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Objective: To understand the spatial pattern of dengue fever [DF} patients survival and ivestigated
factors influencing DF patients survival

Method ABayesian spatial survival method via a conditional autoregressive approach was used to analyze
the factors that influence DF patients survival in 14 sub-districts from Januasry 2015 to May 2017

Reywords Makassar aity Indonesia Bayesian spatial and a non spatial model were compared by using deviance
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Dengue fever

Hazard rate

Spatial survival

Weirbull model
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Results The spatial model was more suitable than a non-spatial model Under the Bayesian spatial model
there was a substantive relationship between age grade and DF patients survival ime
Conclusions The relative riskmap and related factors of DF patients survival canindicate the heaith policy

makers to give speaial attention to the high nisk areas in order to faster and more targeted treatment
© 2020 SESPAS Published by Elsevier Espana S LU This 1s an open access article under the (C

BY-NC ND license {http  creativecommons org licenses hy ne-nd /4.0/).

Introduction

Dengue fever (DF) is a disease that often causes outbreaks or
epidemics The recent report from the World Health Orgamization’
reported that globally there has been a significant increase in the
number of DF every year Indeed Indonesia has the most cases of
DF disease m Southeast Asia region with more than 129 650 people
infected with the virus in 2015 © Makassar city 1s one of the areas
in Indonesia that has DF virus each year There 1s a real need to
increase efforts to prevent transmussion of the disease and reduce
the mortality rate

Efforts to reduce the death rate from DF virus can be either
preventive or curative Anexample of a preventive method 1s rais
ing awareness and a healthy lifestyle to reduce the inadence and
spread of DF © An example ol a curative method 1s providing the
nght medical treatment to patients Here the issue of survival of
patients with DF becomes important to investigate

Survival ime of patients wath DF disease can be mfluenced by
many factors So far in the literature n general the factors can
be grouped nto two major themes The first theme 1s associated
with physical o1 biological characteristics of DF patients such as age
gender etc ' The second theme covers a number of non-biological
factors such as locanon local conditions rainfall socio economic
conditions and therapy or treatment given to patients with DF * 7

Survival data are commonly analyzed using proportional haz
ards regression © '’ However this method is based on a relatively
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simple model and 1t does not allow the mcorporation of exter
nal information such as survival spatial information Bayesian
approaches to modelling and analysis of DF have become increas
ingly popular over the last decade For example Honorato et al '
wnvestigated cases of DF which were spatially distributed in Brazil
using a Bayesian spatial hierarchical model using conditional
autoregressive (CAR) prior Lowe et al '’ used a general spatio-
temporal mixed model with a Bayesian framework taking into
account geographical and temporal resolution to evaluate g
spread of DF in Brazil Southeast Furthermore Jayaet al'’ u
a Bayesian spatial approach to model and map the DF cases in
Bandung, Indonesia

As noted above most of this literature focuses on incdence
and there are fewer papers on DF survival The literature on spa-
tial modelling of DF survival 1s even more sparse and hmited to
small scale studies.'* '® For example Thamnn and Taufik'* used
multilevel survival to study DF survival Aswi et al '® considered
DF survival in a single hospital in Makassar using Bayesian Wetbull
survival and a semiparametric Cox proportional hazards model In
this study a Bayesian spatial survival method via a CAR approach
was used to analyze DF patients survival and to investigate factors
that influence DF patients survival This i1s mvestigated through a
DF patients survival in Makassar indonesia.

Methods
Study area and source of data
Makassar 1s the most populous aity in South Sulawes: or even in

the eastern part of Indonesia ' ' Makassar city consists of 14 sub
districts wath 143 villages i these sub distnicts [Figure 1)<
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Figure 1. Map of Makassar cuy indonesia with the population dens ity of each sub
distnct.
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Figure 2 The number of DF madences in Makassar aty (ndonesia based on sub
distnct for the pertod of 2015 2017

Data used were collected from four big hospitals 1n Makassar
aty that1s Dr Wahidin Suduohusodo Labuang Bay Pelamonia
and Hay Hospitals. In this dataset the variables used were sex
haematocnt leukocyte haemoglobin thrombocyte level seveiity
of DF type (grade), age survival ime and address of DF patients
The number of patients diagnosed with DF were treated in these
hospitals 1n the period of january 2015 to May 201715934

In our models. the survival response variable t; 1s defined as
the number of days that a patient stayed in the hospital until they
recovered or got consent to leave the hospital or death F
patients self discharge or transfer to another hospital and sull
at the end of the study were treated as censored The DF
incidence rates which is th@flumber of cases per 10.000 people per
year for each sub-district from the four big hospitals in Makassar
aty are presented in Figure 2 Data on population numbers for the
same time penod were collected from the Central Bureau of Statis
tics of Makassar ity Indonesia ' The population size was used to
calculate and to map the hazard rate

Spatial survival mode!

Following the description 1n Banerjee et al.,'” let t, be the
uesponsedescl ibed m the previous section namely time to recovery
ot subjectyin sub-districti,j =12 mi=1 2 I Let x;; be
the corresponding vector of individual specific covanates Assume

a proportional hazard fi(r,, x,) that follows 3 Weibull distribution

with hg(t,) = /:t:,' ! as follows

“1( ty. Xg) = holty)exp( B x,) (L

ho(t;) represents a baseline hazard The exponential term involv
ﬁg the covariates affect the baseline hazard multiplicatively Here
s the shape parameter of the baseline hazard and the vector f#

contans the intercept for the baseline hazard The parameter p
represents monotonicity of the hazard rate in the Weibull mode -
where p = 1 representsaconstant hazard ratgmnd p > land p < 1
indicate that the hazard will increase and détfease monotomcally
with tme, respectively Since W, ~ logw, n the frailty setting,”

Eq (1,15 extended to e‘

ey X)) = /"3 I exp(fTx; + W) 2
W, 1s the sub-distnict-specific frailty term with distribution

RIS (3)
t,~Werbull{ce 1)

p Gamma(1 1)

B~ Normal{0 0 0001)

fo~Normal(0 0 0 001)

whete log{y) = By + f
gressive structure W, W,
parameter in Eq

CAR denotes a conditionally autore

t « i~N{W; I/).m,)l7 2 and » 15 the CAR
31 which states the

’ r | »
AMiexp [#%ZM{W, - W, }'l o Al2

W%—-‘%Zilm,wuh} (0

where 1 ad) i’ denotes regions ' that are adjacent to region 1 W,
is the average of the W, ,; that are adjacent to W; and m, is the
number of these adjacencies.

To complete the Bayesian model specification in Eq (4, we use
prior distributions on 2 f and o2 We use a gamma hyperpnor dis-
tnbution for o With this parameter the gamma distribution has
mean 1 and the variance 1 see Banerjee et al '’ In this paper we
include both spatial and non spatial frailties ' Non spatial frailties

that the model has an unstructured frailty term expressed
as independently and identically distributed {1a.d) N{D o?) The
model was fitted using the OpenBUGS software.’’ Th MC
algorithm was run with 150000 iterations discarding 1 as
burn-mn. Monitoring MCMC convergence was done through trace
plots autocorrelation plots and plots of the postenor distnbutions
of the model parameters

Goodness of fit measures were used to test whether a spatial
survival model adequately represents the data The deviance infor
mation criterton (DICY ! 1s one of the cnitena in evaluating the best
model for several data sets using the Bayesian approach A model
1s more suitable when 1t has the smallest DIC <

Results

The model was fitted to DF survival dataset as described 1n Sec
tion “Spatial Survival Model” By using the different set of starting
values, the chain was run Convergence can be assessed whether it
has been achieved or not through the MCMC chain The results of
the hazard rates obtained from Eq (2 were mapped using the Map
tool R version 4 0 2 package

According to Figure 1 the city of Makassar 1s divided into 14
sub-districts so a spatial weights matrix of queen contiguity order
one of 14 x 14 was formed. The corresponding adjacency matrix for
Makassar city Indonesia is shown in Figuigd The Weibull assump-
uon for the survival time was assessed otting log|-log(S(t))]
versus log(t} where the survival probability S(t) was obtained
using Kaplan-Meier esimation and ¢ 1s the survival ime The
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Figure 3 Adjacency matnix for Makassar ety Indonesia

Weibull distribution was indicated by a straight hine plot Th
assumption was also verified by application of the Mann test {
Fapproximation =0 784 < Farion = 117 at the 5% level then the nu
hypothesis is accepted). The Weibull distribution was thus consi

ered to be appropnate for these data

From Higures 4 and 5 the MCMC outputs for the significant
parameters of the model in the form of posterior density and tra
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Table 1

Summary of posterior estimated parameters for spatuisurvivalfor DF sunavaldata
Parameter Mean 95% Cl
Intercept (/) 4297 {-4951 -3652)
Sex (fh) 0082 { 0033 0.187)
Age (£} 0006 {0012, 00004)
Grade (fiy) 0199 {0079 0315)
Haemoglobin (i) 0087 { 0076 02691
Haematocrit (8.} 0.088 {0177 0003}
Thrombacyte | fig} 0022 { 0091 0047)
Leucocyte (f;) 0049 { 0161 0061)
o 2473 (2342 2607)
A 315 (11766335}

plots show a well behaved and fast mixing process The posteno
estimates of parameters and corresponding 95% confidence nter-
vals (CI} are presented in [able | It can be inferred that age and
grade substantially &#cribe patients survival imes The vanables
age and grade both have a negative effect on the expected survival
time Forexample anincrease ofone year in patient s age increased
the hazard at DF survival by exp(—-0 006) = 0994 days.
lable 2 provides a summary of model fit with a correspond-
ing non spatial survival model as a companison In the latter Eq
3115 replaced by W, -N{0 0?) The spatial model 1s more suitable
for these data This is indicated by the larger size of the effective
parameter pD and the smaller value of DIC

beta[2] sample S0000

-

-0.2 00 02 04 06
beta[2]

P(beta(2])
00 40 80

Figure 4. Postenior densities plots of the sgnificant parameter for DF survival data in the Makassar city Indonesia.
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Figure 5. History iteration plots of the significant patameter for DF survival data in the city of Makassar Indonesia
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Table 2
The values of pD and DIC for survival spatial and nen spatial models.
Modet pD DI
Spatial survival 135 16598
Non - spatial survival 9115 3725
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Figure 7 Estimated of the posteror survival function $,0) for DF data with age and
grade varubles

The mapped summary of the posterior mean survival times per
sub-district is shown mn Figuie 6 The results indicate that regional
sub-districts located around urban centres, namely Mariso had the
lowest hazard rate The constant hazard rates occurred in the sub
districts Manggala Panakkukang, Bontoala, Rappocit Tamalanrea
and Wajo The higher hazard rate of DF panents occurred in the
sub distircts Biingkanaya Makassar and Mamajang,

The Kaplan-Meier curve for DF survival with covanates age and
grade 1s shownin ticure / The covanates were established for sur

vival time 1n the first panent for DF The pnablluy of survival
for this first pauent is predicted to fall fauly rapidly towards 0 10
when the survival ime 1s about 2 days then dechnes very slowly
thereafter

Discussion

We havalesemxd the modelling of the spatial correlated sur
vival data in this paper To estimate spatial survival with a CAR
model a Bayesianmodel via a MCMC computational technique was
used The case study used the survival times of DF patients from
hospitals 1n Makassar Indonesia for the period 2015-2017 with
covarnates

Overall the results of this study indicated that age and grade fac
tors appear to influence the number of days of patients hospitalised
with DF until they got recovery or were allowed to go home The
prediction of DF patients survival time based on influencing var
ables 1s also tllustrated This suggeststhat when the survival tume 1s
about 2 days the probability of patient s survival time drops fairly
rapidly towards 0 10 and decays very slowly thereafter Mariso had
the lowest hazard rate while Biringkanaya had the highest haz
ard rate fooled by Makassar and Mamajang These distnicts are the
potential regions to target for health policy intervention in high
nisk areas and for more targeted efficient allocation of the relevant
resources Notwithstanding this, further investigation 1s needed
in order to consider socio economic temperature and humidity
eftects in modelling the survival factors * ' The flexibility of the
Bayesian spatial survival models invites extensions to more com
plicated scenarios such as a spatial clustening’ and spatial- temporal
model

Conclusions

The relative risk map and related factors of DF patients sur
vival can indicate the health policy makers to give special attention
to the high risk areas in order to faster and more targeted
treatment

0.2

- 00

Figure 6 Posterior mean (AR fradues model with covariates for Makassar county level DF strvival data
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