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Optimal discretization for geographical detectors-based risk
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Feng Cao, Yong Ge* and Jin-Feng Wang
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Sciences and Nature Resources Research, Chinese Academy of Sciences, A11Datun Road,
Beijing 100101, China

The geographical detectors model is a new spatial analysis method for the assessment
of health risks. It is adapted to discrete risk factors. Meanwhile, the geographical
detectors model also effectively analyzes the continuous risk factors by discretizing the
continuous data into discrete data. The biggest difficulty is in deciding how to
discretize continuous risk factors using the most appropriate discretization method.
In this paper, we will discuss the selection of an optimal discretization method for
geographical detectors-based risk assessment, and exemplify the process using neural
tube defects (NTD) from the Heshun County, Shanxi Province, China.
Keywords: geographical detectors; discretization; risk assessment; NTD

Introduction
Spatial analysis is widely used in public health research because of its powerful data
analysis and visualization abilities. The earliest application of spatial analysis was in
1854, when John Snow mapped the addresses of cholera cases in London, England and
discovered the source of the cholera outbreak. With its increasing development, there is an
increase in the use of spatial analysis methods in public health research. Exploratory
spatial analysis methods such as Getis G, LISA, and spatial scan statistics can identify
hot-spot areas of a disease by comparing the disease rates between regions and their
surrounding areas (Getis and Ord 1992; Anselin 1995; Kulldorff 1997; Li et al. 2011).
This is very important for the generation of early warning and prevention strategies.
Spatial clustering methods can also identify disease hot-spot areas. For example, Wang
et al. (2006) used the nearest-neighbor hierarchical clustering method to analyze the
spatial clustering of SARS in Beijing, 2003, and found strong associations between the
ring roads, the light railway, and SARS. This analysis provided information that was
crucial to SARS prevention. Spatial regression analysis methods can reveal potential
disease risk factors by analyzing the spatial variability between a health outcome and its
associated social, economic, and environmental risk factors (Best, Ickstadt, and Wolpert
2000; Nakaya et al. 2005). Spatial data mining methods such as neural networks, support
vector machines, rough sets, and Bayesian networks mine the potential associations
between health and its risk factors. They can also provide effective health risk assessments
and predictions (Lisboa and Taktak 2006; Magnin 2009; Bai et al. 2010; Liao et al. 2010).
The geographical detectors model is a new spatial analysis method used to assess health
*Corresponding author. Email: gey@lreis.ac.cn
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and environmental risks. The model can resolve the following four questions: (1) What is
the geographical domain of health risk? (2) What are the environmental parameters
responsible for the risk? (3) What is the relative importance of each risk factor? (4) Do
the risk factors operate independently or are they interconnected? The model has been
applied to the risk assessment of neural tube defects (NTD) and under-five earthquake
mortality (Wang et al. 2010a; Hu et al. 2011). Wang and Hu (2012) developed a software
called GeogDetector to perform the tasks of geographical detectors.
Most spatial analysis methods used in public health primarily focus on continuous risk
factors. However, many risk factors are discrete variables, such as land cover, watershed,
and soil type. The geographical detectors model is a method that can analyze the relationship between discrete risk factors and health outcomes based on a spatial variance
analysis. Moreover, it can still effectively model the continuous risk factors. In the
geographical detectors model, continuous risk factors are transformed into discrete intervals before its relationship with health outcomes is analyzed. User-defined discretization
is used in the geographical detectors model and the GeogDetector software for continuous
risk factors (Wang et al. 2010a; Hu et al. 2011). The user-defined discretization needs to
assign the number and values of cut points which is subject to weaknesses such as
randomness and subjectivity. In order to overcome these drawbacks, we discuss the
selection of an optimal unsupervised discretization method for continuous risk factors.
The number of cut points needs to be assigned for unsupervised discretization methods.
The power of determinant (PD) value and the interactive PD value are two novel
indicators used to assess the relationship between health outcomes and their environmental risk factors in the geographical detectors model (Wang et al. 2010a; Hu et al.
2011). In this paper, we describe the process of using both the PD and the interactive PD
values to select the optimal discretization method. We use the NTD from the Heshun
County, Shanxi Province, China to exemplify this process in detail. Five unsupervised
discretization methods, namely Equal Interval (EI), Natural Breaks (NB), Quantile (QU),
Geometrical Interval (GI), and Standard Deviation (SD), are used to discretize elevation
and GDP (continuous risk factors of NTD). The calculated PD and interactive PD values
are used to select the optimal method for discretizing elevation and GDP. The relationships between elevation, GDP, and NTD may be more meaningful when the risk factor
variables are discretized.

Methods
Geographical detectors
The geographical detectors model proposed by Wang et al. (2010a) is based on spatial
variance analysis. It can be used for assessing the relationship between health outcomes and
their environmental risk factors. The geographical detectors model consists of four parts,
namely risk detector, factor detector, ecological detector, and interactive detector. For more
details about the geographical detectors model please see Wang et al. (2010a). Briefly:
(1) The risk detector compares the differences in average disease rates between subregions generated by a risk factor. It uses t-tests to identify whether the average
disease rates among different sub-regions are significantly different. Greater
differences mean greater danger to the health of people within the sub-region.
(2) The factor detector uses the PD to assess the impact of risk factors on the spatial
pattern of a disease. Higher PD means the risk factor has a stronger contribution to
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the occurrence of the disease. It uses F-tests to compare whether the accumulated
variance of each sub-region is significantly different from the variance of the
entire study region.
(3) The ecological detector assesses whether the impacts of two risk factors on the
spatial distribution of a disease are significantly different. It also uses F-tests to
compare the variance calculated in a sub-region attributed to one risk factor with
the variance attributed to another risk factor.
(4) The interaction detector consists of seven parts: Enhance, Enhance-bi, Enhancenonlinear, Weaken, Weaken-uni, Weaken-nonlinear, and Independent. It compares
the combined contribution of two individual risk factors to a disease, as well as
their independent contributions. By doing so, it assesses whether the two risk
factors weaken or enhance each another, or whether they independently influence
the development of the disease.

Discretization
There are four levels of data measurement: nominal, ordinal, interval, and ratio. Nominal
and ordinal data are discrete, while interval and ratio data are continuous (Haining 2003).
The aim of discretization is to transform the continuous data into discrete data. Compared
with continuous data, discrete data are easier to understand, use, and explain and are
closer to a knowledge-level representation (Dougherty, Kohavi, and Sahami 1995; Liu
et al. 2002).
Data discretization is the process whereby continuous data are divided into a number
of intervals with selected cut points, where each interval is mapped to a qualitative
symbol. A cut point is a value from the adjacent continuous data that divides it into
two intervals. In actual applications, researchers always discretize continuous data with
user-defined discretization and select the cut points according to their experience (Liao
et al. 2010; Wang et al. 2010a). The user-defined discretization is subject to weaknesses
such as randomness and subjectivity. In order to overcome those drawbacks, some
discretization methods are generated based on the statistical characteristics of the data
(Kerber 1992; Dougherty, Kohavi, and Sahami 1995; Kurgan and Cios 2004; Tsai, Lee,
and Yang 2008; Ge, Cao, and Duan 2011; Fischer and Wang 2011). Many researchers
have classified the discretization methods with different taxonomies. Supervised and
unsupervised are two commonly used method categories (Liu et al. 2002; Yang, Webb,
and Wu 2005). Supervised discretization methods relate class information to the selection
of cut points. Appropriate cut points are selected so that the data instances have the same
class label, and the labels are different across consecutive intervals. Unsupervised discretization methods do not consider class information during the discretization process.
Where no class information is available, unsupervised discretization is the only choice for
researchers. Unsupervised discretization methods are very simple, and directly divide
continuous data with user-defined parameters. The following is a description of the
most commonly used unsupervised discretization methods (Jenks 1967; Fischer and
Wang 2011):
(1) The equal interval (EI) method equally divides the entire range of data values into
specified intervals without taking into account the number of data values in each
interval. The choice of cut points only depends on the data range, ignoring the
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distribution of the data. The method is very simple and performs better when the
data has a normal distribution.
The quantile (QU) method classifies data into a specified number of intervals with
an equal number of units in each interval. The algorithm may lead to objects with
the same values being assigned to different discrete intervals. In addition, the
values within the same discrete interval may be very different. This method is
suitable for data with a linear distribution.
The natural breaks (NB) method is designed to determine the best arrangement of
values into different intervals. This is done by seeking to minimize each interval’s
average deviation from the interval mean, while maximizing each interval’s
deviation from the means of the other groups. In other words, the method seeks
to reduce the variance within intervals and maximize the variance between
intervals.
The geometrical interval (GI) method creates geometrical intervals by minimizing
the square sum of the elements per interval. This ensures that each interval has
approximately the same number of values and that the change between intervals is
consistent. This method was designed to work on data that are heavily skewed by
a preponderance of duplicate values. The specific benefit of the geometrical
interval method is that it works reasonably well on data that are not normally
distributed.
The standard deviation (SD) method calculates mean values and standard deviations. Cut points are then created using these values. The method shows how
much a feature’s attribute value varies from the mean. A large standard deviation
indicates that the data points are far from the mean and a small standard deviation
indicates that they are clustered closely around the mean.

Flowchart of discretization method assessment
The transformation of continuous into discrete risk factors using appropriate unsupervised
discretization methods is an important and difficult issue. However, there are no clear
ways to assess the effectiveness of unsupervised discretization methods. Here, the PD and
interactive PD values calculated by the geographical detectors model are used to assess
the effectiveness of different discretization methods. The PD value is an indicator of the
influence of risk factors on the spatial pattern of a disease. The interactive PD value is an
indicator to assess whether two risk factors when taken together weaken or enhance each
other, or if they are independent in developing the disease. The higher PD and interactive
PD values can better reflect the relationship between health outcomes and their environmental risk factors (Wang et al. 2010a, Hu et al. 2011). The higher the PD and interactive
PD values, the better the discretization method. In this paper, we describe the process of
using PD and interactive PD values to assess unsupervised discretization methods.
Figure 1 displays a flowchart of the assessment of the discretization methods. The three
assessment steps are as follows: (1) select the discretization methods and range of
intervals representing different discretization levels, and then use them to discretize the
continuous risk factors; (2) calculate the PD values of the discretized continuous risk
factors using the factor detector, and the interactive PD values with the interaction
detector; and (3) compare the PD and interactive PD values at each level of the discretization method, and output the optimal discretization method that has the highest PD
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Figure 1.

Flow chart of optimal discretization method assessment.

and interactive PD values. The PD value is the main indicator for the assessment of the
discretization method; the interactive PD value is the auxiliary indicator of when the PD
values are nearly the same for different discretization methods. We will exemplify the
above process with NTD data.
Experiments
Data description
The study area is the Heshun County, which includes 326 administrative villages located
in the northern region of Shanxi Province, China (Figure 2). One hundred and eightyseven cases of neural tube defects (NTD) were reported during the period 1998–2005, and
its incidence rate was very high. A great deal of NTD research has been conducted in this
area. Both physical and man-made environmental exposures are thought to contribute to
the prevalence of NTD (Wu et al. 2004). Liao et al. (2010) used spatial filtering to detect
potential annual clusters, and Kruskal–Wallis tests and Multivariate regression analysis
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(a) China
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Figure 2.
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Study area: (a) China, (b) Shanxi Province, and (c) Heshun Country.

were used to identify the environmental risk factors for NTD. Bai et al. (2010) used rough
set theory to mine the decision rules of environmental risk factors for NTD. Some
continuous risk factors were discretized using the MDL method before applying to the
risk prediction of NTD using rough set theory. Wang et al. (2010a) used the geographical
detectors model to study the relationship between environmental risk factors and NTD
incidence rates. The continuous risk factors were discretized with user-defined discretization. The efficacy of the discretization used was not discussed. In this paper, we discuss
this problem in terms of the PD and interactive PD values calculated by the geographical
detectors model.
In previous studies, watershed type, soil type, elevation, and GDP were considered
risk factors of NTD (Bai et al. 2010; Liao et al. 2010; Wang et al. 2010b). There probably
exists an underlying relationship between the direct cause of NTD and the four risk
factors. Therefore, in our paper, the four risk factors are used to discuss the suitability of
unsupervised discretization methods. Watershed type and soil type are the discrete risk
factors, while elevation and GDP are continuous risk factors. These data can be acquired
from the sample data attached to the GeogDetector software. Figure 3 displays maps of
these factors. We will compare the PD and interactive PD values generated by the
geographical detectors model with elevation and GDP discretized using different unsupervised discretization methods, and describe the selection of the optimal method.
Discretization of elevation and GDP
In this paper, we use the EI, QU, GI, NB, and SD methods to discretize elevation and
GDP. The primary number of intervals needs to be set for all of these discretization
methods. Selecting the optimum number of intervals is a very difficult task. Here, we set
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Maps of (a) elevation, (b) GDP, (c) watershed type, and (d) soil type in Heshun Country.

the number of discretization intervals as 2–8, representing different discretization levels.
When the number of discretization intervals is determined, we can get the cut points of
elevation and GDP according to the five discretization methods. The values lower than the
cut points belong to the former interval. We then compare the PD values of the five
discretization methods at each level. The optimal number of intervals and discretization
method are determined when the PD and interactive PD values are relatively high.
Results
The PD values of elevation and GDP divided into a range of 2–8 intervals using the five
discretization methods were calculated using the factor detector (Table 1). The interactive
PD values for watershed, elevation, and GDP and the interactive values for soil type,
elevation, and GDP were calculated using the interaction detector (Table 2). To effectively
analyze the PD and interactive PD values in Tables 1 and 2, six maps were drawn (Figures
4–9), which give direct and visual expressions of the PD and interactive PD values and
reflect the changes among different discretization levels very well.
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Table 1. The PD values for elevation and GDP divided into a range of 2–8 intervals using the five
discretization methods.
PD values
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Discretization
methods
EI
QU
NB
GI
SD
EI
QU
NB
GI
SD

Risk factors

Elevation

GDP

2

3

4

5

6

7

8

0.171
0.171
0.171
0.171
−
0.000
0.040
0.000
0.042
−

0.206
0.206
0.189
0.186
−
0.000
0.028
0.047
0.046
−

0.137
0.194
0.194
0.190
−
0.000
0.096
0.049
0.045
0.000

0.184
0.226
0.184
0.185
−
0.000
0.185
0.066
0.049
−

0.202
0.230
0.188
0.198
−
0.00
0.147
0.121
0.039
−

0.177
0.226
0.183
0.189
0.184
0.000
0.120
0.226
0.182
0.000

0.173
0.226
0.183
0.181
−
0.012
0.117
0.220
0.120
−

Discussion
Optimal discretization of elevation
Figure 4 displays a map of the PD values for elevation divided into a range of 2–8
intervals using the five discretization methods. For the EI method, the PD value was
highest when elevation was divided into three intervals. For the QU method, the PD value
was highest when the elevation was divided into six intervals, and had an increasing trend

Table 2. Interactive PD values for watershed type, soil type and elevation, GDP divided into a
range of 2–8 intervals using the five discretization methods.
Interactive PD values
Discretization
methods
EI
QU
NB
GI
SD
EI
QU
NB
GI
SD
EI
QU
NB
GI
SD
EI
QU
NB
GI
SD

Risk factors

Watershed type
and elevation

Soil type and
elevation

Watershed type
and GDP

Soil type and
GDP

2

3

4

5

6

7

8

0.721
0.71
0.71
0.71
–
0.327
0.318
0.318
0.318
–
0.693
0.718
0.694
0.728
–
0.172
0.217
0.173
0.225
–

0.720
0.715
0.717
0.714
–
0.327
0.333
0.321
0.318
–
0.693
0.728
0.711
0.724
–
0.172
0.211
0.205
0.223
–

0.718
0.724
0.715
0.711
–
0.276
0.327
0.338
0.327
–
0.693
0.785
0.708
0.718
0.694
0.172
0.282
0.215
0.224
0.173

0.718
0.733
0.723
0.733
–
0.318
0.351
0.333
0.331
–
0.693
0.81
0.716
0.721
–
0.172
0.356
0.239
0.224
–

0.729
0.739
0.723
0.725
–
0.337
0.368
0.333
0.331
–
0.693
0.806
0.771
0.737
–
0.172
0.328
0.281
0.228
–

0.715
0.738
0.724
0.725
0.717
0.327
0.369
0.333
0.334
0.318
0.693
0.804
0.787
0.801
0.694
0.172
0.315
0.390
0.351
0.173

0.722
0.738
0.724
0.716
–
0.315
0.369
0.337
0.337
–
0.698
0.826
0.786
0.798
–
0.186
0.326
0.390
0.303
–
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Figure 4. Map of PD values for elevation divided into a range of 2–8 intervals using the five
discretization methods.

when the number of intervals was lesser than six and a decreasing trend when the number
of intervals was greater than six. The PD values were very close when elevation was
divided using the NB or GI methods. Using the SD method, elevation was divided into
four intervals and the range was lower than one standard deviation for each interval when
the required number of intervals was less than eight. Following a comparison of all PD
values, the PD value was highest when elevation was divided into six intervals using the
QU method. Figure 5 displays a map of the interactive PD values for watershed type and
elevation divided into a range of 2–8 intervals using the five discretization methods.
Figure 6 displays a map of the interactive PD values for soil type and elevation divided
into a range of 2–8 intervals using the five discretization methods. From these two figures,
it can be seen that the interactive PD values between elevation and watershed or soil type
were highest when elevation was divided into 6–8 intervals using the QU method.
Following a comparison of the PD and interactive PD values, the QU method with six
intervals was regarded as the optimal discretization method for elevation.
The PD value is a quantitative assessment of the impact of elevation on the spatial
pattern of NTD. It was 0.23 when the optimal discretization method was used, which is
higher than the PD value of 0.1 calculated by Wang et al. (2010a) with a user-defined
discretization. Therefore, our discretization method is thought to be more suitable for the
assessment of the impact of elevation on NTD incidence rates. The PD value for
watershed type was 0.669 and the PD value for soil type was 0.132. From Table 2, we
know that the lowest interactive PD value between elevation and watershed type was 0.71,
which is higher than the independent watershed type PD value of 0.669. The lowest
interactive PD value for elevation and soil type was 0.276, which is also higher than the
independent soil PD value of 0.139. This means that elevation and watershed or soil type
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Figure 5. Map of interactive PD values for watershed type and elevation divided into a range of
2–8 intervals using the five discretization methods.

taken together will enhance the independent risks of watershed or soil type. In addition,
the interactive PD value of 0.739 for watershed and elevation discretized using the
optimal method is higher than the 0.734, which was calculated using the user-defined
discretization. The interactive PD value of 0.368 for soil type and elevation discretized
using the optimal method was also higher than the 0.279, which was calculated using the
user-defined discretization.
We also used the risk factors to find the average NTD incidence rate for each interval,
and the highest two rates were 6.77 and 6.53 per hundred persons when elevation was
discretized using the optimal discretization method. The corresponding ranges of elevation were 1298–1300 m, and lower than 1298 m, respectively, and were the two lowest
intervals of elevation. Higher NTD incidence rates are closely related to lower elevation.
Optimal discretization method of GDP
We analyzed the impact of discretization methods on the PD values for GDP and
interactive PD values for GDP and watershed type or soil type. The optimal discretization
method for GDP was found. Figure 7 displays a map of the PD values for GDP divided
into a range of 2–8 intervals using the five discretization methods. From Figure 7, it can
be seen that the PD values were very low and nearly equivalent when GDP was
discretized using the EI and SD methods. This indicates that the EI and SD methods
performed badly in the discretization of GDP. The reason for this is that GDP has special
data that are much larger than other values. Because the EI method equally divided the
entire range of data values into specified intervals, some intervals had no values.
Therefore, the geographical strata and PD values generated for these intervals were almost

88

F. Cao et al.
0.6

Interactive Power of Determinant

Downloaded by [Institute of Geographic Sciences & Natural Resources Research] at 17:35 19 June 2013

0.5

Equal Interval
Quantile
Natural Breaks
Geometrical Interval
Standard Deviation

0.4

0.3

0.2

0.1

2

3

4

5
6
Number of Intervals

7

8

Figure 6. Map of interactive PD values for soil type and elevation divided into a range of 2–8
intervals using the five discretization methods.

the same. Similar to the EI method, when applying the SD method some GDP intervals
had no values, and the geographical strata generated were almost the same. Meanwhile,
the PD values were lowest. For the QU method, the PD value was highest when GDP was
divided into five intervals. It had an increasing trend when the number of intervals was
lesser than five and a decreasing trend when the number of intervals was greater than five.
For the NB method, the PD value was highest with an initial increase followed by a drop
when GDP was divided into seven intervals. Similar to the NB method, when applying the
GI method the PD value was highest with an initial increase followed by a drop when
GDP was divided into seven intervals. For the SD method, GDP was divided into four and
seven intervals when the number of required intervals was lesser than eight, and the PD
values were lowest. The PD value was highest among when GDP was divided into seven
intervals using the NB method.
Following the analysis of Table 2, we know that watershed type and GDP will
together enhance the independent risk of watershed type, and that soil type and GDP
will together enhance the independent risk of soil type when GDP is discretized with any
method. Figure 8 displays a map of the interactive PD values for watershed type and GDP
divided into 2–8 intervals using the five discretization methods. Similar to the PD values,
the interactive PD values were very low and almost the same when GDP was discretized
using the EI and SD methods. For the QU method, the interactive PD value was highest
when GDP was divided into eight intervals. For the NB and GI methods, the interactive
PD values had similar trends of an initial increase followed by a drop, and were highest
when GDP was divided into seven intervals. Figure 9 displays a map of the interactive PD
values for soil type and GDP divided into 2–8 intervals using the five discretization
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Figure 7. Map of PD values for GDP divided into a range of 2–8 intervals using the five
discretization methods.
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Figure 8. Map of interactive PD values for watershed type and GDP divided into a range of 2–8
intervals using the five discretization methods.

90

F. Cao et al.
0.6
Equal Interval
Quantile
Natural Breaks
Geometrical Interval
Standared Deviation

Interactive Power of Determinant

Downloaded by [Institute of Geographic Sciences & Natural Resources Research] at 17:35 19 June 2013

0.5

0.4

0.3

0.2

0.1

2

3

4

5
6
Number of Intervals

7

8

Figure 9. Map of interactive PD values for soil type and GDP divided into a range of 2–8 intervals
using the five discretization methods.

methods. The interactive PD values were still very low and almost the same when GDP
was discretized using the EI and SD methods. For the QU method, the interactive PD
value was highest when GDP was divided into five intervals. For NB and GI methods, the
interactive PD values were highest when GDP was divided into seven intervals. Among
the values displayed in Figure 9, the interactive PD value was also highest when GDP was
divided into seven intervals using the NB method.
Following the comparison of PD and interactive PD values, we regarded the NB
method with seven intervals as the optimal GDP discretization method. The GDP PD
value was 0.226 when GDP was discretized using the optimal method. The interactive PD
values for GDP, watershed, and soil type were 0.787 and 0.390, respectively. They are
suitable for assessing the impact of GDP on NTD incidence rates as well as the joint
impacts of GDP, watershed, and soil type. The average NTD incidence rate was calculated
for each interval and the two highest were 7.27 and 6.97 per hundred persons when GDP
was divided using the optimal discretization method. The ranges of these two GDP
intervals were 7256.10–13,213.08 yuan and lower than 642.60 yuan, respectively. The
NTD incidence rates were high when GDP was in the lowest and second highest intervals.
This indicates that countries with a low GDP lack nutrition, which may be related to their
high NTD rates. The countries with a relatively higher GDP (but not the highest) have
better nutrition, larger population, and a higher natality. Higher natality may be the reason
behind the higher NTD incidence rates. The higher NTD incidence rates may also be
significantly related to some other risk factors.
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Conclusions
The geographical detectors model is a new spatial analysis method used to assess health
risk based on spatial variance analysis. It is suitable for both discrete and continuous
environmental risk factors, although the continuous risk factors should be made discrete
before analysis. Because the method used for discretizing continuous risk factors is a very
important issue in the application of the geographical detectors model, in this paper we
discussed the selection of the optimal method. A selection process based on PD values is
introduced. This methodology will also assist in the selection of the optimal discretization
method for geographical detectors-based risk assessment research. However, there are still
some issues to be resolved. For example, the five discretization methods used in our
example are very commonly used unsupervised discretization methods. They are simple,
easy to implement, and more effective when the data satisfies a distributional assumption.
However, the number of intervals must be set before use. Because more intervals do not
help us mine the information of continuous risk factors, we set the number of intervals to
2–8, depending on our experience. Therefore, the optimal discretization method chosen
with our strategy is only locally optimal. However, when the range of intervals has been
determined, our strategy is useful. Meanwhile, the five discretization methods do not take
into account the spatial distribution of the data. Disease risk factors always have spatial
distribution features such as spatial association and heterogeneity. These distribution
features include important spatial risk factor information that is closely related to health.
If we only use traditional discretization methods we lose useful spatial information,
reducing the effectiveness of the analysis. In future research, we will explore discretization methods the spatial distribution of the continuous data into account. The methods will
then be used in the process of discretizing continuous disease risk factors and their
analysis based on the geographical detectors model. Finally, the PD and interactive PD
values can be used as indicators of the effectiveness of discretization methods.
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