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Abstract

Dengue fever (DF) and dengue haemorrhagic fever (DHF) pose a constant serious risk and continue to

be a major public health threat in Thailand. A better understanding of the factors responsible for this

affliction will enable a more precise prediction of the location and time of high-risk events. Mapping

spatial distribution of disease occurrence and risk can serve as a useful tool for identifying exposures of

public health concern. A Geographical Information System (GIS)-based methodology to investigate the

relationship between the reported incidence of dengue fever and spatial patterns in nine districts of

northern Thailand was analysed for the years 1999 to 2003. From the average prevalence of dengue

cases in each district in different years, it is apparent that 2001 had the highest values, followed by

2002, 1999, 2000 and 2003 in that order. With Moran’s I and Geary’s Ratio, only the year 2001

showed spatial patterns with statistical significance.
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Introduction

Dengue is among the ten leading causes of

hospitalization and death in children in tropical

Asian countries, including Thailand.

Geographers and epidemiologists explain some

of the ways how the Geographical Information

System (GIS) can be applied for the prevention

and control of this infection. Dengue, a vector-

borne viral disease, generally emerges in certain

seasons; therefore, the climate seems to be

an important factor. Another important factor

could be the physical setting of the locations

where these diseases frequently occur. Physical

factors derived from remotely-sensed data

could indicate variation in the physical risk

factors affecting DF/DHF.
[1]

 Spatial statistics are

the most useful tools for describing and

analysing how various geographical events

occur.
[2]

 Spatial analysis has been employed to

evaluate the relationships between

geographical locations and DF/DHF case

incidences.

In the case of infectious disease

epidemiology, GIS can be used effectively to

integrate data temporally and spatially.
[3]

Temporal patterns are of particular concern with

emerging and re-emerging infectious diseases.

Recently, GIS and remotely-sensed data are

being used to evaluate and model the

relationships between climatic and

environmental factors with the incidences of

viral diseases. It is mentioned by a researcher
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that remote sensing and geodesy have the

potential to revolutionize the discipline of

epidemiology and its application in human

health.
[4]

 The emergence of DF/DHF has been

detected since the 1950s in Thailand.
[5]

 The

main vector for the transmission of dengue

viruses circulating in Thailand is the Aedes

aegypti mosquito.
[6]

 Dengue in Bangkok peaks

during the monsoon months of June to
 

October.

Before 1979, few dengue cases occurred during

the cool, dry winter months of December and

January. But since 1979,
 

dengue cases have

occurred all the year round.
[7]

 In Thailand,

dengue outbreaks first occurred in Bangkok in

a pattern with a two-year cycle, and

subsequently in irregular cycles as the disease

spread throughout the country.

A GIS-based methodology is proposed in

this paper to investigate the relationship

between the reported incidence of dengue

infection and spatial patterns.

A common measure used by epidemiologists

to identify increases in case occurrence of

diseases is the ratio of case numbers at a

particular time to past case occurrence using the

mean or median. Although the method is quite

simple to compute, it requires the availability of

five years of past data. Space-time interaction

among health events or between health events

and environmental variables is an important

component for epidemiological studies and

public health surveillance. Statistical analysis of

geographical data has been greatly enhanced in

recent years with the advent of GIS.

Materials and methods

Sukhothai province, located in northern

Thailand, was selected as the study area (Figure

1). This province consists of nine districts: Muang

Sukhothai, Ban Dan Lan Hoi, Khiri Mat, Kong

Figure 1: Location map of study area, Sukhothai, Thailand
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Krailat, Sawankhalok, Si Nakhon, Si Samrong, Si

Satchanalai and Thung Saliam. GIS database was

developed for each district. Data of confirmed

cases of dengue over a five-year period (1999-

2003) were reviewed (Table 1). Dengue case

incidence data was obtained from Sukhothai

Provincial Public Health office. The DHF

incidences were recorded at the district level.

Spatial statistics are formulated specifically

to take into account the locational attributes of

the geographical objects studied. We can use

spatial statistics to describe the spatial patterns

formed by a set of geographical objects and

compare them with the patterns formed at

different times of the study area. Use of spatial

autocorrelation statistics to describe and measure

spatial patterns formed by geographical objects

that are associated with areas was undertaken.
[8]

The
 

spatial statistics approach is based on the

influence of case prevalence.

Joint count statistics

The use of joint count statistics provides a

simple and quick way of quantitatively

measuring the degree of clustering or dispersion

among a set of spatially adjacent area.
[2]

 This

method is applicable to nominal data only.

Because the statistics are based on comparing

the actual and expected counts of various types

of joints between adjacent polygons having the

same or different values, the nominal data

appropriate for this method are limited to

binary data. Binary data are those with only

two possibilities as high/low incidences. To

simplify the description, let’s use black (A) and

white (B) to indicate the two possible attribute

values associated with polygons.

Consequently, the various types of joints would

be black-black (AA) joints, black-white (AB)

joints and white-white (BB) joints.

Moran and Geary Indices

Moran’s I Index is a simple translation of a non-

spatial correlation measure to a spatial context

and is usually applied to area unites where

numerical ratio or interval data are available.

Moran’s I can be defined simply as:

Table 1: Reported cases of DF/DHF per 100 000 population, 1999-2003

District Name Cases 1999 Cases 2000 Cases 2001 Cases 2002 Cases 2003

Muang Sukhothai Thani 20 24 413 197 13

Ban Dan Lan Hoi 4 22 134 47 10

Khili Mat 17 8 161 133 5

Kong Krai Lat 6 5 202 76 29

Si Samrong 14 17 282 121 26

Sawan Khalok 30 21 206 70 8

Thung Saliam 41 1 27 28 1

Si Nakhon 6 3 40 50 4

Si Satchanalai 30 6 46 30 18

Total 168 107 1511 752 114
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where, x
i

 is the value of the interval or

ratio variable in area unit i. Other terms have

been defined previously. The value of Moran’s

I ranges from -1 for negative spatial

autocorrelation to 1 for positive spatial

correlation.

Similar to the Moran’s I method of

measuring spatial autocorrelation, Geary’s Ratio

C also adopts a cross-product term. Geary’s

Ratio is formally defined as:

In Geary’s Ratio, instead of comparing the

neighbouring values with the mean, the two

neighbouring values are compared with each

other directly.

Results

The dengue case data was recorded at the district

level over a five-year period (1999–2003) which

reported 168, 107, 1511, 752 and 114 DF/DHF

cases from January to December in 1999, 2000,

2001, 2002, and 2003 respectively in the

Sukhothai province. The data shows that the

most affected district was Muang Sukhothai

Thani district (Table 1).

Table 2 shows the values derived from

the spatial autocorrelation calculation. From

the average prevalence of dengue cases in

each district in different years, we can see

that the year 2001 had the highest value,

followed by 2002, 1999, 2000 and 2003 in

that order. The Z-values for the joint count

statistics among the five years show various

degrees of departure from a random pattern

(Figure 2). In 2001, we have only more AA

joints and BB joints but fewer AB joints than

a random pattern with statistical significance.

The years 1999, 2000, 2002 and 2003 have

similar patterns. With Moran’s I and Geary’s

Ratio, only the year 2001 shows spatial

patterns with statistical significance and

strongest spatial pattern. With the largest

Moran’s I and the smallest Geary’s Ratio, 2001

has the most clustered pattern of a positive

spatial autocorrelation. Furthermore, 2001 has

the high R-square value in the Moran

scatterplot, with the steepest slope for the

regression line.

A value is derived for each district and the

results can be mapped. Figure 2 includes the

nine districts of Sukhothai province. The darker

shade represents certain characteristics

associated with the district when it appears to

have a high cluster of similar values of spatial

autocorrelation on the northern side of the study

area. The local Moran index reflects how

neighbouring values are associated with each

other. From Figure 2, we can see that the average

of DF/DHF case prevalence in Si Satchanalai

district in the northern part of the province has

the highest local Moran values. In addition, a

graphical tool, the Moran scatterplot, used to

present spatial autocorrelation visually, is

included. In 2001, this situation is only known

as having positive spatial autocorrelation, or a

pattern in which similar values are close to each

other. The other years have a dispersed pattern

or negative spatial autocorrelation. In Sukhothai,

the dengue case prevalence per 100 000

population among the nine districts in 2001 had

moderately positive spatial autocorrelation. The

scatterplot in Figure 3 shows that the dengue

case (x) is positively related to the spatial weights

and dengue case (Wx). The slope is 0.417,

which is highly positive. The R-square is equal

to 0.44, indicating moderately positive spatial

autocorrelation.

I =

C =
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Table 2: Spatial autocorrelation statistics on dengue epidemic in Sukhothai province, Thailand,

during 1999-2003

1999 2000 2001 2002 2003

Average of 33.85 19.94 267.57 137.06 19.25

prevalence of

DF/DHF cases

AA joint 3 3 5 4 1

Z (AA) value 0.015 -0.543 0.826 -0.210 -0.796

BB joint 4 4 7 2 3

Z (BB) value -0.210 0.420 0.790 -0.390 -0.543

AB joint 8 8 3 9 11

Z (AB) value 0.152 0.152 -1.133 0.409 0.923

Moran Index -0.072 -0.071 0.417 -0.048 -0.362

Z (Moran) 0.224 0.225 2.271 0.321 -0.993

Geary’s Ratio 0.970 0.968 0.525 0.928 1.159

Z (Geary) -0.189 0.288 0.604 -0.075 0.271

Moran scatterplot

R
2

0.468 0.029 0.435 0.006 0.499

a (intercept) -0.036 0.086 0.026 -0.050 -0.136

b (slope) 0.478 -0.071 0.417 -0.048 -0.362

Figure 2: Mapping of local indicators of spatial autocorrelation in

Sukhothai province, Thailand
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Figure 3: Moran scatterplot for prevalence

per 100 000 population in 2001

Discussion

Spatial autocorrelation can be a valuable tool

to study how spatial patterns change over

time. Results of this type of analysis lead to

further understanding of how spatial patterns

change from the past to the present, or to

estimations of how spatial patterns will change

from the present to the future. These methods

have been used to measure spatial

autocorrelation of nominal and interval/ratio

data. Specifically, joint count statistics have

been used to measure spatial autocorrelation

among polygons with binary nominal data

(district). For interval/ratio data (case

incidences), Moran’s I Index, the Geary Ratio

and local indicators for spatial association are

taken into account. A spatial pattern can be

clustered, dispersed, or random.

This paper has explored the potential of

GIS technology to analyse the spatial factors

affecting DF/DHF epidemic. Therefore, GIS

applications and spatial data are often treated

as data without a spatial dimension. This study

covers only nine districts; the Moran scatterplot

does not reveal any obvious outliers. Inclusion

of spatial patterns in epidemiological studies is

important for the understanding of spatial and

diffusion processes and is made possible by

the use of a GIS. GIS may play an important

role in the use and analysis of public health

data. A multidisciplinary approach can explore

the possibilities offered by spatial and temporal

analytical techniques.
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