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Abstract 

The research objectives were to estimate the morbidity rates of Leptospirosis in 

each month of all provinces in Thailand, to determine the trend of Leptospirosis 

over time, to investigate factors influencing on the morbidity rates, and to 

construct the disease maps of the Leptospirosis. The modified generalized linear 

mixed model (GLMM) to include spatial effects and temporal effects was applied 

for spatio-temporal data analysis.  The estimated morbidity rates were used to 

construct the disease maps.  The dependent variables were the number of 

Leptospirosis patients in each month of each province and were assumed to have a 

Poisson distribution. The factors considered were the amount of rainfall, averaged 

temperatures, and regions.  The results showed that the factors influencing on the 

morbidity rates were the amount of rainfall, average temperature, northern region, 

northeastern region, southern region, western region, and eastern region, where 

the central region was a reference region, and there was a linear trend. The 

Leptospirosis maps are easy for readers to identify which areas are at high risk. 

They are a useful tool for planning and controlling the Leptospirosis.  

 

Keywords: Generalized linear mixed model (GLMM), Leptospirosis, Disease 

maps, Spatio-temporal data 

 

1 Introduction 
 

Spatio-temporal data refer to the data collected in each area in succession, for 

example, the number of patients, such as Leptospirosis, Malaria and Dengue fever  
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patients, collected in each area every year. The spatio-temporal data motivated us 

to do this research are the yearly provincial Leptospirosis data in Thailand.   

Leptospirosis is a bacterial disease that affects both humans and animals. Humans 

become infected through direct contact with the urine of infected animals or with 

a urine-contaminated environment. The bacteria enter the body through cuts or 

abrasions on the skin, or through the mucous membranes of the mouth, nose and 

eyes.  Virtually all wild and domestic mammals can harbor the bacteria that cause 

Leptospirosis in their kidneys and genital tracts and act as source of infection to 

humans and other animals.  Rodents were the first recognized carriers of 

Leptospirosis and are considered the primary source of infection to human beings 

[1]. 

 

The Leptospirosis occurs regularly in Thailand. The number of Leptospirosis 

patients is published every year on the website of the Department of 

Epidemiology, Ministry of Public Health [2]. The publication is based on 

descriptive statistics, presenting in tables, graphs, and percentages. The data will 

be more useful if an in-depth analysis is provided.  Factors associated with the 

Leptospirosis, the disease trend and the disease mapping showing the distribution 

of the disease are interesting.  This data analysis requires spatial and temporal 

relation. Models for spatio-temporal data analysis widely used are based on a 

generalized linear mixed model (GLMM). 

 

The GLMM [3] is a highly flexible model because some types of variables can 

be added into the model, for example, variables that represent temporal 

relationships of data and variables that represent spatial relationships. Temporal 

relationship is due to repeated measurements in the form of time series data and 

the spatial relationship is due to the fact that things that are closer together are 

more closely related than those that are far away. There are several ways to 

estimate the GLMM parameters, but the Bayesian method [4] is widely used when 

the model includes spatial and temporal variables. 

 

 [5, 6] presented the estimation of mortality rates by considering spatial 

relationships. A Bayesian model was applied and the spatial relationship is a 

conditional autoregressive model (CAR).  [7] presented a map of malaria in 

KwaZulu Natal, South Africa, using a Bayesian approach.  [8] presented a 

mapping of malaria in Zimbabwe, South Africa, considering the influence of the 

season and environmental factors.   

 

A GLMM with spatial and temporal effects for analyzing Leptospirosis data in 

Thailand has not been used before. Therefore, it has been adopted in this research.  

A Bayesian method was used for parameters estimation. Factors considered were 

the amount of rainfall, average temperature and region.  A linear trend was also 

considered. The estimated morbidity rates were used for disease mapping in 

Thailand.  The results of the study are useful for people involved in the public 

health and the public for the Leptospirosis prevention. 
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2 Method and Application 
 

2.1 Modified generalized linear mixed model (GLMM) to include a spatial 

effect 

Under the condition of knowing random variable values ib  Assume a 

variable ity , 1,...,i m แล ะ  1,..., it n  has a Poisson distribution and independent 

i.e.  i Pois( )bit ity   .   The GLMM model with Poisson distribution And the 

definition is repeated is defined as log( ) T T

it it it i  x β z b , where E( | )bit i ity  , 

β  is  a vector of size 1p of fixed effects related to covariates itx , ib is a vector of 

size 1q  of random effects related to random covariates itz  and  ity  is countable 

random variable, generally we define  
iid

N( , )i b 0 D .  In the case that there is only 

random intercept the model can be written as 

 

log( ) x β
T

it it ib   .                                                                    (1)   

 

The model can be extended to include a spatial effect as  

log( ) x β
T

it it i ib v    ,                                                                  (2) 

 

where iv  has a CAR model [9] which is defined as follows.  Let 1( ,..., )T

mv vv is 

a vector effects varying on location ,  1,...,i i m .  The conditional distribution of 

iv  is defined as 
2

( )

1

| N ,
m

i i ij j i

j

v b v 



 
  

 
v  where  ( ) :i jv v j i   .  2 is a 

conditional variance, ijb is constant where 0iib  for 1,...,i m . 

Let 2 2

1diag( ,..., )m D , by Brook’s Lemma the joint distribution all  v is 

defined as  1, ( )N  v 0 I B D or 
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and  2 1, ( )wN   v 0 D W or 
2

1
p( ) exp ( )

2

T

w


 
   

 
v v D W v . ( )ijwW  is 

the weight matrix showing weight in each area, defining as 

1 if subregions  and j share a common boundary, 

0 otherwise
ij

i i j
w
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ijw = 1 if i  and j  are neighbors where   i j , ijw = 0 if area i  and  j  are apart.  

w D  diag( )iw  is a diagonal matrix, whose members in the main diagonal ( , )i i  

is
i ij

j

w w  Because ( )w D W  is a singular matrix, the ( )p v is not a probability 

distribution. We call van improper CAR.  However, p(v) is usable to model 

random effect not modeling data directly. 

 

2.2 Application 

 

The data used in the study are provincial data in 2016.  They include the 

number of the number of Leptospirosis patients each month in all provinces in 

Thailand and mid-year population, collected from the Department of Disease 

Control, Ministry of Public Health. Rainfall and temperature were collected from 

the Department of Meteorology, Ministry of Information and Communication 

Technology.  The model used for analyzing the data is as follows. 

 

Let ijY be the number of patients in province i  , month j , 1,...,76i  and 

1,...,12j  .  As defined in (2), the correlation of the dependent and independents 

is as follows. 

 

1 2 3 4 5

6 7 8 1

log( ) log( ) * * *

              * * * *

ij i ij ij i i

i i i i

pop rain temp north northeast

south west east b j v

     

  

      

   

                                                                                                                  (4) 

 

where ij is the mean of  ijY , e.g.   E( )ij ijY  .  ipop  is the mid-year population in 

2014 of province i ;  ijrain  is the amount of rainfall in province i at month j ;  

ijtemp  is the average temperature  in province i   at month j ; 1   is the   

intercept; 2 3,   are the coefficients of the rain and temp, 

respectively. 3 4 5 6 7 8, , , , ,       are the coefficients of inorth , inortheast , isouth , 

iwest , ieast , respectively where icentral is the Reference group. 1b is the 

coefficient of a linear trend.  iv is  the spatial effect which follows CAR model 

defined in (3). 

Under a Bayesian method, priors are defined as follows, 

1 8 1,..., , N(0.0,100 000)b  and 
2 InvGamma(1,0.1) .  For parameter 

estimation, Gibbs sampling  MCMC [10]  in OpenBUGS is adopted. 

 

3 Results 
 

3.1 Estimates of risk factors of Leptospirosis 

The estimates of the risk factor of leptospirosis is presented in Table 1.  
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Table 1.  The estimates of the risk factor of leptospirosis 
 

 

Factors Mean 

Standard 

Deviation 

95% Credible 

Interval (CI) 

Relative 

Rate (RR) 

1 (Intercept) -15.1000 0.4722 -16.0400 -14.2000 0.0000 

2 (Rain) 0.0013 0.0002 0.0010 0.0016 1.0013 

3 (Average 

Temperature) -0.0078 0.0116 -0.0305 0.0150 0.9922 

4 (north) 2.3650 0.3693 1.6560 3.1010 10.6440 

5 (northeast) 2.6620 0.3641 1.9630 3.3930 14.3249 

6 (south) 2.7440 0.3906 1.9980 3.5090 15.5491 

7 (west) 1.2870 0.4513 0.4259 2.1830 3.6219 

8 (east) 0.0103 0.5351 -1.0580 1.0380 1.0103 

Central 

(Reference) . . . . . 

1b (Trend) 0.0181 0.0092 0.0002 0.0362 1.0183 

 

 

From Table 1, the effects influencing on Leptospirosis are rainfall (RR 

=1.001), average temperature (RR=0.9922), northern (RR=10.6440), north eastern 

(RR=14.3249), southern (RR=15.5491), western (RR=3.6219), eastern 

(RR=1.0103) where central region is a reference region and trend (RR=1.0183).  

If the rainfall increases by 1 mm, the Leptospirosis morbidity rate will increase by 

0.13%.  If the average temperature increases by 1 C, the Leptospirosis morbidity 

rate will decrease by 0.78%.  The morbidity rate for people in the northern region 

is 10.6440 times higher than the central region. The morbidity rate for people in 

the northeastern region is 14.3249 times higher than the central region. The 

morbidity rate for people in the southern region is 15.5491 times higher than the 

central region.  The morbidity rate for people in the western region is 3.6219 

times higher than the central region. The morbidity rate for people in the eastern 

region is 1.03% higher than the central region.  With each passing month, the 

Leptospirosis morbidity rate will increase by 1.83%. 

 

3.2 The estimates of Leptospirosis morbidity rate in Thailand 

 

The estimated morbidity rate of Leptospirosis in each month in the 

provinces with an average of more than 20 people is shown in Table 2. 
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Table 2 Estimated  morbidity rate of Leptospirosis in each month in the provinces 

with an average of more than 20 people (per 1,000,000  population) 

Province Month 

 

Morbidity rate of Leptospirosis 

Mean 

Standard 

Deviation 95% Credible Interval 

Phang Nga September 59.00 8.92 43.06 77.83 

Phang Nga October 33.49 4.18 25.87 42.14 

Sisaket October 23.14 1.44 20.41 26.03 

Sisaket August 22.60 1.37 20.02 25.37 

Sisaket September 22.57 1.37 19.97 25.33 

Phang Nga October 22.55 2.80 17.45 28.37 

Loie September 21.11 1.97 17.49 25.15 

Phang Nga July 20.81 2.55 16.16 26.12 

Phang Nga May 20.72 2.56 16.04 26.00 

Phang Nga June 20.47 2.52 15.89 25.68 

Sisaket May 20.23 1.29 17.82 22.84 

 

Table 2 shows the provinces and months with high morbidity rates ranking 

from highest to lowest, Phangnga in September (59.00), Phang Nga in August 

(33.49), Sisaket in October (23.14), Sisaket in August (22.60), Sisaket in 

September (22.57) Phang Nga in October (22.55), Loie in September (21.11), 

Phang Nga in July (20.81), Phang Nga in May (20.72) and Phang Nga in June 

(20.47), respectively. 

 

3.3 Spatial effects 

 

     The spatial effect each province on the Leptospirosis is presented in Table 3. 

  

Table 3 The spatial effect each province on the Leptospirosis in Thailand 

Province 

Spatial Effects 

Mean 

Standard 

Deviation 95% Credible Interval 

Uthaithani 1.48 0.41 0.68 2.28 

Sisaket 1.42 0.19 1.04 1.80 

Loie 1.34 0.20 0.94 1.74 

Phetchaburi 1.21 0.56 0.11 2.31 

Mae Hong Son 1.20 0.27 0.67 1.72 

Surin 1.18 0.20 0.80 1.57 

Phang Nga 1.18 0.26 0.66 1.67 

Chanthaburi 1.04 0.36 0.34 1.78 

Lampang 1.03 0.23 0.57 1.49 

Amnat Charoen 1.02 0.22 0.58 1.46 
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Table 3 shows that the top ten spatial effects in Thailand ranking from 

highest to lowest value.  They are Uthaithani (1.48), Sisaket (1.42), Phetchaburi 

(1.21) , Loie (1.34), Mae Hong Son 1.20),  Surin (1 .18) , Phang Nga (1 .18) , 

Chanthaburi (1.04), Lampang (1.03) and Amnat Charoen (1.02), respectively. 

 

3.4 Leptospirosis maps in Thailand 

Maps of Leptospirosis in Thailand from January to December are shown in 

Figure 37-48, respectively.  From Figure 37-48, it is easy to see that which 

provinces have high risk of Leptospirosis. The risk level varies from color to 

color. 

 

4 Discussion 
 

The results of this study reveal the factors and magnitude of influence of 

various factors affecting the morbidity rate of Leptospirosis in Thailand. Rainfall 

influences the morbidity rate of Leptospirosis. This is consistent with the 

knowledge of the outbreak of the Leptospirosis. The Leptospirosis is most 

common in the rainy season. Rain will wash away germs from the environment  

    

            Fig. 37   Fig. 38  Fig. 39  Fig. 40 

Fig. 37-40.  The morbidity rates of Leptospirosis in January to April 

 

Fig. 41   Fig. 42  Fig. 43  Fig. 44 

 

Fig. 41-44.  The morbidity rates of Leptospirosis in May to August 
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Fig. 45   Fig. 46  Fig. 47  Fig. 48 

Fig.45-48. The morbidity rates of Leptospirosis in September to December 

 

into flooded areas. The Leptospirosis is caused by bacteria in the urine of carriers 

such as rats, pigs, buffaloes, dogs and raccoons. The infection is latent in areas 

where floods, mudslides, basins, canals, waterfalls, rivers and canals. The germs 

live in those areas for months depending on the environment. 

 

Temperature influences the morbidity rate of Leptospirosis.  This is consistent 

with the results of a study of the growth of Leptospira bacteria that cause 

Leptospirosis.  The disease lasts for months at about 28 -30 degrees Celsius and 

cannot grow at temperatures below 7-10 degrees Celsius or above 34-36  degrees 

Celsius [11].  The disease is found in all parts of Thailand. The south and the east 

have highest risk. The province with the highest rate of disease in the south is 

Phang Nga and in the northeast is Sisaket.  The northeast and south are risky 

regions for this disease because they are areas with large populations of livestock 

farming and farming. These occupations are very vulnerable to the disease 

because of the being with the animals, walking in the plots that are often watery 

slime, and being soaked in water for a long time. 

 

Leptospirosis is likely to increase over a course of a month.  This might be due 

to no vaccine at this present time. The key is that people must know to take care 

and protect themselves. Farmers who farm animals have the opportunity to touch 

the contaminants in the water. Disease-based mapping of color differences shows 

the degree of risk of disease. The emphasis is on high risk areas. It is easier to 

view. This study is beneficial for the public health people in the area of 

emergency planning for disease control planning.  The limitation of this study is 

that the data is at provincial level.  Therefore, the results show the overall 

Leptospirosis situation. In the next research, there should be the study of the 

Leptospirosis at the individual level or smaller area.  This model can be applied to 

other kinds of disease types. 
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5 Conclusion 
 

The modified generalized linear mixed model (GLMM) to include spatial 

effects and temporal effects was applied.  The estimated morbidity rates were 

used to construct the disease maps. The results showed that the factors influencing 

on the morbidity rates were the amount of rainfall, average temperature, northern 

region, northeastern region, southern region, western region, and eastern region, 

where the central region was a reference region, and there was a linear trend. 
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