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1. Abstract 
 

As the population of the world continually increases, so do the challenges for decision makers to 

provide jobs, infrastructure and social security, among other essential needs. The main options 

available to most people are to come to urban areas and find means to live. As a result, urban 

areas are highly populated with much less natural green cover. All the places in a city are not the 

same. But, when we consider facilities, hygiene, population and infrastructure, there are good 

parts in a city as well as bad parts. “Urban sprawl” or suburban sprawl is a multifaceted concept 

centred on the expansion of auto-oriented, low-density development [13].  

This project is an attempt to achieve a clearer perspective to the term “urban sprawl” by 

developing a prototype based on the findings from the data mining analysis which defines this 

condition of urban areas. This would serve as part of a bigger project that involves developing a 

full-fledged Spatial Decision Support System (SDSS) with several decision-making scenarios 

that would head towards performing the forecasting of urban land use dynamics. 

Urban areas will have certain distinct features that are either directly related or hidden to sprawl. 

For example, population density is a feature, which directly affects sprawl. At the same time, 

income rates and unemployment rates are some of the features that indirectly affect sprawl. 

Some of these features were studied mathematically in the form of demographics, spatial data, 

socio-economic conditions, infrastructure usage, and accidental reports. Although the definition 

of the term “urban sprawl” is debatable, the term urban sprawl index is used to identify which 

counties in New York are prone to urban sprawl. Urban sprawl or urban spatial expansion results 

from three powerful sources: growing population, rising incomes, and falling commuting costs. 

Furthermore, the data collected is correlated to sprawl to find a relation between sprawl and these 

factors using two of the data mining algorithms: Apriori for association rule mining and J4.8 for 

decision tree classification. In short, this project is a cause and effect study. These relations are 

saved and implemented in a prototype, which will help users with two types of decision making: 

first, to decide whether “urban sprawl” is occurring or there is possibility it will occur in the 

regions, and second, to estimate the value of a variable or variables based on the values of 

another variable or combination of variables. The users will enter the variables like 

demographics etc. and will thus be able to come to a conclusion about the probability of urban 

sprawl or so. These outputs can help decision makers to identify the problem and create solutions 

for avoiding sprawl occurrence in new rural or suburban areas and to plan accordingly, thus 

leading to urban sustainable development. 
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2. Introduction 
 

2.1 Background and Motivation 

 

We are living in a world which grows and urbanizes at a rapid pace. If we continue this, the 

destiny of mankind will be different from what we dream, and our successors will be left with no 

resources to sustain. Other impacts of this “growth”, when the mankind spread its wings to the 

outskirts of the urban background, are overcrowding, pollution, unemployment, crime, poverty, 

disease etc. Today, expansion means cities are expanding to nearby towns and villages by 

converting those natural lands to impervious lands by constructing buildings, parking lots, 

highways etc. So there should be some method to curb urban sprawl and some limitations for 

urbanization in each area. This can only be achieved by taking appropriate decisions. Urban 

planners and engineers should take appropriate and wise decisions to protect natural land while 

designing any activities for new constructions. With this concept/thought, we are introducing a 

mini-prototype.   

 

This project attempts to formulate an appropriate mathematical model which captures the 

conditions and effects of urban sprawl. There are numerous studies to find the reason for urban 

sprawl and for its remedies, and most of them are done by analyzing data using statistical tools. 

Here we are using powerful data mining algorithms to find the inherent relations between the 

variables collected which is related to sprawl. Although the relations and patterns derived from 

this project are specific to New York, these relations can be generalized to simulate other urban 

areas in United States. The basic structure of all cities and townships are almost the same. They 

all have the same infrastructure design, socio-economic conditions, transportation and facilities. 

It is this similarity which encouraged us to devise a method which will help decision 

makers/engineers to identify sprawl conditions in their respective areas and thus help them 

design their places accordingly in order to eliminate the conditions of sprawl. 

 

 

2.2 Brief Introduction of Terminologies 

 

2.2.1 GIS (Geographic Information System) 

A geographic information system (GIS) integrates hardware, software, and data for capturing, 

managing, analyzing, and displaying all forms of geographically referenced information. GIS 

allows us to view, understand, question, interpret, and visualize data in many ways that reveal 

relationships, patterns, and trends in the form of maps, globes, reports, and charts [6].  

 

The power of GIS comes from the ability to relate different information in a spatial context and 

to reach a conclusion about this relationship. Most of the information we have about our world 

contains a location reference, placing that information at some point on the globe. When rainfall 
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information is collected, it is important to know where the rainfall is located. This is done by 

using a location reference system, such as longitude and latitude, and perhaps elevation. 

Comparing the rainfall information with other information, such as the location of marshes 

across the landscape, may show that certain marshes receive little rainfall. This fact may indicate 

that these marshes are likely to dry up, and this inference can help us make the most appropriate 

decisions about how humans should interact with the marsh. A GIS, therefore, can reveal 

important new information that leads to better decision making [25]. 

 

2.2.2 Urban Sprawl 

Sprawl can be defined as a pattern of urban and metropolitan growth that reflects low density, 

automobile-dependent, exclusionary new development and the fringe of settled areas often 

surrounding a deteriorating city. Among the traits of metropolitan growth, frequently associated 

with sprawl are unlimited outward extension of development, low density housing and 

commercial development, leapfrog development, “edge cities,’ and more recently “edgeless 

cities;” reliance on private automobiles for transportation, large fiscal disparities among 

municipalities, segregation of types of land use, race and class-based exclusionary housing and 

employment, congestion and environmental damage, and a declining sense of community among 

area residents [23]. 

 

The term urban sprawl generally has negative connotations due to the health, environmental and 

cultural issues associated with the phrase. Residents of sprawling neighborhoods tend to emit 

more pollution per person and suffer more traffic fatalities [13]. As a result people would start 

the trend of moving to neighborhood low density areas, and to meet their requirements, more 

houses, parking lots (Fig.2.1), roads (Fig. 2.2), shops etc. should be constructed which gradually 

leads to expansion of sprawl to that areas too. 

 

 
     Fig.2.1: Parking lots [36]               Fig.2.2: Roads [35] 
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2.2.3 Urban Sustainability 

Urban sustainability involves a reexamination of urban development, including environmental, 

social and economic policies, politics and practices, and an acknowledgement of the role of cities 

in global environmental change [25]. 

 

Sustainable development means improving the quality of life of a population within the capacity 

of Earth's finite resources. The needs of the present generation must be met, particularly those of 

the poor, without compromising the ability of future generations to meet their own needs. This is 

a dynamic process whereby the decision makers involved in any area plan, implement and then 

re-examine their ideas and policies over time. In cities the goal of sustainability has been 

increasingly highlighted over the past few decades as problems and issues arise from 

unsustainable practices and developments [7]. Urban sprawl, which leads the land to be 

unsustainable, is nowadays considered as a serious issue not only in the United States but all 

over the world (Fig.2.3–Fig.2.6). Ecologists and environmentalists are competing to find 

remedies for the same. 

 

 

  
Fig.2.3:  Eden Prairie, Florida [32]                        Fig.2.4: Melbourne, Australia [33] 
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Fig.2.5:  Tokyo, Japan [34]                  Fig.2.6: Mumbai, India [35] 

 

 

2.2.4 ArcGIS 

 ArcGIS is a GIS software package of Economic and Social Research Institute (ESRI), which is 

used for working with maps and geographic information [8]. It is used for:  

 Creating and using maps 

 Compiling geographic data 

 Analyzing mapped information 

 Sharing and discovering geographic information 

 Using maps and geographic information in a range of applications 

 Managing geographic information in a database. 

 

2.2.5 Data mining 

Data mining is about solving problems by analyzing data already present in databases and thus 

creating mining model. To create a model, an algorithm first analyzes a set of data, looking for 

specific patterns and trends. The process must be automatic or semi-automatic. The patterns 

discovered must be meaningful in that and they lead to some advantage, usually an economic 

advantage. Useful patterns allow us to make non trivial predictions on new data. The algorithm 

then uses the results of this analysis to define the parameters of the mining model [28]. 

 

The mining model that an algorithm creates can take various forms [25], including: 

 A set of rules that describe how products are grouped together in a transaction. 
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 A decision tree that predicts whether a particular customer will buy a product. 

 A mathematical model that forecasts sales. 

 A set of clusters that describe how the cases in a dataset are related. 

2.2.6 Apriori 

One of the most popular data mining approaches is to find frequent itemsets from a dataset and 

derives association rules. Finding frequent itemsets (itemsets with frequency larger than or equal 

to a user specified minimum support) is not trivial because of its combinatorial explosion. Once 

frequent itemsets are obtained, it is straightforward to generate association rules with confidence 

larger than or equal to a user specified minimum confidence. Apriori is a seminal algorithm for 

finding frequent itemsets using candidate generation Agarwal el at., 1993. It is characterized as a 

level-wise complete search algorithm using anti- monotonicity of itemsets, “if an itemset is not 

frequent, any of its superset is never frequent”. By convention, Apriori assumes that items within 

a transaction or itemset are sorted in lexicographic order Wu el at., 2006. 

 

 

2.2.7 J4.8 (C4.5) Decision Tree 

J48 is an open source Java implementation of the C4.5 algorithm. A decision tree is a predictive 

machine-learning model that decides the target value (dependent variable) of a new sample based 

on various attribute values of the available data. The internal nodes of a decision tree denote the 

different attributes. The branches between the nodes tell us the possible values that these 

attributes can have in the observed samples, while the terminal nodes tell us the final value 

(classification) of the dependent variable. The attribute that is to be predicted is known as the 

dependent variable, since its value depends upon, or is decided by, the values of all the other 

attributes. The other attributes, which help in predicting the value of the dependent variable, are 

known as the independent variables in the dataset [30].  

  

 In order to classify a new item, it first needs to create a decision tree based on the attribute 

values of the available training data. So, whenever it encounters a set of items (training set) it 

identifies the attribute that discriminates the various instances most clearly. This feature that is 

able to tell us most about the data instances so that we can classify them the best is said to have 

the highest information gain. Now, among the possible values of this feature, if there is any value 

for which there is no ambiguity, that is, for which the data instances falling within its category 

have the same value for the target variable, then we terminate that branch and assign to it the 

target value that we have obtained. For the other cases, we then look for another attribute that 

gives us the highest information gain. Hence we continue in this manner until we either get a 

clear decision of what combination of attributes gives us a particular target value, or we run out 

of attributes. In the event of, we run out of attributes, or if we cannot get an unambiguous result 

from the available information, we assign this branch a target value that the majority of the items 

under this branch possess [26]. 
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2.2.8 WEKA  

WEKA (Waikato Environment for Knowledge Analysis) is a user-friendly data mining tool 

which contains a collection of visualization tools and algorithms for data analysis and predictive 

modeling, together with graphical user interfaces for easy access to this functionalities. It 

includes a collection of machine learning algorithms for data mining tasks. The algorithms can 

either be applied directly to a dataset or called from our own Java code. WEKA contains tools 

for data pre-processing, classification, regression, clustering, association rules, and visualization. 

It is also well-suited for developing new machine learning schemes [10, 11]. 

 

2.2.9 SDSS- Spatial Decision Support System 

Spatial decision support system (SDSS) is an interactive, computer-based system designed to 

assist in decision making while solving a semi-structured spatial problem. It is designed to assist 

the spatial planner with guidance in making land use decisions. A system which models 

decisions could be used to help identify the most effective decision path, Sprague el at., 1982. 

 

An SDSS is sometimes referred to as a policy support system, and comprises a decision support 

system (DSS) and a geographic information system (GIS). This entails use of a database 

management system (DBMS), which holds and handles the geographical data; a library of 

potential models that can be used to forecast the possible outcomes of decisions; and an interface 

to aid the user’s interaction with the computer system and to assist in analysis of outcomes [9]. 

 

 

2.3 Problem Definition 

 

The trends used in urban areas lead to “urban sprawl” in most regions. Suburban areas are 

expanding day by day. The natural covers left in these regions are left to almost zero value. As 

stated in the abstract a proper definition to urban sprawl is complicated and so arises the problem 

of mathematically defining it. After taking a closer look into the definition and some references 

in environmental studies, we have taken into consideration certain variables and factors which 

would help define sprawl in the relevant form [2, 14], but there are of course limitations to the 

variables and its availability in this short time period. 

Given the brief description of the various terminologies involved in the domain, we can outline 

the central goal of this project. The focus of this study is to understand and identify urban sprawl 

and thereby help decision makers to make better decisions by providing them some models 

which can predict urban sprawl or help them to plan accordingly in a way that the new suburban 

areas are sustainable enough and thus maintain a balance between nature and development. In 

addition the tool being developed is looking to find the value of some variables with respect to 

others by finding the hidden patterns from the dataset. For example, how many trucks are used 

for transportation, within a sampled place if the number of housing units is given for that place? 
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A tool to identify sprawl or sprawl like conditions based on these kinds of data is not available 

for any particular area in general. We would like to address this problem. 

 

2.4 Proposed Solution 
 

A prototype SDSS is what we propose. SDSS stands for Spatial Decision Support System. This 

prototype is based on the cause and effect theory and involves reverse engineering. The theory is 

simple, we study the effects of the interesting variables and thus with the help of effects we try to 

define the cause of urban sprawl. To study the patterns and trends among these variables, two 

data mining algorithms are applied on to the dataset. 

 

 Decision tree algorithms are used since the primary goal of this project was prediction of the 

discrete target attribute ‘sprawl’ based on other attributes in the dataset [2]. The secondary goal 

of this project was to find the correlation between these variables and to find the patterns hidden 

in them. This is very similar to transaction database analysis where the best algorithm to apply is 

association rule mining [20]. Therefore, Apriori [26, 29] for association rule mining and J4.8 [26, 

29] for decision tree classifications are used here to explore the New York county dataset. In this 

case, variables are the causes for urban sprawl. Models were derived based on the relations, 

which we got from these data mining techniques. Based on those models a mini user interactive 

prototype was made which can help urban planners, city dwellers and various other users in 

making decisions pertaining to urban land, for example buying houses, building apartment 

complexes, investing in massive land projects, building utilities in developed regions and so 

forth. 

 

Two approaches are used for performing data mining in this study. 

a) Implementing the Apriori algorithm in Java 

b) Running J4.8 algorithm using the data mining tool WEKA 

The knowledge discovered by mining is then used to implement the functionality of the decision 

support system in Java, in order to allow the user to enter data on certain parameters for the 

system to predict whether sprawl occurs.  

 

3. Data Collection and formatting 
 

Based on the findings of the pilot studies and literature reviews used, there are hundreds of 

variables which by itself or by some combinations can directly and/or indirectly affect urban 

sprawl (can be the reason of sprawl). Among those variables, the ones that had the most impact 

on urban sprawl and which was available in this limited time were selected for this study [23, 

19]. 
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The data collected for this project are all real data which are based on New York State. The 

reason why the counties were selected was to differentiate which areas of New York was 

affected by urban sprawl. Even though New York is famous for its urbanized metropolitan cities 

(Fig.3.1 and Fig.3.2), this state still have many counties which have strong rural character 

(Fig.3.3 and 3.4) [14]. 

    
Fig.3.1: New york City [38]                              Fig.3.2: New york City [38]   

         
Fig.3.3: Allegany [31]                     Fig.3.4: Washington [37] 

 

The dataset consisting of 27 variables, excluding shape file, are all continuous data. These 

variables consist of demographics, socio-economic conditions, infrastructure usage, and 

accidental reports. The dataset consists of data for the 62 counties for the years 2000 and 2010. 

For some variables, interpolation had to be done since those data were not available for the years 

2000 and 2010. Seeing as there weren’t any existing studies prior, there was no data-set 

available, so we had to collect each variable from many government sources such as 

http://www.census.gov/, a range of research papers, and also government publications. The data 

collected were in many various formats such as word, pdf, excels csv, notepad, .shp [11] files 

etc. 

http://www.census.gov/
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Among these 27 variables, the last one is the target attribute which defines the presence of 

sprawl occurrence. That is whether sprawl’s values are either yes or no. Among 124 instances 31 

have target attribute positive which shows presence of sprawl and rest 93 have target attribute 

negative which shows absence of sprawl. This target attribute is finalized based on a project 

about “Measuring the health effects of sprawl” done by smart growth America [19]. Once after 

the data was collected preprocessing was carried out and combined all together into an excel 

sheet (Fig .3.5 and Fig.3.6).  

 

Fig.3.5: Whole data in excel 

 

Fig.3.6: Whole data in excel 
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4. Mapping data using ArcGIS 10.1 

 
Collected dataset for the years 2000 and 2010, along with county based shape file for New York 

(Fig.4.1) is plotted as two separate maps using Arc GIS software to show the urban sprawl in 

both the years. Map representation gives a clearer visual representation of the data.  

 

Fig.4.1: Shape file for New York 

These are the steps followed to plot the map. 

 Open the Arc GIS 10.1 and add the shapefile of New York 

 

 
 Fig.4.2: Opening shape file in Arc GIS desktop application 
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 This represents the blank county based map for New York state. 

Fig.4.3: Blank map of New York 

 

 

 Under properties counties are named using  label option and selecting ‘Name’, from the 

attribute table 

 
Fig.4.4: Naming the Counties 
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 Using Join option the targetted excel file is joined with the existing attribute table of the 

New York 

 

 
 

Fig.4.5: Joining data with shape file 

 

 Two separate maps displaying Urban Sprawl in year 2000 and year 2010 are prepared 

 

 
Fig.4.6: Urban sprawl for New York State for the year 2010 
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These are the maps prepared using ArcGIS. Red color indicates sprawl occurring counties and 

green color represents absence or less intensity sprawl. In the figure we can see that 5 more 

counties were affected with urban sprawl than from 2000. This is what exactly what we meant by 

suburban sprawl. Extending the sprawl to the nearby low density area. In the map for 2000 

counties Putnam, Orange, Ditches are not in the list of sprawl affected county. But the nearby 

highly dense counties expansion affects these counties in 10 years (Fig.4.7) 

 

 

Fig.4.7: Maps representing the presence of sprawl for the years 2000 and 2010 
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5. Implementation and Evaluation 
 

 

We discuss the implementation of our approach along with a summary of its experimental 

evaluation.  

 

 

5.1 Implementation 

5.1.1 Approach 1: Apriori for association rules using Java 

5.1.1.1 Preprocessing of data 

For running it in Apriori algorithm continuous data have to be converted to binary data. For that, 

first data was discretized, i.e.; converted the continuous data to nominal (categorical) data by 

arranging the continuous values into ranges for each variable. After that by using the data mining 

tool WEKA the ranged nominal data was converted to a binary file. The java code for Apriori 

was coded in such a way that the input file should be in .dat format file. So the binary output 

from WEKA was converted into .dat format files (Fig.5.1).   

 

Fig.5.1: Binary Data 
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5.1.1.2 Implementation of Apriori Algorithm in Java 

 

The overview of implementation of this approach is illustrated in (Fig. 5.2). 

The algorithm involves two stages: 

a. Identifying all item sets satisfying minimum support (frequent item set generation) 

b. Identifying all rules meeting minimum confidence. 

 

 

 

 

 

 

 

 

               

                                                            

 

 

 

 

 

             Fig.5.2: Flowchart for the Implementation of Apriori 

Frequent item set generation 

While identifying the item sets satisfying minimum support, the algorithm must ensure that the 

number of candidates generated and the number of comparisons involved are also minimal. 

Separating the algorithm into the following two stages ensures that both the stated requirements 

are satisfied simultaneously: 

1. Candidate set generation 

Yes 

No 

Start 

Get Frequent Items 

Generate Candidate Itemsets 

Get Frequent Itemsets 

Generated 

Set = Null 

Generate Strong Rules 
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2. Frequent item set generation 

Candidate item set generation mainly involves identification of probable candidates for the next 

iteration based on the frequent item set generated in the current iteration [26, 18]. The only 

exception in this case is the generation of the first frequent itemset where it relies only on the 

number of items involved in the transaction. This step reduces the number of candidates for 

which support has to be calculated [26].  

Frequent itemset generation figures out the candidates meeting the minimum support. For this, a 

complete iteration of the transaction database is normally required for each candidate. The 

comparisons can be reduced by using advanced data structures like HashTree. 

 

Essentials for implementing Apriori frequent item set generation in Java 

1. Interface to connect to and read from the transaction database. 

2. Interface to validate the transaction data. 

3. Interface to transform the transaction data into optimized format. 

 

Transaction data could reside on any data store. Hence, there should be an interface available 

that can connect to the data store irrespective of its type. This interface requires methods to 

connect to initialize the connections to the data store, read the next transaction data from the data 

store and close the open connections once the data is read. In addition it also should expose 

methods to identify the names of the items involved in the transaction. In the current 

implementation the transaction data is stored in a file. So a file reader implementation would be 

sufficient to meet this requirement. The input data which is stored in the form of an M x N 

matrix where M is the number of items and N is the number of transactions. Each row indicates a 

transaction. Each value in the row is either 0 or 1 indicating whether the item is involved in the 

transaction or not. This representation is a compressed form of representing the items involved in 

the transaction. 

Transaction data which is read from the data store needs to be validated. The only validation that 

is carried out in the implementation is ensuring that the transaction data contains the required 

number of items. 

The transaction data may not be stored in the appropriate format which can directly be used by 

the Apriori algorithm. So it needs to be transformed into the required format. In the 

implementation each row is converted to a String indicating the items involved in the transaction. 

Hence all the items with value 0 are discarded. 
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Apriori frequent item set generation using Java 

For the implementation of Apriori in java, we follow an algorithm (Fig.5.3). Various support 

counting techniques are devised in data mining. However most of them require candidate items, 

number of items involved in transaction, method to increment the support count for a transaction 

and method to prune the candidates based on minimum support. Hence for the implementation of 

this step an abstract class is sufficient which would leave the concrete implementation of support 

counting and pruning to the implementing class. In the default implementation of support 

counting an advanced data structure called Hash Tree is used. Hash tree node is created by using 

the basic data structures like HashMap and List. In addition, it contains an attribute to indicate 

whether the node is an intermediate node or leaf node. If the node is an intermediate node then 

the HashMap would indicate an item and its children. If the node is a leaf node then the List 

would indicate the item set and its support. The support attribute is updated each time a 

transaction is considered for support counting. By using Hash tree we minimize the number of 

comparisons involved in support counting. Pruning of the candidate elements is carried out by 

traversing the hash tree to the leaf nodes and checking whether the item sets involved meet the 

minimum support. This is a pretty straight forward step. Traversing the hash tree during support 

counting and pruning is achieved using recursive algorithms. 

 

    Frequent itemset generation of the Apriori algorithm. 
1: k = 1. 
2: Fk   = { i | i ∈  I ∧  σ({i}) ≥ N × minsup}. {Find all frequent 1-itemsets} 
3: repeat 
4: k = k + 1. 
5: Ck   = apriori-gen(Fk−1 ). {Generate candidate itemsets} 
6: for  each transaction t ∈  T do 
7: Ct  = subset(Ck , t). {Identify all candidates that belong to t} 
8: for  each candidate itemset c ∈  Ct  do 
9: σ(c) = σ(c) + 1. {Increment support count} 

10: end for 
11: end for 
12: Fk   = { c | c ∈  Ck   ∧  σ(c) ≥ N × minsup}. {Extract the frequent k-itemsets} 
13: until Fk   = ∅  
14: Result = 

  
Fk . 

                     Fig.5.3: Algorithm for frequent itemset generation [26] 
 
 
Rule Generation in Apriori algorithm 

In the second phase of Apriori algorithm all the association rules of the form X => Y are 

supposed to be identified out from the frequent item sets. Each such association rule should meet 

the minimum confidence level. For this phase of implementation we followed two algorithms 
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(Fig. 5.4, 5.5). In order to find the confidence level the support count for each item set in the 

antecedent part (X) and the support for (X U Y) need to be calculated. These measures are 

already calculated during the frequent item set generation stage. So no more iteration over the 

transaction data base is required during this phase. The algorithm starts by identifying all the one 

item consequents for each frequent item set which meets the minimum confidence. This 

implementation is straight forward. This involves iteration over all the frequent item sets, 

generation of each probable one item consequents, and calculation of confidence for each such 

one item consequent and comparison of the calculated confidence measure against the minimum 

confidence measure. After identifying each one item consequents all the association rules from 

the corresponding frequent item set needs to be identified. The consequent part of the association 

rules generated from the frequent item set will grow after each iteration.  It is also interesting to 

notice that the rule generation from frequent n-itemset depends on frequent n+1-itemset. Hence, 

the n+1-item set is generated based on Apriori candidate generation algorithm. The code for 

candidate generation is reused for this purpose. 

 

 

     Rule generation of the Apriori algorithm. 
1: for  each frequent k-itemset fk , k ≥ 2 do 
2: H1   = {i | i ∈ fk } {1-item consequents of the rule.} 
3: call  ap-genrules(fk , H1 .) 
4: end 

               Fig.5.4: Algorithm for rule generation [26] 

 

  Procedure ap-genrules(fk , Hm). 

1: k = |fk |  {size of frequent itemset.} 
2: m = |Hm |  {size of rule consequent.} 
3: if k > m + 1 then 
4: Hm+1 = apriori-gen(Hm ). 
5: for  each hm+1 ∈ Hm+1  do 
6: conf  = σ(fk )/σ(fk  − hm+1 ). 
7: if conf  ≥ minconf then 
8: output the rule (fk  − hm+1 ) −→ hm+1 . 
9: else 
10: delete hm+1 from Hm+1 . 
11: end if 
12: end for 
13: call  ap-genrules(fk , Hm+1 .) 
14: end if 

                 Fig.5.5: Algorithm for rule generation [26] 

 

Inputs to the Java implementation of Apriori algorithm 

1. Number of items per transaction 

2. Minimum support 
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3. Location of input file path 

4. Minimum confidence 

These parameters are passed as program arguments.  

 

Fig.5.6: Run configuration 

Output of the Apriori algorithm 

The algorithm generates the frequent item sets satisfying the minimum support and association 

rules meeting the minimum confidence level (Fig.5.7). For example, when we give minimum 

support as 75 and minimum confidence as 50 along with our collected data for New York 

counties sprawl, we get a set of association rules (Fig.5.8). 

 



23 | 
 

 

Fig.5.7: Output console while executing Apriori 

 

[BirthRate_Range2 -> GasolineStations_Range2 Target_Sprawl, Income_Range3 -> 

HousingUnits_Range3 Target_Sprawl, Asians_Range3 -> HousingUnits_Range3 

Target_Sprawl, HousingUnits_Range3 -> BirthRate_Range2 Target_Sprawl, Target_Sprawl -> 

BirthRate_Range2 GasolineStations_Range2, GasolineStations_Range2 -> BirthRate_Range2 

Target_Sprawl, BirthRate_Range2 Target_Sprawl -> Income_Range3 HousingUnits_Range3, 

Income_Range3 Target_Sprawl -> BirthRate_Range2 HousingUnits_Range3, Income_Range3 

BirthRate_Range2 -> HousingUnits_Range3 Target_Sprawl, Asians_Range3 Target_Sprawl -> 

BirthRate_Range2 HousingUnits_Range3, Asians_Range3 BirthRate_Range2 -> 

HousingUnits_Range3 Target_Sprawl, Asians_Range3 Income_Range3 -> 

HousingUnits_Range3 Target_Sprawl, HousingUnits_Range3 Target_Sprawl -> 

Income_Range3 BirthRate_Range2, Income_Range3 HousingUnits_Range3 -> 

BirthRate_Range2 Target_Sprawl, Asians_Range3 HousingUnits_Range3 -> BirthRate_Range2 

Target_Sprawl, BirthRate_Range2 HousingUnits_Range3 -> Income_Range3 Target_Sprawl] 

Fig.5.8: Association rules from the Output of Apriori 
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5.1.2 Approach 2: J4.8 for decision tree classification using WEKA 

5.1.2.1 Preprocessing of data 

Data preprocessing is an important step in our experiments. The technique for extracting 

decisions trees is essentially based on WEKA [1] software. The method is general, but requires 

appropriate format for each file, which is readable by WEKA. WEKA can take .csv (comma 

separated value) and .arff (attribute-relation file format) files. So the collected data has to be 

preprocessed so as to make it compatible with WEKA formats. Whole variables contained in the 

dataset were continuous attributes except the target attribute which is binary and is given as input 

to WEKA. (Fig.5.9) 

 

 
 

Fig.5.9: Data in WEKA 
 
 
5.1.2.2 Experimentation   

After preprocessing data we have started our experiments. The purpose is to gather decision 

patterns from the New York county dataset. We follow three different approaches to gather the 

patterns. J4.8 from classification tree algorithms is used to analyze the data for generating 

decision trees. And secondarily, bagging and boosting is also applied. 

 

Among the 27 attributes, since the population density and percentage of Asians have most 

impact on sprawl and had comparatively very high impact when compared with other variables, 

only those patterns were displayed in the result (Fig5.10). Bagging and boosting [26] are applied 

on the data in order to get other hidden relations (Fig.5.13, 5.14), even though it is not that 



25 | 
 

significant as population density or percentage of Asians. Attribute selection is also done since 

we realize some of the variables doesn’t have much impact on the target attribute, this gave us 

more results with more patterns (Fig.5.11). Data is input to this algorithm in both ways: as 

continuous attributes and nominal attributes (ranged data). After converting continuous data to 

nominal data not only sprawl but we tried some other variables also as target variable since they 

are also discrete attributes. For example, considering mean time to travel as the target attribute 

(Fig.5.12). 

Fig.5.10: Initial output from J4.8 

 

 

Fig.5.11: Output after attribute selection 
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Fig.5.12: Mean Travel time to work 

 

Iteration 7 

 Class 1 (Target(Sprawl)=Y) 

Decision Stump 

Classifications 

Mean travel time to work (minutes) <= 37.7 : -0.417205238913497 

Mean travel time to work (minutes) > 37.7 : 1.5486319364513992 

Mean travel time to work (minutes) is missing : -0.09551223079474705 

 Class 2 (Target(Sprawl)=N) 

Decision Stump 

Classifications 

Mean travel time to work (minutes) <= 37.7 : 0.4172052389134981 

Mean travel time to work (minutes) > 37.7 : -1.5486319364514127 

Mean travel time to work (minutes) is missing : 0.09551223079474797 

Iteration 8 

 Class 1 (Target(Sprawl)=Y) 

Decision Stump 

Classifications 

Gasoline stations <= 16471.0 : -0.5648782405415602 

Gasoline stations > 16471.0 : 0.8344461567041037 

Gasoline stations is missing : 0.07978121875324665 

 Class 2 (Target(Sprawl)=N) 
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Decision Stump 

Classifications 

Gasoline stations <= 16471.0 : 0.5648782405415594 

Gasoline stations > 16471.0 : -0.8344461567040931 

Gasoline stations is missing : -0.07978121875324777 

Iteration 9 

 Class 1 (Target(Sprawl)=Y) 

Decision Stump 

Classifications 

White people(of tot pop) <= 87.79499999999999 : 0.32519636604214447 

White people(of tot pop) > 87.79499999999999 : -1.1231869975522928 

White people(of tot pop) is missing : 0.011675003656158107 

 Class 2 (Target(Sprawl)=N) 

Decision Stump 

Classifications 

White people(of tot pop) <= 87.79499999999999 : -0.32519636604214475 

White people(of tot pop) > 87.79499999999999 : 1.123186997552293 

White people(of tot pop) is missing : -0.01167500365615946 

 

Fig.5.13: Output after boosting 

 

=== Classifier model (full training set) === 

All the base classifiers:  

REPTree 

============ 

TotalPersonaIncome < 11713160 

|   Employed(of tot pop) < 18.88 : Y (2/0) [1/0] 

|   Employed(of tot pop) >= 18.88 : N (61/1) [30/0] 

TotalPersonaIncome >= 11713160 : Y (19/0) [11/0] 

Size of the tree : 5 

REPTree 

============ 

African people(of tot pop) < 6.47 : N (58/0) [29/0] 

African people(of tot pop) >= 6.47 

|   FarmLand(Acres) < 74.6 : Y (21/1) [12/1] 

|   FarmLand(Acres) >= 74.6 : N (3/0) [1/0] 

Size of the tree : 5 

REPTree 

============ 
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African people(of tot pop) < 6.31 : N (60/1) [32/2] 

African people(of tot pop) >= 6.31 

|   TotalPersonaIncome < 3520698.5 : N (2/0) [2/0] 

|   TotalPersonaIncome >= 3520698.5 : Y (20/1) [8/0] 

Size of the tree : 5 

REPTree 

============ 

TotalPersonaIncome < 11286795 : N (65/3) [33/1] 

TotalPersonaIncome >= 11286795 : Y (17/1) [9/0] 

Size of the tree : 3 

REPTree 

============ 

White people(of tot pop) < 82.31 : Y (20/2) [10/1] 

White people(of tot pop) >= 82.31 : N (62/0) [32/1] 

Size of the tree : 3 

REPTree 

============ 

Percentage of foreign born < 5.25 : N (56/0) [27/1] 

Percentage of foreign born >= 5.25 

|   FarmLand(Acres) < 44.7 

|   |   TotalPersonaIncome < 373943200 : Y (15/0) [5/0] 

|   |   TotalPersonaIncome >= 373943200 : N (2/0) [1/0] 

|   FarmLand(Acres) >= 44.7 : N (9/2) [9/3] 

Size of the tree : 7 

REPTree 

============ 

TotalPersonaIncome < 10641129 

|   FarmLand(Acres) < 71.6 

|   |   Percentage of foreign born < 4.7 : N (6/0) [2/0] 

|   |   Percentage of foreign born >= 4.7 : Y (6/2) [5/2] 

|   FarmLand(Acres) >= 71.6 : N (51/0) [25/0] 

TotalPersonaIncome >= 10641129 : Y (19/0) [10/1] 

Size of the tree : 7 

REPTree 

============ 

Public supply, ttlPpltn served, in thousands < 128.98 : N (58/0) [31/1] 

Public supply, ttlPpltn served, in thousands >= 128.98 

|   White people(of tot pop) < 88.99 : Y (21/3) [9/1] 

|   White people(of tot pop) >= 88.99 : N (3/0) [2/0] 

Size of the tree : 5 

Fig.5.14: Output after Bagging 
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5.2 Experimental Evaluation and Results 
 

 

After running data using the two approaches Apriori and J4.8, the models which are received as 

outputs are saved.  From the output models we realize that, population density is the major cause 

or has most impact on urban sprawl and because of the increase in population, many other 

factors increased. Other than the common known facts like population density and farm lands we 

are able to find some interesting results like how the number of housing units, number of truck 

transportations and number of gasoline stations are related in a place which has sprawl. 

 

Based on these saved models a mini user interactive prototype application is developed which 

consists of ten pieces of information. This application can be used by decision makers to know 

about the chances of sprawl occurrence or the significance of a variable or variables based on 

another variable or variables. For example, a city planner wants to construct a new flat and the 

population he expects to accommodate in that flat can be added to the present population of that 

particular county and can see how it would affect other variables or thereby sprawl.  

 

This application is developed for the non-expert decision makers so that they can utilize the 

application without nerve-racking about how the patterns are made. From the results we receive, 

we select the ten best patterns and constructed the prototype based on that. 

 

5.2.1 SDSS prototype 

Prototype consists of ten user interactive questions. It has a description about itself, for the first 

time users, which is given under ‘for new user information’ button (Fig.5.15). 

 
Fig.5.15: SDSS prototype: New User Information 
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1. Relation between population density (per square miles) and sprawl occurrence. 

 
    Fig.5.16: Relation 1 

 

2. Relation between population density, percentage of Asians and sprawl occurrence. 

 
Fig.5.17: Relation 2 
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Fig.5.18: See more for Relation 2 

 

 

3. Relation between Income rate and sprawl. 

 
Fig.5.19: Relation 3 
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4. Relations among percentage of Asians, birth rate, number of housing units, and sprawl. 

 
Fig.5.20: Relation 4 

 

 

 

5. Relation between percentage of Asians and income range. 

 
Fig.5.21: Relation 5 
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6. Relations among the number of housing units, number of trucks used for transportation, 

number of gasoline stations and sprawl. 

 
Fig.5.22: Relation 6 

 

7. Relations among the personal income, percentage of foreign born residence, 

unemployment rate and sprawl.   

 
Fig.5.23: Relation 7 
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Fig.5.24: See more for Relation 7 

 

8. Relation between employment rate and sprawl. 

 

 
Fig.5.25: Relation 8 
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9. Relation between the number of housing units and the supply needed for public water. 

 
Fig.5.26: Relation 9 

 

10. Relation between the number of housing units and the possible number of houses that 

will use electricity for heating and cooling among them. 

 
Fig.5.25: Relation 10 
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6. Related Work 

 

In recent years technology is developing in an exponential manner. New techniques in the GIS 

field and large resources in the form of digital imagery, statistical data are encouraging more and 

more researchers to put in their effort to topics like urban sprawl and sustainability, which is now 

a big concern among geologists, environmentalists and city planners. We would like to cite some 

of the related works here. 

 

Measuring urban sprawl in Beijing with geo-spatial indices 

 

In Jiang el at., 2007 they took Beijing as a case and put forward that urban sprawl can be 

measured from spatial configuration, urban growth efficiency and external impacts, and then 

develops a geo-spatial indices system for measuring sprawl, using a total of 13 indicators [14]. 

So basically the authors were trying to measure sprawl or rate the sprawl based on the data they 

collected but in our case we were trying to find the patterns which caused sprawl.  

 

Urban sprawl: Metrics dynamics and modeling using GIS 

 

In the study done by Sudhira el at., 2003, the authors tried to find sprawl patterns using remote 

sensing spatial data along with other attributes. The study area was India, and their study 

attempted to identify sprawls, quantify by defining new metrics, understand the dynamic process 

and subsequently model the same to predict for the future. The authors in this study have used 

statistical analysis and methods to find the patterns, whereas we are using data mining algorithms 

to find the sprawl causing patterns.  

 

Modeling Urban Land Use Change and Urban Sprawl: Calgary, Alberta, Canada 

 

 

The authors of Sun el at., 2007 have implemented land use classification for the City of Calgary, 

Alberta, Canada, using an object-oriented approach  and simulates the land use pattern in the 

future using Markov Chain analysis and Cellular Automata analysis based on the interactions 

between these land uses and the transportation network. This research proves that an object-

oriented approach can produce satisfactory classification results whereas in our project we 

analyze data using strong data mining techniques. Also, this project reveals the manner in which 

land use is likely to develop in the future, and demonstrates that urban sprawl continued to grow 

in Calgary during the years between 1985 and 2001; similarly we explained urban sprawl using 

maps for 2000 and 2010 years. 
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7. Future Studies 
 

 The increasing interest and popularity of data mining techniques in GIS data and its uses 

has led some geologists and data mining professionals to introduce Apriori in map reduce 

[18] frame work and to explore the huge datasets which can be of  huge sizes as terabytes 

and petabytes. 

 Developing a full-fledged SDSS considering various aspects of causes of sprawl with 

several decision-making scenarios that would head towards performing the forecasting of 

urban land use dynamics. 

 

8. Conclusion 
 

We have addressed the issue of discovering the inherent relations and patterns among some of 

the causes of urban sprawl, based on New York counties’ data. i.e., by gathering data for some 

variables which are directly or indirectly related to urban sprawl and by implementing data 

mining algorithm Apriori for association rule mining using Java and by experimenting with J4.8 

for decision tree classification using WEKA (a data mining tool). Finally, based on those results 

we implemented a mini user interactive prototype using Java swings and converted the same to 

an executable .exe file which can be used by urban planners, city dwellers and also any users 

who would like to find out the chance of sprawl occurrence by entering some of the variables, 

and also to see how some of the variables can affect each other. 

 

In conclusion, we can say this project on the whole contribute to both the computing community 

of spatial data mining, and the geosciences community of urban sustainable development. Since 

this field of data mining in GIS and Spatial Decision Support Systems using GIS data are all 

new, this project involved a great deal of exploratory work. With the help of this project, we 

were able to familiarize with many concepts pertaining to various data mining techniques and 

GIS software.   
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