elevation, the topographic slope, the earthquake intensity and the distance from town to fault. The elevation was obtained
using a digital elevation model (DEM) which is a digital model or three-dimensional representation of a
terrain surface created from elevation data. The DEM
data were derived from the shuttle radar topography
mission (SRTM), an international project spearheaded
by the U.S. National Geospatial-Intelligence Agency
and the U.S. National Aeronautics and Space
Administration (http://www2.jpl.nasa.gov/srtm/). The
topographic slope, defined by the plane tangent to a
topographic surface (Burrough, 1986), was sourced
from the DEM as well with the purpose of highlighting the topography of the environment in relation to
habitation. We took the topographic slope into
account because it is an important factor in landslide
hazard analysis, mudslides being prone to start on
steep slopes when activated by natural disasters (Chen

and Wang, 2009). Indeed, about one third of the all
Wenchuan earthquake human losses were not directly
due to the earthquake but by the secondary geological
events (Liu et al., 2009). Earthquake intensity in the
study area was determined using an official Chinese
Earthquake Administration Modified Mercalli
Intensity (MMI) scale map, which is divided into 12
continuous categories (Wood and Neumann, 1931).
The MMI in the study area ranged from VII to XI.
There are a series of thrust faults that affect the study
area strongly, for example, the Wenchuan–Maoxian,
Yingxiu–Beichuan, and Anxian–Guanxian faults (Ye
et al., 2008). The earthquake intensity zones were
elliptical with those faults as major axes. Townships in
the same intensity zone suffered the same devastating
power described above, though some were closer to
the epicenter. In addition, the rupture of the crust
around those faults was the main cause for the structural damage. Consequently, we assumed that studying distance to faults to be more meaningful than
studying distance to the epicenter. Using a GIS environment, the distance from town to fault was determined by vertical distance from township to its nearest fault.

Table 1. Range of physical and demographic factors for the 115 townships involved in the study.
Description

Elevation

Type

Range

Category

Median

Standard deviation

Continuous

480-3430 m

[480, 500]
(500, 1000]
(1000, 1500]
(1500, 3430]

779

51

1681

1507

Topographic slope

Continuous

0-50.13 degree

[0, 8]
(8, 15]
(15, 25]
(25, 50.13]

Earthquake intensity

Categorical

VII-XI

-

448

1189

Distance to fault

Continuous

0.09-86.78 km

[0.09, 1]
(1, 5]
(5, 10]
(10, 15]
(15, 86.78]

Population density

Continuous

3-18,191 persons/km2

[3, 100]
(100, 500]
500, 1000]
1000, 18191]

200

193115

1763

301644

Migrant worker

Continuous

0-14,698 persons

[0, 1000]
(1000, 3000]
(3000, 5000]
(5000, 14698]

Per capita income

Continuous

7-5,377 RMB

[7, 100]
(100 ~ 300]
(300 ~ 500]
(500, 5377]

301

57783

Collapsed house

Continuous

8-94 %

-

49

21
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The demographic data include population density,
migrant worker, per capita income and information
about collapsed houses. “Migrant workers” refers to
people who have left their hometowns (within the
study area) to look for jobs in more developed areas.
The magnitude of the number of collapsed houses was
set as the proportion of completely collapsed houses in
relation to all registered houses in the area. A completely collapsed building was defined as a structure
that could not be repaired but had to be torn down
and rebuilt. All the demographic data were obtained
from the Evaluation of Bearing Capacity of Resources
and Environment (EBCRE) database, which was set
up in 2009 by the Institute of Geographic Sciences and
Natural Resources Research (IGSNRR), Chinese
Academy of Science (CAS), using the national reconstruction plan (Fan, 2009; Wang et al., 2011b).
The management and calculation of the risk variables were implemented using ArcGIS, version 9.3.
The ranges of physical and demographic data for the
115 townships are listed in Table 1.
Statistical analysis
Gaussian regression model was fitted to child mortality using R, version 2.12.0 (Bell Laboratories,
Murray Hill, NJ, USA) to identify significant physical
and demographic covariates. A Bayesian hierarchical
model was fitted to estimate the amount of spatial heterogeneity in child mortality as well as associations
between risk factors and child mortality in the presence of spatial correlation. As we mentioned above,
ignoring this correlation would underestimate the
variance of the effects of risk factors, which would further result in spurious significance of risk factors. We
used a Gaussian linear model with a spatially structured, township-specific random effect to assess geographic heterogeneity and the effects of various
covariates. The spatial random-effect (S(•)) was modeled as a stationary Gaussian process (signal) with the
mean 0, variance σ2 and correlation function ρ(u),
where u is the distance between two townships. The
exponential correlation function was used here which
is defined as follows:

ρ(u) = exp(-u/φ),

(1)

in which φ >0 is a scale parameter with the dimensions
of distance. Under this function, the practical range
(defined as the minimum distance at which spatial correlation between locations is below 5%) is approximately 3φ. In addition, a “nugget effect” (Z), which

refers to a discontinuity at the origin in the variogram
in geostatistical practice, was included in the model
out of practical consideration. Zi (i indentifies a twodimensionally spatial location) variables are mutually
independent N(0, τ2) random variables. Within our
model-based framework, Zi can be interpreted as the
conditional variance of each measured value Yi
(response variable), given the underlying signal value
S(xi). Hence the spatial Gaussian linear model can be
summarised as follows:
Y = Dβ - S(xi) - Zi

(2)

which equation can be further expressed as
Y ~ N (Dβ, σ2 R (φ) + τ 2 I)

(3)

where D is an n × p (n and p represent spatial locations and regressors respectively) matrix of covariates
β, is the corresponding vector of regression parameters, R depends on a scalar or vector-valued parameter
φ, and I is the identity matrix.
To complete the Bayesian model specification, we
need to adopt prior distributions for the model parameters. We chose a conjugate prior in the Gaussian linear model. Specifically, we chose non-informative uniform priors for the regression coefficients, that is,
p(β)∝1, and a prior p(σ 2)∝1/σ 2 for the signal variance
σ 2. For the correlation function parameter φ we
adopted a reciprocal prior p(φ)∝1/φ. To accommodate
a nugget variance τ 2, we used a variance ratio
v2 = τ 2/σ 2 and adopted a uniform prior for v2. A discretisation method of equal width intervals was used
to discretise prior distributions to render the computations feasible. In the absence of any prior knowledge
about the model parameters, the choice of noninformative improper priors should, roughly speaking,
reflect our prior guess or practical considerations, e.g.
allowing the data to have a greater influence in determining the posterior.
To simulate samples from posteriors, we used a
direct Monte Carlo approach, the form of which is
direct simulation, replicated independently, rather
than Markov chain Monte Carlo algorithm. Hence,
issues of convergence do not arise and the simulationinduced variance in sampling from the posterior for
any quantity of interest is inversely proportional to the
number of simulated replicates (Diggle and Ribeiro,
2007). This provides us an opportunity to assess the
magnitude of the simulation-induced variation in the
estimated posterior and to adjust the number of simulations if necessary.
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Initial analysis indicated that the distribution of
child mortality rate was not a Gaussian distribution,
but with a predominance of low values less than
0.030, such that the mean was 0.019 and the median
was 0.006. This is a common problem in describing
the stochastic variation in a physical quantity. One of
the simplest ways to extend the Gaussian model is to
assume that the model holds after applying a transformation to the original data. For the child mortality
rate variable in our study, we used the Box-Cox family (Box and Cox, 1964) to transform the original mortality rate date as follows:
Y* =

{

(Yλ - 1) / λ : λ ≠ 0
log Y : λ = 0

,

(4)

where Y is positive, e.g. Y >0. Note that there is no
reason why a transformation which stabilizes the variability in the measurements conditional on the signal
should also stabilize the variability in the signal, or
vice versa (Diggle and Ribeiro, 2007).
The maximum likelihood estimation of λ in (4) is
-0.10, e.g. λˆ = -0.10, with its 95% confidence of
(-0.21, 0.01). With 0 falling in this confidence, we
chose λ = 0, e.g. log transformation, to the original
mortality rate data, and spatial Gaussian linear model
(2) can be expressed specifically as follows:

log Y = α + Dβ + Si + Zi ,

(5)

where α is the intercept, D is a 115 × 8 matrix of
covariates. A Bayesian non-spatial model was also fitted for comparative purposes which is expressed as
follows:
log Y = α + Dβ + Z'

(6)

where Z' are mutually independent N(0, τ'2) random
variables (errors).
Some explanatory variables were categorized, as
shown in Table 1, and used as ordinal variables, and
these ordinal variables were treated as quantitative in
the model (5). The exception was the percentage of
collapsed houses, which was still used as a continuous
variable because it has the same scale and significant
bivariate correlation (γ = 0.65, p = 0.01) as the mortality rate.
Results
We obtained 10,000 samples from posterior distributions and the results of the Bayesian geostatistical
model are presented in Table 2. It can be seen from the
posterior interval for β8 of (0.017, 0.989) that the per-

Table 2. Point estimates (posterior means and medians) and 95% central quantile-based credible intervals (CI) for the parameters
of the models fitted to under-five mortality.

Parameter

Spatial model

Non-spatial model

95% Bayesian CI

95% Bayesian CI

Posterior
Mean

Lower
2.5%

Upper
97.5%

Posterior
Median

Posterior
Mean

Lower
2.5%

Upper
97.5%

Posterior
Median

Intercept (β0)

-4.545

-5.647

-3.434

-4.546

-4.511

-5.612

-3.399

-4.507

Elevation (β1)

0.062

-0.084

0.209

0.062

0.061

-0.080

0.202

0.061

Topographic
slope (β2)

-0.046

-0.126

0.035

-0.046

-0.047

-0.127

0.031

0.047

Earthquake
intensity (β3)

0.275

-0.176

0.380

0.275

0.278

0.178

0.378

0.277

Distance to
fault (β4)

-0.029

-0.106

0.046

-0.029

-0.036

-0.111

0.038

-0.037

Population
density (β5)

-0.130

-0.250

-0.008

-0.129

-0.126

-0.245

-0.009

-0.126

Migrant
worker (β6)

-0.032

-0.131

0.068

-0.033

-0.040

-0.137

0.059

-0.040

Per capita
income (β8)

0.019

-0.091

0.112

0.019

0.017

-0.073

0.112

0.018

Collapsed
house (β9)

0.555

0.017

0.989

0.554

0.540

0.100

0.974

0.541

σ2

0.032

0.009

0.112

0.031

-

-

-

-

φ

26.47

2.00

60.00

24.00

-

-

-

-

0.291

0.011

2.195

0.020

0.213

0.161

0.280

0.210

τ (τ' )
2

2
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centage of collapsed houses had a strong and significant effect on under-five mortality (relative risk (RR):
exp (0.555) = 1.74; 95% confidential interval (CI) =
1.02, 2.69), indicating that a 10% increase in the rate
of collapsed houses yields a 6% (exp(0.555*0.1 =
1.06) increase in child mortality risk after adjustment
for the other risk factors. The earthquake intensity
was also identified as an important and significant risk
factor (RR: exp(0.275) = 1.32; 95% CI = 1.19, 1.46),
i.e. a one-level increase in MMI yields a 32% increase
in the mortality risk (exp(0.275) = 1.32) holding other
factors. In addition, children living in populated areas
were, however, at a significantly lower risk than those
living in less populated areas (RR: exp(-0.130) = 0.88;
95% CI = 0.78, 0.99). The effects of the remaining
variables on child mortality were not significant. The
parameter estimates obtained from the non-spatial
model are also shown in Table 2. We found that the
point estimates of the model coefficients change little
but the confidence intervals become wider after taking
into account the spatial correlation present in child
mortality, confirming the importance of taking spatial
correlation into account when analysing geographical
data (Cressie, 1993).
Figure 1 displays the distribution of the under-five
mortality. A trend of rising mortality starting in the
north and running in an easterly direction was
observed, which is in line with that of the thrust faults

in the area. Different high-mortality risk zones (one
around the epicenter, another in the central area and a
third in the Northeast) surrounded by low-mortality
risk zones, indicating a spatial pattern of alternating
high-mortality and low-mortality clusters, can be seen.
The rising trend in the empirical variogram (which
was drawn using the geoR package with the variog
function) of the transformed under-five mortality in
each location in Fig. 2a indicates that spatial correlation is present in child mortality though it is not very
strong, and the intercept in this figure justifies the
inclusion of a “nugget effect” Zi in the model. The
posterior median of 24 for φ corresponds to the practical range of 3*24 ≈ 72 km being the distance at
which the correlation reduces to 0.05. However, the
95% CI (2, 60) of φ indicates a wide variation of the
practical range, from 6 km to 180 km, probably due
to fact that spatial correlation is not very prominent.
All the parameters have mostly symmetric posterior
distributions excepting φ and τ2 which are slightly
moderately skewed. The empirical variogram of the
residuals from the fitted non-spatial regression model
in Fig. 2b still has a rising trend. This indicates that the
non-spatial regression model is inadequate in explaining the spatial variation of the child mortality, whereas the variogram of the residuals from the spatial
model shown in Fig. 2c fits the data better though
there is still a slightly rising trend.

Fig. 1. Under-five mortality rate at the township level. Thematic categories based on the Jenks natural breaks method.
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Discussion

Fig. 2. (a) Empirical variogram of the transformed (log) underfive mortality rate in each location. (b) Empirical variogram of
the average of the residuals for each location from the non-spatial model. (c) Empirical variogram of the average of the residuals for each location from the spatial model. The curve in (a)
was produced using the exponential function; the curves in (b)
and (c) use a loess smoother.

This study presents a novel application of Bayesian
geostatistical modeling in assigning risk factors of
under-five mortality in the 2008 Wenchuan earthquake. Results identified geographical differences in
child mortality and the important role of environmental risk factors in explaining this geographical heterogeneity in terms of earthquake intensity, population
density, migrant workers and collapsed houses. The
spatial Gaussian linear model explains the spatial variation of child mortality across the study region better
than the non-spatial model. This is because the consideration of spatial correlation results in more precise
estimates of the standard error and widens the confidence limits of the model coefficients.
Structural factors play an important role in mortality (Tiedemann, 1989; Spence et al., 1990; Coburn et
al., 1992). Death and injury in most earthquakes are
largely attributed to trauma caused by partial or complete collapse of buildings and infrastructures. In our
study area, timber roofs supported either by masonry
structures or reinforced masonry structures were widely used in residential buildings, schools in the rural
areas, factories and office buildings in the cities (Ye et
al., 2008). Many of these buildings collapsed completely or were heavily damaged resulting in lots of
direct deaths. Long-term use, lack of maintenance of
structural systems and poor connections between precast slabs are generally believed to be main reasons of
the vulnerability of these buildings (Ye et al., 2008).
Our study agrees with the positive association between
earthquake intensity and mortality described previously (Tiedemann, 1989; Alexander, 2000; Gutierrez et
al., 2005). The association between population density and mortality has also been reported (Osaki and
Minowa, 1999; Gutierrez et al., 2005). However, this
association is inconsistent, for example, our study
shows child mortality to be negatively associated with
population density, thus indicating higher child mortality in less populated zones. The distribution of the
population in the study area is uneven with a stronger
focus in the East (the plain area) than in the West (the
mountainous area). In addition, the economic situation is stronger in the East compared with the areas in
the West (Fan, 2009). Hence, there is a high probability that the children living in the less populated and
mountainous areas were more vulnerable to the earthquake because of poor living conditions. What is noteworthy is that migrant workers were considered in the
model for the reason that they play an important role
for the situation of the children. With the rocketing
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development of the People’s Republic of China’s economy since the 1980s, labour is badly needed and
increasing numbers of rural people, especially young
adults, flocked to towns and cities in search of work
leaving their children at home. These children became
the so-called “left-behind children”, usually taken care
of by their grandparents. Compared with their elderly
grandparents, who are also particularly vulnerable
with respect to earthquakes, the parents could have
provided greater support and protection, both psychologically and physically, in this emergency. However,
the migrant workers were not identified as a significant factor related to child mortality and a specific indepth study, e.g. an individual-level study, needs to be
done to account for this association.
Although numerous earthquake-related studies have
investigated the relation between risk factors and mortality, to our knowledge, this is the first study attempting to assess this relation by taking into account the
geographical variation that is present in assessments of
mortality. Evidently, however, the current spatial
Gaussian model (5) does not account for anisotropy,
which refers to the property of being directionally
dependent, and non-stationarity, which is defined as a
quality of a process whose mean and standard deviation change with time. Hence, there is a scope for
future investigation of this as data are being collected
in 21 counties which cover wide areas with marked
environmental diversity. The somewhat rising trend of
the residual variogram in Fig. 2 c is probably due to
lack of risk factors characterizing child mortality. This
indicates that more risks should be considered in further studies, such as access to major transportation
routes and major medical centers which are closely
related to emergency services. In addition, ecological
studies cannot control for the effects of confounding
factors. This study is therefore open to the risk of the
ecological fallacy (Washio et al., 2008), i.e. taking the
finding of a linear relationship between exposure and
outcome as evidence that this relation should also hold
at the individual level. Then again, our approach is
appropriate for hypothesis generation and provides
essential needs information providing a base for a
more rigorous study design of child mortality, e.g. an
individual-level study. Furthermore, for each categorized explanatory variable a linear effect (one beta
coefficient for such categorized covariates) was
assumed in equation (5), and this may disguise, possibly, the non-linear effect between these covariates and
child mortality. However, it is advantageous to treat
these covariates in a quantitative manner as equation
(5) fits relatively well; for example, this model is sim-

pler and easier to interpret, and it is more convenient
to draw empirical variogram of residuals with such
parsimonious model. Finally, the validation of cases of
child mortality was questionnaire-based. Because the
families of some of the deceased children, including
relatives and neighbours, died in the earthquake as
well, information related to how and where they died
was unclear. However, to avoid missing and fault
reports, the National Office for Maternal and Child
Health Surveillance tried hard to search for villagers
who might know more about these deceased children.
Despite these limitations, we believe that this study
is useful because it focuses on an area of public attention where relatively little is known about cause and
effect. In addition, because it demonstrated the potential of spatial statistical methods for analysing mortality data in disasters and, perhaps most importantly,
because it helps researchers to understand the spatial
patterns in child mortality encouraging further study.
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