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Geographical Data Mining of Incidence Data 
The occurrence of road accidents is of a stochastic nature.  Using available data to predict spatial locations (to the nearest 10 meters) and timings (to the nearest minute) of individual accidents is hardly possible.  However there are patterns to where and when accidents occur which means that some places and some times are more likely to be those of accidents than others.  Supposing environmental interference can be controlled so that positioning an observer did not alter accident likelihood, it should be possible to position an observer so that they are more likely to witness an accident than another observer.

There are many factors in addition to the semi-fixed characteristics of a spatial location (such as the junction type) and the temporal characteristics (such as evening on a Friday) which effect the likelihood of an accident occurring.  Road and weather conditions and the awareness of road users of the risks are also contributing factors.  There are many things that cannot be predicted within any reasonable bounds of uncertainty from available data.  Many of these things may be partial causes or contributing factors to road accidents in complex ways.  Because of this apparent ‘randomness’ there is some level of variation to road accident density which we cannot hope to predict using Stats 19 and related geographical data.

It is possible that the level of randomness in the location and timing of road accidents swamps the pattern of accidents which are more predictable.  The search for a satisfactory way of identifying locations which are particularly dangerous using available data is the quest of this research.  So, in an aggregate way, there are patterns to the locations and timing of accidents and it is the change in these aggregate patterns which is the applied focus of interest.  Applications for Britain and Leeds which also examine the effects of spatial scale and resolution are presented in Chapters 8 and 9 respectively.  Developing methods to visualise and interpret changes in these aggregate patterns is the focus of Chapters 5, 6 and 7.  Chapter 4 summarises and reviews existing tools and methods.  This Chapter is a literature review about the existing methods, how they were developed and applied to identify patterns in geographically referenced incidence data.

Chapter 1 introduces the geographical data mining approach.   

The production of point maps of incidence dates back to at least the late 19th century when John Snow produced a map of cholera incidence in London on which he also plotted the location of water pumps.  The analysis of the incidence maps not only helped identify clusters of infection, but also led to the identification that the disease was water borne (Snow, 1855).  This famous exploratory geographical analysis both champions the production of maps and provides an example of how the analysis of spatial distributions can lead into the formulation of theory about causation.

Stats 19 are spatially and temporally referenced geographic (space-time-attribute or tri-space) data.  Geographical Data Mining (GDM) involves searching for and generalising patterns and relationships in tri-space data, which is notoriously difficult, see Openshaw (1998).

The exploratory approach involves visualising data and generalisations (derivatives) of them in tables, graphs, maps and various other types of display.  Human analysts interpret these displays to gain an appreciation of the nature of the data, which often helps them to define interesting subsets of data and guide the search for interesting and potentially useful patterns and interrelationships in it.  ESDA and data mining in general are interactive and iterative search processes where patterns and relationships in data are used to refine the search for more interesting patterns and relationships.  

3.0
Summary
The importance of dynamic variables must not be underestimated!!!

 though  achieved might involve evolving customising and applying existing GDM techniques.  This will be done in context by comparing results with those obtained via more traditional geographical analysis methods. 

This Chapter begins by defining GDM, then reviews the development and applications of geographical data mining methods that search for patterns in geographically referenced data.  The methodological approach for this thesis is then detailed.

Section 3.0 defines GDM in detail and focuses on the development of Exploratory Spatial Data Analysis (ESDA) methods applied since the early 1990’s in a wide variety of geographical research.  These include various versions of Geographical Analysis Machines of Openshaw et al., the Geographical Weighted Regression method of Fotheringham et al., ...  Section 3.1 describes the available and existing geographical data related to the problem of road accident incidence.  These include Stats19 Personal Injury Road Accident data, (Ordnance Survey) digital map data, Census data …  Section 3.2 outlines some analytical aims.  It describes the desire to analyse all the data for the entire country at the finest resolution possible in order to dig down and ‘explain’ spatio-temporal clustering.  Section 3.3 details methodology.
3.1
Exploratory Spatial Data Analysis and the evolution of GDM
Def: ESDA

Why is GDM the next step:

Defining Geographical Data Mining
“Geographical data mining (GDM) is regarded as a special form of data mining that seeks to perform similar functions but is modified to take into account the special features of geoinformation and the rather different styles and needs of GIS and geographical explanation.” (Openshaw 1999)
The special features of geoinformation are summarised in Table 3.0.

	Observations are not independent

	Data uncertainty and errors are often spatially structured

	Whole map statistics are seldom helpful

	Non-stationarity is to be expected

	Relationships are often geographical localised - rather than global

	Non-linearity is the norm

	Data distributions are non-normal

	High levels of multivariateness but with redundancy

	Time often interacts with space

	Most GIS data layers are categorical

	The locational element is important

	The modifiable nature of all spatially aggregated data

	Results reflect definitional dependencies

	There can be a fair amount of junk data


Table 3.0
Special features of geoinformation
 (Source: Openshaw 1999)
Geoinformation can relate to: a complex physical object, like a road network; or something more abstract, such as, a postcode or census tract where the boundaries of the regions are not naturally distinguished by physical characteristics or the appearance of the landscape.  In any case geoinformation is special in that it is not independent or identically distributed like much other non-geographical data.  In other words, geographical distributions are spatially and temporally patterned, values attributed to each region of space-time are autocorrelated and are also related to values of other variables in others regions.  The strengths of these relationships tend to vary according to a great number of complexly interrelated scale dependent processes.  There is a fundamental difference (with respect to the type of patterns that can be sought) in data that have no spatial or temporal reference, data that have one but not the other, and data with both.  Another thing worth pointing out here is that outside influences abound not least in trends over time that effect the entire region albeit in locally varying and possibly unusual ways. 
Geographical Data Mining (GDM) is defined and outlined in Openshaw (1999).  It involves the analysis of ‘sufficiently volumous’ amounts of geographical data, which are usually both spatially and temporally referenced and have multiple attributes.  Many (if not all) geographical variables are interrelated and the main part of this GDM involves integrating all the data and searching for patterns which suggest relationships between the data and how these can be useful in the context of a specific objective, such as, improving road safety.

The evolution of GDM

Exploratory Spatial Data Analysis

ESDA highlights the importance of generalising, visualising and investigating patterns in the data using dynamic linked graphics.  
GAM, GEM, STAC, MAPEX
GWR

Problems and Benefits of GDM
GDM - The state of the art

The idea of developing a computer geographer can be traced to Dobson (1983) and the first prototype Geographical Analysis Machine (GAM) was developed in the mid 1980s (Openshaw et al., 1987).  GAM was then a program that applied a simple circle-based test to all possible locations on the map (based on a regular grid) and reported those circles that contained an unusually high incidence rate.  GAM was improved throughout the 1990s to make it run faster and produce outputs that could be interpreted more easily.  GAM has been found to work better than any alternative methods for finding clusters in spatial data (Alexander and Boyle, 1996; Openshaw et al., 1999).  It has never been claimed that GAM is anything more than a descriptive tool that suggests where to look for localised clustering.  GAM is thus nothing more than a procedure for assisting the end-user in exploring their data.  Nonetheless it is a very useful procedure that can be used in a number of different ways to explore geographical incidence data.

Other automated geographical analysis machines have been developed to explore different geographical data dimensions.  Openshaw et al., (1990) described the development of a Geographical Correlates Exploration Machine (GCEM).  This was an attempt at automating the search for clustering taking into account values in additional GIS coverages.  This idea was revisited in the late 1990s to develop a new method termed the Geographical Exploration Machine (GEM).  Instead of overlaying entire coverages as in GCEM, the data inside each of the GEM search circles are examined using permutations of coverages for subsets of homogenous cases (Openshaw, 1999). 

GAM and GEM will be used extensively in this research.

Buttenfield et. al., 2001
Therein data mining was defined as an abductive task, an exercise aiming to simultaneously uncover some structure within the data and some hypothesis of how to explain it.  An illustration of the different ways of reasoning (inference) and how they work together in the process of knowledge discovery is depicted in Figure 1.  
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Figure 1.

Different ways of reasoning (inference) work together in the process of knowledge discovery, from initial hypothesis generation to validation and use of concepts generated (source: Brodaric and Gehegan, 2001)

Exploratory Geographical Analysis

What is Randomness?

In the exploratory approach we are seeking interesting patterns that might potentially be statistically significant and are at least interesting and require further consideratiojn: we are perhaps more concerned with making sure we do not miss any interesting patterns than with picking up some ‘random’ ones.  In a statistical sense, we are more concerned with the risk of a false negative (failing to spot a pattern that exists), than about the risk of a false postivive (spotting a ‘pattern’ that turns out to be an artefact of seemingly random variation), Fotheringham et al., 2002.

GWS

GWS are a way of exploring local trends in data.

Fotheringham et al., 2002 (p167): Computing values on a high resolution grid is a good strategy as the results are easily mapped.  However at high levels of resolutions and at small scales it is difficult to assess the significance of results.
Fotheringham et al., 2002 noted that there are problems with generating GWS if the density of observations is not evenly distributed.  To overcome this problem they use an adaptive kernel that’s bandwidth varies so that statistics take into account a fixed number of observations.

Fotheringham et al., 2002 (page 169) explains how to test for significance of complex stats and states that for this we generally need to ascertain the real distribution of values by studying all permutations.
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