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ABSTRACT. The prevalence of allergic diseases has highly increased in recent decades due to contamination of the environment with 
the allergy stimuli. A common treat is identifying the allergy stimulus, and then avoiding the patient to be exposed with it. There are, 
however, many unknown allergic diseases stimuli that are related to the characteristics of the living environment. In this article, we 
focus on the effect of air pollution on asthmatic allergies and investigate the association between prevalence of such allergies with 
those characteristics of the environment that may affect the air pollution. This investigation, eventually, leads to map the vulnerability 
of asthmatic allergy prevalence based on environmental characteristics. For this, spatial association rule mining has been deployed to 
mine the association between spatial distribution of allergy prevalence and the air pollution parameters such as CO, SO2, NO2, PM10, 
PM2.5, and O3 (compiled by the air pollution monitoring stations) as well as living distance to parks and roads. The categories of attrib-
utes have been defined as fuzzy sets in order to handle the data uncertainty. The results for the case study (i.e., Tehran metropolitan ar-
ea) indicates that distance to parks and roads as well as CO, NO2, PM10, and PM2.5 is related to the allergy prevalence in December (the 
most polluted month of the year in Tehran), while SO2 and O3 have no effect on that. In June, however, the distance to parks and roads 
as well as NO2, PM10, and PM2.5 affect the allergy prevalence, but CO, SO2 and O3 are ineffective. 
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1. Introduction 

Prevalence of allergic diseases has highly increased in 
recent decades, especially among children, due to modern 
living conditions resulted in contamination of the environment 
with the allergy stimuli, called allergen (Zöllner et al., 2005; 
Ng et al., 2009). Allergic patients have hypersensitive immune 
systems that abnormally react to harmless substances. Several 
factors cause allergic reactions, which depend on the gene, 
living style and habits, foods, as well as the geography and 
conditions of the environment (Asher et al., 1995).  

A common treat to allergic diseases is identifying the al-
lergen, and then avoiding the patient to be exposed with it 
(Douglass and O’Hehir, 2006). There are, however, several 
unknown stimuli that may cause allergic diseases, many of 
which are related to the characteristics of the living environ-
ment. Therefore, analyzing the data collected about the living 
environment of allergic patients may lead to identifying the 
role of environmental parameters in prevalence of allergies. 
As the patients are distributed in the space, the spatial data 
mining techniques seems very efficient in this regards (Mohan, 
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2014). Especially, association rule mining is capable to extract 
the associations between allergic asthma and environmental 
parameters. This article deploys the spatial data mining, and 
especially association rule mining to investigate the relation 
between prevalence of asthmatic allergies with characteristics 
of the environment. 

 

1.1. Spatial Data Mining  

Spatial data mining concerns development and applica-
tion of novel computational techniques to analyze very large 
spatial databases (Koperski et al., 1996; Buttenfield et al., 
2001; Mennis and Guo, 2009; Yadav and Rizvi, 2014). A ma-
jor distinction of spatial data mining is that attributes of the 
neighboring objects influence each other and thus must be 
taken in to account. Furthermore, the location and extension 
of spatial objects define implicit relations of spatial neigh-
borhoods (such as topological, distance and directional rela-
tions), which are used by spatial data mining algorithms 
(Karimipour et al., 2005; Miller and Han, 2009). 

Data mining techniques is a common approach to study 
prevalence of allergic disease. Ng et al. (2009) used data 
mining techniques to predict allergy symptoms among chil-
dren in Taiwan. They used the allergy data of children under 
the age of 12 and considered 30 predictor variables including 
personal factors, health behavior factors, living condition fac-
tors, family factors, and allergy-inducing factors. Akinbami et 
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al. (2010) assessed the association between chronic outdoor 
air pollution exposure and childhood asthma in metropolitan 
areas across the US. They compiled 12-month average air 
pollutant levels for SO2, NO2, O3 and PM and linked eligible 
children to pollutant levels for the previous 12 months for 
their county of residence. Finally, logistic regression models 
were used to estimate asthma attack. YoussefAgha et al. (2013) 
studied the application of data mining techniques to predict 
allergy outbreaks among elementary school children. They 
used the binary logistic regression to determine if there is any 
relation between prevalence of allergies among elementary 
school children and daily upper-air observations (i.e., temper-
ature, relative humidity, dew point, and mixing ratio) and 
daily air pollution (CO, SO2, NO2, PM10, PM2.5 and O3). 
Gasana et al. (2012) conducted a meta-analysis to clarify the 
potential relationship between motor vehicle emissions and 
the development of childhood asthma. They concluded that 
living or attending school near high traffic density roads ex-
poses children to higher levels of motor vehicle air pollutants, 
and that this increases the incidence and prevalence of child-
hood asthma and wheezing. Ayres-Sampaio et al. (2014) 
evaluated the relationship between asthma hospital admis-
sions and several environmental variables in mainland Portu-
gal using spatial data from remote sensing and spatial model-
ing. Their results suggest that asthmatic people living in 
highly urbanized and sparsely vegetated areas are at a greater 
risk of suffering severe asthma attacks that lead to hospital 
admissions. The results of all of these researches are plausible. 
Nevertheless, none of them considered spatio-temporal char-
acteristics of data to study prevalence of allergy. 

 

1.2. Spatial Association Rule Mining  

Spatial association rule mining is a class of spatial data 
mining techniques. It seeks interesting association or correla-
tion relationships among a large set of data items, i.e., certain 
data items that often occur together (Agrawal et al., 1993; 
Han et al., 2011). An association rule is an implication of the 
form A → B where A (the antecedent) and B (the consequent) 
are sets of predicates. For example, in a supermarket transac-
tions database, this process analyzes customer buying habits 
through seeking associations among different items bought by 
customers and discovers rules like "older than 50 years cus-
tomers that purchase cheese, also purchase milk", which is 
expressed as: 

 

age (X, greaterThan 50) ^ purchase (X, cheese) → purchase 

(X, milk)     (1) 
 

The association rule mining has been proposed as a 
non-model based (rule-based) prediction method (Kamei et al., 
2008). Unlike the regression models which require the de-
pendent and independent variables to be clearly defined and 
consequently force the analyst to priorly well-defines the 
questions and hypotheses the association rule mining can ex-
tract relations among the variables for which no questions 

have been formulated. On the other hand, association rule 
mining can provide the relation among multiple variables, 
which is not always possible through the conventional statis-
tical methods (Nembhard et al., 2012).  

A spatial association rule contains at least one spatial re-
lationship in an antecedent or consequent predicate (Koperski 
and Han, 1995). For example distance_to (police_station, 
between 0 to 100 m) is a spatial predicate that results in a 
spatial association rule. There are two important issues in 
dealing with spatial association rules: (1) Unlike non-spatial 
association rules – which are explicitly encoded transactions – 
spatial relationships are typically embedded within the spatial 
framework of the geo-referenced data. Therefore, the seeking 
patterns are implicit and the "spatial relationships must be 
extracted from the data prior to the actual association rule 
mining" (Shekhar and Chawla, 2003). Nevertheless, pre-pro 
cessing and storing all combinations of the relations among 
massive volume of spatial data is not practically possible. 
Therefore, there must be a trade-off between pre- and on- 
demand processing of spatial relationships among geographic 
objects (Klosgen and May, 2002). (2) Spatial predicates usu-
ally contain numeric data (e.g. metric distance), while the 
conventional association rule mining can only deal with cate-
gorical (classified) data. A solution to this problem is that we, 
first classify numeric data into ordinal categories and then 
mine these ordinal data for association rules (Piatetsky- 
Shapiro, 1991; Srikant and Agrawal, 1996). For example, 
metric distance may be categorized into ‘very near’, ‘near’, 
‘medium, and ‘far’. 

Discovering association rules from data stored in spatial 
databases has been considered in many researches. Mennis 
and Liu (2003) explored the spatio-temporal association rules 
among a set of variables characterizing the socioeconomic 
and land cover changes in Denver, Colorado region from 1970 
to 1990. Shua et al. (2008) used Apriori algorithm to produce 
association rules in vegetation and climate changing data of 
northeastern China. Ladner et al. (2003) studied the correla-
tions of spatially related data such as soil types, directional 
and geometric relationships. They combined spatial and fuzzy 
data mining to handle the spatial uncertainty of data. Finally, 
Calargun and Yazici (2008) analyzed the real meteorological 
data for Turkey recorded between 1970 and 2007 using spa-
tio-temporal data cube and Apriori algorithm in order to gen-
erate fuzzy association rules. The results of the two approach-
es were then compared according to interpretability, precision, 
utility, novelty, direct-to-the-point, performance and visuali-
zation. They also visualized the association rules based on 
their significance and support values in order to provide a 
complete analysis tool for a decision support system in mete-
orology domain. 

In this article, we focus on the effect of air pollution on 
asthmatic allergies and deploy the association rule mining to 
investigate the relation between prevalence of such allergies 
with those characteristics of the environment that may affect 
the air pollution. The places of residence of a group of asth-
matic allergic patients, live in Tehran metropolitan area, as 
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well as spatial characteristics of the environment (e.g., loca-
tion of parks, roads and air pollution monitoring stations) 
were placed on the map. We then deployed spatial association 
rule mining (as one of the spatial data mining analyses) to 
extract the association between asthmatic allergy prevalence 
and the air pollution parameters such as CO (carbon monox-
ide), SO2 (sulfur dioxide), NO2 (nitrogen dioxide), PM10 and 
PM2.5 (particulate matter with a diameter of < 10 μm and < 2.5 
μm, respectively), and O3 (ozone) as well as living distance to 
parks and roads, as major sources of asthmatic allergens. The 
fuzzy multi-dimensional spatial association rule mining was 
deployed, in order to investigate many parameters to be ex-
amined, and to handle the uncertainty exists in the attributes 
linked to the spatial data. Finally, the results (i.e., the discov-
ered association rules between prevalence of asthmatic aller-
gies and the characteristics of the environment) were used to 
map the vulnerability of asthmatic allergy prevalence in the 
study area based on environmental characteristics. 

The rest of the article is organized as follow: Sections 2 
describes the components of the research methodology in 
details. The results for the case study are presented, discussed 
and evaluated in Section 3. Finally, Section 4 contains con-
cluding remarks and ideas for future research in this direction. 

2. Research Methodology 

This article maps the vulnerability of asthmatic allergy 
prevalence based on environmental characteristics through 
deploying the fuzzy spatial association rule mining to extract 
the association between prevalence of asthmatic allergies with 
those characteristics of the environment that may affect the air 
pollution. Figure 1 illustrates the research methodology: 

2.1. Data Pre-processing 
This research investigates the relation between spatial 

distribution of allergy prevalence and the air pollution param-
eters as well as living distance to parks and roads. The con-
centration of the studied air pollution parameters (i.e., CO, 
SO2, NO2, PM10, PM2.5, and O3) observed at the monitoring 
stations are used to produce the distribution maps of these 
parameters. To model the effect of distance to roads, a map is 
needed in which each point is assigned the distance to its 
nearest road. The same process is applied to model the effect 
of parks using the following equation, which quantifies the 
effect of nearby parks:  

 

2
i

j
ij

A
T

d
   (2) 

 

Where Tj is the effect of nearby parks for the point j, Ai is the 
area of the park i, and dij is the distance of the park i from the 
point j.  

Finally, the places of residence of the sample patients are 
placed on the map. For each patient, a data item is stored that 
shows if he/she has asthmatic allergy. Moreover, having over-
laid this map with the air pollution, the “effect of parks” and 
“distance to roads” maps, the air pollution parameters, effect 
of parks and distance to roads are assigned to each point as 
data items (attributes).  

 
2.2. Data Conceptualization 

The inputs of association rule mining must be categorical 
values. Therefore, the data items assigned to the patients must 
be categorized. Furthermore, in order to deal with sharp break 

Figure 1. Research methodology. 



F. Karimipour et al. / Journal of Environmental Informatics 28(1) 1-10 (2016) 

 

4 

points between categories, fuzzy labels are assigned to data 
items. 

To categorize the air pollution parameters, the air quality 
index (AQI) is used. As the categorization breakpoints used 
by AQI varies from an air pollution parameter to another (Ta-
ble 1), the following equation is used to normalize the meas-
ured values (Mintz, 2012): 
 

 Hi Lo
P P Lo Lo

Hi Lo

I I
I C BP I

BP BP


  


  (3) 

  

where 

 Ip = the air quality index for the air pollution parameter p 

 Cp = the value measured for the air pollution parameter p 

 BPHi = the first break point greater than Cp 

 BPLo = the first break point less than Cp 

 IHi = the air quality index for BPHi 

 ILo = the air quality index for BPLo 
 

We merge the above air pollution categories to "very 
high", "high", "moderate", and "low" using the relevant 
membership functions. The membership function illustrated in 
Figure 2.a is also used to classify the distance to roads into 
"very near", "near", "medium" and "far". The same process 
classifies the effect of parks into "very highly affected", 
"highly affected", "moderately affected" and "lowly affected" 
(Figure 2.b).  

 

2.3. Fuzzy Data Cube Construction 

Multidimensional data mining searches for interesting 
patterns by exploring the data in multidimensional space. Us-
ing of the data cube and a multidimensional data model pro-
vides flexible access to summarized data and facilitates the 
processing of multidimensional data. The multidimensional 
data cube is a common organization form of data for data 
mining in data warehouse structures (Han et al., 2011; Ladner 
et al., 2003). An n-dimensional data cube is an n-dimensional 
database where each dimension illustrates an attribute, and the 
“aggregate measure”, is computed for each possible combina- 

 
Figure 2. The membership functions used to classify (a) dis-
tance to roads and (b) effect of nearby parks. 

 
tion of the dimensions. (Han et al., 2011; Wang, 2010). Figure 
3 shows a 3D data cube for dimensions A, B, and C, and the 
aggregate measure count for data presented in Table 2. Each 
cell in the data cube stores the number of tuples that have the 
corresponding attribute values. For example, there are three 
rows in Table 2 (#5, #12, and #15) whose values are (a0, b1, 
c0), thus the cell a0b1c0 in the data cube will be assigned 3.  

 
Table 2. Tuples Value in Dimensions A, B and C 

CBADI

1c 1b0a 1 

0c 0b 2a 2 

2c 2b 1a 3 

0c 0b 3a 4 

0c 1b 0a 5 

2c 1b 0a 6 

1c 2b 1a 7 

2c 0b 3a8

0c2b0a9

1c2b3a10

0c0b2a 11 

0c 1b0a 12 

1c 2b1a 13 

2c 0b3a14

0c1b0a 15 

 
Table 1. Breakpoints for the AQI 

Category AQI 
Breakpoints 

NO2 (ppb) SO2 (ppb) CO (ppm) PM2.5 (µg/m3) PM10 (µg/m3) O3  (ppm) 

Good 0 - 50 0 - 53 0 - 35 0.0 - 4.4 0.0 - 15.4 0 - 54 0.000 - 0.059 

Moderate 51 - 100 54 - 100 36 - 75 4.5 - 9.4 15.5 - 40.4 55 - 154 0.060 - 0.075 

Unhealthy for 
Sensitive Groups 

101 - 150 101 - 360 76 - 185 9.5 - 12.4 40.5 - 65.4 155 - 254 0.076 - 0.095 

Unhealthy 151 - 200 361 - 649 186 - 304 12.5 - 15.4 65.5 - 150.4 255 - 354 0.096 - 0.115 

Very Unhealthy 201 - 300 650 - 1249 305 - 604 15.5 - 30.4 150.5 - 250.4 355 - 424 0.116 - 0.374 

Hazardous 301 - 500 1250 - 2049 605 - 1004 30.5 - 50.4 250.5 - 500.4 425 - 604 -  
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Figure 3. The 3D data cube constructed for Table 2. 

 

In order to flexibly access to the data and facilitate the 
association rule mining process, we use data cube to organize 
data after the data conceptualization step. Here, we deal with 
the data cube as a fuzzy object in order to optimally discover 
the knowledge (Ladner et al., 2003). As the data items are 
defined as fuzzy sets, instead of the aggregate measure count, 
each cell contains the sum of the minimum of the membership 
values of the corresponding fuzzy labels. 

 

2.4. Fuzzy Spatial Association Rule Mining 

The fuzzy association rule mining utilize fuzzy sets to 
mine the association rules in a given attribute dataset, which 
provides more reliable associations rules (Intan, 2007; Intan et 
al., 2009). A membership function defined for a fuzzy set is 
used to assign fuzzy values to each member (attribute).  

Having the fuzzy data cube constructed, the association 
rules between allergy prevalence and spatial characteristics of 
the environment (i.e., air pollution and distance to parks and 
roads) are extracted, along their supports and confidences. As 
we are interested in antecedents that result in allergy, we only 
keep those rules whose consequence is "(allergy, yes)", such 
as: 

 
[(PM2.5,very high), (park_efct, very high)] → (allergy, yes) (4) 

 
2.5. Vulnerability Mapping 

The extracted rules, which associate the asthmatic allergy 
prevalence to spatial characteristics of the environment, are 
now used for spatial modeling of the vulnerability of asth-
matic allergy prevalence based on environment characteristics. 
For this, the GIS-fuzzy integration is used as follows (Dodge 
et al., 2008; Ross, 2009). 

The support and confidence thresholds are set to zero in 
order to collect all the association rules (no matter how much 
supportive and confident they are). The Kulczynski correla-
tion factor of each rule is normalized to [0, 100] and fuzzified 
using the function shown in Figure 4. Table 3 illustrates three 
example association rules along their corresponding fuzzy 
if-then rules and Kulczynski categories. 

 

Figure 4. The function to fuzzify the Kulczynski correlation 
factors. 

 
Fuzzy inference is the process of mapping a given input 

to an output using fuzzy logic. The Mamdani fuzzy inference 
method (Akgun et al., 2012; Mamdani and Assilian, 1975) is 
utilized to calculate the risk of asthmatic allergy prevalence. 
Having defined the fuzzy rules, the maps of those air pollu-
tants that affect allergic asthma, induced by our association 
rule mining, as well as the maps of park effects and distance 
to road are combined through the fuzzy inference system 
(Figure 5) to compute the Kulczynski relation factor for each 
point of the city, from which the risk map of allergic asthma 
prevalence is produced. 

 
Figure 5. Combining the fuzzy rules to compute the Kulczyn- 
ski relation factor for each point. 

3. Results and Discussion 

This section presents the outputs of applying the proce-
dure described in Section 2 to Tehran metropolitan area, a 
case study, and discusses and evaluates the results. In order to 
study the effect of time in the results, the process is separately 
performed on data collected in June and December. 

Table 3. Three of the Association Rules and the Corresponding Fuzzy Rules 
Normalized Kulc Rule ID  

39.35 [( park_efct, high)] → (allergy, yes) 1 
Association 
rules 

6.73 [(PM2.5, moderate), (CO, low)] → (allergy, yes) 2 
97.94 [ (NO2, very high), (CO, very high), (park_efct, very high)] → (allergy, yes) 3 

IF park_efct is high THEN Kulc is k4 1 
Fuzzy rules IF PM2.5 is moderate AND CO is low THEN Kulc is k1 2 

IF NO2 is very high AND CO is very high AND park_efct is very high THEN Kulc is k10 3 
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The air pollution parameters consist of CO, SO2, NO2, 
PM10, PM2.5, and O3 compiled hourly in June and December 
2013 by Tehran's air pollution monitoring stations are used 
(Figure 6). This data is cleaned by filling the gaps (through 
interpolation) and filtering the noises. To reduce this volumi-
nous data to monthly air pollution parameters, the monthly 
average of maximum values observed for each parameter in a 
day is calculated. These values are used to produce a monthly 
pollution map for each air pollution parameter through 
Kriging spatial interpolation (Wackernagel, 2003). Figure 7 
illustrates the pollution maps of December 2013. 

 
Figure 6. Tehran's roads, parks and air pollution monitoring 
stations. 

 

(a) CO (b) NO2 

(c) SO2 (d) O3 

(e) PM2.5 (e) PM10

Figure 7. Air Pollution map of December 2013 for air pollu-
tion parameters. 
 

The maps of the effect of distance to roads and parks 
were produced (Figure 8) based on the procedure described in 
Section 2.1 using ArcGIS 10.1.  

(a) roads 

(b) near parks 

 
Figure 8. The maps classified the effect of distance to (a) 
roads and (b) nearby parks. 
 

Finally, the places of residence of 1000 patients referred 
to the "Tehran Children's Medical Clinic" in June 2013 and 
1000 patients in December 2013 are placed on the map; and 
the air pollution parameters, effect of parks and distance to 
roads are assigned to each point as data items (attributes). The 
extracted attributes for some example people is shown in Ta-
ble 4. 

Based on the defined membership functions, the attribute 
table values will be described with fuzzy labels and corre-
sponding membership value. For example the membership 
value of Table 4 tuples in “distance to road” categories is 
shown in Table 5. 

Then for our case study data, we constructed two 9-D 
data cubes for June and December 2013 whose dimensions 
are spatial characteristics of the residence location of the pa-
tients (i.e. air pollution and distance to parks and roads), as 
well as the allergy status. The dimensions and their categories 
are shown in Table 6.  

As an example, the value for the data cube cell 
[park_effect(very high), distance_to_road(very near), O3(low), 
PM10(high), SO2(low), PM2.5(very high), NO2(very high), 
CO(high), Allergy(yes)] is calculated in Table 7 based on the 
data presented in Table 4. Applying the same process to all 
data cube cell provides us with the final data cube.  
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Table 5. Membership Values for “Distance to Road” Catego-
ry 

ID 
Crisp value for 
distance to road 

Fuzzy sets membership value 

Very near Near Medium Far 

1 101.98 0.78 0.02 0 0 

2 480.10 0 0 1 0 

3 180.27 0.16 0.80 0 0 

4 90 0.88 0 0 0 

5 278.92 0 1 0 0 

 

Table 6. Data Cube Dimensions and Their Categories 
Dimension Categories 

Park_effect "very highly", "highly", "moderately" and 
"lowly" affected 

Distance_to_road "very near", "near", "medium" and "far" 

O3 "very high", "high", "moderate" and "low" 

PM10 "very high", "high", "moderate" and "low" 

SO2 "very high", "high", "moderate" and "low" 

PM2.5 "very high", "high", "moderate" and "low" 

NO2 "very high", "high", "moderate" and "low" 

CO "very high", "high", "moderate" and "low" 

Allergy "yes" and "no" 
 

As the air pollution parameters varies from time to time, 
the data cubes constructed for June and December 2013 are 
separately involved in the rule mining procedure expecting 
that different rules are extracted. Applying the rule mining 
procedure to the dataset of December 2013, provided 60 asso-
ciation rules between prevalence of allergy with characteris-
tics of the environment, some of which are illustrated in  
Table 8. 

In order to determine if a rule is significant, reliable and 
interesting, the concepts of support and confidence are used. 
The support is the probability of an item in the database satis-
fying the set of predicates contained in both the antecedent 

and consequent; and the confidence is the probability that an 
item that contains the antecedent also contains the conse-
quent:  

 

support (A → B) =  prob A B    (5) 

confidence (A → B) =    
 

prob A B
prob B A

prob A



 (6) 

 

The association rules that have the minimum significant 
support and confidence are called strong association rules and 
are considered in decision making process (Agrawal and Sri-
kant, 1994). 

In our case, the minimum support and confidence thresh-
olds are respectively defined as 5% and 30%. For example, 
rule #5 in Table 8 with 6.55% support, and 75.52% confi-
dence says that 6.55% of the statistical population lives in 
locations where the amount of NO2 and PM2.5, and the effect 
of nearby parks are very high and are suffering from asthmatic 
allergy; and this is 75.52% of the statistical population who 
live in such areas;  

On the other hand, to reliably eliminate the weak associa-
tions, correlation factor is defined to measure the degree of 
relation between A and B (Han et al., 2011). Therefore, the 
extracted rules are evaluated as: 

 
A → B [support, confidence, correlation]   (7) 

 
The Kulczynski, a measure to evaluate the correlation, is 

defined as (Kulczynski, 1927): 
 

Kul (A, B) =     1

2
P A B P B A     (8) 

which is a value between 0 and 1. A larger Kulc indicates 
stronger relation between A and B. For example, The 
Kulczynski's correlation measure between the antecedent and 
the consequence in the rule #5 of Table 8 is 64%. 

Table 4. Extracted Attributes for some Example People 
ID Park effect Distance to road O3 PM10 SO2 PM25 NO2 CO Allergy 

1 0.0003 101.98 27.86 113.28 61.30 201.45 81.59 59.08 no 
2 0.0011 480.10 29.37 102 114.37 157.24 53.40 84.88 no 
3 0.0049 180.27 29 99.79 113.84 157.03 53.05 84.98 no 
4 0.0062 90 26.69 119.04 59.31 207.16 101.9 73.46 yes 
5 0.0002 278.92 44.75 75.56 87.28 176.38 103.11 66.94 no 

 
Table 7. Calculation of One Cell of Fuzzy Data Cube 

ID Park_effect 
Very high 

Distance to road 
Very near 

O3 

low 
PM10 
high 

SO2 
low 

PM25 
Very high 

NO2 
Very high 

CO 
high 

Allergy 
yes 

Minimum 
membership 

1 0 0.78 0.05 1 0.95 1 0.04 0 0 0 
2 0 0 0 0 0 0 0 0.06 0 0 
3 0.2 0.16 0 0 0 0 0 0.06 0 0 
4 1 0.88 0.43 0.31 1 1 1 0.96 1 0.31 
5 0 0 0 0 0 0 1 0 0 0 
Sum 0.31 
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Based on the extracted rules, distance to parks and roads 
as well as CO, NO2, PM10 and PM2.5 affect allergy prevalence 
in December, while SO2 and O3 has no significant relation. On 
the other hand, the rules that include "(park_efct, very high)" 
and for which at least one of the air pollution parameters is 
high (e.g., rules #2, #4 and #6) has greater confidences com-
pare to those that only have one of these components (e.g., 
rules #1, #3 and #7). The research on air pollution and asth-
matic allergy certifies this: Air pollution may itself outbreak 
the allergy, but it also facilitates the pollen to get into the res-
piratory system (Bartra et al., 2007). On the other hand, the 
rules #10 and #11, which contain "(road, very near)" has no 
significant increase in confidence as the effect of this parame-
ter already manifested in increase of air pollution parameters. 

For June, 42 rules were extracted (Table 9). The rules 
show that the effect of distance to parks has been increased, 
which seems true because most plants pollen in spring. On the 
other hand, despite December, the amount of CO is ineffective 
in June. It is interpreted as the amount of CO is often high in 
December due to inversion phenomena in Tehran, but the AQI 
of CO in June is always "good" and therefore this parameter 
does not significantly affect the allergy.  

Finally, the process described in subsection 2.5 provided 
2148 and 1271 fuzzy rules for June and December, respec-
tively. Figure 9 illustrates the vulnerability maps of asthmatic 
allergy prevalence based on environmental characteristics in 
Tehran for June and December. As expected from the extract-
ed rules (Tables 8 and 9) the effect of distance to parks have 
significantly affected the vulnerability maps. 

In order to evaluate the created vulnerability maps, they 
are first classified into three classes of high, moderate and low  

(a) June 

(b) December 

kilometers

kilometers
0  2.5   5     10

High 

Low 

High 

Low 

0  2.5   5     10

 
Figure 9. The vulnerability maps of asthmatic allergy preva-
lence based on environmental characteristics in Tehran for (a) 
June and (b) December. 

Table 8. Some of the Rules Extracted for December through Association Rule Mining 
ID Association rules Sup Conf Kulc 
1 [(PM2.5, very high)] → (allergy, yes) 14.61 33.52 0.63 
2 [(PM2.5, very high), (park_efct, very high)] → (allergy, yes) 9.35 55.43 0.61 
3 [(PM2.5, very high), (PM10, very high)] → (allergy, yes) 9.47 51.62 0.60 
4 [(PM2.5, very high), (PM10, very high), (park_efct, very high)] → (allergy, yes) 6.15 72.60 0.62 
5 [(PM2.5, very high), (NO2, very high), (park_efct, very high)] → (allergy, yes) 6.55 75.52 0.64 
6 [ (NO2, very high), (CO, very high), (park_efct, very high)] → (allergy, yes) 5.32 81.63 0.64 
7 [(PM10, very high), (NO2, very high), (CO, very high)] → (allergy, yes) 7.25 68.55 0.62 
8 [ (PM2.5, very high), (PM10, very high), (NO2, very high), (park_efct, very high)] → (allergy, yes) 5.84 78.64 0.64 
9 [(PM2.5, very high), (PM10, very high), (NO2, very high), (CO, very high)] → (allergy, yes) 6.69 71.33 0.62 
10 [(PM10, very high), (NO2, very high), (CO, very high), (road, very near)] → (allergy, yes) 5.39 71.84 0.59 
11 [(PM2.5, very high), (PM10, very high), (NO2, very high), (CO, very high), (road, very near)] → (allergy, yes) 5.39 73.00 0.60 

 

Table 9. Some of the Rules Extracted for June through Association Rule Mining 
ID Association rules Sup Conf Kulc 
1 [(PM2.5, very high)] → (allergy, yes) 15.38 52.38 0.69 
2 [(park_efct, very high)] → (allergy, yes) 21.22 59.56 0.64 
3 [(NO2, very high)] → (allergy, yes) 16.19 52.51 0.62 
4 [(PM2.5, very high), (PM10, very high)] → (allergy, yes) 12.21 75.00 0.62 
5 [(PM10, very high), (NO2, very high)] → (allergy, yes) 10.27 71.95 0.61 
6 [(PM10, very high), (park_efct, very high)] → (allergy, yes) 13.79 74.39 0.66 
7 [(PM2.5, very high), (PM10, very high), (park_efct, very high)] → (allergy, yes) 8.60 83.64 0.68 
8 [(PM10, very high), (NO2, very high), (park_efct, very high)] → (allergy, yes) 7.55 81.36 0.67 
9 [(PM2.5, very high), (PM10, very high), (road, very near)] →  (allergy, yes) 9.66 80.00 0.68 
10 [(PM2.5, very high), (PM10, very high), (NO2, very high), (park_efct, very high)] → (allergy, yes) 7.04 86.64 0.74 
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risk areas. Then, for each time epoch (i.e., June and December 
2013), the places of residence of 100 asthmatic allergy pa-
tients who were not involved in the rule mining and risk map-
ping processes (called check patients) were overlaid on the 
corresponding maps (Figure 10); and the assigned classes by 
the map were determined and counted, which confirm our 
vulnerability maps: as Figure 10 indicates, the number of 
people suffering from asthmatic allergy is significantly more 
in high risk areas (69 for June; 75 for December) compare to 
middle (20 for June; 18 for December) and low (11 for June; 7 
for December) risk areas. 

(a) June 

(b) December 

kilometers 

kilometers 
0  2.5   5     10 

High Risk

Low Risk 

0  2.5   5     10 

Middle Risk

High Risk

Middle Risk

Low Risk 

High risk area 

High Risk area 

 

 

Middle risk area 
Low risk area 

Middle risk area 

Low risk area 

Patients living in 

Patients living in 

Figure 10. The place of residence of the 100 check patients 
overlaid on the classified vulnerability maps for (a) June and 
(b) December. 

4. Conclusions 

This article deploys the fuzzy spatial association rule 
mining to investigate the relation between prevalence of 
asthmatic allergies and those characteristics of the environ-
ment that may affect the air pollution, through which maps the 
vulnerability of asthmatic allergy prevalence based on envi-
ronmental characteristics. The results for the case study (i.e., 
Tehran metropolitan area) shows that considering spatial dis-
tribution of the patients as well as fuzzy definition of data 
items (i.e., attributes) enabled to extract more reliable associa-
tions, as their interpretation certifies. Furthermore, the rules 
extracted for two different months (i.e., June and December), 

for which the air pollution conditions are different in Tehran, 
showed these relations are not static, as the air pollution pa-
rameter and pollen varies with time. Finally, the visualized 
vulnerability map of Tehran could help to avoid asthmatic 
allergic patients to be exposed with the allergy stimuli. 

This paper focuses on the hypothesis that “there is a rela-
tion between environmental parameters and allergy preva-
lence and such relations can be extracted using the data min-
ing techniques”. For this, we only consider distance to parks 
and roads as parameters that may affect the air pollution and 
asthmatic allergies. In future, other characteristics of the en-
vironment (e.g., buildings, elevation, wind direction, etc.) as 
well as more accurate data (e.g., vegetation type, allergy type, 
etc.) will be taken into account in order to achieve more relia-
ble results. For instance, the hourly data provided by the air 
pollution stations was integrated to only one AQI (air quality 
index) for each parameter at each month, as we only have the 
monthly allergy prevalence data; thus finer air pollution data 
is useless. In future, we will consider finer time intervals for 
allergy prevalence as well as for air pollution data to achieve 
more realistic results. Finally, we are going to use more effi-
cient vulnerability assessments, i.e., involving more effective 
parameters, to produce more reliable vulnerability maps. 
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