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HIGHLIGHTS

* This study proposes an innovative statistical approach for mapping the dengue dispersion.
® The statistical analysis using the Bayesian Runge-Kutta family can map the region that has high, medium, and low risk.
* The method and application will be helpful for local governments to suppress the dengue in several neighbourhoods with high cases.

ARTICLE INFO ABSTRACT

Heywords: Dengue Hemorrhagie Fever (DHF) is still a threat to humanity that cause death and disability due
Bayesian to changes in environmental and socloeconomic conditions, especially in tropical areas. A eriti-
Euler

cal assessment of the models and methods is necessary. The vital role of stochastic processes of

;‘:: ;'I:'rd‘;; Runge-Kutta infectious disease research in Bayesian statistical models helps provide an explicit framework for
Sto&la;’[c € understanding disease transmission dynamics between hosts (humans) and vectors (mosquitoes).

This research presents a Bayesian stochastic process fi cross-infection SIR-SI model as a
differential equation (susceptibility-infection-recovery for the human population; susceptible-
infectious for the vector population) for the dynamic transmission of DHF. Given the difficulties
of solving the differential equations precisely, we propose a computational model to approach
the solution based on the Runge-Kutta family approach, namely the Euler and the four-order
Runge-Kutta methods. The methods used for the discretization process of the SIR-SI model for
computational process needs. For comparison purposes, we use a monthly DHF dataset of 10
Kendari, Indonesia, districts from 2019 to 2021. Parameter estimation of the Bayesian SIR-SI
maodel based on the Euler and four-order Runge-Kutta method was updated using Markov Chain
Monte Carlo (MCMC) Bayesian. The Euler and four-order Runge-Kutta methods have converged at
10,000 iterations with burn-in 80,000. The numerical simulation results show that the four-order
Runge-Kutta approach has the slightest deviance, 106.5. Therefore, this approach is the best one.
The relative risk analysis shows that the dynamics of DHF cases fluctuate from January to July ev-
ery year. However, from January to May, there was a high consistency of DHF cases. Two districts
with high case consistency were found, namely Kadia and Wua-Wua. Furthermore, because the
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spread of DHF cases has a spatial effect, the Kadia and Wua-Wua districts need serious attention
to suppress the rate of reach of DHF in Kendari City. Intensive observation and intervention in
the Kadia and Wua-Wua districts should be carried out in early January to stop the breeding of
mosquito larvae. In other neighbourhoods such as Puwatu, Kambu and Kendari Barat, the DHF
cases occur temporally as the impacts of DHF cases in the Kadia and Wua-Wua districts. It may
facilitate the statisticians to develop further models to adopt a better understanding to control
the DHF dynamically. In brief,

gciﬁcation Table

Subject Area: Computer Science/Statistic Analysis
More specific of subject area: Computational Statistical Analysis
Method Name: Stwchastic Bayesian Runge-Kutta
Mame and reference of original method:  NA
Resource availability: E»UGS software (MRC Bio Statistic)
T/ S mrc- bsu.cam.ac, uk//software/bugs /the- bugs-project-winbugs’

Introduction

Dengue Hemorrhagic Fever (DHF) is an ancient disease having a substantial social, economic, and health burden. DHF is not just
a disease that remains a public health problem in tropical countries worldwide. Dengue virus has evolved from a sporadic disease to
a socially and economically impactful public health problem due to increasing geographic extension, number of cases, and severity.
Social impacts are losses in the form of discomfort, family panic, and even death which results in lower life expectancy. The economic
impact is in the form of medical and nursing costs, lost work time, school time, transportation and accommodation incurred during
treatment, and costs incurred by the government for intervention. Until now, development of drugs to prevent the dengue virus has
not been found. For example, early prevention efforts are needed through modeling to provide prevention directions and targeted
interventions. Even though the DHF has been investigated for years, it remains a significant public health problem, especially in
tropical countries [1-3]. The DHF dynamics have also gained prominence recently since climate change or global warming is predicted
to have unexpected effects on its incidence [4,5]. The complexities in the life cycle of the mosquito, highly complex environmental
and social interactions, unforeseen consequences of climate change, and population migration between endemic and non-endemic
areas continued to contribute to the massive burden of morbidity and mortality accompanying the DHF [6,7]. With no effective
vaccine, eradicating mosquito larvae as early as possible is the only advisory prevention.

Many researchers in infectious disease were among the foremost to realize the vital role of statistical models in providing an explicit
framework for understanding the disease transmission dynamics between the host (human) and vector (mosquito) [8,9]. The spread
of DHF is caused by the influence of human or host factors, aedes mosquitoes or vectors, and the environment, which are spatially
correlated. Changes to one component will change the other two components. This change can be in local and global transmission,
mainly due to active host mobility. From the merely epidemiological point of view, the empirical data on the propagation of diseases
have shown that a nondeterministic behavior is invariably observed. The nondeterministic form explains through a stochastic process.
The stochastic processes are also needed to describe the dynamics spatially and temporally. Depending on the type of infectious
disease, there are many stochastic variations in the companment structure. For example, in a SIR model, part of the susceptible
population (S) will be infected with the disease so that it enters the infectio pulation (I} and then recovers or dies from infection
and enters the recovery population (R). Because of this, various stochastic models have been proposed to describe the propagation
of infectious diseases in human populations [10].

Some authors have developed stochastic models to analyze the dynamic of DHF cases spatially and temporally, such as the
Bayesian zero-inflated Poisson spatial-temporal model [6], to investigate the comparative risk of DHF cases. These models require an
ecological factor of the environment and two random effects (local and global heterogeneities). But in these models, the dynamics
of cross-infection between humans and mosquitoes are not considered. Some authors perform a stochastic process to assess the
dynamics of cross-infection between humans and mosquitoes, such as [4,5]. Recent research by [4,5] provided a stochastic process
for cross-infection such as susceptible host, infected host, re-covered host and susceptible vector, infective vector, or SIR-SI model. An
Euler method was used to discretize the model. The approach to discretizing models built from stochastic processes can use several
techniques, for example, four-order Runge-Kutta, Euler Maruyama, and non-standard methods [11]. These methods have varying
accuracy. Depending on the stochastic model, the complex process is not necessarily better than the simple method.

This research developed a stochastic process for the SIR-SI model by involving local and global random effects in the model. A
combination of both unexpected outcomes leads to a Bayesian stochastic SIR-SI model. A detailed description of local and global
heterogeneities can be seen in [12-14]. We use stochastic Euler and four-order Runge-Kutta method to discretize the models for
comparison purposes. We compare our model accuracy to those proposed by [9] based on a monthly DHF dataset of 10 districts of
Kendari, Indonesia from 2019-2021. Based on the two discretization methods for the SIR-SI model, then are using Bayesian MCMC
for parameter estimation of the model. The numerical simulation uses WinBUGS. The advantage of WinBUGS is that besides being
open source, it can also generate deviance values. The slightest deviance is the best one. This best model is used to analyze the risk
of DHF cases. The model is expected to be used as an effective control to detect and respond to DHF disease quickly.




Mukhzar, G.N.A Wibawa, A. Tenriawaru et al. MethodsX 10 (2023) 101979

(vlg k)
BB
Ni " m

Fig. 1. Compartment of SIR-SI model (adopted from [5]).
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This work 1s organized as follows. We present an epidemiological model of SIR-SI at an early stage involving contact between

humans (the host) and a virus-carrying agent or vector (in this study, the virus-carrying agent was mosquitoes). This model is a
scheme that organizes the human population into various sub-populations: susceptible individuals (S), infi (D), i.e., individuals
who have the virus, show symptoms, and can spread the virus, and recovered individuals (R). Meanwhile, the mosquito population
is divided into two sub-populations: those susceptible to dengue virus (S) and those infected with dengue (I). The dengue virus is
transmitted to humans through mosquito bites. We will construct a differential equation based on the SIR-SI scheme. The stochastic
model will be derived for further investigation in this study. In Part 2, we will present various computational methods for solving the
stochastic differential problem under investigation using the Runge-Kutta family method. This section introduces the application of
Bayesian and the uncertainty factor as a result of the actual mobility of people. In Section 3, we will use real data and provide some
simulations to demonstrate the performance of the computational model, and we will close this work with a conclusion section.

Related works

The compartment maodel is due to human (host) and mosquito (vector) populations. The human population is referred the
disease status (for instance, the susceptible host-infected host-recovered host model). In contrast, the mosquito population has two
compartments, namely susceptible and infected vectors. The compartment model is expressed in an ordinary differential equation.
This system explains that all individuals in the population can interact with the same possibilities [15-17]. However, individual
interactions are heterogeneous. Therefore, modeling should consider stochastic processes. The stochastic model reveals an individual
in each compartment is regarded as a random variable with specific distribution [ 16]. The stochastic model can also be applied to
the Bayesian paradigm (see, for example, [18-20].

The host in the stochastic model is divided into three classes, namely in the SIR model [21,22]. On the other hand, the vector
is parted into two categories, namely the SI model. The mosquitoes infected by the dengue virus will remain the viral carrier for
the rest of their lifetimes [23]. Mosquitoes transmit the dengue viruses through their bites, and then a mosquito could be infected
by dengue through its bite on an infected human. There is a cross-infection between humans as the host and mosquitoes as the
vector. Three assumptions are as follows: (1) susceptible people can become infected and then recover or die due to the infection, (2)
susceptible aedes mosquitoes can become infective, but they will not recover or die due to the infection because infective mosquitoes
stay infective for the remainder of their lifetimes, (3) the disease spreads in an open environment, with emigration and immigration,
and birth and death in a population, 4) the infective rate of an infected individual is proportional to the number of susceptible, and
5) the recovery rate is proportional to the number of infected. The compartment model described in Fig. 1 is a SIR-SI model. It is
commonly used in studies of the spread of DHF disease in human populations ].

The susceptible, infected, and recovered host classes are represented by .Sﬂ”, J’:‘:’,

R?}’, respectively at time r = 1, 2,...,T and
regad.s- =1, 2,....5. The notation .Sj;’ and _r;’;l represents number of susceptible and infective vectors, respectively. Parameters
""" represent the human birth rates and mosquito death rates, respectively. Furthermore, y"'and b represent the human
recovered rate and bthe biting rate per time, nespecy. The parameter m represents as blood source of the alternative human
available number. Parameters #!"' and "' represent the transmission probability from mosquitoes to humans and from humans to
mosquitoes, respectively. The N fr” and N i'r’ represents the human and mosquito population size, respectively.
The SIR-SI model explained in Fig. 1 can be transformed into the differential equation system [5,25]. T tems are used to
provide a link to stochastic process (see Eq. (1)). The Nfﬂ’ and Ni;’ are assumed to be constant, such that SQJ + !f"_:’ + R{:’ = N®
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The numerical approach used in this work is based on the fourth-order Runge—Kutta family to solve systems of ordinary differential
equations. To m'ide a stochastic generalization of the model (1), we define
@ = s, 10, R, s, 1M0]. v1 € [0.7)
We consider a uniform partition of the interval [0, T] consisting subinterval of N € fl. Define the temporal step size h = % and
to simplify the analytical process of Eq. (1) is delw as
ds drth
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The Runge-Kutta family is a four-stage technique for stochastic form.
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The stage 1 is also known as the Euler method.
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The spread of DHF cases can be transmitted with local and cross site due to social interaction of people. Consequently, an additional
component in Eq. (1) is required, namely the random effect of local (u”' 'y and global (u””) heterogeneity. Random global heterogeneity
represents the actual mobility of people cross locations. Therefore, locatlon we1ghtmg is required. In the Bayesian paradigm, the CAR
model involves weighting between locations represented by the neighbourhood matrix written.

Ugy |0 s ~ N(p Eﬂ:_”” ek P —), (i) represents the number of neighbours at location s, and—1 < p < 1. Based on the analytical
description related to the numerical approach using the Runge-Kutta family, the discretization using the Euler method (or stage 1)
for model (12,is described in Eq. (2)
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Calibration or paramater
estimation:
Simulation for update priors

Prior distribution given observed dats Posterior distribution
Parameter 1 Parameter |
Parameter 2 Parameter 2
oo (| /\ st || o
| data and | g — - d : - del —a= relative
likelihood J a mode risk
of model eviance
Parameter p Parameter p
Fig. 2. Bayesian approach to model calibration.
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Random effect represents the actual mobility of people to provide procedures of variations in the relative risk. The terms A{ST and

B?_'r’ in the model (2) describe the newly infective humans and mosquitoes. In the fundamental model, the count data use the Poisson
distribution for new inw s. The Eg. (2) of the human new infective is assumed to be independent of Poisson distributions. The
parameter ,ﬁ:]” represents a constant term to describe the overall rates of human populations.

The numerical process for the four-order Runge-Kutta is carried out the same as the Euler method or stage 1. Therefore, discretizing

the model (1) using the four-order Runge Kutta is described in Eq. (3) below.
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sl . g(Kll+3K21+3K31 +Ky)

1,

=gy 7 (K + 2K +2K5 + Ky

sf4+1

i i 1,
Rs}’H =R, + E(KH 4+ 2Ky +2K22 4+ Ky3)

s =8y é(KH +2Kyy + 2Ky + Ky)

s0+1 2y

2141

10 =1+ 3 (Kig + 2Kas + 2K, + Ki) @

The Bayesian approach estimates the parameters of models (2) and (3). The Bayesian paradigm is widely used to analyze com-
plex statistical models [19]. In the Bayesian paradigm, the observation data is assumed to have a distribution. The parameters of
models in the Bayesian issue have uncertain properties. Therefore, the parameters will have a prior distribution [16]. Obtaining
posterior distribution requires previous distribution information and the likelihood function. The work of [19] has described some
prior distributions known in Bayesian, namely conjugate, non-conjugate, informative, and non-informative prior.
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@e 1 18
mmary of parameter estimation for both models, 80,000 burn-in 10,000 iterations.

Node Mean  Standard Deviation  MC error  2.5% Median  97.5%  Sample
Euler Method
betaHO 1.077 0,454 0.027 0.257 1.046 2,094 10,000
betaH 0.500 0.526 L1180 0.412 0480 0.512 10,000
betaV 0.003 0.001 0.002 0.417 0.003 0.005 10,000
muH 0.004 0.002 0.025 0.430 0004 0.020 10,000
mu¥V 0.515 0.035 0.003 0.460 0.540 0.590 10,000
deviance 463.4 3.350 0.220 458.5 462.9 470.9 10,000
Four order Runge-Kutta
betaHO 0.5749 0462 0.018 0.126 0968 117 10,000
betaH 0.457 0.536 0.502 0.378 0464 0.508 10,000
betaV 0.002 0.001 0.024 0.319 0002 0.005 10,000
muH 0.003 0.002 0.025 0.330 0.003 0.006 10,000
muV 0.520 0.040 0.004 0.450 0.520 0.580 10,000
deviance 106.5 3.660 0.042 G940 106.6 113.9 10,000
betaH betaV/
0.05F 0.008
0.006
-0.05 (WWM\W 0.004
-0.1F 0.002
-0.15F 0o
-0.2f -0.002
T T T T T T T T
B9800 89850 89900 89950 89800 89850 89000 89950
iteration iteration

(a)Trace plot for )3[“ and ﬂm

betaH betaV/
0.05F 0.006F
— B I 1
-0.05}
B | R 0.002f
-0.15] i

80400 82500 85000 87500 80400 82500 85000 87500
iteration iteration

(b) Quantile plot for ,B[M and ﬁm

Fig. 3. Samples of parameter estimation of the model (1) for four-order RungeKutta, 10,000 iterations and burn-in 80,000,

Materials and methods

DHF data was used as a feeder to measure the approximation accuracy of Euler and ur-order Runge-Kutta. DHF data used as
feeder to measure the approximation accuracy of Euler and the four-order Runge-Kutta. The data set used in this study is the monthly
DHF cases in 10 Kendari, Indonesia districts, which are recorded every om 2019 to 2021. Mandonga, Baruga, Puuwatu, Kadia,

Wua-Wua, Poasia, Abeli, Nambo, Kambu, Kendari, and Kendari Barat. The population density of Kendari is approximately 1.364
people per square kilometer (km?). The highest rainfall rate ranges from 3000 mm® to 3030 mm®, usually from January-April.
Therefore, the number of infective mosquitoes is expected to increase during the season. The rainfall data is obtained from BMKG
Kendari. Rainfall is an essential element in supporting the breeding of mosquito larvae [25]. The incidence of dengue was positively
associated with increased rainfall [20].

Infected mosquito data are calculated from newly infected based on the SIR-51 model.a estimate the total mosquito population, we
use the research conducted by [ 24,25] Nf}’ = S.ﬁSQENiT. The estimate is based on the SIR-SI model for dengue disease transmission

where the g values are set. Here, some of the estimations are based on information taken from an article by [25], =

50
0.0557 x Si:']’. The number of alternative hosts available as the blood source m is assumed to be zero and bis 2.33 [4].
Numerical computations are performed using WinBUGS software. This package is open source to carry out Markov Chain Monte
Carlo (MCMC) analysis of Bayesian models [16]. The observations random sample of (model 2), A‘:'r’ . fork=1,2,...,nis generated

from the posterior distribution of infected humans A‘:'I’. The posterior expected mean number is approximated by i‘;"r’ = ﬂl Yt A{:'r’ "

7
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Fig. 4. Monthly incident rate.

A
The relative risk parameter or Qi’:] is written Qi‘:] = J‘_;’ Therefore, the posterior expected of DHF relative risk is defined as

£x

n "ok n i)

g1 Egm _ ! E Aok _ 1 5t
EF B stk = ("
R e T m e,

The Bayesian approach to model calibration and simulation is described in Fig. 2. The prior distribution is updated by conditioning
on observed data e likelihood of the model. The resulting conditional distribution is the posterior distribution which is generally
approximated via Markov chain Monte Carlo (MCMC) sampling. MCMC methods are tools for simulating data from an arbitrary
distribution of Bayesian frames. The interest in MCMC methods lies in that the preceding samplers are usable for sampling from a
wide range of distributions. Despite this quasi-universality, problems can arise during the algorithm implementation, in particular
numerical overflows, slowness of the runs, or di ties in convergence assessment. The principle of MCMC methods is to create
a random walk in the parameters space, which converges to a stationary distribution, the joint posterior distribution. Whatever
the method used, an important feature is to check that the algorithm has been run long enough to ensure the simulated sample
is representative of the target distribution. Consequently, the first iterations are usually not used for inference and are considered
burning time. Moreover, the simulated values are not independent, thus be needed to obtain acceptable accuracy.

Results and discussion

The Parameter estimation of the model (1) based on the Euler and four order Runge-Kutta method was updated using Markov
Chain Monte Carlo (MCMC) Bayesian. The Euler and four-order Runge-Kutta methods have converged at 10,000 iterations with burn-
in 80,000. The history of the simulation process is cut at 80,000 iterations, and then the simulation process is carried out 10,000
times. This convergence process has fulfilled the properties of MCMC and is reinforced by historical plots. For example, trace and
quantile plots show that the historical method for 10,000 times is in the same zone (see Fig. 3). A summary of parameter estimation
for model (1) is presented in Table 1. The numerical simulation results show that the four-order Runge-Kutta approach has the
slightest deviance, 106.5. The deviance is widely used in Bayesian modeling of goodness-of-fit measures in statistics to compare fitted
models. Several methods can be used to assess goodness-of-fit, including chi-square statistics, Akaike information criterion, Bayesian
information criterion, deviance, and posterior predictive loss. In this study, we use the deviance because it is readily available in
WinBUGS software and identifies weaknesses with other measures, particularly for models with several random effects. The model
with the smallest deviance is the best one. The DHF relative risk analysis for the next step is referring the estimation results of the
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Fig. 5. The relative risk maps using four order Runge-Kutta of the SIR-5I Model.

four-order Runge-Kutta method. Figure 3 shows samples of parameter estimation for g and ("), Other parameter estimates, ™ and
¢, represent the human birth rates or human birth and mosquito death proportions, respectively. The ,™ and §,"? represent
intercepts of humans and mosquitoes are given in Table 1. Because all parameters are proportions means that these parameters have
no units or, in other words, are constants.

The relative risk analysis shows that the dynamics of DHF cases fluctuate from January to July every year. An incidence rate
of monthly aggregate data from 2019 to 2021 confirms the dynamics of DHF from January to July (see Fig. 4). This whole time
represents the dynamics of the spread of dengue each year. However, from January to May, there was a high consistency of DHF
cases. In th| dy, two districts with high case consistency were found, namely Kadia and Wua-Wua districts. The incidence rate
in Figure 4 1s the of the number of cases to the total time of the population per 10,000 persons. This incidence rate measures
the dynamics and risk of DHF occurrence in each district in Kendari City. As an illustration, in Kadia District in January, there were
a dynamic average of 25 cases per 10,000 persons during the 2019-2021 period. Then the dynamics of DHF issues sloped closer to
0 in December. In contrast, in the Puwatu District for January, there was an average dynamic of 7 cases per 10,000 persons during
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the 2019-2021 period. But instead, the dynamics of DHF increased strictly in March by around 21 cases per 10,000 persons, then
decreased to 0 from April to December. For ten districts in Kendari City from January to May, DHF cases fluctuated during the 2019-
2021 period. The incidence rate only captures the dynamics or trends of DHF cases and cannot describe the DHF risk. Therefore, the
incidence rate is used as initial information to analyze DHF risk.

Furthermore, because the spread of DHF cases has a spatial effect, the Kadia and Wua-Wua districts need serious attention to
suppress the rate of reach of DHF in Kendari City. Intensive observation and interventicn in the Kadia and Wua-Wua districts should
be carried out in early January to stop the breeding of mosquito larvae. In other neighbourhoods such as Puuwatu, Kambu and
Kendari Barat, the DHF cases occur temporally as the impacts of DHF cases in the Kadia and Wua-Wua districts (see Fig. 5).

Conclusion

Dengue Haemorrhagic Fever (DHF) is an ancient disease having a vast social, economic, and health burden. Even though the DHF
has been investigated for years, it remains a significant public health problem, especially in tropical countries. Many researchers
in infectious disease were among the foremost to realize the crucial role of statistical models in providing an explicit framework
for understanding the disease transmission dynamics between the host (human) and vector (mosquito). Depending on the type of
infectious disease, there are many stochastic variations in the compartment structure. This research provides a Bayesian stochastic
process for cross-infection or the Bayesian SIR-SI model. The model is involved local and global random effects. A Runge-Kutta family
methods are used to discretize the model, namely Euler and four-order Runge-Kutta methods. For comparison purposes, we use a
monthly DHF dataset of 10 Kendari, Indonesia, districts from 2019-2021. Parameter estimation of the Bayesian SIR-SI model based
on the Euler and four-order Runge-Kutta method was updated using Markov Chain Monte Carlo (MCMC) Bayesian. The Euler and
four-order Runge-Kutta methods have converged at 10,000 iterations with a burn-in of 80,000. The numerical simulation results
show that the four-order Runge-Kutta approach has minor deviance, 106.5. Therefare, this approach is the best one. The relative risk
analysis shows that the dynamics of DHF cases fluctuate from January to July every year.

However, from January to May, there was a high consistency of DHF cases. Two districts with high case consistency were found,
namely Kadia and Wua-Wua. Furthermore, because the spread of DHF cases has a spatial effect, the Kadia and Wua-Wua districts
need serious attention to suppress the rate of a stretch of DHF in Kendari City. Intensive observation and intervention in the Kadia and
Wua-Wua districts should be carried out in early January to suppress the breeding of mosquito larvae. In other neighbourhoods such as
Puwatu, Kambu, and Kendari Barat, the DHF cases occur temporally as the impacts of DHF cases in the Kadia and Wua-Wua districts.
Further research will apply Euler-Maruyama and nonstandard methods for discretization. In general, th g of these models has
been possible because of the availability of different computational techniques, the most notable being Markov chain Monte Carlo
(MCMC). For large models or big data sets, MCMC can be tedious, and reaching the required samples can take a very long time.
Also, autocorrelation may occur, and more iterations may be required. Altematively, the posterior distributions of the parameters
might be approximated in some way. However, most models are highly multivariate, and resembling the full rear distribution may
not be possible in practice. The integrated nested Laplace approximation (INLA) focuses on the posterior margins for latent Gaussian
models. This also means that INLA will be handy when only marginal inference on the model parameters is required.
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