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Abstract

Malaria has been a leading cause of mortality in Thailand for many
decades. The objective was to model of malaria mortality rate in Thai-
land by gender, age, year and region. A retrospective analysis of the
malaria death was conducted by using the national vital registration
database for the 10-year period from 2000 to 2009, provided by the Min-
istry of Interior and coded as cause-of-death using ICD-10. The linear,
Poisson regression and negative binomial models were used for modeling
and forecasting age-specific malaria mortality rates in Thailand. We use
these models to forecast the malaria mortality which is likely to occur
in the near future in order to prevent the malaria mortality through the
use of suitable measures. Among the models fitted, the best were chosen
based on the analysis of deviance and the negative binomial generalized
linear model was clearly appropriate fit. The model contains additive
effects associated with the gender, age group, year and regions. There is
need of malaria control measures to remain on a sustained and long-term
basis for the high malaria burden rate of Thailand.

1 Introduction

Malaria is a potentially fatal tropical disease that’s caused by a parasite known
as Plasmodium. It’s spread through the bite of an infected female mosquito.
The malaria is ranked 5th on the list in the 10 leading causes of death in low-
income countries [1].There were 216 million cases of malaria and an estimated
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655, 000 deaths in 2010. Malaria mortality rates have fallen by more than 25%
globally since 2000 and by 33% in the WHO African Region. Most children
living in Africa was deaths by malaria where a child dies every minute and the
disease accounts for approximately 22% of all childhood deaths [2].

Malaria has been a leading cause of mortality in Thailand. Especially, the
border areas close to Myanmar and Cambodia are affected. Non-immune mi-
grant workers occupied with gem mining in forests, logging, agriculture and
construction are the most vulnerable and most affected. Malaria epidemics oc-
curred periodically in high risk areas, especially along the international borders
of Thailand and Myanmar, and Thailand and Cambodia. The death rate from
malaria for males is currently more than for females. Thailand are marked
differences regional in the level of incidence of malaria [3].

Thailand is a country located at the centre of the Indochina peninsula in
Southeast Asia. It is divided into 77 provinces, which are gathered into 4 groups
of regions by provinces [4]. There are four regions: Central, North, North-Fast
and South. It is bordered to the North by Myanmar and Laos, to the East by
Laos and Cambodia, to the South by the Gulf of Thailand and Malaysia, and
to the West by the Andaman Sea and the Southern extremity of Myanmar.
The estimating Thai population by department of provincial administration
is of 65,479,453 [5]. Sriwattanapongse et al.[6] studied model the patterns of
hospital-diagnosed malaria incidences by month, district and age-group for the
two North-Western border provinces in Thailand. The model used linear re-
gression, Poisson regression and negative binomial regression to forecast the
districts and age groups. Among the models fitted, the best were the negative
binomial generalized linear model. Additional, Sriwattanapongse and Kuning
[7] studied the patterns of hospital diagnosed malaria incidences in districts
and quarterly periods in the North-Western region of Thailand which was de-
scribed by regression models based on principal components. The results show
that malaria incidence rates decreased substantially in most districts during
the study period, but remained very high in border districts with Myanmar.
Investigating regional and temporal patterns is commonly used to detect areas
with malaria problems and to evaluate periods of likely epidemics for a variety
of disease. The forecasting of mortality and disease burden are essential for
setting current and future health system priorities. The objective of our study
was to model and forecast malaria mortality rates in Thailand. Moreover, Sri-
wattanapongse et al [8] studied to model and forecast malaria mortality rate
in Thailand using death certificate reports. Multivariate regression was used
for modeling and forecasting age-specific malaria mortality rates in Thailand.
The trends of malaria mortality remained stable in most age groups with de-
creases in others and decreases during ten-year period (2000 to 2009). Malaria
mortality was higher in males and increase with increasing age .
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2 Materials and methods

Data for registered deaths due to malaria (ICD10: B50-B64) were obtained
from the national vital registration database for the 10-year period from 2000
to 2009.The database is provided by the Ministry of Interior and coded as
cause-of-death using ICD-10 by the Bureau of Policy and Strategy, Ministry of
Public Health.

Age, gender, residential area by region in Thailand and year were selected
as the explanatory variables in studying the mortality rates of malaria. Age was
divided into nine groups (0-9,10-19,20-29,30-39,40-49,50-59,60-69,70-79 and above
80 yrs). For each region and gender combination; linear regression, Poisson and
negative binomial model was used to investigate and forecast malaria mortality
by gender, age group year and regions.

Various approaches have been developed to improve for forecasting morbid-
ity and mortality rates. This paper focuses upon the model proposed by Lee
and Carter [9] and Lee and Miller [10] that used initially for projections of the
age-specific mortality rates in the United States. The Lee-Carter-based model-
ing frameworks is viewed in the current literature as among the most efficient
and transparent methods of modeling and projecting mortality improvements
[11]. This method is also regarded as the state-of-the-art in mortality forecast-
ing and became more and more popular for long-run forecasts of age-specific
mortality rates.

Statistical methods

The present study aims to find a suitable statistical model for predicting
malaria mortality rates of reported death cases of malaria in Thailand with high
risk of disease based on routinely collected data available from the national vital
registration database for the 10-year period from 2000 to 2009, provided by the
Ministry of Interior and coded as cause-of-death using ICD-10. It is interest to
compare the risk of malaria mortality in infants, school children, young adults
and older adults and regions.

Linear regression

The simplest model is based on linear regression with the outcome variable
defined as the mortality incidence rate in a cell indexed by gender, age group,
year, and region. Such incidence rates generally have positively skewed distri-
butions so it is conventional to transform them by taking logarithms. And since
monthly disease counts based on small regions are often zero, it is necessary to
make some adjustment to avoid taking logarithms of 0: the method we use is
to define the outcome as

y:ln<1+%xK)7 (1)

where n is the number of disease cases in the cell, P is the population at risk,
and K is a specified constant(here, K =10,000). Such an observation-driven
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model with k regions could take the form
Yije = p+ o+ B +ne + ve + €45t (2)

where N;;; is a random variable denoting the population reported number of
disease cases in gender i, age group j ,year t for the region of interest k and
n4;: is the sample corresponding number observed, Y;;; is the outcome variable
specified in Equation (1) and y;;; the corresponding number observed, e,
comprises a set of independent normally distributed random variables with
mean 0.In this model we assume that the first of each set of gender, age group,
year and region, and seasonal parameters is 0, that is, oy =0, f; =0, 171 =0
and v, = 0. While linear time trends could be included in the model, they
are less useful for short-term forecasting purposes in the presence of high serial
correlations, and are not considered in the present study.
Generalized linear models

Davis et al [12] suggested observation-driven models for time series counts
N, based on the Poisson distribution with mean A; where In (\;) is expressed as
an additive function of determinants. Thus a suitable generalized linear model
based on the Poisson distribution could take the form:

In(Xije) = p+ a4 B + 1 + Vs (3)

where A;;; is the mean of V;j;.

Poisson models for disease counts are often over-dispersed due to spatial or
temporal clustering of cases, in which case the negative binomial distribution
may be more appropriate. This distribution has an additional parameter and
takes the form

Prob (N, =n) = F(l;(i T);zw) (7 1& > 7 (7 it%t >" ' W

As for the Poisson model ) is the conditional expected value of N;, but the con-
ditional variance is A\, + A\? /v (see for example, Jansakul and Hinde,2004[13]).
The parameter ~ is actually inversely related to the over-dispersion, so that
the Poisson model arises as the special case in the limit as v — o0.

3 Results

Distributions of malaria mortality rates

During the study period from January 2000 to December 2009, numbering
of 2,436 malaria cause-of-death were reported in the national vital registration
database, about 72% were male. The number of cases in a year for a particular
gender, age group, year and region varied from zero to 51 and the corresponding
mortality rates were 1.51 cases per 10,000 which is male, age group 30-39, year
2000 and Northern region. The highest mortality was 1.57 cases per 10,000.
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From model, the estimates of the regression coefficients, standard errors
were estimates and tests for whether each regression coefficient can be assumed
to be zero as in Table 1. While all components in the model are statistically
significant exception age group 10-19 , the linear regression model was r-square
statistics (71.74%). The highest residual of 3.06, corresponding to 9 cases
that occurred among infants below 10 years of age in Central region in 2000,
heralded a small epidemic comprising 4, 4, 3, 4 and 1 cases in the following five
year.
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Figure 1: Plots of Pearson residuals versus asymptotic scores after fitting Pois-
son and negative binomial models for malaria mortality disease counts in Thai-
land.
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Table 1: Regression coefficient and standard errors based on the linear, Poisson
GLM and negative binomial GLM fitted to malaria mortality rates in Thailand.

Linear model Poisson GLM PRy s
Determinant e
Coeff St.Emor Coeff | StEmer Cosff StEmer
Constant -53.000029 | 0.0087681% | -3.02433 | 0.09636% | 209103 | 0.11940%
Gender: Male 0 1 0 1 0 1
Female -0.59%0028 | 0.0421127% | -090530 | 0.04512*% | 093487 | 0.03618%
Age Group: 0-9 0 1 0 1 ] 1
10-19 | -0.0009125 | 0.0893345 0.05492 | 0.11420 | 0.03910 0.13120
20-29 0ATTO750 | 0.0803345* 095406 | 0.09705% | 0.83445 | 0.11701%*
30-39 0.8345250 | 0.0803345* 147409 | 0.09162% | 134943 | 0.11195*
4049 0.8544500 | 0.0803345* 124640 | 0.09520% | 121232 | 0.11435*
30-39 0.83226253 | 0.0893345* 1.14545 | 0.10335* | 109728 | 0.12153*
60-69 09752625 | 0.0893345* 098082 | 0.11712% | 099645 | 0.13274*
70-79 13845903 | 0.0020539* 126208 | 0.13232* | 123957 | 0.14701*
20+ 21304373 | 0.0874731* 142815 | 0.18106* | 139707 | 0.19056*
Year: 2543 0 1 0 1 0 1
2544 04011806 | 0.0941668% | 040056 | 0.06292% | 0425375 | 0.09371%
2545 04488880 | 0.0041668* | 057388 | 0.06611* | 034762 | 0.09542*
2346 -0.8280694 | 0.0041668*% | -1.15673 | 0.08064* | -1.10221 | 0.10637*
2547 06333880 | 0.0941668* | -1.04867 | 0.07714* | 094081 | 0.10253*
2548 00964861 | 0.0941668* | -141717 | 0.08840* | -133820 | 0.11241=
2549 09362917 | 0.0941668% | -1.41466 | 0.08798*% | -1.34870 | 0.11180%
2550 -12801111 | 0.0941668* | -194377 | 0.10916* | -1.88081 | 0.12945%
2551 -12646806 | 0.0941668* | -191336 | 0.10729* | -1.86352 | 0.12820*
25352 -1.5122330 | 0.0947046* | -2.2984% | 0.12648% | -2.26163 | 0.1453335%
Region: Central 0 1 0 1 0 1
North East 02387778 | 0.0593363% | -0.12013 | 0.03488* | 022106 | 0.07357%
North 0.37903536 | 0.0595363* 0.72386 | 0.05127* | 067631 | 0.06972*
South 04225278 | 0.0595563* 0.06779 | 0.06984 | 0.09206 0.08413
df:698 R-squared: 0.7174 Deviance: 1,050.0 Deviance: 822.1
ATIC: 26463 ATC: 2.603.5

*Significant at 5%

Turning to the Poisson and negative binomial regression models given by
Equations (3) and (4), Figure 1 shows plots of Pearson residuals versus cor-
responding (normal or gamma) scores. Since, the deviance was used to test
model specification, the Poisson model gives residual deviances of 1,050.0 and
the negative binomial model gives residual deviances of 822.1 respectively. The
AIC (Akaike information criterion) was a measure of goodness of fit, the Pois-
son model gives AIC of 2,646.3 and the negative binomial model gives AIC of
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2,605.5 respectively, so the negative binomial model is clearly appropriate.

For the Poisson model the sum of the predicted disease counts equals the
sum of the observed counts. However, when the negative binomial model is
fitted using maximum likelihood rather than moment estimators this constraint
is not necessarily satisfied, and satisfying this requirement could govern the
choice of K. We found that choosing K = 10,000 gives sums of predicted disease
counts that are reasonably close to the observed sums.

Table 1 gives the results obtained from fitting the Poisson and negative re-
gression model given by Equations (4) to the malaria mortality disease counts.
The largest Pearson residual for Poisson obtained is 8.89, corresponding to 6
cases reported female among 60-69in South region in 2004.Since four further
cases were reported in the same region and age group in the following four
months (1, 0, 0, and 0 respectively). The largest Pearson residual for nega-
tive binomial obtained is 8.71, it was same as group of Poisson model. The
dispersion parameter of negative binomial estimates is 9.22.

4 Conclusion

We applied linear, Poisson and negative regression to model and forecast the
malaria mortality in Thailand. Among the models fitted, the best were chosen
based on the analysis of deviance and the negative binomial generalized linear
model was clearly appropriate fit.

Mortality was highest in age groups above 30-39 years in Northern area
and year 2000 in male (1.51)and over 80+ in Central year 2002 in female(1.57).
Co-morbidity and decrease immune function are important factors in the in-
creasing malaria mortality among the elderly. In the ten-year period (2000 to
2009), the trends of malaria mortality fluctuation in most age groups with de-
crease in other and trend to decrease. In the Central and Northern, there was
pronounced bulge in mortality among males between 30 and 39 years of age.
Except the Southern, there was pronounced bulge in mortality among male
between 70 and 79 years of age. In addition, there was increase of malaria
mortality fluctuation in most age groups in between 20 and 804 years of age
in female.

Although the Lee-Carter model is often used for forecasting, this non-linear
model cannot be fitted by ordinary regression methods, and thus does not
routinely provide standard errors for estimated parameters. Booth et al.[14]
use of the Lee-Carter method with Australian data is compromised by signif-
icant departures from linearity in the time component and changes over time
in the age component. The model is also expanded to take account of age-time
interactions by incorporating additional terms, but these are not readily in-
corporated into forecasts. Delwarde et al.[15] studied model to forecast future
mortality rates.The result shows that it is possible to smooth the estimated
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x’s in the LeeCarter and Poisson log-bilinear models for mortality projection.
Finally, penalized least-squares or maximum likelihood analysis is performed.
The optimal value of the smoothing parameter is selected with the help of cross
validation.

For each region and gender combination; Wattanavadee et al [11] used mul-
tivariate linear regression model to investigate and forecast malaria mortality
by age group and year. The multivariate linear regression has the additional
advantage is that it takes account of correlations between data in different age
groups. The graphical method provides an informative display of the variation
in mortality by gender, age group and region.

Whereas this study proposed three models; linear, Poisson and negative
binomial regression mode were used to model malaria mortality. Among the
models fitted, the best were chosen based on the analysis of deviance and the
negative binomial generalized linear model was clearly appropriate fit. The
model contains additive effects associated with the gender, age group, year and
regions. The negative binomial regression is another method was to forecast
disease mortality.
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