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Spatial Temporal Epidemiology

Objective

The analysis of geographical variation in mortality rates or disease
incidence has many uses
I Area and time-specific mortality rates or disease incidence are

of great interest for health care and policy purposes.
I Facilitate effective allocation of resources and targeted

interventions
I Sample size often too small at granular space-time scale for

reliable estimates
I Bayesian approach to ‘borrow strength’ over space and time

to improve reliability of the model estimate
I identify areas of unusually high risk so that action may be

taken;
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Background and MDG

I Improving the child’s health is one of the eight Millennium
Development Goals(MDGs) that were adopted by
governments at the United Nations Millennium Submit in
2000, with the fourth Goal committed to reducing child
mortality by two-third between 1990 and 2015.

I At the end MDG era, the pace of progress toward these goals
substantially varied at the national level, demonstrating an
essential need for tracking even more local trends in child
mortality.

I With the adoption of the Sustainable Development Goals
(SDGs) in 2015, regional government(s) should possess
adequate information to track the progress being made
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Crude Mortality rate
Consider a country of 6 political regions with the death rates or

disease incidence
Region Observed (Oi ) Pop (Ni )
NE 400 10000
NC 400 1000
NW 400 4000
SE 400 6000
SS 400 1800
SW 400 2200
Total 2400 25000

θ̂ =
∑6
i Oi∑6
i Popi

= 2400
25000 = 0.096

96 deaths per 1,000 live births
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Standardized Mortality Ratio (SMR)
Refer to 6 political regions with the following death cases

Region Obs. (Oi ) Pop. (Ni ) Exp. (Ei) SMR
NE 400 10000 960 0.417
NC 400 1000 96 4.167
NW 400 4000 384 1.041
SE 400 6000 576 0.694
SS 400 1800 173 2.312
SW 400 2200 211 1.900
Total 2400 25000

Ei = riNi

SMRi = Oi
Ei
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Pooled Data from Nigeria DHS 2008 & and 2013
I A multi-stage, cluster sampling method was used to gather

information from interviewees (respondents). The data for the
study were from 2008 and 2013 NDHS.

I In the pooled dataset, information was obtained from 72,333
married women aged 15-49 years old, consisting of 33385
women from the 2008 survey, and 38,948 women from the
2013 survey.

I The spatial - temporal analysis used information from 60,129
live born infants of the recent birth of a mother within five
years prior to the mother’s interview.

I Out of which, 6057 deaths were recorded from 17, 389
couples, consisting of 8731 couples from 2008 and 8658
couples from 2013 NDHS.
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Motivation

Figure 1: Trend Plot SMR Mortality Rates Nigeria 2003-2013
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Mapping standardized mortality Rates 2006 in Nigeria

[0,0.3]

(0.3,0.4]

(0.4,0.9]

(0.9,1]

Figure 2: Spatial Plot of under- five Mortality Rates Nigeria
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The Model formulation
I Counts of observed cases of under-five mortality, Yit, in each

of state, i = 1, . . . 37, 37 states (districts), t in time period in
year

I : apportion the variability in the data to fixed effect
covariates, space, time, and space-time interaction .

ηit = intercepts+Ck + Si + Tt︸ ︷︷ ︸
Main effects

+CSit + CTit + STit + CSTit︸ ︷︷ ︸
interraction effects

(1)
I intercepts- overall area specific intercept
I Cit i.e. represents covariates ( mother’s educational level,

mothers’ age at first birth, LBW, poverty status,etc
I S- space, T -Time,
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The Model
I Consider disease incidence or mortality rates Oit (in areas i

and time periods t) and corresponding expected numbers of
cases eit , then , the observed count is assumed Poisson
distribution and model is:

Oit ∼ Poisson(µit) = Poisson(eitθit)
logµit = log(eit) + log θit

= log(eit) + α+ φi + ψi + δt

I the log relative risks

θit = α+ φi + ψi + δt with θi1 = exp(α+ φi + ψi) (2)

I Their diffuse hyperprior are specified by the precision,
τφ = 1/σ2

φ, τψ = 1/σ2
ψandτδ = 1/σ2

δ
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Spatio-Temporal Models

From Equation (??) is modeled as
I Taking logarithm of the relative risk, RR

log(θit) = β + αt + γt︸ ︷︷ ︸
T ime

+φi + ψi︸ ︷︷ ︸
space

+ δit︸︷︷︸
space×time

(3)

I β− overall risk level
I αt− temporally structured effect of time, t in years
I γt− independent effect of time, t in years
I φi− spatially structured effect of district (state) i
I ψi− independent effect of district i, i.e. ψi|σ2 ∼ N(0, σ2

u)
I interaction models for δit
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Prior Distributions for model parameters
From Equation (??) is modeled as
I Taking logarithm of the relative risk, RR, written as a Poisson

Log linear model

log(θit) = β + αt + γt + φi + ψi + δit (4)

(φi|φ−i, σ
2
φ,W ) ∼ N

(∑N
j=1wijφi∑
j=1wij

,
σ2
φ∑

j=1wij

)
ψi|σ2

ψ ∼ N
(
0, σ2

ψ

)
αt|αt−1, σ

2
α ∼ N

(
αt−1, σ

2
α

)
γt|σ2

γ ∼ N
(
0, σ2

γ

)
δit|δ−it, σ

2
δ ∼ N

(
mit, σ

2
γvit

)
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Type I interaction

Model I: Independent interaction effect is modeled by combining
two indept. and identical Gaussian distr. space and time, iid prior
for δit

δit|δ−it, σ
2
δ ∼ N

(
0, σ2

δ

)
The joint distribution is expressed

p(δ|σ2
δ ) ∝ exp

(
− 1

2σ2
δ

δTKδδ

)

where Kδ = Kφ
⊗
Kγ

(
rank 1(kT×kT )

)
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Type II interaction
Model II: A temporally structured effect of time, αt assumed a
random walk and iid for space (state)
I First order Random Walk RW1

αt|α−t, σ
2
α ∼ N

(1
2(αt−1 + αt+1), σ2

α)
)

and the joint distribution expressed as,

p(α|σ2
α) ∝ exp(− 1

2σ2
α

αTKαα)

where Kδ = Kγ
⊗
Kφ (rankK × (T − 1))

I the second-order random walk (RW2) model for regular
locations has the density

p(δit|δ−it, σ
2
δ ) ∝ exp

(
1

2σ2
δ

T∑
t=3

I∑
i=1

(δit − 2δi,t−1 + δi,t−2)2
)
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Type III Spatio-temporal interaction

Model III: Spatial trends differ over time - Intrinsic autoregression
prior

δit|δ−it, σ
2
δ ∼ N

 1
mi

∑
j j∼i

δit,
σ2
δ

mi


The improper joint distribution can be expressed as

p(δ|δ−it, σ
2
δ ) ∝ exp

(
−σ

2
δ

2 δ
TKδδ

)

where Kδ = Kφ
⊗
Kγ (rank(K − 1)T ))
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Type IV Spatio-temporal interaction

Model IV: The interaction -conditional depends on neighbors
regions and second order random random for Time (year)
p(δit|δ−it, σ

2
δ ) ∝

exp

 1
2σ2

δ

T∑
t=3

∑
i 6=j

((δit − 2δi,t−1 + δi,t−2)− (δj,t−2 − 2δj,t−1 + δj,t))2


The improper joint distribution can be expressed as

p(δ|δ−it, σ2
δ ) ∝ exp

(
− 1

2σ2
δ

δTKδδ

)
where Kδ = Kγ

⊗
Kφ (rank(K − 1)(T − 1))
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Model Summary

Table 1: Model formulation for under five mortality NHS2008 and 2013,
with Model Ma αt ∼ rw1(σ2

δ ) and Mb αt ∼ rw2(σ2
δ )

Models Code Linear Predictor δit

Main effect Ma µ+ γt + αt + φi + ψi −−
Main effect Mb µ+ γt + αt + φi + ψi −−
Type I M1 µ+ γt + αt + φi + ψi + δit γt ∼ iid, ψi ∼ iid
Type II M2 µ+ γt + αt + φi + ψi + δit αt ∼ rw2, ψi ∼ iid
Type III M3 µ+ γt + αt + φi + ψi + δit αt ∼ iid, φi ∼ ICAR
Type IV M4 µ+ γt + αt + φi + ψi + δit αt ∼ rw2, φi ∼ ICAR
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Model implementation

I The hierarchical Bayesian space–time models were fitted using
the Integrated Nested Laplace Approximation (INLA) [Rue,
Martino and Chopin (2009)] as implemented in the INLA
package.

I INLA provides a fast alternative to MCMC for approximating
the marginal posterior distributions of Markov random field
(MRF) models.
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Model comparison

Table 2: Model comparison: pD is the effective degrees of freedom, as
defined for the calculation of the deviance information criteria (DIC),
which also uses the deviance evaluated at the posterior mean, D(θ̂);
LCPO is defined as Pits log(CPOit) and Watanabe-Akaike information
criterion (WAIC) for under five mortality from NDHS 2008 & 2013.

Models pD D(θ̂) DIC WAIC CPO logScore
Ma 30.35 610.77 2284.68 2300.02 36.326 2.827
Mb 30.81 611.17 2285.08 2301.10 36.326 2.828
I 121.27 552.64 2226.91 2226.46 34.889 2.778
II 74.84 557.69 2231.13 2245.85 36.480 2.770
III 109.43 565.01 2239.44 2253.59 34.350 2.808
IV 99.86 530.14 2204.00 2210.00 36.325 2.734
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Results & Discussion

Figure 3: Posterior mean of the spatio-temporal interaction δit for
under-five mortality under M1 (nonspatially or temporally structured
interaction).
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Spatio-temporal interaction effects Model II

Figure 4: Posterior mean of the spatio-temporal interaction δit for
under-five mortality in Nigeria under M2 (temporally structured
interaction).



Spatial Temporal Epidemiology
Results and Discussion

Spatio-temporal interaction effects Model III

Figure 5: Posterior mean of the spatio-temporal interaction δit for
under-five mortality in Nigeria under Model M3 (spatially structured
interaction).
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Spatio-temporal interaction effects Model IV

Figure 6: Posterior mean of the spatio-temporal interaction δit for
under-five mortality in Nigeria under Model M4 (spatially and temporally
structured interaction)
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Check for spatial autocorrelation in the residuals
Examination of auto-correlation of lag 1

Figure 7: Plots mortality rates of 6 states from over time Model I
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Temporal auto-correlation function (ACF) effects Model I

Figure 8: Interaction terms for 6 states from model 1
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Examination of Space-Time interaction

I To see if a more complex interaction model is warranted we
evaluate the autocorrelation function for the δit , with one
each i (i.e. each area).

I Map the auocorrelations at lag 1.
I The rationale for this is that:

I We would expect to see positive correlations if there is
temporal structure in the residuals (Type II interaction).

I If there were no evidence of temporal structure but a spatial
pattern in the autocorrelations then we would see clustering in
the map (Type III interaction).

I If there were positive correlations and spatial clustering then
Type IV is appropriate.
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Model Diagnostic cont. . . . & Discussion

I With Model M3, Figure ?? showed spatially auto-correlation,
but temporally hetereogeinty in child mortality rates was also
found across the whole Nigeria.

I Refer to Model M4, Figure ?? significant clusters of high
childhood mortality were detected in the Northern regions of
Nigeria, which exhibited both spatially and temporally
dependency .

I Clusters of the child mortality are exhibited in Model IV
I Spatial heterogeneity exhibited in Models I & Model II
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Concluding Remarks

I we discuss a spatio-temporal Bayesian hierarchical model
to estimate small-area U5M at sub-national level.

I provincial sub-populations in Nigeria can widely vary,
direct estimates of mortality rates can show evident
uncertainty when considering small-area inequality across
provinces (states)

I we proposed a model where district-level U5M rates
estimates can borrow strength from each other in order to
reduce uncertainty related to the estimates

I preliminary results show geographical inequalities in the
prevailing U5M mortality at the sub-national level, but
declining temporal trend at slow rate since 2000
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Recommendation
To attain SDG 2025 and prevent needless loss of under-five child,
the Recommendations:
I Improving primary health centers(PHC) -government

should embark on enduring process by improving the quality
services and number of skilled health attendance/workers at
PHC

I Provision of sanitation and hygienic toilet facilities at
public centres: motor parks (or taxi rank), rail station,
market place and schools

I Increase immunization coverage and national treatment
of vaccine for prevention of disease (VPD)- vaccination
against disease infection and ;

I Strengthening women empowerment programme -such as
increased education of women, comprehensive family planning
services and child spacing
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Research Output & Future Direction
I Adeyemi et al(2016) Semi-parametric Mutinomial Ordinal

Models to analyze the spatial patterns of child birthweight in
Nigeria published Int. J. Environ. Res. Public Health 2016,
13, 1145; doi:10.3390/ijerph13111145

I Bayesian Mutinomial Ordinal Models to analyze the risk
factors and spatial patterns of childhood anemia in Tanzania
published Proceeding of 58th Annual Conference of South
African Statistical Association

I Bayesian Mutinomial Ordinal Model to analyze the spatial
patterns of childhood anemia in sub-Saharan Africa Paper
Presented at 58th Annual Conference of SASA, Held at
University of Capetown 28 Nov.−2 Dec.2016

I Multivariate Spatial Joint Mapping of the risk of Childhood
Anemia and Malnutrition in sub-Saharan Africa: A
cross-sectional study of small-scale geographical disparities
Revision Stage PLOS ONE Journal
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Research Output & cont......
I Investigating Geographical patterns and environment risk

factors for under-five mortality in Nigeria: A Bayesian
Hierarchical model approach submission Stage

I Spatial Patterns Of Childhood Mortality And Morbidity In
Sub-Saharan Africa: A Bayesian Geo-Additive Multinomial
Models Approach Paper Presented at UKZN College Research
Day Oct. 2017.

I Bayesian Joint modeling of Disease Co-morbidity among
under five children in Nigeria and Tanzania; Accepted for
Presentation 2016.: UKZN College Research Day:
Postgraduate

I Spatial and Spatio-Temporal modeling of regional variations in
Malnutrition and Disease morbidity in Sub-Saharan Africa?: A
Case study of DHS data from Nigeria, Burkina faso, Ghana, &
Mozambique Future research work
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