
 

 

 
Copyright Undertaking 

 

This thesis is protected by copyright, with all rights reserved.  

By reading and using the thesis, the reader understands and agrees to the following terms: 

1. The reader will abide by the rules and legal ordinances governing copyright regarding the 
use of the thesis. 

2. The reader will use the thesis for the purpose of research or private study only and not for 
distribution or further reproduction or any other purpose. 

3. The reader agrees to indemnify and hold the University harmless from and against any loss, 
damage, cost, liability or expenses arising from copyright infringement or unauthorized 
usage. 

 

 

IMPORTANT 

If you have reasons to believe that any materials in this thesis are deemed not suitable to be 
distributed in this form, or a copyright owner having difficulty with the material being included in 
our database, please contact lbsys@polyu.edu.hk providing details.  The Library will look into 
your claim and consider taking remedial action upon receipt of the written requests. 

 

 

 

 

 

Pao Yue-kong Library, The Hong Kong Polytechnic University, Hung Hom, Kowloon, Hong Kong 

http://www.lib.polyu.edu.hk 



 
 

 

SUPPORTING THE USE OF WEB-BASED 

CRIME MAPPING IN COOPERATIVE 

POLICING BY DYNAMIC PATTERN 

ANALYSIS 

 

 

LEONG KONG SANG 

 

 

 

Ph.D 

 

The Hong Kong Polytechnic University 

 

2016 

  



 
 

The Hong Kong Polytechnic University 

Department of Computing 

 

 

 

Supporting the Use of Web-based Crime Mapping in 

Cooperative Policing by Dynamic Pattern Analysis 

 

 

LEONG Kong Sang 

 

 

 

A thesis submitted in partial fulfilment 

of the requirements for the degree of 

Doctor of Philosophy 

 

 

December 2013



 
 

 

 

 

CERTIFICATE OF ORIGINALITY  

 

I hereby declare that this thesis is my own work and that, to the best of my 

knowledge and belief, it reproduces no material previously published or written 

nor material that has been accepted for the award of any other degree or 

diploma, except where due acknowledgement has been made in the text. 

 

 

_____________________________ 

LEONG Kong Sang 

 

 

 

 

 

 

 

 

  

ops public
打字機文字
 ,



i 
 

Abstract 

This thesis reports on a map-centric spatial-temporal crime pattern analysis system - 

Dynamic Pattern Analysis system (abbreviated as DPA system). The term “dynamic 

pattern” does not refer to a particular type of spatial-temporal pattern. We use the 

term “dynamic” to reflect the dynamic and diverse nature of spatial-temporal crime 

patterns.   

The proposed DPA system consists of four modules: (1) Basic tendency 

analysis provides a general view of the distribution of crimes over space and time, (2) 

Spatial relation analysis identifies spatial relationships of crime patterns at different 

time points, (3) Cyclic Signature clustering makes use of similarities of calendric 

patterns to find hotspots with similar features, and (4) the Dynamic Relation model is 

a data-driven evaluation approach for analysing the interactions between spatial-

temporal crime patterns and Web-Based Crime Map. Four types of dynamic relation 

(HI, HD, LI and LD), referring to different situations, can be identified by the 

Dynamic Relation model. The different types of dynamic relation can also be 

combined for analysing more complex spatial effects, such as displacement, 

aggregation, general increase and general decrease. 

These four modules are designed based on a comprehensive literature review 

and two international-wide studies. The modules unite to form an integrated system, 

yet each can be operated independently. Case studies are presented in order to 

evaluate this system based on the collected real-world data from the Hong Kong 
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police force and London’s crime map. All the results are in line with expert 

predictions and corroborated by related empirical crime studies. 

In addition, three additional case studies were conducted from May to August 

2015 in order to further evaluate the information generated from the four different 

modules in the Dynamic Pattern Analysis system (DPA system).  Different methods, 

such as survey and clustering performance evaluation were used for different 

evaluation purposes.  

According to the evaluation results of the three additional case studies, we 

found that making use of DPA output (i.e. information generated from the DPA 

approach) was better than making use of other benchmark output (i.e. information 

generated from the corresponding benchmark approach) in different aspects. In case 

study 1, we invited fifteen international crime analysis professionals, including three 

highly-cited scholars in spatial-temporal crime analysis, to participate in an online 

survey. We found that making use of DPA output enhanced the accuracy of analysis. 

Moreover, the results of the survey also indicated that making use of DPA output not 

only changed international professionals’ police resource allocation decisions 

significantly, but also the decisions made were more suited to the local situation. In 

case study 2, we used a two-year theft-related dataset to create three transformed 

datasets in three different forms of temporal pattern. For each transformed dataset we 

conducted clustering. The clustering results were evaluated by using the measures (i) 

purity and (ii) genetic distance. We found that using DPA’s form of temporal pattern 
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(i.e. cyclic temporal pattern) for clustering can create clusters with higher intra-cluster 

similarities and lower inter-cluster similarities than using other forms of temporal 

pattern. In case study 3, we invited fourteen experienced crime analysis professionals 

to participate in an online survey. The results of the survey indicated that making use 

of DPA output not only changed their police resource allocation decisions 

significantly, but also the decisions made were in line with the corresponding crime 

prevention guideline. 
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Chapter 1  

Introduction  

1.1  Overview 

The concept behind cooperative policing intervention is that crime prevention should 

not be operated exclusively within police departments – the community should also 

get involved. In recent years, many Web-Based Crime Maps (WBCMs) have been 

developed as cooperative policing intervention for the purpose of reducing crime by 

enhancing public awareness. WBCMs are a web-based solution that visualize crime 

information on a digital map accessible by the public. Although the intended 

WBCM’s objective is to reduce crime, the result is still debatable - we explain this as 

follows. 

The applications of WBCMs have drawn considerable public attention. A 

notable WBCM case was the launch of the UK’s online crime mapping website. 

When the street-level crime map service went live in February 2011, it recorded up 

to 18 million hits per hour on the first day of its high-profile launch, more than any 

government website has ever tried to deal with [1][2]. In fact, more and more WBCMs 

have been developed in the market in recent years. For example, Crimereports, an 

online crime mapping service provider, had over 800 law enforcement partners across 

North America as at June 2010.  
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The popularity of WBCM applications lets more and more users from the 

general public get access to the information from WBCMs. However, a practical 

concern of cooperative policing intervention, including WBCM, is that it may lead to 

unintended consequences in regard to spatial-temporal crime patterns. Therefore, 

analysing the effects of WBCMs on spatial-temporal crime patterns is important 

because the findings from analysis can tell whether or not the intended intervention’s 

objectives are met.  

Spatial-temporal crime pattern analysis is a process that extracts information 

from geo-and-time-referenced crime data and creates knowledge for analysts. The 

information and knowledge are used for supporting strategic, tactical, and operational 

decision-making in order to achieve crime reduction and prevention. Many different 

spatial-temporal crime pattern analysis approaches have been developed for different 

information and knowledge needs. For example, the hotspot approach can be used to 

find areas on a map with high crime intensity, while other collocation pattern analysis 

approaches can be used to study whether or not shop thefts are more likely inside 

shopping malls.  

In order to support information and knowledge sharing among analysts, we 

propose a map-centric system. Figure 1.1 illustrates the concept of the map-centric 

system. In the system, a crime map would serve as a common base of communication 

among analysts for different purposes. On the one hand, various map-dependent 

analysis approaches are included in the proposed system to support different analysis 

needs. On the other hand, the information and knowledge obtained from different 
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analysis approaches in the proposed system could be exchanged among analysts to 

create new useful insights. For example, two findings were obtained from two 

different spatial-temporal analysis approaches: (1) one approach found that a specific 

street had a significant increase in the number of shop thefts in the last month, (2) 

another approach indicated that most shop thefts occurred in close proximity to 

hotspots of illegal drug activity. According to these two findings, an analyst may wish 

to investigate whether or not the street is also a new hotspot of illegal drug activity. 

The proposed map-centric system is appropriate and practical because crime 

maps are key components of many different crime pattern analysis approaches. 

According to [3] and [4], crime mapping is complementary to all forms of crime 

analysis.  

 

Figure 1.1 Concept of map-centric system for information and knowledge sharing in 

spatial-temporal crime pattern analysis  
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This thesis reports on a map-centric spatial-temporal crime pattern analysis 

system called the Dynamic Pattern Analysis system (abbreviated as DPA system). 

The term “dynamic pattern” does not refer to a particular type of spatial-temporal 

pattern. We use the term “dynamic” to reflect the dynamic and diverse nature of 

spatial-temporal crime patterns. Therefore, in this thesis, dynamic pattern refers to a 

spatial-temporal crime pattern. The DPA system comprises both well-established 

approaches and newly developed approaches for analysing different types of spatial-

temporal patterns, such as crime trend, hotspot, and spatial-temporal relations.   

1.2 Research challenges  

Dynamic pattern analysis (i.e. spatial-temporal crime pattern analysis) faces several 

challenges. These challenges, among others, include identifying patterns from 

dynamic data and reducing the effects from general trends and periodic variations on 

the identified patterns. These two challenges are discussed as follows. 

Crime events are unevenly distributed across time and space. The challenge of 

dynamic pattern analysis is to identify patterns from the dynamic interplay between 

space, time and crime. Moreover, spatial-temporal data are inherently complex 

because they can be presented and organised in different formats such as coordinates, 

postcodes, seconds, minutes, days, weeks, months, years, and others. The diverse 

nature of spatial-temporal data formats adds difficulties to dynamic pattern analysis. 
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Analysing dynamic patterns is even more complex when it involves web-based 

crime maps (WBCMs). The following example is provided to illustrate the challenge. 

Given that a web-based crime map (WBCM) is accessible by the public, the 

interactions between a WBCM’s information and spatial-temporal crime patterns (for 

simplicity, the interaction in the following) are highly complex as a dynamic cycle as 

illustrated in Figure 1.2. In the cycle, the contexts of different users (such as their 

backgrounds, intentions, knowledge and reactions) are different, so they react 

differently to the received crime pattern information from the WBCM. Their 

behaviour is reflected by the crime distribution. Moreover, crime distribution is also 

affected by general trends and periodic variations. The crime distribution is then 

recorded, processed and displayed as a crime pattern on the WBCM. Moreover, the 

WBCM is updated periodically according to the latest crime distribution, and then the 

above cycle continues.   

Two issues should be taken into consideration in dynamic pattern analysis in the 

above mentioned dynamic cycle. The first concern is how to identify the interaction 

between a WBCM and spatial-temporal crime pattern. The second concern is how to 

reduce the effects of general trends and periodic variations on the identified 

interaction. For example, an increase or decrease of crime rate may only be the result 

of periodic variations but not correlated with the WBCM. Reducing the effects of 

general trends and periodic variations on the identified interaction is important 

because such effects will cause misunderstanding about the interaction between 
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WBCMs and spatial-temporal crime patterns. Also, the effects of general trends and 

periodic variations can distract focus and lead to poor decision-making. 

 

Figure 1.2 WBCMs’ information and spatial-temporal pattern interaction cycle 

 

1.3 Objectives 

The primary objective of this thesis is to develop a map-centric system to support 

complex spatial-temporal crime pattern analysis.  

Based on a comprehensive literature review and international-wide studies, 

key specifications of the proposed system are listed in Table 1.1.  
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 Descriptions Examples 

Methods 

Supervised Allow analysts to provide 
direction of analysis. 

To find which shopping 
mall has the highest theft 
rate between shopping 
malls A, B and C. 

Unsupervised Able to discover patterns 
which have not previously 
been considered. 

It may discover burglaries 
often happening near 
public toilets. 

Purposes 

Detection Able to detect a pattern per 
predefined criteria.  

To identify which month 
in the last year has the 
highest crime rate. 

Evaluation Able to evaluate whether or 
not a pattern is unusual. 

To evaluate whether or not 
the crime rate increase in 
the last month is unusual. 

Spatial definitions 

Location based Able to analyse a spatial 
pattern related to a predefined 
fixed area on a map. 

To analyse the theft rate 
change related to shopping 
mall A in the last year. 

Event based Able to analyse a spatial 
pattern related to a predefined 
event on a map. 

To analyse the spatial shop 
thefts distribution in the 
last year. 

Temporal definitions 

Specified period Able to analyse a temporal 
pattern related to a specified 
period of time. 

To study the crime trend in 
the last 5 years. 

Non-specified 
period 

Able to analyse a temporal 
pattern related to time 
duration within a specified 
period of time. 

To identify a season that 
generally has a higher 
crime rate in the last 5 
years. 

Data type 

Location based 
 

Able to analyse data that are 
recorded based on location. 

To compare the crime 
rates between two 
commercial areas. 

Table 1.1 Key specifications of the DPA system 
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1.4 Contributions 

We designed a map-centric DPA system for supporting complex spatial-temporal 

crime pattern analysis. The DPA system consists of four major modules. As per the 

illustration in Figure 1.3, modules 1, 2 and 3 provide functions to support analysing 

spatial-temporal crime patterns not related to WBCMs. Module 4 provides functions 

to support analysing spatial-temporal crime patterns related to WBCMs. They unite 

to form an integrated system, yet each can be operated independently. The functions 

of each module are listed in Table 1.2.   

 

Figure 1.3 Four modules of the DPA system 
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Modules Functions 

1. Basic tendency analysis Aims to provide a general view of the 
distribution of events over space and 
time. It includes two views; they are 
(1) viewing density maps per 
predefined periods, (2) viewing crime 
trends over specific periods. 

2. Spatial relation analysis Aims to identify three types of spatial 
relationship at different time points; 
they are (1) similar spatial patterns 
over different time points, (2) 
interactive relationship between two 
geographical locations and (3) 
frequent rules among events, places 
and time points. 

3. Cyclic signature clustering (CS 
clustering) 

An unsupervised method that makes 
use of similarities of calendric 
patterns to combine distant hotspots 
with similar features. This method 
does not require prior definition of a 
temporal range or threshold. 

4. Dynamic Relation model (DR model) A data-driven evaluation approach 
for analysing the interactions 
between spatial-temporal crime 
patterns and Web-Based Crime Maps 
(WBCMs). Four types of dynamic 
relation (HI, HD, LI and LD), 
referring to different situations, can 
be identified by the DR model. The 
different types of dynamic relation 
can also be combined for analysing 
more complex spatial effects, such as 
displacement, aggregation, general 
increase and general decrease. 

Table 1.2 Four modules in the DPA system 
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Three additional case studies were conducted in order to further compare the 

DPA system with benchmark approaches. Benchmark approach refers to the relevant 

work that is used in the field in order to support a specific spatial-temporal crime 

analysis purpose. For example, a police officer would use hotspot analysis (i.e. a 

benchmark approach) to obtain relevant information, and then the police officer 

would make use of the relevant information to make decision on police resources 

allocation (i.e. a specific spatial-temporal crime analysis purpose).  

These benchmark approaches were selected based on i) publication search, ii) 

keyword search and iii) professional judgement. 

- Publication search 

A publication search for the terms “crime analysis”, “spatial crime analysis”, 

“temporal crime analysis”, “spatial-temporal crime analysis”, “spatio-temporal crime 

analysis”, “crime hotspot”, “crime trend analysis”, “crime mapping”, “web-based 

crime mapping”, “online crime mapping”, “police resource allocation”, “IBM crime 

analysis” and “ESRI crime analysis” in the Google Scholar was conducted. The 

results (publications since 2011) were sorted by relevance and the top fifty results 

were reviewed and analysed in order to identify relevant and up-to-date benchmark 

approaches for the corresponding specific spatial-temporal crime analysis purposes. 
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- Keyword search 

We also conducted keyword search on Google. This keyword search has a 

broader scope and is looking for resources including, but not limited to scholarly 

literature. 

We used Google to search following keywords: “crime analysis”, “spatial 

crime analysis”, “temporal crime analysis”, “spatial-temporal crime analysis”, 

“spatio-temporal crime analysis”, “crime hotspot”, “crime trend analysis”, “crime 

mapping”, “web-based crime mapping”, “online crime mapping”, “police resource 

allocation”, “IBM crime analysis” and “ESRI crime analysis”. The results of first ten 

pages were reviewed and analysed in order to identify relevant and up-to-date 

benchmark approaches for the corresponding specific spatial-temporal crime analysis 

purposes. 

- Professional judgement 

We also learnt from experts in policing and crime analysts about which 

benchmark approaches were used for corresponding specific spatial-temporal crime 

analysis purposes.  

According to the results of publication search, keyword search and feedbacks 

from the professionals, we then identified the benchmark approaches for the three 

additional case studies.  
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Although the benchmark approach selection was carefully designed and 

conducted, we are still aware of its two limitations. First, the related technologies and 

researches are changed and updated from time to time. Second, some related 

approaches may not be searchable on Internet. However, we argue that only very few 

of the related approaches may be omitted. Therefore, we believe that the suggested 

benchmark approaches are state-of-the-art and they are the most commonly used 

approaches for the corresponding specific spatial-temporal crime analysis purposes. 

The findings of the comparisons between the DPA system and other 

benchmark approaches in each specific spatial-temporal crime analysis purpose were 

summarized in table 1.3. The column “References” links to further discussions of 

each case study.  

Specific spatial- 

temporal crime 

analysis purposes: 

Benchmark 

approaches: 

Findings: References: 

Making use of relevant 
information (from 
relevant works or from 
DPA system) to support 
the estimation of the 
land-uses of different 
areas. 
 

Hotspot 
analysis and 
trend analysis  

The accuracy of 
estimation of land-uses 
were enhanced 75% by 
making use of DPA 
output when compared 
with hotspot analysis 
and trend analysis. 
 

Chapter 8, 
section 8.2, 
case study 1  

Making use of relevant 
information (from 
relevant works or from 
DPA system) to support 
police resource 
allocation decision 
making. 

Hotspot 
analysis and 
trend analysis  

When non-local 
professionals made use 
of DPA output to make 
police resource 
allocation decision, the 
decisions were more 
suitable to local 
situation. 
 

Chapter 8, 
section 8.2 
case study 1 
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Grouping a set of 
spatial units into groups 
according to their 
similarity. 

Clustering by 
using 
geographic 
distance as 
similarity 
measure  
 

Clustering results by 
using the cyclic 
temporal pattern (i.e. 
the temporal form used 
in DPA system) were 
better than using other 
forms of temporal 
pattern in terms of 
higher intra-cluster 
similarities (9.2% better 
than other benchmark 
approaches) and lower 
inter-cluster similarities 
(108%, 103% and 
226% higher than 
clusters created by K-
means, DBScan and 
EM clustering, 
respectively). 
 
 

Chapter 4, 
section 4.4,  
case study 2 

Grouping a set of 
spatial units into groups 
according to their 
similarity. 

Clustering by 
using 
different 
forms of 
temporal 
distance as 
similarity 
measures 

Clustering results by 
using the cyclic 
temporal pattern (i.e. 
the temporal form used 
in DPA system) were 
better than using other 
forms of temporal 
pattern in terms of 
higher intra-cluster 
similarities (4% and 
13.4% better than using 
temporal histogram and 
mean point of temporal 
histogram, respectively) 
and lower inter-cluster 
similarities (50% and 
104% higher than using 
temporal histogram and 
mean point of temporal 
histogram, 
respectively). 
 

Chapter 8, 
section 8.3, 
case study 2 
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Making use of relevant 
information (from 
relevant works or from 
DPA system) to support 
police resource 
allocation decision 
making. 

Spreadsheet 
approach 

When non-local 
professionals made use 
of DPA output to make 
police resource 
allocation decision, the 
decisions were more in 
line with corresponding 
crime prevention 
practices. 
 

Chapter 8, 
section 8.4, 
case study 3 

 

Table 1.3 Comparison of DPA system and benchmark approaches 

 

1.5 Organisation of the thesis 

Figure 1.4 shows the organisation of the thesis. More specifically, this thesis is 

divided into four major parts as follows: 

- First part: Introduction and literature review 

This part contains two chapters: Chapter 1 is the introduction and Chapter 2 is a 

literature review. 

Chapter 1 explains the background and identifies the research objectives of the 

thesis. It also explains the organisation of the thesis. 

Chapter 2 comprehensively reviews the key issues of spatial-temporal pattern 

analysis in a crime analysis context. It also outlines the direction of this research.  

- Second part: Applications of the DPA system in the situation not involving 

WBCMs  
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This part consists of two chapters which introduce the concepts of the first three 

modules in the DPA system; they are: (1) basic tendency analysis, (2) spatial relation 

analysis and (3) cyclic signature clustering (CS clustering). In addition, case studies 

are presented in order to evaluate these three modules with empirical crime data.  

Chapter 3 explains the concepts and reports the applications of (1) basic tendency 

analysis, and (2) spatial relation analysis. In the case study, we use modules 1 and 2 

to analyse a set of reported crime data from a district of Hong Kong and compare the 

identified patterns with some expectations of field experts and related prior empirical 

studies. The findings from these two modules are in line with expert predictions and 

corroborated by related empirical crime studies. 

Chapter 4 explains the concepts and reports the applications of CS clustering. A 

case study, making use of a set of reported crime data for a district in Hong Kong, is 

presented to compare CS clustering with traditional clustering approaches. We found 

that CS clustering can provide information which differs greatly from traditional 

clustering approaches. In addition, the groups created by CS clustering have higher 

intra-cluster similarities and lower inter-cluster similarities than traditional clustering 

approaches. 

- Third part: Applications of the DPA system in the situation involving 

WBCMs  

This part begins with two international-wide studies related to web-based crime 

mapping applications followed by a chapter that introduces the concepts and 
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applications of the module called Dynamic Relation model (DR model). They are 

organised as follows. 

Although many new Web-Based Crime Mapping (WBCM) services have been 

developed and are available in the market, there are only very few studies focusing 

on WBCM, and even a lack of works that define what WBCM is and how WBCM 

works. Chapter 5 reviews the adoption trend of web-based crime mapping in the 

world’s top 100 highest GDP cities and assesses the current state of the art in the use 

of web-based crime mapping. Chapter 6 studies the use of web-based crime mapping 

by police agencies, and the predictors that correlate with this use.  

Chapter 7 proposes a novel DR model. In the case study, four years’ worth of real 

world London crime map’s data were collected and analysed by the proposed DR 

model. We found that when a ward’s crime status is shown as higher than average, 

more often the ward’s crime rate decreases. The findings from the DR model are not 

only in line with established theory, but also explainable and actionable.  

- Fourth part: Further evaluations of the DPA system  

Three additional case studies were reported in chapter 8. The three additional case 

studies were conducted in order to further evaluate the Dynamic Pattern Analysis 

(DPA) system. Different methods, such as survey and clustering performance 

evaluation, were used for different evaluation purposes. According to the evaluation 

results of the case studies, we found that making use of DPA output were better than 

making use of other benchmark output in different aspects. 
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- Fifth part: Conclusion  

Chapter 9 concludes with a summary of our research findings and suggestions for 

future research.  
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Figure 1.4 Organization of the thesis 

First part: 

Chapter 2 describes the current state of research in spatial temporal crime 

pattern analysis and outlines the direction of this research. 

Chapter 1 explains the background and identifies the research objectives 

of the thesis. 

Second part: 

Chapters 3 and 4 
introduce modules 1, 2 
and 3 of the DPA 
framework, and show how 
to apply them to analyse 
spatial temporal crime 
patterns in the situations 
not involving WBCMs.  

 

Third part: 

Chapters 5 and 6 review the 

applications of web-based 

crime maps. 

 

Chapter 7 introduces module 
4 of the DPA framework and 
shows how to apply it to 
analyse spatial temporal 
crime patterns in the 
situations involving WBCM.  

 

Fifth part: 

Chapter 9 concludes this thesis and suggests future 

research. 

 

Forth part: 

Chapter 8 reports the result of further evaluations of 

Dynamic Pattern Analysis system. 
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Chapter 2  

Literature Review  

The primary objective of this thesis is to develop a map-centric system to support 

complex spatial-temporal crime pattern analysis. Spatial-temporal crime pattern 

analysis is a process that extracts information from geo-and-time-referenced crime 

data and creates knowledge for analysts. This knowledge is used for supporting 

strategic, tactical and operational decision-making in order to achieve crime reduction 

and prevention. Different analysts have different knowledge needs for different 

purposes. For example, a district commander may be interested in studying whether 

or not shop thefts are more likely to occur inside shopping malls and located in the 

commander’s district, while on the other hand, a police officer from the traffic 

department may wish to know where it is more likely to recover a stolen vehicle. 

Many different spatial-temporal crime pattern analysis approaches have been 

developed in order to obtain different knowledge. The purpose of this chapter is to 

identify and summarize the knowledge needs in spatial-temporal crime analysis.  This 

chapter is organised as follows.   

Sections 2.1 and 2.2 review the applications of computerised crime analysis 

systems and crime mapping – these sections aim to provide an essential understanding 

of the practical situation of our research topic. Section 2.3 aims to summarize key 

concepts behind the spatial-temporal analysis in the crime analysis field – the related 
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theoretical foundation and related empirical studies will be discussed in this section. 

Section 2.4 provides a comprehensive summary of the different types of spatial-

temporal patterns and corresponding analysis approaches. This summary helps to 

construct the key requirements of the proposed DPA system for spatial-temporal 

crime pattern analysis purposes. In section 2.5, clustering, association rules and 

weighted displacement quotient are reviewed because they are the key analysis 

approaches used in the proposed DPA system.  

2.1 Computerised crime analysis systems 

Crime analysis is knowledge intensive and often involves collaborative efforts from 

multiple law enforcement officers within and across agencies [5]. Computer 

Supported Cooperative Work (CSCW) systems have been widely adopted in crime 

analysis [5][6][7]. Computer-based information systems can benefit crime analysis 

work [6][7]. For example, information in a database system can be easily entered, 

searched and updated by different police department staff [8]. Several crime analysis 

systems have been developed such as Regional Crime Analysis Programme (ReCAP) 

[9], CopLink [10] and STAC [11]. Overall, ‘computerised crime analysis system’ is 

a general term that involves many sub-fields, such as DNA identification and offender 

profiling. This study focuses on sub-field spatial-temporal crime pattern analysis. 

In spatial-temporal crime pattern analysis, Geographic Information Systems 

(GIS) have been widely used. For example, a study [12] demonstrated the usage of 

GIS in crime analysis instead of hidden crime pattern discovery – it facilitates GIS to 
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provide insights into the spatio-temporal distribution of motor vehicle theft. Another 

example is in [13], which reported a number of visual tools, including animated 

thematic maps, map series, value flow maps, time graphs, etc., which were enhanced 

by attribute transformations. 

In brief, a key function of Geographic Information Systems (GIS) in spatial-

temporal crime pattern analysis is crime mapping. The historical background and 

applications of crime mapping will be discussed in the next section.  

2.2 Crime mapping 

Crime mapping has long been studied as one of the tools used in crime analysis. 

According to the definition of [4], crime mapping is a term used in policing to refer 

to the process of conducting spatial analysis within crime analysis. The history of 

crime mapping can be traced back to the year 1829 – a map was created to show the 

relationship between violent and property crimes and educational levels in France 

[14].  

Several studies have revealed the widespread use of computerised crime mapping. 

A nationwide survey in the United States in 2001 indicated that nearly 70 percent of 

large law enforcement agencies (100+ sworn personnel) performed crime mapping 

[15][16], while Ratcliffe reported that 44 percent of police forces in the United 

Kingdom have a crime mapping facility [17]. Moreover, D. Weisburd & C. Lum, 
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based on the data from 1982 to 2001, found a diffusion of computerised crime 

mapping in the United States [18]. 

 Many crime mapping projects have been granted since the 1980s. Boba [4] 

reported that in the period from 1995 to 2002, the U.S. Department of Justice’s Office 

of Community Oriented Policing Services (the COPS office) provided more than 

US$53 million to police agencies specifically for crime mapping. The National 

Institute of Justice (NIJ) (United Status) has long shown an interest in crime mapping. 

In 1997, the NIJ established the Crime Mapping Research Center (CMRC) using 

funds from the Omnibus Appropriations Act of 1996. In 2002, the CMRC evolved 

into the NIJ's Mapping and Analysis for Public Safety (MAPS) programme. Similar 

to other applied research topics, crime mapping research projects lead to many 

commercial products. In May 2010, we visited the official website of The 

International Association of Crime Analysts (IACA) and reviewed the record of crime 

analysis software, that is, a record shows the name, description and vendor of the 

crime analysis products which they have registered on the IACA website 

(http://www.iaca.net/Software.asp) (latest version accessible at: 

http://www.iaca.net/resources.asp?Cat=Software). Of the 83 products listed in the 

record, 36 products (43%) were found to support crime mapping; these included, but 

were not limited to, many products initially funded by grants, such as Coplink, 

Crimestat and Webcat. 

Traditionally, crime mapping studies focus on supporting internal crime 

prevention decision-making purposes in spatial-temporal crime pattern analysis. On 
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the other hand, web-based crime mapping, as a branch of crime mapping, aims to 

provide crime mapping information externally to the public. We define web-based 

crime mapping as an information process that uses GIS technologies to disseminate 

crime mapping information to the public by related authorities via the internet. In 

recent years, many new web-based solutions have been developed and become 

available on the market. For example, Crimereports, an online crime mapping service 

provider, has over 800 law enforcement partners across North America (as at June 

2010). As we mentioned in section one, the applications of WBCMs draw 

considerable public attention. For example, when the street-level crime map service 

went live in February 2011, it recorded up to 18 million hits per hour on the first day 

of its high-profile launch, more than any government website has ever tried to deal 

with [1][2]. 

Crime mapping has widely been studied in the past decade. However, there are 

only very few studies focusing on web-based crime mapping. A publication search, 

for the period from the year 1999 to 2009 of the terms “crime mapping” and “web-

based/web based/Internet/online crime mapping” in article titles and topics in the web 

of knowledge demonstrates the relatively recent development of these fields. The 

results of this search are illustrated in Figure 2.1. The terms “web-based/web 

based/Internet/online crime mapping” first appeared in the research literature in 2006 

and in total only five publications [19][20][21][22][23] are on record up to 2009. 
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Figure 2.1 Line graph to show the frequency of articles including the terms “crime 

mapping” and “web-based/web based/Internet/online crime mapping”  

(Source: Web of knowledge, 2010) 

A brief summary, based on the literature discussed in this and previous 

sections, is concluded as follows. 

We specify that spatial-temporal crime pattern analysis as the focus of this 

study instead of other computerised crime analysis topics and crime mapping is a key 

component in spatial-temporal crime pattern analysis. In recent years, the 

developments of web-based crime map (WBCM) have drawn considerable public 

attention. However, most crime mapping studies are based on the assumption that 

crime maps are not accessible to the public, but on the contrary, WBCM aims to 

provide crime mapping information externally to the public. As a result, analysing 

spatial-temporal crime patterns will become a more complex process.  

In order to support this complex spatial-temporal crime pattern analysis, the 

related theoretical foundation and related empirical studies are reviewed to provide a 
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key understanding of the purposes and challenges of spatial-temporal crime pattern 

analysis. 

2.3 Theoretical foundations and empirical studies for 

spatial-temporal crime pattern analysis 

Criminologists are interested in analysing crime patterns because understanding 

spatial-temporal patterns can help in crime reduction and prevention. This section 

begins by discussing the theoretical foundations behind the spatial crime pattern 

analysis and then the spatial-temporal crime pattern analysis. The related empirical 

studies are also discussed as examples. Next, we review the challenge of spatial-

temporal crime pattern analysis. A summary is provided at the end of this section.  

- Theoretical foundations behind spatial crime pattern analysis and related 

empirical studies 

The basic objective of spatial crime pattern analysis is to find spatial crime patterns 

and then use the patterns to help identify the root causes of the crimes. For example, 

if a large number of thefts are occurring in a specific area, criminologists would be 

interested to study the environment setting at or close to the specific area, which can 

then provide clues to criminologists to investigate whether or not thefts are more often 

occurring in other areas with similar environmental settings. The key assumption 

behind spatial crime pattern analysis is that crimes can be correlated with 

environmental settings and this assumption is supported by related theories, such as 
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environmental criminology [24] and broken windows theory [25]. The key concept 

of environmental criminology suggests that environmental factors influence criminal 

activity while the broken windows theory suggests that monitoring urban 

environments and maintaining them in good condition may stop further serious 

crimes. 

Many empirical studies support the existence of a correlation between crimes and 

environmental settings. For example, a previous study [26] indicated that alcohol 

consumption seems to contribute to increased levels of violence. Other previous 

studies [27][28] indicated that crime is correlated with poverty and a lack of social 

control, but violence is correlated with their measure of social disorganisation. 

Moreover, spatial crime pattern analysis might take different types of spatial factors 

into consideration. For example, the spatial relationship between hurricanes and crime 

distribution was studied in [29][30]. 

- Theoretical foundations behind spatial-temporal crime pattern analysis and 

related empirical studies 

Temporal pattern is often considered together with spatial pattern in crime analysis. 

The key theories behind spatial-temporal crime analysis include routine activity 

theory [31] and rational choice theory [32]. In brief, routine activities theory suggests 

three necessary conditions for most crime – a motivated offender, a suitable target 

and the absence of a capable guardian. Rational Choice Theory believes that a 

reasoning actor weighs up the means and ends, costs and benefits, and makes a 
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rational choice to commit crimes. Simply put, both theories indicate that crime 

distribution is determined by the intersection in time and space of suitable targets and 

motivated offenders. 

Empirical studies related to near repeat victimisation suggests that there is an 

elevated risk of burglary following an initial incident, and there are regularities in the 

timing and spacing of these repeats [33][34][35][36]  

- The challenges of spatial-temporal crime pattern analysis 

In crime analysis, the challenge of spatial-temporal crime pattern analysis is the 

interplay between space, time and crime. This is a challenge because crime patterns 

are considered to vary with time and location [37][38][39]. As per [40], crime follows 

opportunity, but it does not necessarily follow that opportunities remain constant over 

time. Also, opportunities are unevenly distributed across time and space, and the 

availability of motivated offenders and suitable targets changes for many locations 

throughout the day [41].  

Many works have proposed ways to tackle the issues related to the interactions 

between spatial pattern and temporal pattern of crimes. Xue and Brown [42] analysed 

criminal behaviour in space and time as spatial choice models, and showed that they 

provide efficient and accurate predictions of future crime patterns. On the other hand, 

Clarke [43] showed that situational crime prevention can reduce crime by altering the 

environment. It aims to stop crimes before they occur. Situational crime prevention 

can also mean improving street lighting, adding video surveillance cameras or just 
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getting more pedestrians on the streets. Brown et al., [44] assumed that criminal 

incidents were random events in space and time; they then reported on the use of 

locations and location features of prior crimes to predict the probable areas of future 

crimes. Grubesic [33] explored the utility of statistical measures for identifying and 

comparing the spatio-temporal footprints of different crime types. The study shows 

that different crime types have dramatically different spatio-temporal signatures. 

- Summary 

Criminological theoretical and empirical studies indicate that spatial-temporal crime 

patterns are correlated with some factors, but do not just randomly occur. The key 

purpose of spatial-temporal crime pattern analysis is to identify the spatial-temporal 

crime pattern from a dataset and forecast what would be likely to happen in other 

situations, such as in the future or in other datasets. Spatial-temporal crime pattern 

analysis is important because it can help in crime reduction and prevention. However, 

spatial-temporal crime pattern analysis is challenging because crime patterns are 

considered to vary with time and location, that is to say, spatial-temporal patterns can 

have different types (i.e. forms).  

The next section summarises the different types of spatial-temporal pattern 

and corresponding analysis approaches – it aims to provide a summary of knowledge 

from different types of spatial-temporal pattern (e.g. an analyst may wish to study 

whether or not two vehicle thefts occurred in the same place last week) rather than 

how to find such type of spatial-temporal pattern technically. 
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2.4 Spatial-temporal patterns in crime analysis  

Many different spatial-temporal crime pattern analysis approaches have been 

developed for different information and knowledge needs. The focus of this section 

is to summarize the knowledge from different types of spatial-temporal pattern but it 

does not intend to provide in-depth technical discussions about the corresponding 

analysis approaches – although corresponding analysis approaches will also be 

included as supplementary explanation.  

In order to understand the knowledge needs in spatial-temporal crime 

analysis, a publication search of the terms “spatial data mining”, “temporal data 

mining”, “spatial temporal data mining”, “crime analysis”, “spatial crime analysis”, 

“temporal crime analysis”, “spatial-temporal crime analysis”, “spatio-temporal 

crime analysis”, “crime pattern”, “spatial crime pattern”, “temporal crime pattern” 

and “spatial-temporal crime pattern” in the Google Scholar was conducted. The 

results were sorted by relevance and the top 50 results were reviewed. We also learnt 

from the experts from the Hong Kong Police force about what types of spatial-

temporal patterns are useful. According to the publication search and the feedback 

from the experts, we classified the different types of spatial-temporal pattern into five 

categories: spatial pattern, temporal pattern, frequent spatial-temporal pattern, 

unusual spatial-temporal pattern and spatial-temporal effect due to intervention. 

These five categories of spatial-temporal pattern and their corresponding analysis 

approaches are summarised in sections 2.4.1 to 2.4.5.  
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It is worth mentioning that mining the trajectories of moving objects (e.g. 

hurricanes, cars, birds, etc.) has received considerable attention in recent years, some 

related works including [45][46][47][48][49][50][51][52]. Most of these approaches 

describe how objects move between regions over time. In order to mine the 

trajectories of moving objects, a key data requirement is that the object’s data are 

available at an individual level, that is to say, it requires object-based data (i.e. able 

to identify each vehicle on a highway) instead of location-based statistics (i.e. how 

many vehicles are on the highway). However, in this study, we do not intend to deal 

with the data down to individual object level, so that the spatial-temporal patterns 

related to trajectories of moving objects will not be included in our discussion. 

2.4.1 Spatial pattern 

Spatial events generally are not spread evenly across maps. They clump in some areas 

and are absent in others. Spatial pattern analysis is a process to investigate the 

dispersion of spatial events. Crime can form very different patterns at different scales 

of analysis [53][54][55].  Two major types of spatial pattern, (i) hotspot and (ii) 

collocation and topological relationships, are summarised as follows. 

 

- Hotspot 

Hotspots have widely been used in crime analysis [56]. A hotspot is a geographic 

area with higher-than-average incidences of certain events. In general, hotspot 
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analysis finds static spatial patterns by clustering, that is, by classifying objects into 

groups, or, more precisely, partitioning a dataset into subsets (clusters) according to 

some criteria of similarity [57][58][59]. Several clustering techniques include Point 

locations, Hierarchical, Partitioning, Density and Clumping techniques, etc. which 

are used to find hotspots. According to [56], the general techniques for discovering 

crime hotspots are mean centre, standard deviation distance, standard deviation 

ellipse and data clustering. 

Kernel density approaches [60][61] are widely used to produce hotspot maps. For 

example, the Hot Spot Detective programme [62][63] uses the kernel estimation 

approach developed in [64] to transform spatial point patterns of criminal incidents 

into a smooth image. Figure 2.2 shows an example of a hotspot map created by the 

kernel estimation approach. 
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Figure 2.2 Example of a hotspot map created by the kernel estimation approach 

 

- Collocation and topological relationships  

Other than hotspots, collocation and topological relationships [65][66]  between 

spatial objects (e.g. different types of crime, environmental settings, etc.) are 

important information in spatial crime pattern analysis. For example, a crime analyst 

may be interested to study whether or not shop thefts are more likely to occur inside 

shopping malls.     

A total of 242 types of topological relation between fuzzy regions were 

summarised in [67]. Some typical topological spatial relationships are illustrated as 
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examples in Figure 2.3. Making use of the geometry data types such as points, lines 

and polygons, spatial SQL [68] can be used to find topological spatial relationships 

between spatial objects.  

 

Figure 2.3 Examples of topological spatial relationships 

Related data mining approaches such as collocation pattern mining [69] is 

proposed. Collocation pattern mining identifies groups of spatial phenomena that are 

related to each other by the locational frequency at which they occur in a spatial 

neighbourhood [70]. 

2.4.2 Temporal pattern 

Temporal pattern analysis is inherently complex because temporal data can be 

presented and organised at different levels of measurement such as seconds, minutes, 

days, weeks, months, years and others. Moreover, different levels of temporal 
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measurement can also be associated by different relationships, such as duration and 

interval, etc.  

Traditional temporal analysis aims to analyse time-series data in order to 

obtain relevant knowledge, meaningful patterns and other useful characteristics of the 

time-series data. A time series is a sequence of data points measured typically at equal 

time intervals. Different temporal analysis approaches have been proposed in order 

to deal with different knowledge needs. In general, these temporal analyses are 

categorised [71] into four categories as: (i) trend analysis, (ii) similarity search, (iii) 

periodicity analysis and (iv) sequential mining. In addition, we also discuss another 

two types of temporal pattern: (v) uncertain time point identification and (vi) 

evolution.  The following is a discussion of them. 

 

- Trend analysis 

Trend analysis, such as ARIMA and Hierarchical Linear Modelling, generally 

refers to extracting underlying temporal patterns in long-term time series data over 

several years. Temporal patterns in trend analysis are usually decomposed into four 

movement components: (1) long-term or trend movements, (2) cyclic movements (i.e. 

long-term oscillation occurring in a time series), (3) seasonal movements (i.e. recur 

annually) and (4) irregular or random movements. Based on the four decomposed 

movement components, analysts can better study the changes of a particular topic 

over time.  
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Related patterns in trend analysis are widely discussed in crime analysis. For 

example, seasonal violent crime patterns in England and Wales were found in a 

previous study [72]. In crime analysis practices, traditionally regression models are 

widely adopted together with various trend analysis techniques in order to support 

temporal crime pattern analysis, such as in [31][73][74][75].  

- Similarity search 

Similarity searches in time-series analysis find data sequences that differ only 

slightly from the given query sequence. For example, given the query sequence in 

Figure 2.4, data sequence “A” is considered similar to the query sequence but not the 

data sequence “B”. 

Similarity patterns can be useful in crime analysis. For example, if a police officer 

finds that many violent crimes occurred during 1pm to 3pm last week, the police 

officer may also wish to study which days in the historical time-series dataset had a 

similar crime pattern.  
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Figure 2.4 Examples of periodicity patterns 

 

In order to conduct similarity searches in time-series analysis, many techniques 

require data transformation, that is, to transform the data from the time domain to the 

frequency domain. DFT (Discrete Fourier Transform) and DWT (Discrete Wavelet 

Transform) are the two most popular data-independent transformations [76].  

- Periodicity analysis 

Periodicity analysis searches for recurring patterns in time-series databases. For 

example in Figure 2.5, Calvin sits in front of a computer every day at 9:00am 

except weekends. This form of data mining analysis can be organised into three 
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categories: full periodic (e.g. vehicle theft occurs from 6:00am to 6:30pm every 

day!), partial periodic (e.g. vehicle theft occurs from 6:00am to 6:30pm every 

weekend, but such type of theft at other times does not have much regularity) or 

cyclic periodic (e.g. if vehicle theft occurs on Monday, it will occur again on 

Tuesday). 

 

Figure 2.5 Examples of periodicity patterns 

A periodicity crime pattern is a key element in the famous routine activity 

theory [31] in crime analyses. For example, researchers correlate the hourly activities 

and their link to criminal opportunity [77].  

- Sequential patterns analysis 

Mining sequential patterns aims to find frequently occurring patterns related to 

time sequences.  Sequential pattern mining [78][79] has been widely studied in 

relation to several application domains, such as stock market analysis, climate 

prediction, disease control, sales forecasting [80][81]. An example of a sequential 
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pattern in crime analysis is “an offender who committed theft is likely to buy drugs 

within one week”. 

The basic concepts of mining sequential patterns were introduced and 

explained in [78].  Given a set of sequences, each sequence contains a list of elements 

and each element contains a set of items. Making use of a user-specified minimum 

support threshold, sequential pattern mining can find all the frequent sub-sequences 

whose occurrence frequency in the set of sequences in no less than the minimum 

support threshold. 

Generalised Sequential Patterns (GSP) is more comprehensive than SP 

because it integrates with time constraints and relaxes the definition of transaction; 

also it considers the knowledge of taxonomies.  

In recent years, many solutions have been proposed to improve the efficiency of 

the sequence patterns mining process, such as SPADE algorithm [82], and PrefixSpan 

[83].  

- Uncertain time point identification 

Other than the four types of temporal pattern mentioned above, a practical 

temporal crime analysis problem is to identify uncertain time points. For instance, a 

vehicle was last seen by its victim at noon and was discovered by police again at 

9:00pm, so how can the crime time be fairly defined? Aoristic analysis [40][84][85] 

is suggested to tackle this kind of problem and improve the accuracy. The approach 
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calculates the probability that an event occurred within a given time period within the 

time span. The concept of aoristic analysis is illustrated in Figure xx similar to the 

example in [40][84][85] – assume there were three vehicle thefts (a-c) occurring 

during 1pm to 5pm in a location, where the exact time of the offence is unknown. In 

Figure 2.6, each horizontal bar represents a case. The left end of the bar represents 

the last sighting of the vehicle while the right end represents when the theft was 

discovered by the victim. To split it into hours and assign the weighted factor, we can 

determine that the “peak hour” of crime is between 4pm and 5pm. 

 

Figure 2.6 Examples of aoristic temporal analysis 

- Evolution 

Evolution Rules (ER) [86][87] intend to discover the correlation among numerical 

attribute evolutions. For example, an employee suspected of corruption has bank 

balances ranging from an interval of $1,000,000 and $1,450,000 to an interval of 

$5,000,000 and $5,500,000, and then to an interval of $6,000,000 and $6,500,000. 
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The concern of ER is that the mined attributes must be in numerical form, so users 

have to change the original narrative attributes into numerical form. 

 

2.4.3 Frequent spatial-temporal pattern 

Frequent spatial-temporal pattern analysis aims to study the interplay between space, 

time and event. Three types of spatial-temporal pattern, (i) spatial-temporal hotspots, 

(ii) spatial-temporal collocation and topological relationships and (iii) spatial-

temporal sequences are discussed as follows. 

- Spatial-temporal hotspot 

Spatial-temporal hotspots aim to add temporal information to spatial hotspots. A 

simple method of displaying the temporal information of spatial crime hotspots is to 

combine a spatial crime hotspot map with a graphical display of aoristic signatures 

[40] as per Figure 2.7 – an aoristic signature is a chart that shows the crime measures 

distributed across a complete range of study times for a hotspot. 



41 
 

 

Figure 2.7 Example of a crime hotspot with an aoristic signature 

In addition, the hotspot Matrix [88] was proposed to summarize spatial-temporal 

patterns into three categories of spatial cluster (i.e. dispersed, clustered and hotspot) 

as illustrated in Figure 2.8 and three categories of temporal clusters (i.e. diffused, 

focused and acute) as illustrated in Figure 2.9. Moreover, a corresponding policing 

strategy was suggested for each of the situations. For example, when the situation is 

spatially clustered and temporally focused, police may plan to arrange more uniform 

vehicles and foot patrols, improve overall lighting in the area, and launch public 

education campaigns. 

Hotspot 



42 
 

 

Figure 2.8 Three types of spatial hotspot  

 

Figure 2.9 Three types of temporal hotspot 

- Spatial-temporal collocation and topological relationships  

Data mining techniques can be used to find collocation patterns [69][89] and 

topological patterns [90][91], that is, the intra-relationships of spatial patterns in a 

fixed temporal view. For example, the TopologyMiner proposed in [90] aims to find 

topological patterns with temporal information within a time window, such as “There 

is a higher incidence of earthquake in a region during or soon after high atmospheric 

pressure occurs in the nearby region”.  This technqiue can find the intra-relationships 

of events in a time window. These events may relate to each other in a star, clique or 

star-clique manner within the given time window (Figure 2.10).  
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Figure 2.10 Example of topological patterns  

Another approach, “model-view-controller-based architecture of the system” is 

introduced in [92] in order to discover the changing topological relationship among 

spatial objects with time. The changing topological relationship examples discussed 

in the paper is illustrated in Figure 2.11. 

 

Figure 2.11 Changing of spatial-temporal topological relationship among spatial objects 

from T1 to T4 

A practical application related to spatial-temporal collocation and topological 

relationships in crime analysis is the linkage analysis discussed in [12]. Figure 2.12 
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shows an example of linkage analysis – it indicates the links between the locations of 

vehicle theft and where vehicles are recovered.  The linkage analysis can provide 

knowledge to analysts about in which locations it is more likely to recover a stolen 

vehicle.  

 

Figure 2.12 Examples of linkage analysis applied for vehicle theft and recovered study 

- Spatial-temporal sequence  

A spatial-temporal sequence refers to finding the inter-relationships between 

spatial patterns in different temporal views. For example, flow pattern mining and 

generalised flow pattern mining [93][94] can incorporate temporal views into spatial 

pattern analysis. These two approaches aim to describe (i) how one event in some 
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area implies the occurrence of another event in a second area or, (ii) how the changes 

of event in one area can affect the events in another area. An example of a flow pattern 

is shown in Figure 2.13 – it indicates “forest fire always occurs at one region prior 

to the occurrence of haze in a nearby region”.  

 

Figure 2.13 Example of a flow pattern 

Both flow pattern mining and generalised flow pattern mining can show a 

sequence of eventsets (e.g. forest fire and haze in Figure 2.13) sorted by time for any 

two consecutive eventsets. However, the flow pattern relies heavily on the assumption 

that these events will repeat themselves in exactly the same locations, for example: 

from forest fire (2,2) to haze (3,3). The generalised flow pattern emphasis “relative 

address”, for example, forest fire always leads to haze in its north-eastern neighbours. 
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2.4.4 Unusual spatial-temporal pattern 

We suggest that an unusual spatial-temporal pattern is extended from frequent 

spatial-temporal patterns. This specific category of pattern could be in different forms 

of frequent spatial-temporal pattern, such as hotspot, collocation and topological 

relation or sequence, but the occurrence of this type of pattern would be determined 

as exceptional and unusual.  Many approaches have been developed in order to 

determine whether or not a spatial-temporal pattern is attributable to random chance. 

Some of them are summarised as follows. 

The typical approaches include Moran’s I, Local Geary’s C, Gi, Gi*, Point Pattern 

Analysis, STAC ellipses and NNI, which are used to identify the local association 

between an observation and its neighbours, up to a specified distance from the 

observation [56][95][96].  

Given a set of features and an associated attribute, Moran’s I [97] evaluates 

whether the pattern expressed is clustered (Moran’s I value near +1.0), dispersed, or 

random (Moran’s I value near -1.0) as per Figure 2.14. Moreover, Moran's I function 

also calculates a Z score value that indicates whether or not we can reject the null 

hypothesis (i.e. there is no spatial clustering).  Many GIS systems, such as ArcGIS, 

have a built-in function of Moran’s I. 
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Figure 2.14 Example of Moran’s I 

The Nearest Neighbour Index (NNI) identifies if there is statistical evidence of 

clustering and therefore hotspots in point data. Test statistics (Z-score and P value) 

are used to indicate if a result is statistically significant [95]. The NNI method is 

supported by many GIS systems, including the crime mapping software program, 

CrimeSTAT, [98][99]. 

Gi and Gi* [100] compares local averages to global averages. The difference 

between Gi and Gi* is that Gi* includes the value of the point in its calculation while 

Gi excludes this value and only considers the value of its nearest neighbours against 

the global average [95]. GIS systems, such as ArcGIS, support Gi and Gi* functions. 

The Knox test [101] and Jacquez k-Nearest Neighbour Test [102] were employed 

in [33] to evaluate the spatial-temporal crime clusters in Cincinnati, Ohio. Risk-

adjusted Nearest Neighbour Hierarchical Clustering (RNNH) and Support Vector 

Machines (SVMs) were used in [103][104] to detect and evaluate the spatial-temporal 

crime hotspots for the Tucson city boundary. These approaches were used to test 

whether there is a statistically significant spatial-temporal pattern within a defined 
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distance and time period. In addition, the Scan statistics-based spatial-temporal 

hotspot [105][106][107] (Figure 2.15) is able to find space-time clusters and test 

whether an event is randomly distributed over space and time. Scan statistics-based 

spatial-temporal hotspots have been widely used in crime analysis and epidemiology 

to find unusual clusters of events. For example in [108], the researchers used this 

technique to detect and evaluate spatial-temporal crime hotspots. 

 

Figure 2.15 Concept of a scan statistics-based spatial-temporal hotspot 

 

2.4.5 Spatial-temporal effects due to intervention 

We consider that the spatial-temporal effect due to intervention is a specific 

category of spatial-temporal pattern extended from unusual spatial-temporal patterns. 

One widely discussed type of spatial-temporal effect related to policing interventions 

is displacement.  
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Displacement theory [109][110][111] argues that, in some cases, implementing 

anti-crime campaigns in a particular target area does not actually prevent crime but 

merely shifts it to nearby areas. Many empirical studies have been conducted to 

evaluate displacement effects. For example, in an analysis [110] of a police 

crackdown in Jersey City, New Jersey, researchers reported evidence of property 

crime displacement. However, more often the previous findings suggested that the 

policing interventions caused crime diffusion. The crime diffusion is the reverse of 

displacement and it occurs when reductions of crime are achieved in areas that are 

close to the interventions, even though such areas were not actually targeted by the 

intervention itself [112]. In a systematic review [113], researchers identified 2,500 

studies related to spatial displacement or diffusion and selected 44 focus studies for 

further evaluation. They suggested that there was a trend in favour of a diffusion of 

benefit. Other then these positive and negative unintended consequences (i.e. 

diffusion of benefit and displacement), spatial crime relocation can be an intended 

outcome; [109] claimed such intended outcome as “benign displacement”. For 

example, the relocation of a street drug market from a residential area to a remote area 

would produce less community harm. 

In crime analysis, John E. Eck [114] concluded that two practical approaches are 

commonly used for evaluating the effects due to policing intervention: pre-post 

testing with a control group and multiple time series. These two approaches are 

explained as follows. 
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The pre-post testing approach compares the crime rates of the treatment area and 

catchment area before and after a policing intervention. The treatment area refers to 

the areas within the coverage of the policing intervention. The catchment area refers 

to the areas which are identified as those to which crime potential displaces or crime 

control benefit diffuses [115]. If the crime rates decrease in the treatment area but 

increase in the catchment area after the intervention, then displacement is determined. 

If the crime rates decrease in both areas then diffusion is determined. In practice, 

many pre-post approach applications, such as weighted displacement quotient (WDQ) 

[116], incorporate a control area measurement to adjust the result for differences in 

an area not related to the treatment or catchment areas. The function of a control area 

is to provide an indication of what was happening in unaffected areas, and is a broad 

indication of trends over the same period of time as the intervention. The key 

advantage of the pre-post testing approach is that it can show a comparison of crime 

patterns (such as crime rate) between with (post) and without (pre) the police 

intervention. A key limitation of the pre-post testing approach is that if the crime 

pattern normally fluctuates, then a change of crime pattern may simply be a normal 

periodic fluctuation, that is, a change may be due to its automatic process rather than 

the police intervention.  

The time series approach, such as ANOVA and Hierarchical Linear Modelling, 

compares the pre-intervention trend with post-intervention trend of the specific areas 

(treatment area, buffer area and control area). The approach could incorporate 

sensitivity to seasonality patterns and control for subtle trends in changing patterns 
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over time. Many previous studies use time series along with the pre-post approach to 

evaluate the effect of intervention. For example, in [117], both the approaches are 

used together to evaluate the crime reduction effects of public CCTV cameras in 

Philadelphia, PA. A key disadvantage of the time series approach is that if the time 

series exhibits seasonality, there should be four to five cycles of observations in order 

to fit a seasonal model to the data. In other words, it requires many historical data in 

a series in order to obtain a fair conclusion. However, it may not be easy to obtain 

sufficient historical data to conduct a related evaluation. 

2.4.6 Summary of spatial-temporal patterns 

In this section, we dicussed five categories of spatial-temporal pattern. Table 2.1 

summarises the related knowledge provided to analysts from these five categories of 

spatial-temporal pattern. The table also explains how to link the knowledge to 

corresponding DPA system modules. 

In addition, we suggest that the spatial and temporal information from these five 

categories of spatial-temporal pattern can be generally classified into two types: 

position-based and relation-based. The position-based spatial and temporal 

information focuses on where or when (or both) a pattern occurred; for example, 

many thefts occurred inside a shopping mall last Wednesday. On the other hand, the 

relation-based spatial and temporal information focuses on how and which (or both) 

patterns occurred; for example, thefts and burglaries often occurred together in close 

spatial proximity last year.  
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Table 2.2 summarises the types of spatial-temporal patterns discussed in sections 

2.4.1 to 2.4.5 into position-based and relation-based information. 

 Related knowledge provided to analysts 

Categories of 

spatial-

temporal 

pattern 

Spatial 

knowledge 

Temporal 

knowledge 

Whether 

or not the 

pattern is 

unusal 

Whether or not the 

pattern is likely to be 

related to a predefined 

intervention 

Spatial pattern 

 

ü    

Temporal 

pattern 

 

 ü   

Frequent 

spatial-

temporal 

pattern 

ü ü   

Unusual 

spatial-

temporal 

pattern 

ü ü ü  

Spatial-

temporal effect 

due to 

intervention 

ü ü ü ü 

 

How the above knowledge is linked to corresponding DPA framwork modules: 
1. Basic 
tendency 
analysis 

ü ü   

2. Spatial 
relation 
analysis 

ü ü ü  

3. Cyclic 
signature 
clustering  
(CS clustering) 

ü ü   

4. Dynamic 
Relation model  
(DR model) 

ü ü ü ü 

Table 2.1 Knowledge provided to analysts by corresponding category of spatial-temporal 

pattern 
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 Position-

based 

Relation-

based 

Spatial pattern 

- Hotspot ü  

- Collocation and topological relationships  ü 

Temporal pattern 

- Trend pattern ü  

- Similarity pattern  ü 

- Periodicity pattern ü  

- Sequential pattern  ü 

- Uncertain time point identification ü  

- Evolution  ü 

Frequent spatial-temporal pattern,  

Unusal spatial temoral pattern 

- Spatial-temporal hotspot ü  

- Spatial-temporal collocation and 
topological relationships 

 ü 

- Spatial-temporal sequence  ü 

 Spatial-temporal effect due to intervention 

- Displacement and aggregation  ü 

Table 2.2 Spatial and temporal information provided to analysts from different types of 

spatial-temporal pattern 

 

Table 2.3 further summarises what types of above-mentioned spatial-temporal 

patterns are used in DPA system modules.  
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Modules Patterns 

1. Basic tendency analysis - Hotspot 
- Trend pattern 

2. Spatial relation analysis -Collocation and topological   
relationships 
- Spatial-temporal hotspot 
- Spatial-temporal collocation and 
topological relationships 
- Displacement and aggregation 

3. Cyclic signature clustering (CS 
clustering) 

- Spatial-temporal hotspot 
- Spatial-temporal collocation and 
topological relationships 

4. Dynamic Relation model - Collocation and topological 
relationships 
- Displacement and aggregation 
 

Table 2.3 Types of pattern used in corresponding DPA system modules 

Based on Tables 2.1 and 2.2, we summarize three key requirements of the 

proposed spatial-temporal crime pattern analysis system. These three key 

requirements are: 

- Able to provide four major types of knowledge to analysts, including: i) 

spatial knowledge,  ii) temporal knowledge, iii) whether or not the pattern is 

unusal and iv)  whether or not the pattern is likely related to a predefined 

intervention.  

- The spatial and temporal information should include two types of knowledge: 

position-based and relation-based. 
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- Different approaches are required to obtain the above knowledge. The 

proposed system should be scalable to support different approaches. The 

knowledge obtained from different approaches should be easy to share. 

In the following section, clustering, association rules mining and weighted 

displacement quotient are reviewed because they are the key techniques employed in 

the proposed DPA system.  

2.5 Key analysis approaches used in the DPA system  

Three types of analysis approaches, including clustering, association rules and 

weighted displacement quotient, are used in the DPA system; their technical 

backgrounds are discussed in sections 2.5.1 to 2.5.3 respectively.  

2.5.1 Clustering 

Spatial clustering is an approach of spatial pattern analysis – it refers to grouping a 

set of spatial events into groups according to their similarity. The history of spatial 

clustering can be traced back to the 1850s when Dr John Snow performed data 

analysis to prove that cholera was spread by the drinking of water infected with 

cholera bacteria. A common approach in spatial clustering is to use geographic 

distance as the similarity measure, which stems from a unique property in that 

"Everything is related to everything else but nearby things are more related than 

distant things" [118]. This concept is called the first law of geography. A typical 

distance-based spatial clustering pattern is called a hotspot, that is, a geographic area 
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with higher-than-average incidences of certain events. Hotspots have a variety of 

applications, such as disease control [119] and traffic accident analysis [120].  

Clustering is the process of grouping objects into groups according to their 

similarity. The goal is to make the objects within a group similar to one another and 

different from the objects in other groups. A large number of clustering methods are 

reported in the literature. In general, major clustering methods include partition-

based, hierarchical methods, density-based, grid-based and statistical model-based 

methods. Partition-based clustering is useful when the number of clusters is known 

and it can produce sphere-like clusters. Some typical partition-based clustering 

examples are K-means [121][122], CLARA [123] and CLARANS [124]. The 

development of hierarchical clustering can be traced back to 1967 [125], and 

hierarchical clustering is further subdivided into agglomerative or divisive 

approaches – both methods can build trees of clusters. Among these approaches, K-

means is considered the most common approach. Given a dataset of n objects, the K-

means algorithm organises the objects into k partitions )( nk £ , where each partition 

represents a cluster. Using the K-means approach, the intra-cluster similarity is high 

but the inter-cluster similarity is low. The cluster similarity is measured in regard to 

the mean value of the objects in a cluster; the mean value is also referred to as a 

centroid. 

The K-means algorithm consists of simple re-estimation procedures as follows. 

First, it randomly selects k of the objects, each of which initially represents a centroid. 

For each of the remaining objects, an object is assigned to the cluster to which it is 
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the most similar, based on the distance between the object and the centroid. When all 

remaining objects are assigned to k clusters, the k new centroids are re-calculated. 

The process of classification and centroid adjustment is repeated until the values of 

the centroids stabilize. In other words this process iterates until the criterion function 

converges. The criterion function F is a squared error function, defined as: 
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Where  

F is the sum of square-error for all objects in the database,  

2|| j

j

i cx -  is the distance measure between an object
j

ix and the cluster centroid jc  

F is an indicator of the distance of n objects from their respective cluster 

centroids. The K-means procedure is summarised in Figure 2.16. The time 

complexity of K-means is O(KnTdist), where Tdist is the time to calculate the distance 

between two objects, K is the number of clusters (centroids) and n is the number of 

objects. 

 

Figure 2.16 K-means algorithm 
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Some hierarchical clustering methods include CURE [126], BIRCH [127] and 

Chameleon [128]. Density-based clustering was developed to handle arbitrary-shaped 

clusters; very often, it can deal with spatial clusters on maps. Representative density-

based algorithms include DBSCAN [129] and OPTICS [130]. Grid-based clustering, 

such as STING [131], WaveCluster [132] and CLIQUE [133] produce clusters based 

on grids; it quantises the object space into a finite number of cells that form a grid 

structure. The advantage of Grid-based clustering is fast for large and 

multidimensional databases. The probabilistic model-based method assumes that the 

data come from a mixture model of several populations [134]. Representative 

probabilistic model-based algorithms include EM algorithm [135] and AutoClass 

[136]. In applications, many spatial-temporal clustering methods have been discussed 

for different purposes, such as disease control [107][137][138], crime analysis 

[44][139][140], climate analysis [141], and document retrieval and clustering 

[142][143][144].  

 

 

2.5.2 Association rule 

Association rule mining is a popular and well-researched technique for discovering 

interesting rules among large sets of data items [145]. For example, a rule {drug 

possession} à {theft} found in a recorded crime database would indicate that if one 

possesses drugs, he or she is likely to commit theft as well.  
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Many different types of association rule techniques have been used for spatial 

and temporal knowledge discovery in crime analysis [146][147][148][149].  

The basic principles and concepts of association rules are as follows. Let D be 

a database of transactions and I = {i1, i2, …, in} be a set of literals. Each transaction T 

consists of a set of items where T  I. An association rule is an expression of the 

form: X  Y where X and Y are a set of some items (itemset) in I, and Y is not present 

in X. An association rule has two sets of thresholds to express the degree of 

relationship regarding the rule. First, the support supp(X) of an itemset X is defined 

as the proportion of transactions in the dataset which contains the itemset.  

N

X
XSupp =)(     (2.2) 

Where  

X = Number of transactions containing X  

N = Total number of transactions    

N

YX
YXSupp

È
=È )(    (2.3) 

Where 

X = Number of transactions containing X 

Y = Number of transactions containing Y 
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N = Total number of transactions 

Second, the confidence of a rule is defined as Conf (X Y). It can be interpreted as 

the probability that occurrence of X causes occurrence of Y.  

)(

)(
)(

XSupp

YXSupp
YXConf

È
=Þ  (2.4) 

 Where 

X = Number of transactions containing X 

Y = Number of transactions containing Y 

For a rule to be interesting, the rule must satisfy a user-specified minimum support 

and user-specified minimum confidence at the same time. To achieve this, association 

rule generation is a two-step process. First, minimum support is applied to find all 

frequent itemsets in a database. In a second step, these frequent itemsets and the 

minimum confidence constraint are used to form rules. 

As mentioned before, many methods of association rule mining have been 

developed for spatial and temporal knowledge discovery. 

Spatial association rule mining is an approach to discover association rules among 

spatial itemsets and possibly some non-spatial itemsets. GeoMiner [150] was 

designed and implemented as an extension to Spatial SQL for spatial data mining – 

including spatial association rule mining. Temporal association rule mining [151] is 
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the approach to discover the interesting association rules which only appear in a 

particular time period. Based on the temporal association rule, calendar-based 

temporal association rules [152] discover association rules during the time intervals 

specified by user-given calendar schemas. However, both spatial association rule 

mining and temporal association rule mining cannot be used to incorporate spatial 

and temporal relationships together. On the other hand, the Spatio-temporal 

association rules (STARs) concept was introduced in [52] to describe how objects 

move between regions over time. 

2.5.3 Weighted Displacement Quotient (WDQ) 

The weighted displacement quotient (WDQ) [116] is a pre-post approach designed 

for evaluating the displacement or aggregation effect of policing interventions.  

To explain the concept of the WDQ [116], consider three theoretical areas: target 

area (A), buffer area (B) and control area (C). Area A is a target area affected by a 

specific thing. Area B is a buffer area, which may have been influenced by the specific 

thing in area A. Area C is a control area, which does not include areas A or B and is 

unlikely to be influenced by changes within them. 

The rationale for detecting displacement using the WDQ is as follows: 

- Over any given time point, buffer area B will account for a particular 

proportion of events within a control area C; 
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- If geographic displacement does occur, it should displace from the target 

area A into the buffer area B; and 

- If displacement does occur, then, relative to the control area C, events in 

buffer area B should increase while events in the target area A should 

decrease. 

To look at changes in proportions over time the WDQ compares the situation after 

specific thing (t1) with the situation before (t0) using three formulas. They are – the 

Success Measure (SM), the Buffer Displacement Measure (BDM) and the Weight 

Displacement Quotient (WDQ). 

- Success measure(SM) 

The success measure, SM, is for the target area A in comparison with the control 

area C. If the SM is negative, it may indicate that the number of events has decreased 

as a result of a specific thing in target area A. The success measure can be calculated 

like Eq. (2.5). 

0

0

1

1

t

t

t

t

C

A

C

A
SM -=   (2.5) 

 

At1 and Ct1 represent the number of events in areas A and C after or during the 

specific thing; while At0 and Ct0 are the areas A and C before the thing. 
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- Buffer displacement measure (BDM) 

The buffer displacement measure, BDM, is for the buffer area B in comparison 

with the control area C. The buffer displacement measure can be calculated as per Eq. 

(2.6). 

 

0

0

1

1

t

t

t

t

C

B

C

B
BDM -=   (2.6) 

 

Bt1 and Ct1 represent the number of events in areas B and C after or during the 

specific thing, while Bt0 and Ct0 are the areas before the thing. For positive BDM 

number, it may suggest that some spatial displacement of events has occurred, from 

the target area A into the buffer area B.  

The calculation of weight displacement quotient (WDQ) is a ratio of BDM and 

SM. 

SM

BDM
WDQ =  , where -∞<WDQ<∞    (2.7) 

The purpose of this calculation is to compare events existing in particular areas 

between two different time points, t0 and t1, where t0 < t1. 
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Chapter 3  

Basic tendency analysis and spatial relation analysis 

3.1 Introduction  

This chapter introduces the first two modules in the DPA system (i.e. basic tendency 

analysis and spatial relation analysis). We will also present how to use these two 

modules to analyse a set of reported crime data from a district of Hong Kong. 

The basic tendency analysis aims to provide a general view of events’ distribution 

over space and time. Two basic pattern analysis techniques are applied: (1) density 

map and (2) trend diagram. 

Spatial relation analysis refers to analysing the relationships between spatial 

patterns at different time points. Such relationships can be analysed in three ways. 

Firstly, we can find similar spatial patterns at different time points. For example, we 

can find that the spatial patterns of Saturday and Sunday are most similar to each 

other but dissimilar from other spatial patterns of weekdays. Secondly, we can 

examine whether there is an interactive relationship between two geographical 

locations as a result of a specific thing. For example, on a rainy day, the number of 

passengers using a tunnel increases, whereas the number of passengers using a 

bridge decreases.  Thirdly, we can identify frequent rules which are related to 

particular types of events, geographical location and time points. For example, most 

traffic accidents in a tunnel occur on Sunday. The first type is of interest because one 
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can investigate the degree of similarity between the spatial patterns of different 

periods and explore their causes. The second type is important because users can 

investigate whether a spatial event has truly been reduced in specified locations or if 

there is only a displacement of spatial events to surrounding neighbourhoods. The 

third type is important because it allows users to respond to different events at 

different times and in different locations. 

This chapter is organised as follows: Section 3.2 summarises the related work. 

Section 3.3 introduces the concepts of basic tendency analysis and spatial relation 

analysis (i.e. the first two modules in the DPA system). Section 3.4 presents how to 

use these two modules to analyse a set of reported crime data from a district of Hong 

Kong. Section 3.5 is the conclusion of this chapter.  

3.2 Related work 

Hotspot analysis, Weighted Displacement Quotient (WDQ) [116] and association 

rules mining [145] are the key related works in the DPA system. They have been 

explained in Sections 2.4, 2.5 and 2.6 respectively.  
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3.3 Introduction of basic tendency analysis and spatial 

relation analysis  

 

This section begins with a discussion of the temporal data preparation process. The 

key concepts of the first two modules (i.e. basic tendency analysis and spatial 

relations analysis) in the DPA system are discussed in Sections 3.3.2 and 3.3.3.   

3.3.1   The temporal data preparation process 

The most common issue with time points is that the time data can be 

generalised in many ways depending on the context and dimension. In basic tendency 

analysis and spatial relations analysis, we apply the concept of domain generalisation 

graph (DGG) [153][154] to generalise time data into different time points, such as 

holiday, day of week and month. For example, based on DGG, a user can map “1st 

January 2008” to “holiday” or “weekday”. Figure 3.1 shows an example of a DGG 

diagram. 
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Figure 3.1 Example of a DGG diagram 

 

3.3.2   Basic tendency analysis 

Basic tendency analysis aims to provide a general view of the distribution of 

events over space and time. It includes two views: (1) viewing a density map per 

predefined period and (2) viewing crime trends over specific periods. 

The first function, viewing density maps per predefined period, gives users a 

general view of the distribution of events in a focus area. Event density smoothing 

surface is displayed on the map with a gradual change of colouring. 

The second function, viewing crime trends over specific periods, is simple but 

essential. It intends to give users a general view of the crime trends over specific 

periods. For example, the distribution of crime numbers over 12 different months, 

over 7 weekdays or over different long-term holiday periods. This function helps 

users to identify the period(s) that have the highest crime rate within a certain period. 
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3.3.3   Spatial relation analysis 

Spatial relation analysis aims to allow users to identify the relationship 

between spatial patterns at different time points. Section 3.3.3.1 explains how to apply 

the concepts of coefficient of correspondence to identify what spatial patterns are 

similar to each other over different time points. Section 3.3.3.2 explains the concept 

of Weighted Displacement Quotient (WDQ). Building on this concept, we can 

identify whether there is an interactive relationship between two geographical 

locations as a result of a specific reason. Section 3.3.3.3 explains how to apply 

association mining to find hidden frequent rules related to particular types of events, 

geographical locations and time points. 

3.3.3.1 Identifying similar spatial patterns over different time points 

The coefficient of areal correspondence, CAC, [155] is computed for any two 

associated areas as the area of intersection, divided by the area of union. The formula 

of CAC can be calculated by Eq. (3.1). 

 

u

i

A

A
CAC =   (3.1) 

 

Where 

CAC = the coefficient of areal correspondence 

A i = the area of intersection 
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Au = the area of union 

Ai  A u  

The CAC can provide a simple measure of the degree of overlap between two 

areas, but it does not consider the density of events in the overlapped area. 

Building on the concept of CAC, we propose the coefficient of correspondence to 

identify what spatial patterns are similar to each other at different time points. The 

user can investigate the periods with similar spatial patterns and the reason(s) for the 

formation of such spatial patterns. We use coefficient Ca to measure the similarity of 

two spatial patterns. Figure 3.2 shows an example of the coefficient of 

correspondence Ca. The shaded area represents the area of correspondence between 

the standard deviational ellipse of the time point 1 (t1) and the time point 2 (t2) data. 

 

 

Figure 3.2 Area of correspondence 

 

 

Equation (3.2) shows the calculation of the coefficient of correspondence Ca. 
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Where:  

A t1 = the spatial area of the time point 1 (t1) 

A t2 = the spatial area of the time point 2 (t2) 

A j = the area covered jointly by both spatial areas at time points 1 (t1) and 2(t2)  

(shaded part) 

E j1 = the number of events in the shaded area at time point 1 (t1)  

E j2 = the number of events in the shaded area at time point 2 (t2) 

E t1 = the number of events in the spatial area at time point 1 (t1) 

E t2 = the number of events in the spatial area at time point 2 (t2) 

t1 < t2 

The calculation of Ca depends not only on the degree of overlap from one time 

point to another, but also considers the density of events in the joint areas. Therefore, 

the similarity patterns over two different time points can be calculated according to 
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the proportion of the joint areas and the amount of event count. The range of similarity 

index is: 

Similarity index = Ca   0.0≤ Ca ≤1.0 

The range of possible values for the coefficient is from 0.0 (no correspondence) to 

1.0 (complete congruence).  

3.3.3.2 Analysing the interactive relationship between geographical locations 

 We adopted the weighted displacement quotient (WDQ) in our system 

because it can examine whether there is an interactive relationship between two 

geographical locations as a result of a specific thing. In addition, it is very important 

for the user to investigate whether a spatial event has truly been reduced in specified 

locations, or if there is only a displacement of spatial events to surrounding 

neighbourhoods. The details of WDQ have been discussed in Section 3.2.2. 

3.3.3.3 Finding of the frequent rules among events, place and time points 

The third type of spatial relation is to find frequent rules among events, hotspots 

and time points by Space-Event-Time. Let Y be a relational database consisting of 

raw data of daily transactions. Let R be a relational table specified for frequent rule 

finding purposes. Y generates different Rs. Each R represents a specific time point, 

such as week, month, holiday, quarter, etc. In order to generate the frequent rule, data 

are ETL (extracted, transformed and loaded) into relation R from Y. Each R consists 

of three attributes: spatial attribute, temporal attribute and event type attribute. The 
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event type attribute could be all kinds but spatial or temporal data. For example, we 

can use disease type for disease pattern analysis or use crime type for crime pattern 

discovery. Mining frequent rules aims to identify significant spatio-temporal event 

rules.  

Frequent rule mining consists of two major phases, data transformation and 

knowledge discovery. Figure 3.3 illustrates the overall concept of frequent rule 

mining.  Firstly, spatial data are transformed by clustering; this process can help a 

user to reduce the size of the dataset. As a result, the decision maker can focus on a 

predefined number of clusters; it makes resource planning more efficient. On the 

other hand, temporal data are mapped into a meaningful format that allows a user to 

connect the original date attribute to a more appropriate representation, such as month 

or holiday. The temporal mapping concept has been explained previously in Section 

3.1. For the event type information, the selected features are extracted directly from 

the original database. The final step is knowledge discovery, in which association rule 

mining is applied to generate frequent rules.  

 

Figure 3.3 Conceptual diagram of frequent rule mining 
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3.4 Case study: using basic tendency analysis and spatial 

relation analysis for analysing a set of Hong Kong crime 

data  

3.4.1   Background  

Successful law enforcement depends upon information availability. However, the 

society in which we live is becoming increasingly complex and dynamic. Police 

forces are looking for ways to achieve their goals more efficiently and effectively 

within these dynamic surroundings. More often than not this requires intra-

department co-operation. The introduction of groupware and multimedia applications 

into organisations can improve the intra-department co-operation and has a wide 

range of applications [156][157][158][159]. The DPA system can help to support 

intra-department decision-making. It allows police officers to allocate resources to 

areas with more needs and not to lower-priority areas. 

3.4.2   Data source and case study design 

A two-year reported crime dataset for a specific geographical district was collected 

from local police force. Each record describes a case of reported crime and is 

composed of the following items: date of crime, crime types and location of crimes. 

The data reside in the Microsoft SQL Server 2005. We use MapObjects 2.3 and 

MapWindows GIS for map display purposes. The programming language is Visual 

Basic. 
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3.4.3   Demonstration of application 

In this section, we demonstrate how to use basic tendency analysis and spatial 

relations analysis to support intra-department co-operation and decision-making in 

crime prevention. 

3.4.3.1    Performing basic tendency analysis 

- Viewing density maps per predefined period 

Figure 3.4 displays December’s crime density distribution in the district. 

Based on this information, operation bureaus can send more foot patrols into the dense 

areas. Figure 3.5 illustrates another density map that shows the crime counts in the 

corresponding area. 

 

Figure 3.4 Crime density map 
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Figure 3.5 Crime density map with crime count 

 

- Viewing crime trends over specific periods  

Figure 3.6 shows an increasing trend in the record of monthly crime incidents. 

If current trends continue, police officers may have to consider increased staffing. 

 

Figure 3.6 Distribution of crime numbers for all months 
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3.4.3.2 Performing spatial relation analysis 

- To identify similar spatial patterns over different time points 

Figure 3.7 shows the result of the pair-wise similarity indices of spatial patterns 

between different months. It appears that the spatial patterns of July and December 

are most similar to each other. This is, of course, only very preliminary data but it 

may be a hint that further investigation may be justified. This is possibly because 

there are two long school holidays in these two months. For example, organised crime 

and the triad bureau may wish to investigate whether there are a large number of 

students involved in these crimes as victims or offenders. Operation bureaus may 

consider arranging more plain-clothes patrols in the hotspot areas in these two 

months. Crime prevention bureaus may consider sending specific alerts to teenagers.  

 

Figure 3.7 Pair-wise similarity indices from January to December 

 

- Analysing the interactive relationship between geographical locations 

For demonstration purposes, the investigated region was divided into 12 fixed 

sub-regions as per Figure 3.8. Each sub-region is classified into target area A, buffer 
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area B or control area C as per Figure 3.9. The weighted displacement quotient, WDQ, 

is used to measure spatial pattern displacement or diffusion. 

 

 

Figure 3.8 Twelve pre-defined fixed sub-regions 

 

 

Figure 3.9 Target area, buffer areas and control areas 

 

In Figure 3.10, the three measures are success measure (SM), buffer displacement 

measures and weighted displacement quotient. We assume that a crime prevention 

programme is implemented in target area in July. The negative SM indicates that the 

crime prevention programme in the target area A is successful when compared to the 
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control areas. The negative BDM indicates that when the crime prevention 

programme is implemented, crime does not rise in the buffer areas to a greater extent 

than in control areas, suggesting a diffusion of benefits. The positive WDQ indicates 

that there are no displacements during the crime prevention programme. Based on the 

measure results, the crime prevention bureaus may evaluate the programme’s impact 

on the neighbouring areas. In addition, the operation bureaus may arrange foot patrol 

schedules in different areas more effectively. 

 

 

Figure 3.10 - View of the crime conditions for chosen periods 

 

- To find the frequent rules among hotspots, holiday and crime types 

Some research has demonstrated the existence of a relationship between holidays and 

crime [160] suggesting that the level of property crime committed by juveniles 

decreases by 14 percent on days when school is in session, but the level of violent 

crime increases by 28 percent when schools are not in session.  
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In this case study, we investigated the relationship among hotspots, holiday and 

crime types for analysis. Given minimum support at 10 percent (equivalent to 608 

instances) and minimum confidence at 60 percent, the top five rules with the highest 

confidence rate are listed in Figure 3.11. 

 

Figure 3.11 Top five rules of hotspots, holiday and crime types relationship 

 

We found a strong relationship between hotspot α and holidays in Rule 1, which 

shows that 97 percent of crimes in hotspot α occurred during non-holidays. A closer 

look at the environment of hotspot α may provide an explanation. The area occupied 

by hotspot α is a commercial zone, where only a few workers stay during the holidays. 

As a result, the opportunities (potential victims) for crime are reduced. This 

explanation can be applied to rule 4 as well. 

 

Figure 3.12 Hotspot α and Hotspot δ 
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Figure 3.12 shows hotspotα and hotspot δ. We find that most “deception” (rule 2), 

“shop theft” (rule 3) and “miscellaneous theft” (rule 5) occurred during non-holidays. 

Rule 2 is easy to understand because obtaining property by deception is a kind of 

white collar crime, which usually happens on working days. Rule 3 may come as a 

bit of a surprise that shop theft is not frequent on holidays. However, it is possible 

that many family type retail shops located in the district are closed on holidays. Thus 

the crime rate drops as well. Such rules provide hints for crime analysis for further 

investigation. Crime prevention bureaus may consider sending more foot patrols into 

these two hotspots during non-holidays.  

 

- To find the frequent rules among hotspots, quarter and crime types 

In this case study, we investigated the relationship among hotspots, quarter and crime 

types for analysis. Given minimum support of 3 percent (equivalent to 182 instances) 

and minimum confidence of 25 percent, the top five rules with the highest confidence 

rate are listed in Figure 3.13. 
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Figure 3.13 Top five rules of hotspots, quarter and crime types relationship 

 

Rule 1 shows that “miscellaneous theft” mainly occurred in the fourth quarter. 

Similarly, most “miscellaneous theft” occurred in the second half of the year (third 

quarter and fourth quarter) as per rule 2 and rule 5. On the other hand, the peak crime 

quarters for hotspot β were second quarter and fourth quarter. Figure 3.14 shows the 

hotspot β. We believe that the main reason is because two long holidays, National day 

and Christmas, are in second half of the year. However, a low minimum support 

reflects non-obvious relationships between clusters, quarter and crime types. 

 

Figure 3.14 Hotspot β 
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On the other hand, the low confidence rate may indicate that the seasonal 

dependency of criminal activities is not strong. This crime pattern has been discussed 

in previous research. Yan [161] discovered this Hong Kong experience by examining 

the rates of property crime in Hong Kong for the period 1991–2000. To determine the 

seasonal dependency, regression analysis (using dummy variables) and analysis of 

variance (ANOVA) were employed; the result showed no significant seasonal 

dependency. Yan [161] also indicated that economic need is a more prominent factor 

than the effect of the season; it also can be used to support our results in Figure 3.13. 

The low confidence rate result implies that a seasonal relationship in our data was not 

apparent. The higher crime rate in the second half of the year is mainly caused by the 

holiday factor (economic need). Thus, Operation Bureaus may consider arranging 

more plain clothes patrols during holidays. 

3.5 Conclusions 

In this chapter, we introduced the concepts of basic tendency analysis and spatial 

relation analysis (i.e. the first two modules in the DPA system). In law enforcement, 

crime prevention is a goal that is subdivided into a wide range of specialised subtasks 

with several sub-divisions. The DPA system can play a key role in optimising police 

resources and intra-department decision-making. We demonstrated and tested the 

results of the two modules (i.e. basic tendency analysis and spatial relation analysis) 

in the DPA system by applying it to reported crime data in a district of Hong Kong. 

In Section 3.4.3.1, we performed basic tendency analysis. The analysis provides a 
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general view of crime distribution over space and time. Section 3.4.3.2 demonstrated 

the findings of spatial relation analysis. We found strong correlations between 

holidays and crime clusters. On the other hand, we could not find obvious seasonal 

dependency, at least in our test dataset. These findings are corroborated by related 

empirical crime studies.  
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Chapter 4  

Cyclic Signature (CS) Clustering 

4.1 Introduction 

This chapter introduces a novel approach, Cyclic Signature (CS) clustering (i.e. the 

third module in the DPA system). Making use of a set of reported crime data for a 

district in Hong Kong, a case study is presented to compare CS clustering against 

traditional clustering approaches.  

CS clustering and other relevant analysis methods, such as association rules, 

standard spatial clustering and periodicity analysis, are used for different analysis 

purposes. Table 4.1 summaries the key differences.  

Association rules vs. CS clustering 

- Association rule aims to detect relationships or associations between specific 

values of categorical variables in large data sets. 

- CS clustering aims to group a set of special unit in such a way that spatial units 

in the same group are more similar to each other than to those in other groups.  

Standard spatial clustering vs. CS Clustering 

- Standard spatial clustering uses geographic distance as a similarity measure.  

- CS clustering uses calendric distance of events in a cyclic calendar order as a 

similarity measure.  

Periodicity analysis vs. CS Clustering 

- Periodicity analysis aims to search for recurring patterns in time-series 

databases.  

- CS clustering aims to group spatial units with similar calendric patterns in the 

same group. 

Table 4.1 The key difference between CS clustering and other relevant analysis 
methods. 
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Spatial-temporal pattern analysis is useful because it can turn meaningless 

data into useful information. In recent years a number of clustering approaches have 

been suggested for spatial-temporal pattern analysis. Many of them involve mining 

the trajectories of moving objects (e.g. hurricanes, cars, birds, etc.); some related 

works include [45][46][47][49][162].  In order to mine the trajectories of moving 

objects, a key data requirement is that the object’s data are available at individual 

level, that is to say, it requires object-based data (i.e. able to identify each vehicle on 

a highway) instead of location-based statistics (i.e. how many vehicles are on the 

highway). However, in this study, we did not intend to deal with the data down to 

individual object level. In this study, we aimed to find the relationships between 

specified events, time and space; we call this relationship the spatial-temporal model. 

For example, a spatial-temporal model may be “more people cough in some 

particular districts but not in other districts during July and August”. Making use of 

the above model, analysts can more easily discover a meaningful hidden pattern, for 

example, “the seasonal winds bring air pollutants from nearby industrial zones to the 

districts during July and August”. Therefore, corresponding actions could be taken to 

protect people’s health. 

A spatial-temporal model consists of three elements: specified events, 

temporal information and spatial information. The common approach used to analyse 

spatial information is hotspot analysis. A hotspot is a geographic area with higher-

than-average incidences of certain events. The most common approach to find 

hotspots is called spatial clustering. Most clustering approaches use geographic 
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distance as a similarity measure. A major limitation related to the use of geographic 

distance as the similarity measure is it cannot combine distant hotspots with similar 

features. For example, given the scenario, “more people cough in some particular 

districts but not in other districts during July and August; however such particular 

districts are located at distant geographic locations”, using the traditional spatial 

clustering approach, such particular districts will be grouped into different hotspots. 

Obviously, a more appropriate finding should be used to cluster such districts into a 

group instead of independent groups. 

Most existing works treat temporal information as a range [89][90][91][163] 

or a threshold [121][122][164][165] to find spatial-temporal patterns. Such works 

simply consider temporal information as a time label of spatial information; they do 

not consider temporal information as an influential factor of the spatial-temporal 

model. Moreover, such works need users to predefine temporal criteria (i.e. range or 

threshold) objectively. This means that when users change the setting of temporal 

criteria, the findings for the same inputs may be totally different. For example, when 

a user changes the temporal criteria from two consecutive months to three consecutive 

months, the above-mentioned spatial-temporal model “more people cough in some 

particular districts but not in other districts during July and August” may not be 

satisfied as a frequency pattern and then the causes of the pattern will not be 

discovered.  

In this chapter, we propose a novel approach, Cyclic Signature (CS) clustering, 

to analyse spatial-temporal patterns. In the spatial aspect, CS clustering is able to 
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combine distant hotspots with similar features into the same group. In the temporal 

aspect, CS clustering does not require the temporal criteria to be predefined. CS 

clustering makes use of the calendric patterns of events to create spatial-temporal 

models. This is because most of the spatial phenomena are either (i) having calendric 

regularities, for instance, people go to work on weekdays, or (ii) described by 

calendric patterns, for instance, the rainy season in Hong Kong is normally between 

April and September. In this chapter, a calendar is a system for keeping track of time, 

where each calendar is defined over contiguous and non-overlapping units of time. 

Calendars can keep track of time with reference to a wide array of phenomena but 

calendars commonly refer to cyclic phenomena such as astronomical cycles. In the 

examples and implementations used in this chapter, we use the familiar 

day/month/year cyclic calendar but the proposed approach is of course applicable to 

any kind of cyclic calendar. 

The challenge in measuring similarities of calendric patterns is how to 

measure the calendric distances of events in a cyclic calendar order. This is because 

the calendric distance of events is changing in cyclic order. For example, in a “months 

of the year” relationship, in terms of months, an event occurring in January has a 

shorter temporal distance to an event occurring in December than another event 

occurring in October. CS clustering overcomes this challenge by using a new 

approach called cyclic signature; the detail of cyclic signature will be discussed in 

Section 3. In the case study, we compared the performance of CS clustering against 

some traditional clustering approaches based on a set of reported crime data. The 
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models created with CS clustering exhibited a higher intra-cluster similarity and a 

lower inter-cluster similarity than the clusters produced with the other approaches. 

This chapter is organised as follows: Section 4.2 reviews the related work of 

the definitions of temporal concepts, clustering and K-means clustering. Section 4.3 

introduces a new approach, Cyclic Signature clustering, to analyse spatial-temporal 

patterns. Section 4.4 is a case study related to conducting Cyclic Signature clustering. 

Section 4.5 concludes this chapter. 

4.2 Related work  

 The definition of calendar was discussed in [166] as follows. A calendar 

provides a human interpretation of time. A calendar is organised by a calendric system. 

Calendric systems define the human interpretation of time for a particular locale as 

different calendars may be employed during different intervals. 

In this chapter, we use k-means clustering to group data. This is because k-

means clustering is a simple, popular and well-established method. K-means 

clustering has been discussed in Section 2.5. 

4.3 Introduction of CS clustering 

Given a spatial-temporal database N consisting of t numbers of transactions, we are 

interested to use CS clustering to find k numbers of spatial-temporal models from N. 

Each spatial-temporal model is denoted as Mk, where k is determined by the user, 
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. Each spatial-temporal model M refers to a set of basic spatial units grouped by 

temporal similarity. A basic spatial unit, denoted as p, is a fundamental spatial unit of 

measurement which is used to create a spatial cluster. Some examples of the basic 

spatial units include a set of (x, y) coordinates or a set of geographic districts; it 

depends on what the user wants to analyse. We term the distribution of values of 

specified events over a set of basic spatial units as spatial pattern PS. In the temporal 

dimension, each basic spatial unit consists of a temporal pattern PT. The PT is a 

distribution of values of specified events over a set of time units of basic spatial units 

p or spatial patterns PS; it depends on what the user wants to analyse. The value of 

specified events of a corresponding time unit is denoted as
d

uC , duÎ , where d is a 

specified schema, such as days of the week or quarters of a year, while u is the time 

unit per the specified schema d, such as Monday of the week or quarter 1 of the year. 

The C is the total value of specified events at the time unit per specified schema. For 

example, Figure 4.1 shows the annual sales records of eight outlets by days of the 

week. Let outlets be basic spatial units and according to their temporal sales patterns, 

we can cluster outlets to different groups (say A, B, C and D), such as outlets 1 & 2 

to group A, outlets 3 & 4 to group B, outlets 5 & 6 to group C and outlets 7 & 8 to 

group D. In other words, the groups A, B, C and D are four different spatial-temporal 

models, each model consisting of two basic spatial units, such as group A consists of 

outlets 1 & 2. In the temporal aspect, specified schema d is days of the week: (Sun, 

Mon, Tue, Wed, Thu, Fri and Sat). The temporal pattern PT of outlet 1 is (2.5m, 2.5m, 

2.5m, 2.5m, 2.5m, 2.5m and 5.0m) and the PT of outlet 2 is the same as outlet 1. At 

tk £
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cluster A level, the temporal pattern PT is (5.0m, 5.0m, 5.0m, 5.0m, 5.0m, 5.0m and 

10.0m). We can use 
d

uC  to refer to any corresponding value, for instance, 
weekofdays

SunC __

of outlet 1 equals 2.5m.  

 

Figure 4.1 Example of annual sales records of eight outlets presented by “days of the 

week” 

 

We term the temporal pattern (i.e. PT) of each basic spatial unit (i.e. p) as 

cyclic signature. The degree of similarity between cyclic signatures is determined by 

two measures: “the moving distances of events between time units (measure 1)” and 

“the values of events per time unit (measure 2)”. When measure 1 or 2 increases, the 

degree of similarity decreases. The range of degree of similarity is from zero to 

infinity. A higher degree of similarity represents that the temporal patterns are more 

similar. 

- Measure 1: the moving distances of events between time units: 

In this chapter, time units are circularly arranged. For example, the concept 

“around the year end” refers not only to the temporal concept “before” the time unit 

year end, but also the temporal concept “after” the time unit year end. Measure 1 

increases as per temporal distance increases, and consequently, the degree of 
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similarity decreases. In addition, the measurement should be taken on a moving basis. 

Figure 4.2 shows examples of moving distances. Given four points A, B, C and D, 

extended from centre O, they are circularly arranged. Let the angle θ be the standard 

unit for distance measure. Let the distances between AOB and BOC equal an 

absolute value 1θ. Using the moving distance approach, the distances between BA«

and CB « are the same as 1θ, while the distance between CA« is 2θ. 

 

Figure 4.2 Examples of moving distances: four points A, B, C and D, extended from centre 

O, are circularly arranged. The angle θ is a standard unit for distance measure. 

 

- Measure 2: the values of events per time unit 

The second measure in CS clustering is the values of events per time unit. The 

greater the difference of values between time units the lower the degree of similarity. 

In implementation, the CS clustering consists of two major phases: creation of 

cyclic signatures and grouping of cyclic signatures. In the first phase, creation of 

cyclic signature, CS clustering creates a cyclic signature for each basic spatial unit. 

In the second phase, grouping of cyclic signatures, CS clustering uses k-means 

clustering to group cyclic signatures and build spatial-temporal models.  
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4.3.1   Phase I: creation of cyclic signature 

Each cyclic signature refers to a particular schema of time units, such as the days 

of the week refers to the schema of time units: Sun, Mon, Tue, Wed, Thu, Fri and Sat, 

the quarters of the year refer to the schema of time units: Quarter 1, 2, 3 and 4. The 

time units of the cyclic signature are circularly arranged. Recall that the value of a 

specified event of a corresponding time unit for a basic spatial unit p is denoted as
d

uC

of p. We term the
d

uC  time unit value. For each time unit value, we use the length of 

line r to represent its total value of specified event at a corresponding time unit. Each 

pair of time units (i.e. interval) is separated by a fixed degree of angel θ. Figure 4.3 

illustrates the basic structure of a cyclic signature. 

 

Figure 4.3 Basic structure of a cyclic signature 
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Formula 4.1 shows the calculation of the degree of angle θ: 

 

intervals ofNumber 

°
=

360
q    (4.1) 

 

We use Sp to denote a cyclic signature of basic spatial unit p. The cyclic signature Sp 

is a set of n numbers of coordinates (x, y). The n equals the number of time units in 

the schema of the cyclic signature: 

 

Sp = (X1,Y1)…..(Xn,Yn)   (4.2) 

 

4.3.2   Phase II: Grouping of cyclic signatures 

The purpose of grouping is to create k numbers of spatial-temporal models. In the 

grouping phase, the cyclic signatures of all basic spatial units are grouped by K-means 

clustering and divided into k partitions )units spatial basic of numbers( £k  , where each 

partition represents a spatial-temporal model M. The k value is defined by the user 

and the K-means algorithm has been explained in Section II.  

There are different approaches to group cyclic signatures. In this chapter, for 
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simplicity, we apply the mean point approach. The mean point calculation is as 

follows. Each basic spatial unit p consists of a corresponding cyclic signature Sp, and 

each basic spatial unit p is represented by a mean point m of cyclic signature Sp, 

denoted as m

ps . The m

ps  is the arithmetic means of x and y. This is calculated as per Eq. 

(4.3): 

åå
==

==
N

1i

i

N

1i

i )sinr (
N

1
     ,     )cosr (

N

1
 qq yx CC  (4.3) 

Where the θi is obtained by Eq. (4.4): 

intervalth 
intervals ofNumber 

ii ´
°

=
360

q  (4.4) 

Using a mean point or a centroid to represent a shape is an effective approach 

[167]. Although different shapes may generate an identical mean point value, the 

chance of duplication of mean points is very low. This is a possible subject for future 

work to study different approaches of grouping.  

4.4 Case study: using CS clustering to analyse a set of Hong 

Kong crime data 

In this section, given a reported crime file of a small urban district, we demonstrate 

an application of CS clustering and compare the performances of CS clustering 

against traditional clustering approaches. 
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4.4.1   Background 

Many public safety studies [31][167][168][169][170][171] have demonstrated the 

association between types of crimes and tourist activities. Most of the works 

suggested that property-related offences are more strongly related to tourism 

[31][169][170][171]. Walmsley et al. [170] examined crime rates in selected 

Australian tourist and non-tourist areas. They noted that the types of crimes in these 

two areas varied with more thefts in tourist areas. In crime analysis, the routine 

activity theory [31] is the most obvious theoretical basis for the proposition that crime 

rates will increase as a result of the number of visitors increasing in an area. Moreover, 

as a result of dynamic visitor mobility, many studies [167][168][170] have also 

reported the findings of temporal crime patterns. Walmsley et al. [170] observed that 

overall crime rates during peak tourist seasons are higher than non-peak seasons in 

Australia. McPheters and Strange [164] found a seasonal relationship between 

tourism and crime, with property related offences rising during the peak tourist season. 

The above-mentioned studies motivated our investigation into the association 

between types of crimes and tourist activities. Given a local reported crime file, we 

were interested in investigating the relationships between tourist activities and crime 

patterns. More specifically, we define the interest of this case study as – “evaluating 

the spatial-temporal relationships between theft-related crime and location 

categories”. The “location category” refers to the key characteristic of a location, such 

as park, commercial building or hotel. This case study is related to a district in Hong 

Kong. We argue and demonstrate in this case study that an application of the CS 
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clustering is an important prerequisite to more elaborate spatial-temporal analysis. 

4.4.2   Methodology 

Three-year reported crime data for the defined district were obtained from local police 

force in the form of a data file. Each record in the data file describes a case of reported 

crime and is composed of the following items: date of crime, type of crime and 

location of crime. Moreover, in the given dataset, the spatial information was 

organised by the Cartesian coordinate system, that is, each point of location is 

organised by a pair of numerical coordinates (i.e. x and y coordinates). The minimum 

distance between a pair of horizontal or vertical points is one metre. 

To evaluate the spatial-temporal relationships between theft-related crime and 

location categories, only relevant crime records were extracted from original data files 

for experimental purposes: the two criteria of extraction were (I) the record is theft-

related and (II) the record is related to a crime incident that occurred in a specified 

location category. Four location categories were specified before the case study: hotel, 

guesthouse, park and community facility. Both hotels and guesthouses provide paid 

lodging on a short-term basis, but in our classification a hotel is more well-equipped 

and expensive than a guesthouse. Moreover, the major hotel guests are vacation 

travellers and corporate workers while most of guesthouse guests are backpackers and 

budget travellers. The park was a large public park. The community facility consisted 

of churches and museums, etc. 
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Figure 4.4 Distribution of specified location categories in the district; there are four types 

of specified location categories. 

 

Figure 4.4 shows the spatial distribution of location categories in the district. In 

summary, 405 reported crime records from 34 locations were used for case study 

purposes. 

We compared CS clustering against three typical clustering approaches: K-

means clustering, DBScan clustering and EM clustering. In K-means clustering, two 

or more reported crime locations are grouped together into the same cluster if they 

are “close” in terms of geometric distance. DBScan is able to handle arbitrarily shaped 

clusters; therefore, it can deal with spatial clusters on maps. In DBScan clustering, a 

cluster is regarded as a region in which the density of reported crime locations exceeds 

a threshold. The foundation of EM clustering is a statistical model called finite 

mixtures, that is, a set of k probability distributions, representing k clusters. Each 

distribution gives the probability that a particular instance would have a certain set of 

attribute values if it were known to be a member of that cluster. Each cluster consists 

of an independent distribution. For all clustering approaches all reported crime 
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locations were grouped by and divided into four groups. We decided on four groups 

because there were four categories of specified locations. The process of CS 

clustering is explained as follows. Firstly, from the extracted crime records, we 

defined each reported crime location as a basic spatial unit (i.e. a total of 34 basic 

spatial units). For each basic spatial unit, we created a cyclic signature in the format 

“the days of the week”. Secondly, we grouped similar reported crime locations into 

the same model. The similarity is measured by comparing the mean points of cyclic 

signatures. The details of CS clustering have been explained in Section 4.3. 

4.4.3   Results and discussions 

In this case study, we used four clustering approaches to analyse spatial-temporal 

crime patterns in an urban district in Hong Kong. The results of the case study are 

discussed as follows. Firstly, a descriptive analysis of results was prepared to offer a 

general overview of the characteristics of the spatial-temporal patterns and the 

situational setting. This is supported by a map analysis which aims to identify those 

factors which converge in space to produce crime instances. Secondly, we evaluated 

the performance of CS clustering against other clustering approaches by using two 

measures: purity and genetic distance. 

4.4.3.1    Descriptive analysis of crime patterns 

Understanding the spatial and temporal characteristics of crime patterns augments our 

ability to draw insights about the locations and causes of crime instances. Figure 4.5 

summarises the distribution of specified location categories by clustering approaches 
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and by groups. The groups created by traditional approaches (i.e. K-means, EM and 

DBScan) are called clusters, while the groups created by CS clustering are called 

models. Each clustering approach (CS clustering, K-means, EM and DBScan) creates 

four groups (labelled by α, β, γ and δ). The labels of groups are assigned for reference 

only. Two different clustering approaches may assign the same label to two 

independent groups; it does not mean that the two groups are relevant. For example, 

three different approaches, K-means, EM and DBScan, group two hotels into cluster 

α, but the hotels in cluster α created by the EM approach are not the hotels in cluster 

α created by K-means and DBScan. Figure 4.6 illustrates the spatial arrangements of 

the reported crime locations by the traditional approaches (i.e. K-means, EM and 

DBScan). Dashed lines are manually drawn to demonstrate the boundaries between 

clusters. 

Figure 4.6 shows that the patterns (i.e. clusters) generated by K-means and 

DBScan are similar. In general, the clusters in both approaches were classified into 

four geographic groups: cluster α is sited in the south-east of the peninsula, cluster β 

is across the central to eastern part of the peninsula, cluster γ is sited in the south-west 

of the peninsula and cluster δ is sited in the north of the peninsula. The patterns 

generated by EM clustering show another set of geographic groups: cluster α is sited 

in the north-west of the peninsula, cluster β is sited in the south of the peninsula; 

cluster γ is sited in the central part of the peninsula and cluster δ is across the central 

to eastern part of the peninsula. The traditional approaches (i.e. K-means, EM and 

DBScan) provide geographic information of patterns to users and enable users to 
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perform further investigations based on geographic information. However, the results 

generated by the traditional approaches are geographic oriented. We can find that the 

traditional approaches always show clear geographic boundaries between clusters, 

because the traditional approaches created clusters based on the measurement of 

geographic distances. Moreover, in spatial analysis, the major limitation of traditional 

approaches is static, that is, the traditional approaches always ignore the temporal 

factors of spatial clusters. CS clustering is able to provide dynamic information of 

spatial clusters, that is, the temporal patterns of spatial clusters. Figure 4.7 shows the 

spatial arrangements of the reported crime locations by CS clustering. A difference 

between CS clustering and the traditional approaches is that CS clustering can 

generate clusters without clear geographic boundaries. 

 

Figure 4.5 The results show the distribution of specified location categories by clustering 

approaches and by groups. 
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Figure 4.6 Results of the traditional clustering approaches: clusters created by K-means 

(left), EM (middle) and DBScan (right) respectively 

 

 

 

Figure 4.7 Results of CS clustering: the distribution of models α, β, γ and δ (left) and 

supplementary information (right) 

 

In the traditional approaches (i.e. K-means, EM and DBScan), the clusters including 

the park also include other community facilities and hotels. The traditional 

approaches group the park and other specified location categories into the same 

cluster because they are geographically close together. CS clustering suggested 

another point of view, that is, the park should be an independent group (i.e. model α). 

Model α shows more reported crimes on weekdays than weekends. Furthermore, the 

separation of the park from other specified location categories means that the crime 

patterns in the park and in other specified location categories were different. The 
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visitor profile report [171] provided a hint regarding the classification. The report 

listed the major visited places by visitors in Hong Kong, but the park was not an 

attraction point in the list. It implied that less than 1% of visitors had visited the park. 

Indeed, the park is a major recreation site for local citizens rather than visitors. As a 

result, we believe that model α created by CS clustering (i.e. to separate the park from 

other community facilities and hotels) is more reasonable than the traditional 

approaches (i.e. grouping the park, community facilities and hotels together) because 

the type of people who go to the park generally differ from the types of people who 

go to the hotels and community facilities. 

Model β and model δ created by CS clustering are similar in shape and 

coverage. In addition, both clusters contain only two specified location categories - 

community facility and hotel. We compared the natures of community facilities and 

hotel classes in these two clusters, but we found no obvious distinction. However, a 

further investigation of the temporal patterns provided some hints of the models. A 

temporal comparison illustrated that model β shows more crime incidents during 

Saturday to Monday, while model δ shows more crime incidents on Sunday and 

during Tuesday to Thursday. In brief, the comparison indicated that model δ has more 

crime incidents on weekdays. Because we know that there are fewer workers going 

to the district during weekends, it motivated us to investigate not only the location 

characteristics, but also the nature of the businesses in the surrounding areas of the 

locations. We then compared the hotel characteristics and found that most of the hotels 

in model β are far from railway terminuses and close to shopping malls. On the 
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contrary, most of the hotels in model δ are close to railway terminuses or commercial 

buildings. This finding is interesting and allows further studies, such as the victim 

identities and hotel room occupancy patterns.  

Model γ is sited in the central part and consists of two guesthouses and a hotel, and 

most of the crime incidents in model γ are on Monday. The hotel is a top-end hotel 

but not a guesthouse-level hotel. However, we moved down to crime incident level 

and discovered that most crime incidents occurred in the shopping arcade of the hotel. 

This finding is useful because similar shopping malls are also found in guesthouse 

buildings. 

4.4.3.2    Evaluation of clustering results 

 

In this case study, the performances of clustering approaches were evaluated by two 

goals: (I) high intra-cluster similarity (location categories within a cluster are similar) 

and (II) low inter-cluster similarity (location categories from different clusters are 

dissimilar).  

We used cluster purity [172] to evaluate the intra-cluster similarity. It is one 

of the most popular measures for cluster evaluation [173]. Given there were four 

specified location categories in the case study, we could reasonably assume that there 

were four dissimilar clusters, and the locations within a cluster should be in the same 

category (i.e. pure). The cluster purity focuses on the frequency of the most common 

location category in each cluster and penalises the noise in a cluster. The value of 
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cluster purity is computed as follows. Each cluster is assigned to the class (i.e. 

category) which is most frequent in the cluster, and then the accuracy of this 

evaluation is measured by counting the number of correctly assigned locations and 

dividing by N: 

å Ç=FW
k

jk
j

c
N

wmax
1

),(purity   (4.5) 

Where  { }kwww ,...,, 21=W  is the set of clusters and { }jccc ,...,, 21=F  is the set of classes. 

The cluster purity is a value ranging from 0 to 1. Bad clustering has purity values 

close to 0, while perfect clustering has a purity of 1. We computed the values of cluster 

purity for four different clustering approaches of the case study. Figure 4.8 shows that 

the value of cluster purity of CS clustering is 0.71, that is, 9.2 percent better (i.e. pure) 

than all other approaches. Accordingly, the results also indicate that the models 

created by CS clustering have higher intra-cluster similarity than the clusters created 

by the traditional clustering approaches. 

For inter-cluster similarity, we compared the performance of the approaches by 

means of distance measure of similarity. The distance measure of similarity is an 

indicator that evaluates the strength of the relationship between two groups; a larger 

distance measure indicates a weaker relationship between two groups, while a weaker 

relationship between two groups indicates better clustering performance (because two 

groups are more dissimilar). A distance measure of similarity, genetic distance [169], 

was used to compare the two approaches. The genetic distance, denoted as GDAB, is 
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defined as follows: 

2

1

)cos1( q-=ABGD    (4.6) 

Where 
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)(cosq    (4.7) 

The term PiA and PiB are the frequencies of the ith specified location categories 

in the two groups (i.e. models or clusters). Recall that there are four specified location 

categories: hotel, guesthouse, community facility and park. The angular 

transformation for the group has a variance-stabilising role.  

 

Figure 4.8 shows that the average genetic distances between models created 

by CS clustering is 0.75, that is, 108 percent, 103 percent and 226 percent higher than 

clusters created by K-means (0.36), DBScan (0.37) and EM clustering (0.23), 

respectively. The results suggest that the relationship between models created by CS 

clustering is generally weaker than the clusters created by traditional distance-based 

clustering. The results also suggest that the models created by CS clustering have 

lower inter-cluster similarity than the clusters created by traditional distance-based 

clustering. Accordingly, in this case study, we argue that the performance of CS 

clustering is better than the traditional approaches.  

We explain the performance as follows. Human trajectories have a high degree of 
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temporal and spatial regularity; most people always move within a short spatial 

distance on a regular basis [168]. A major type of temporal and spatial regularity is 

calendric regularity. In addition, calendric regularities often vary with spatial 

characteristics. For example, workers regularly go to their workplaces during 

weekdays. In this case study, the locations were classified into four different 

categories based on their major spatial characteristics. These different spatial 

characteristics refer to different calendric regularities. These different calendric 

regularities refer to different groups (i.e. models or clusters). Because only CS 

clustering makes use of calendric characteristics to create models, the performance of 

CS clustering is better than the traditional approaches solely based on geographic 

distance. 

 

Figure 4.8 Evaluation results of two tests: value of purity (left) and average genetic 

distance (right) 

 

4.4.4   Summary of evaluation results 

 

In this case study, CS clustering groups the reported crime incidents into four spatial-

temporal models. The results suggest that the reported crime incidents in the park (i.e. 

model α) are dissimilar to other locations. Model β and model δ suggest that some 
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hotels and community facilities share similar crime patterns. However, we find that 

more reported crime incidents are far from railway terminuses and close to shopping 

malls on weekdays (i.e. model β), but more reported crime incidents are close to 

railway terminuses or commercial buildings (i.e. model δ) on weekends. Furthermore, 

model γ suggests the relationship between the hotel shopping arcade and guesthouse 

buildings. 

The results of CS clustering differ greatly from traditional geographic 

distance-based clustering approaches. The models created by CS clustering suggest 

the strong association between theft-related crimes and location categories, whereas 

traditional clustering approaches (K-means, EM and DBScan) associate reported 

crime locations based on geographic distance. Therefore, the traditional clustering 

approaches often created clusters with clear geographic boundaries. However, in the 

district of this case study, as in many other metropolitan areas in the world, spatial 

characteristics are not separated by clear boundaries. Very often, spatial 

characteristics in the district are mixed and located closely. For example, it is very 

common that shopping malls, commercial buildings and hotels are located in the same 

street. As a result, traditional geographic distance-based clustering approaches were 

unable to illustrate a strong association between theft-related crimes and location 

categories. In fact, the models created by CS clustering, making use of cyclic temporal 

patterns, provided clues for further analysis. For example, users could investigate the 

existence of other common factors, but not limited to spatial characteristics, between 

spatial-temporal models, such as traffic conditions, economic activities or even 
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climate information. A crime incident can be a multi-factorial occurrence. CS 

clustering, like all other clustering approaches, is impossible to list all factors. For 

example, a crime pattern at a location may have been influenced by an ad hoc crime 

reduction programme for a short period of time. Nevertheless, CS clustering can offer 

additional insights about the circumstances and environmental factors that contribute 

to crime instances. In addition, the results of CS clustering offer groundwork studies 

before formalising research hypotheses for further examination. 

 

4.5 Conclusions 

The analysis of the relationships between spatial and temporal patterns is a 

complicated task. The traditional approach in spatial clustering is to use geographic 

distance as the similarity measure. However, in many cases, distance is not the sole 

factor for spatial phenomena. A major limitation, related to the use of geographic 

distance as the similarity measure, is that it cannot combine distant hotspots with 

similar features. In the temporal aspect, most of the existing works treat temporal 

factors as predefined temporal criteria (i.e. range or threshold). 

In this chapter, we introduced a new approach, cyclic signature clustering (CS 

clustering) (i.e. the third module in the DPA system) to analyse spatial-temporal 

models. In the spatial aspect, CS clustering is able to combine distant hotspots with 

similar features. In the temporal aspect, CS clustering does not require a temporal 

range or threshold to be predefined. CS clustering makes use of calendric distance of 
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events as the similarity measure to find a spatial-temporal model.  

A set of reported crime data was analysed using CS clustering and other 

traditional clustering approaches. The results show that the models created by CS 

clustering have higher intra-cluster similarities and lower inter-cluster similarities 

than the clusters created by the traditional clustering approaches.  

Unlike the traditional approaches, CS clustering is not based on a geographic 

distance measure to discover spatial-temporal patterns. CS clustering makes use of 

similarities of calendric patterns to group events. As a result, in spatial-temporal 

analysis, CS clustering is particularly suitable when the geographic distance measure 

is not the sole factor of the spatial-temporal pattern. In addition, because many spatial 

activities are associated with calendric regularities, users can refer to the findings of 

CS clustering as the basis to perform further studies and such further studies are not 

limited to the factor of geographic distance. For example, users could further 

investigate whether the existence of common factors, such as spatial characteristics, 

traffic conditions, economic activities or even climate information, between the 

models is created by CS clustering. 
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Chapter 5  

A Content Analysis of Web-based Crime Mapping 

in the World’s Top 100 Highest GPD Cities 

5.1 Introduction 

The aims of this chapter are to review the adoption trend of web-based crime mapping 

in the world’s top 100 highest GDP cities and to assess the current state of the art in 

the use of web-based crime mapping. This chapter is structured as follows. In Section 

5.2 we give an overview of web-based crime mapping. The overview commences by 

defining web-based crime mapping and discussing the driving forces behind the trend 

of web-based crime mapping. In Section 5.3 we conduct content analysis in order to 

review the adoption trend of web-based crime mapping in the top 100 cities and to 

assess the current state of the art in the use of web-based crime mapping. Section 5.4 

discusses the findings of the survey. Section 5.5 is the conclusion of this chapter. 

5.2 Overview of web-based crime mapping 

We define web-based crime mapping as an information process that uses GIS 

technologies to disseminate crime mapping information to the public by related 

authorities via the internet. It is a web-based solution that visualises crime information 

on a digital map and is accessible by the public. In web-based crime mapping, crime 

information is provided by related authorities such as police agencies, public safety 

bureaus and other government departments. The interface is a public accessible 
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website on the internet that presents crime maps; the website can be managed by 

related authorities or be outsourced to commercial service providers. Some examples 

of commercial service providers providing web-based crime mapping include, but are 

not limited to, Crimereports (www.crimereports.com), Crimemapping 

(www.crimemapping.com), Spotcrime (spotcrime.com), etc. 

The boom of internet technologies, particularly web-based GIS technologies, 

is opening new opportunities for the use of crime mapping to support crime 

prevention. In recent years, many new web-based solutions have been developed and 

become available in the market. For example, Crimereports, an online crime mapping 

service provider, has over 800 law enforcement partners across North America (as at 

June 2010). We summarise that the major driving forces behind the growth of web-

based crime mapping are the development of e-government and evolution of 

community policing. 

5.2.1 The development of e-government 

 

The implementation of e-government projects is found worldwide [174][175][176]. 

In e-government implementation, web-based crime mapping plays the role of a 

geographic crime information platform between police agencies and the public. For 

example, in the United States, according to the E-Government Act of 2002, Section 

5.210 [177] indicates the related authorities “develop innovative multi-layered maps 

and analyses using the government’s massive amounts of geographic data, and it can 

be a vital tool in disaster planning, crime mapping”. In the United Kingdom, Boris 
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Johnson, in the lead-up to the London mayoral elections in 2008, announced his plan 

to support neighbourhood crime maps of London as one e-government project [178]. 

Another e-government project is in Australia. The Australian crime commission is 

seeking to map crime tendencies across Australia. The desired software would also 

allow users to create custom map layers for the department's requirements, which 

could ideally then be exported to publicly available mapping applications such as 

Google Maps, Street View and Microsoft's Bing Maps [179]. In sum, web-based 

crime mapping is an emerging topic in e-government implementation. 

 

5.2.2 Evolution of community policing 

 

Community policing (or neighbourhood policing) and environmental criminology are 

two distinct philosophies in crime prevention. Community policing emphasises the 

concept of shared police-public responsibility and partnership rather than total 

dependence on the police service [180] while environmental criminology [24] focuses 

on criminal patterns within particular environments and analyses the impacts of these 

external variables on people’s cognitive behaviour.  

Traditionally, the development of crime mapping was grounded in the theories 

of environmental criminology such as routine activities theory [31], rational choice 

theory [32] and crime pattern theory [41]. For example, crime analysis software, 

CrimePointWeb, has a function Pattern Matching so that when a user selects a 

particular crime event, other crimes are scored based on environmental attributes, 
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such as location, crime type, date and time relative to the selected crime. A list of 

pattern matched crimes is displayed in a combined total score order [181]. However, 

as a result of the evolution of community policing, more police agencies explore web-

based crime mapping as an adjunct to community policing [14][182] . Using web-

based crime-mapping, community policing can be achieved by keeping citizens 

informed about crime in their area. Also, web-based crime mapping can help citizens 

be more alert and implement crime prevention efforts in their communities. 

5.3 Content analysis 

This study was conducted from May to June 2010. We reviewed a total of 100 official 

police websites from the world’s top 100 highest GDP cities (Figure 5.13) for the year 

2005 [183]. We chose the top 100 highest GDP cities because we argue that a police 

agency would have greater financial strength in a higher GDP city, and it is easier to 

adopt more advanced applications of web-based crime mapping. An advantage of this 

approach is that we can have a better understanding of what advanced web-based 

crime mapping functions are adopted in the world. However, because this analysis 

was based on the top 100 highest GDP cities, it may limit the generalisability of the 

analysis findings. Possible further works could study other research backgrounds, for 

instance reviewing how (or whether) police agencies in developing countries adopt 

web-based crime mapping.  

During this study, we first visited the official websites of the police agencies 

of the 100 cities and investigated whether web-based crime mapping was found on 
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their websites. Moreover, we also visited the police agencies at national level for these 

100 cities and we made two findings. First, we found that cities which did not provide 

web-based crime mapping at citywide police agency level, also did not provide web-

based crime mapping at the nationwide level at the time we conducted the study.  

Second, some web-based crime mappings were found at both citywide and 

nationwide levels, such as in London, where there were two types of web-based crime 

mapping, one provided by the Metropolitan police service 

(http://maps.met.police.uk/), while another was provided at the nationwide level 

(http://www.police.uk). Considering that the web-based crime mapping functions 

provided at the nationwide level were already covered at citywide level and for 

reasons of consistency, we focused on the analysis at citywide level. For website 

support web-based crime mapping, we recorded and classified the web-based crime 

mapping functions of each finding. The results are discussed in Sections 5.3.1 to 

5.3.3. 

 

 

 

5.3.1 General results 

 

In total, we found 48 cities’ police agencies (Figure 5.14) in four different countries 

that provided web-based crime mapping on their official websites. For simplicity, we 

will use the term “identified website” to represent a website providing web-based 

crime mapping in the rest of this chapter. Most identified websites in Appendix 2 



115 
 

were found in the United States (there were 50 cities listed in the top 100 table, in 

which 40 cities’ police agencies (80%) provided web-based crime mapping); the 

remaining identified websites were found in Canada (all the five police agencies of 

the cities in the top 100 table provided web-based crime mapping), Japan (there were 

four cities listed in the top 100 table, in which two cities’ police agencies (50%) 

provided web-based crime mapping) and the United Kingdom (the police agency of 

the city listed in the top 100 table provided web-based crime mapping). Most 

identified websites provided interactive interfaces for users and allowed them to 

construct crime maps per user-defined criteria. A few identified websites did not 

support interactive criteria-setting, but because these identified websites were able to 

provide static maps to show spatial crime patterns and were publicly accessible, we 

included them in the current study. 

In this content analysis, we focus on the study of functions provided in the 

identified websites. We divide the web-based crime mapping functions into two major 

parts – map preparation and map display. Map preparation, as a prior phase of map 

display, allows users to construct a map based on a set of criteria, such as time 

information, geographic information and crime type information. Map display, as a 

subsequent phase of map preparation, is an information process that allows users to 

select another set of criteria to design the map’s layout. Section 5.3.2 discusses the 

findings related to map preparation; Section 5.3.3 discusses the findings related to 

map display. 
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5.3.2 Map preparation 

In the map preparation phase, users are allowed to select different criteria to construct 

crime maps. In our study, we found that the most common types of criteria are 

geographic information, time information and crime type information; these criteria 

are discussed in the following three paragraphs respectively.  

For geographic information, Figure 5.15 shows a summary of the common 

selection approaches and lists what kinds of geographic information approaches are 

supported on each identified website. We found that 34 identified websites (71%) 

allow users to enter a specific location address, while only 28 identified websites 

(58%) allow users to select a jurisdiction (or a district) from a predefined list. The 

number of identified websites providing both the abovementioned searching 

approaches (i.e. enter a specific location address and select a jurisdiction from a 

predefined list) is 24 (50%). We also found that 15 identified websites (31%) allow 

users to define radius. The radius, as a distance parameter, combined with entering a 

specific location address function, allows users to search out crime incidents within 

the circle around the address for the location selected. 

For time information, Figure 5.16 shows a summary of the common selection 

approaches. The three common approaches to define time information are defined by 

users, i.e. predefined and fixed. The mentioned approaches also reflect the degrees of 

flexibility of time information selection approaches. We found that 33 identified 

websites (69%) allow users to define time information by themselves, that is, the 

highest flexibility of time information selection approach. There were 13 identified 
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websites (27%) that support fixed time information for users (i.e. no options for the 

time window), that is, the lowest flexibility of time information selection approach. 

Only two identified websites (4%) provide a list of predefined time information, such 

as a by-month list (e.g. Minneapolis-St. Paul police agency, U.S.) and by last week, 

month, 3 months or 6 months (e.g. Calgary police agency, U.S.).  

For crime type information, Figure 5.17 shows a summary of the common 

selection approaches. We found that 40 identified websites (83%) allow users to 

investigate specified crime type while eight identified websites (7%) provide fixed 

crime type information to users. 

 

5.3.3 Map display 

Map display, as a subsequent phase of map preparation, is an information process that 

allows users to select another set of criteria to design the map’s layout. Figure 5.18 

shows six map display functions found from the identified websites; these functions 

allow users to define criteria to design a crime map. They are (1) types of crime 

mapping, (2) aerial view, (3) map navigation, (4) identify incident marker detail, (5) 

supplementary tabular report and (6) supplementary chart. We discuss the types of 

crime mapping in Section 5.3.3.1 and discuss the other functions in Section 5.3.3.2. 

5.3.3.1 Types of crime mapping  

In this chapter, types of crime mapping refer to a presentation style used to display 

the spatial distribution of crime locations. Boba [4] summarised five types of mapping 
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that are routinely used in crime analysis, and such five discussed types are single-

symbol mapping, graduated mapping, density mapping, buffers and chart mapping. 

Other than the five suggested types, we found that some police agencies use 

supplementary tables to display the spatial distribution of crime locations. Figure 5.18 

shows the types of crime mapping used among the 48 identified websites.  

Single-symbol mapping is the most common type of crime mapping in our 

findings. We found that 36 identified websites (75%) use single-symbol mapping, 

that is, the use of uniform symbols represents different types of crimes. Such uniform 

symbols could be bubbles, icons, tags or different shapes. Figures 5.1 to 5.4 illustrate 

the different examples of the abovementioned mapping types in practice. Some 

identified websites, such as that of San Francisco police department (Figure 5.5) using 

a CrimeMapping service, allow users to change the crime symbols on the map. 

Only three identified websites (6%) use graduated mapping, that is, maps in 

which different sizes or colours of features represent particular values of variables. 

Boba [4] also suggested two sub-types of graduated mapping – graduated colour map 

and graduated size map. In our study we could find these two types of graduated 

mappings, and Figures 5.6 and 5.7 show examples of a graduated colour map and 

graduated size map respectively. 

We found that five identified websites (10%) use density mapping. In this approach, 

density maps are shaded according to the concentration of incidents in particular 
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areas. Figure 5.8 illustrates an example of a density map used by the Tokyo police 

department, Japan.  

J. Wartell and J.T. McEwen [184] discussed data misinterpretation as a 

potential problem of both graduated mapping and density mapping. It refers to 

incorrectly understanding map data and their implications. Misinterpretation can 

occur if the maps are too complex or lead to assumptions based on a lack of 

understanding of statistics or crime data. For example, on a graduated size map, scale 

matters because a smaller scale may make crime look worse than it is. When using 

graduated colour mapping, a map may suggest that the entire area has a crime problem 

when in fact all the crimes are concentrated in one or two blocks within that area. In 

a density map, users may not be able to fully understand the complicated statistics 

assumptions behind the map and cause misinterpretation problems. 

In total, five identified websites (10%) support the use of a supplementary table. This 

approach involves using a supplementary table to describe the spatial distribution of 

crime locations. In Figure 5.9, the webpage content is divided into two parts: the left 

part provides geographic information while the right part provides the corresponding 

crime statistics. 

There are 16 identified websites (33%) supporting more than one type of 

crime mapping. In our study, we found that police agencies often use buffers as a 

supplementary tool to support single-symbol mapping. A buffer is a zone around a 

user defined object (e.g. a hotel). For example, a user may wish to investigate the theft 
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rates of a hotel zone and the zone may be defined using a 100 metre radius. In our 

findings, a total of 16 identified websites support buffers, of which 15 identified 

websites supporting buffers also support single-symbol mapping. The remaining 

identified website is that of the Charlotte police department. The department uses 

graduated size maps (Figure 5.7), and the approach is, in terms of layout, similar to 

single-symbol mapping. Another example of providing more than one type of crime 

mapping is the Portland (Oregon, U.S.) police department. The department allows 

users to choose either graduated colour maps or single-symbol mapping. 

5.3.3.2 Other map display functions 

Other than type of mapping, Figure 5.18 also illustrates other map display functions: 

aerial view, map navigation, identified incident marker detail, supplementary tabular 

report and supplementary chart. We found 21 identified websites (44%) supporting 

aerial view. On the other hand, 41 identified websites (85%) allow map navigation. 

Map navigation is a function appearing as a shortcut menu and provides quick access 

to commonly used tools. These tools generally include zoom in, zoom out, zoom 

slider, pan, etc. We also found that 32 identified websites (67%) support identified 

incident marker detail, which function allows users selecting a crime incident to view 

crime details. Figure 5.10 shows that the details of a theft are illustrated by using 

identified incident marker details. Only 17 identified websites (35%) and seven 

identified websites (15%) provide supplementary tabular crime reports and crime 

charts respectively.  
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Figure 5.1 Example of using different bubbles to represent different crime types and crime 

locations by Edmonton police service (Canada) 

 

Figure 5.2 Example of using different icons to represent different crime types and crime 

locations by the Chicago police department (U.S.) 
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Figure 5.3 Example of using different tags to represent different crime types and crime 

locations by the Boston police department (U.S.) 

 

 

 

Figure 5.4 Example of using different colours of stars to represent different crime types and 

crime locations by the Sacramento police department (U.S.) 
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Figure 5.5 Example of an identified website that supports switching crime symbols by the 

San Francisco police department (U.S.) 

 

In Figure 5.5, on the left-hand side, the identified website uses smaller colour 

tags to represent different crime types and crime locations, while on the right-hand 

side, the same identified website uses larger icons to represent different crime types 

and crime locations. 

 

Figure 5.6 Example of using a graduated colour map to represent spatial crime distribution 

by the London police agency (U.K.) 

 



124 
 

 

Figure 5.7 Example of using a graduated size map to represent spatial crime distribution by 

the Charlotte police department (U.S.) 

 

 

Figure 5.8 Example of using a density map to represent spatial crime distribution by the 

Tokyo police department (Japan) 
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Figure 5.9 Example of using a supplementary table (right-hand side) to describe spatial 

crime distribution by the Jacksonville police department (U.S.) 

 

 

Figure 5.10 Theft details provided by using identified incident marker details; source from 

Ottawa police agency (Canada) 

5.4 Discussion 

Figure 5.11 shows a general model of commonly used web-based crime mapping 

functions and these functions were discussed in Section 5.3. When we compared web-

based crime mapping with traditional crime mapping, we found that the functions 
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provided in web-based crime mapping are less than in most traditional crime 

mapping. In the comparison, we first listed 21 GIS functions used in traditional crime 

mapping, as identified in [185]; we found that only eight functions are used in the 

identified websites (i.e. the websites support web-based crime mapping as discussed 

in Section 5.3). The result shown in Figure 5.12 reflects that existing web-based crime 

mapping supports only the human driven functions such as displaying crime 

locations, displaying spatial features, crime data sharing, and map navigation, but not 

machine driven functions, such as pattern analysis and prediction.  

The two types of functions, human driven functions and machine driven 

functions were discussed in [186]. The human driven function refers to an analyst 

interactively exploring the features of crimes by different dimensions, such as type of 

crime by time of day or day of the week. On the other hand, the machine driven 

method is driven by the criminal data. The method involves using a data mining tool 

to discover new, previously unseen patterns, such as a SOM neural network, 

association rules and clustering. 

We argue that the major reason why the functions provided by web-based 

crime mapping are less than in traditional crime mapping is because they target 

different user groups. Firstly, traditional crime mapping targets internal users of 

police agencies such as police officers, inspectors or policy makers, whereas web-

based crime mapping targets external users, that is, everyone can access it. This 

contrast in orientation results in the major differences between traditional crime 

mapping and web-based crime mapping, even though they often rely on the same 
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underlying crime data. To explain why the contrast in orientation results in major 

differences, we refer to the three types of crime analyses suggested by [4]. 

The three types of crime analyses suggested by [4] are tactical crime analysis, 

strategic crime analysis and administrative crime analysis. Crime mapping functions, 

no matter whether traditional crime mapping or web-based crime mapping, should be 

developed to support one of the three abovementioned types of crime analysis. 

According to the definitions in [4], we argue that web-based crime mapping is used 

to support administrative crime analysis; this is because in administrative crime 

analysis, crime mapping is a valuable tool used by police, researchers and media 

organisations to convey criminal activity information to the public. For example, a 

police agency can reduce citizen requests for neighbourhood crime information by 

placing weekly crime maps on a website that everyone can access using computers 

anywhere. However, we argue that web-based crime mapping is not used to support 

either tactical crime analysis or strategic crime analysis; this is because policy 

agencies generally will not disclose either tactical or strategic crime prevention plans 

to the public. As a result, web-based crime mapping does not support tactical and 

strategic analytical functions, such as pattern analysis and prediction.  

Data privacy is another concern in web-based crime mapping. Crime mapping 

research centres illustrate that some potential privacy problems of public crime maps 

include victim privacy and data misuse [184]. The victim privacy problem suggests 

that victims’ information should not be disclosed. In the analysis in Section 5.3, we 

found that all web-based crime mapping does not include personal information of 
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crime incidents. On the other hand, the data misuse problem is more complicated. 

Data misuse means using the map data for inappropriate purposes. A possible 

example discussed in the report [184] is that alarm companies could target and bother 

residents in blocks or within neighbourhoods that have high numbers of burglaries. 

We consider that the data misuse problem cannot be solved solely by technological 

methods. However, we suggest using legislative means to tackle the data misuse 

problem. For example, governments might legislate anti-cold-call ordinances to 

minimise the abovementioned data misuse problem. 

In sum, we believe that web-based crime mapping is a useful application for 

the public but more research is needed to fill the knowledge gaps regarding this topic. 

For example, web-based crime mapping is more than just statistical numbers; it 

provides information about where and when reported crime is happening and it could 

be used as an important community policing tool to increase community awareness 

and reduce crime. However, it is also worth studying what the appropriate degree of 

resolution by place, time and crime type in future works is. The issues include, but 

are not limited to, privacy concerns and the possible geographic crime displacement 

effect caused by web-based crime mapping information. For privacy concerns, the 

key is balancing public awareness and the victim’s privacy. In some web-based crime 

mapping applications, such as crime reports, most crime mapping information is 

available at street level and users can interactively modify the crime map by sorting 

time range and crime types; however, to ensure victim privacy, rapes are not displayed 

on the map, nevertheless, such approach does not consider the victim’s privacy for 
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other crime types. A possible alternative is to provide all crime map information using 

density maps just like Metropolitan Police Services, London. On the other hand, one 

of the major criticisms of web-based crime mapping is that the information may lead 

to geographical crime displacement. Due to this, further studies are needed to discuss 

the possible implications of information disclosure from web-based crime maps, for 

example, to evaluate the relationships between the levels (street level or ward level) 

of crime maps and crime patterns, and then to determine an appropriate level of 

information disclosure. 

A limitation in this study is that website content may vary from time to time. 

We believe, however, that the current content analysis provides insight into the state 

of the art concerning the most commonly used functions provided in web-based crime 

mapping. Another limitation is that a crime mapping service may not be provided on 

the local police agency official website. However, we argue that the crime 

information used in crime mapping should be normally provided by police agencies, 

and as a result, the chance, not including crime mapping on their official website but 

providing crime information to construct crime maps, is not high. 
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Figure 5.11 General model of commonly used functions in web-based crime mapping 
 

 

Figure 5.12 Summary of crime mapping functions used in the identified websites 
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5.5 Conclusion 

We define web-based crime mapping as an information process that uses GIS 

technologies to disseminate crime mapping information to the public by the related 

authorities via the internet. It is a web-based solution that visualises crime information 

on a digital map and is accessible by the public.  

We summarise that the major driving forces behind the growth of web-based 

crime mapping are the development of e-government and evolution of community 

policing. Moreover, we have studied the official websites of the police agencies in 

the world’s top 100 highest GDP cities, in which we found that 48 agencies provide 

web-based crime mapping on their official websites. Based on the findings, we found 

that the functions provided in web-based crime mapping are less than in most 

traditional crime mapping software. 

We believe that this is the first time that a study like this, to review and discuss 

the content of web-based crime mapping, has been conducted. With the current 

descriptive study, we have shed some light on the direction of web-based crime 

mapping studies. Referring to our findings, traditional hot topics on crime mapping 

research such as pattern analysis and prediction are not important in web-based crime 

mapping. In addition, the development of web-based crime mapping should be an 

adjunct to community policing and in line with local e-government policy. On the 

other hand, in the development of web-based crime mapping the privacy issue should 

be considered, particularly victims’ privacy. Moreover, related ordinances may be 
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needed to prevent misuse of geographic crime data. Furthermore, there are only very 

few previous works related to the web-based crime mapping topic, so we believe that 

future research is needed to fill the knowledge gaps for this emerging topic. 

 

Figure 5.13 The world’s top 100 highest GDP cities. Source: Demographia 2005 
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Figure 5.14 Forty-eight identified websites support web-based crime mapping and their 

links 
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Figure 5.15 Summary of common geographic information selection approaches.  

(“Y” represents the identified website and the horizontal row supports the selection 

method in the vertical column.) 
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Figure 5.16 Summary of common time information selection approaches.  

The column “date range” explains the extent of the date range by each identified website. 
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Figure 5.17 Summary of common crime type information selection approaches. 

The column “crime type” explains the extent of the crime type range by each identified 

website. 
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Figure 5.18 Summary of map display functions 
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Chapter 6  

A Study of the Correlation between Predictors and 

the Extent of Web-based Crime Mapping Adoption 

by a Police Agency 

6.1 Introduction 

Based on the findings in Chapter 5, this chapter further investigates the use of web-

based crime mapping by police agencies, and the predictors that correlate with this 

use.  

This study is important because web-based crime mapping is a key component in 

e-government projects. The review of the use of web-based crime mapping by police 

agencies will aid law enforcement agencies in their decisions regarding the adoption 

of crime mapping on the internet. Moreover, a better understanding about the 

predictors of web-based crime mapping adoption should improve e-government 

project implementation. Further, this study will provide knowledge about how police 

agencies use web-based crime mapping. This knowledge will make our DPA system 

more practical. 

A two-phase experiment was conducted in this study. Phase one aimed to provide 

an initial evaluation for this study and test whether the extent of web-based crime 

mapping adoption can be explained by the same predictors discussed in previous 

studies on computerised crime mapping. Despite previous studies indicating that the 
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number of employees and operating expenditure positively influence crime mapping 

adoption, our study found that a significant correlation between these predictors and 

the extent of web-based crime mapping adoption does not exist. In phase two, we 

found that using predictors including the number of employees, range of 

computerised information used and recruit training hours can better explain the extent 

of web-based crime mapping adoption. 

The remainder of this chapter is structured as follows. Section 6.2 discusses the 

research background of web-based crime mapping adoption. Section 6.3 reviews the 

traditional predictors that might correlate with web-based crime mapping. Section 6.4 

discusses the method of experiment phase one for testing the correlations between 

traditional predictors and the extent of web-based crime mapping adoption. Section 

6.5 reports the results of the experiment phase one. Section 6.6 introduces the quality 

predictors that might correlate with the extent of web-based crime mapping adoption. 

Section 6.7 explains the method used in experiment phase two for analysing the 

predictors of the extent of web-based crime mapping adoption after including quality 

predictors. Section 6.8 reports the results of experiment phase two. Section 6.9 

presents the conclusion of this chapter. 

6.2 Research background 

Section 6.2 discusses the relationship between the growing trend of e-government 

projects and the increasing amount of web-based crime mapping adoption around the 

world. We also explain that the lack of authority or regulations to specify the form of 
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web-based crime mapping is the reason for the variations in web-based crime 

mapping adoption around the world. 

The growing trend of e-government projects has led to an increase in the amount 

of web-based crime mapping adoption. This is because web-based crime mapping is 

a key part of e-government projects. In e-government practice, web-based crime 

mapping plays a role as a geographic crime information platform between police 

agencies and the public. For example, in the United States, according to the E-

Government Act of 2002, section 210 [177] indicates that the related authorities 

“develop innovative multi-layered maps and analyses using the government’s 

massive amounts of geographic data, and it can be a vital tool in disaster planning, 

crime mapping”. In the United Kingdom, Boris Johnson, in the lead-up to the London 

mayoral elections in 2008, announced his plan to support neighbourhood crime maps 

of London as one e-government project [178]. Another e-government project is in 

Australia, where the Australian crime commission is aiming to map crime tendencies 

across Australia. The desired software would also allow users to create custom map 

layers for the department's requirements, which could ideally then be exported to 

publicly available mapping applications such as Google Maps, Street View and 

Microsoft's Bing Maps [179]. In sum, web-based crime mapping is an emerging topic 

in e-government projects. 

Even though the growing trend of e-government projects provides a driving force 

for the development of web-based crime mapping, there is a lack of authority and 

regulations to specify the form of web-based crime mapping. This results in a wide 
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variety of web-based crime mapping adoptions. On the other hand, given the lack of 

authority and regulation to specify the form of web-based crime mapping, a police 

agency supports a wider extent of web-based crime mapping with more functions on 

web-based crime mapping suggesting that the agency perceives this mode of adoption 

as offering more benefits. Accordingly, analysing the extent of functionality of web-

based crime mapping services across police agencies can illuminate the predictors 

behind adoption. 

6.3 Review of the traditional predictors 

This section discusses two traditional predictors: number of employees and operating 

expenditure. According to previous studies [187][188], these two predictors correlate 

with crime mapping adoption. We use number of employees and operating 

expenditure as two different organisational measures: number of employees measures 

organisational size, while operating expenditure measures organisational financial 

strength. 

6.3.1 Review of the traditional predictors that might correlate with web-based 

crime mapping adoption 

We use score of functionality (SOF) to measure the extent of web-based crime 

mapping adoption. A higher score of functionality means a wider extent of web-based 

crime mapping adoption. The details of the score will be discussed in Section 6.4.2. 

In this research, we measured the score of functionality (SOF) at the post-adoption 

stage and measured predictors at the pre-adoption stage. We separated the measures 
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of predictors and SOF into two different stages, which can avoid mixing up the 

impacts of predictors for SOF with the impacts on predictors from SOF. For example, 

previous studies [189][190] indicated that the adoption of technologies would lead to 

subsequent effects on the number of employees. The major arguments were that IT 

adoption improves work efficiencies and replaces labour-intensive routine work. 

Two traditional predictors, number of employees and operating expenditure, are 

reviewed. According to previous studies [14][187][188], these two predictors 

influence crime mapping adoption. We hypothesise that these two predictors 

positively correlate with SOF. We explain these hypotheses in Sections 6.3.2 and 

6.3.3. 

6.3.2   Number of employees (NOE) 

We use number of employees as a size measure to describe a police agency’s size (i.e. 

large or small). In general, a larger organisation has more manpower to facilitate IT 

adoption. Larger organisations are better positioned to acquire new information based 

on their larger, more diverse network. As a result, the more individuals employed at 

a firm, the more opportunities to discover new technology [191]. Related findings in 

policing technology studies [187][188] indicated that the number of employees 

positively influence computerised crime mapping adoption. Mamalian et al. [187], at 

the National Institute of Justice’s Crime Mapping Research Center [192], found that 

large departments with 100 or more sworn officers were more than ten times more 

likely to use computerised crime mapping than small departments (36% vs. 3%). 

Chamard [188] also found that those agencies with 100 or more sworn personnel were 
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approximately six times more likely to use computerised crime mapping when 

compared to smaller departments with fewer than 10 sworn personnel and more than 

twice as likely to adopt it when compared to agencies with 50-99 sworn personnel. 

Based on the previous findings in computerised crime mapping adoption we 

hypothesise: 

 

· H1. The score of functionality (SOF) is positively correlated with the number 

of employees (NOE). 

 

The number of employees (NOE) refers to the total number of employees for each 

police agency in the year 2000. 

6.3.3   Operational expenditure (OE) 

Operational expenditure is an important factor to stimulate organisations to adopt 

more sophisticated information technologies. This is because an IT adoption incurs 

costs; more sophisticated technology incurs more cost. We use operational 

expenditure to measure an organisation’s financial strength. 

Chamard [188] discussed how police chiefs expressed interest in adopting 

computerised crime mapping, but were unable to finance it. We argue that if a police 

agency has greater financial strength, it will be easier for it to adopt a more 

sophisticated service. Kaylor et al. [193] suggested that information technology is an 
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investment, and governments with larger budgets or resources can introduce better, 

more sophisticated e-government processes. Moreover, some researchers argue that 

large organisations are able to bear the losses and risks that may arise from 

unsuccessful innovations [194][195]. This supports the argument that an organisation 

with more resources can take on greater risks to adopt more advanced technology 

functions. In sum, we hypothesise: 

 

· H2. The score of functionality (SOF) is positively correlated with operational 

expenditure (OE). 

 

Operational expenditure was measured by the reported operational expenditure per 

police agency in the year 2000. The operational expenditure figures exclude any 

spending on fixed assets. Thus the figure eliminates the ad hoc fluctuation caused by 

fixed asset projects.  

When we designed hypothesis 2 using operational expenditure as a measure, we 

also considered the issue that currency translations and purchasing power levels vary 

across countries. To tackle this issue, we used the Penn World Table [196][ 197] to 

convert all currencies to U.S. dollars at year 2000 purchasing power levels. The table 

is managed and updated by the Center for International Comparisons at the University 

of Pennsylvania (CICUP) (http://pwt.econ.upenn.edu/cic_main.html). 
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6.4 Experiment phase one: research method 

Experiment phase one aimed to provide an initial evaluation for this study and test 

whether the extent of web-based crime mapping adoption can be explained by the 

same predictors discussed in previous studies on computerised crime mapping. 

Section 6.3 has explained that the number of employees and operating expenditure 

are two traditional predictors that might correlate with web-based crime mapping. In 

order to explain experiment phase one’s method, Section 6.4 is organised as follows. 

Section 6.4.1 explains the sample collection process. Section 6.4.2 explains the 

concepts of the SOF. In this research, we use the SOF to measure the dependent 

variable (i.e. the extent of web-based crime mapping adoption). Section 6.4.3 

discusses the independent variables. 

6.4.1   Sample description for experiment phase one 

We selected in total 100 official police websites from the list of the world’s top 100 

highest GDP metropolitan regions of the year 2005 [183]. For any metropolitan 

region consisting of more than one city, we selected the police website from the city 

with most population in the metropolitan region. We then visited these 100 official 

police websites and investigated whether web-based crime mapping was found on 

their websites. This study was conducted from May 2010 to August 2011. For 

websites supporting web-based crime mapping, we recorded and classified their web-

based crime mapping functions used. 
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In total, we found that 52 cities’ police agencies (Figure 6.1) in five different 

countries adopted web-based crime mapping on their official websites. For simplicity, 

we use the term “identified website” to represent a website adopting web-based crime 

mapping in the rest of the chapter. Most identified websites in Figure 6.1 were found 

in the United States (in total 50 US cities are listed in the top 100 table, of which 42 

cities’ police agencies (84%) adopted web-based crime mapping), with the remaining 

identified websites found in Canada (in total five Canadian cities are listed in the top 

100 table and four cities’ police agencies (80%) adopted web-based crime mapping), 

Japan (there are four cities listed in the top 100 table, all of them having adopted web-

based crime mapping), the United Kingdom (the police agency adopted web-based 

crime mapping in London – the only UK city listed in the top 100 table) and the 

Netherlands (in total three Netherlands cities are listed in the top 100 table and only 

the Utrecht police agency adopted web-based crime mapping). Most of the identified 

websites supported interactive interfaces and allowed users to create crime maps per 

predefined criteria. A few identified websites did not support interactive criteria-

setting, but because the identified websites were able to provide static maps to show 

spatial crime patterns and were publicly accessible, we included them in the current 

study. 

For each police agency of these 52 identified websites, we collected the figures for 

their total number of law-enforcement employees and total operating budget in the 

year 2000. However, we could not obtain all the above information for Nagoya 

(Japan), Shizuoka-Hamamatsu (Japan), Fukuoka-Kitakyushu (Japan) and Utrecht 



147 
 

(the Netherlands), so we excluded these four identified websites in our hypothesis 

tests. Therefore, only 48 identified websites were included in our sample for 

experiment phase one. 

 

Figure 6.1 Distribution of the 52 police agencies adopting web-based crime mapping across 

five different countries 

6.4.2   Score of functionality (SOF) 

After reviewing the 48 identified websites, we summarised nine types of web-based 

crime mapping functions adopted on the identified websites. Based on these nine 

types of web-based crime mapping functions, we developed a summary list to 

evaluate the score of functionality. Table 6.1 illustrates the summary list and briefly 

explains these functions. All the functions were measured on a simple yes/no basis, 

encoded as 1 and 0, respectively. The sum of the encoded functions was used to 

measure the score of functionality of the identified websites.  
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Functions Descriptions: Frequency of 

use on the 

identified 

websites 

Pin mapping Using uniform symbols, such as bubbles, 

icons or different shapes to represent 

crime locations on a map  

42 

Buffer mapping Creating a spatial buffer zone around an 

area of interest 

21 

Density mapping  Using density maps to represent crime 

distribution patterns on a map  

7 

Hotspot mapping Using spatial clustering methods to 

identify areas with high concentrations 

of crime 

1 

Pattern animation Displaying crime pattern changes over 

time 

1 

Orthophotography Integrating aerial photographs as 

detailed backdrops for map projections 

30 

Search by locations Creating crime maps per predefined 

locations 

43 

Search by crime 

type 

Creating crime maps per predefined 

crime types 

44 

Search by time 

range 

Creating crime maps per predefined time 

ranges 

44 

 

Table 6.1 Summary of the nine crime mapping functions used on the identified websites 
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6.4.3   Description of independent variables for experiment phase 

one 

The purpose of experiment phase one was to test whether the SOF achieved by a 

police agency is related to the two traditional predictors. We used two independent 

variables to measure these two traditional predictors. The independent variables were 

measured as follows: 

· Number of employees (NOE) was measured by using the total number of law-

enforcement employees per police agency in the year 2000. 

· Operating expenditure (OE) was measured by using the total amount of 

operating expenditure per police agency in the year 2000. The operating 

expenditure amount was converted to USD in the year 2000 purchasing 

power. 

The data for independent variables were obtained from the official websites of the 

police agencies and local governments. Number of employees (NOE) and operating 

expenditure (OE) were included to measure hypothesis 1 (H1) and hypothesis 2 (H2) 

respectively. 
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6.5 Experiment phase one: results and discussions 

We discuss experiment phase one results in this section. Section 6.5.1 describes and 

compares the general findings from the sample. Section 6.5.2 reports the statistical 

tests. Section 6.5.3 summarises the findings. 

6.5.1   Overview of the findings from the sample 

This section aims to describe and compare the general findings from the sample (i.e. 

the 48 identified websites). The nine functions adopted on the identified websites are: 

pin mapping, buffer mapping, density mapping, hotspot mapping, pattern animation, 

orthophotography, selection by locations, selection by crime types and selection by 

time ranges. These functions are explained as follows. 

Pin mapping: This is also known as single-symbol mapping, and refers to the use 

of uniform symbols to represent different types of crimes and their locations on a 

map. [4] listed several uniform symbols commonly used in practice, such as bubbles, 

icons, tags or different shapes. In our study, we found that 42 out of 48 identified 

websites (88%) used pin mapping. Figure 6.2 illustrates an example of pin mapping 

on identified websites. Some identified websites, such as the San Francisco police 

department (Figure 6.3) use an external web-based crime mapping service provider - 

CrimeMapping service. It is worth mentioning that the service not only allows the 

user to switch between different crime symbols on a map; moreover, if a location 

point includes more than one crime, a number will be displayed automatically to 

represent the total crime count at the location point. We consider this a form of pin 
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mapping presentation method that overcomes one of the drawbacks of pin mapping. 

An alternative method to provide similar crime count information is by using a 

graduated size map. An example of a graduated size map is in Figure 6.7 and will be 

discussed in a later section. 

Buffer mapping: Using this function, users can create a spatial buffer zone around 

an area of interest. In our sample, buffer mapping was commonly found as a 

supplementary tool to support pin mapping. Figure 6.4 illustrates an example of buffer 

mapping. We found a total of 21 identified websites that support buffers, and all the 

identified websites which support buffer mapping also support pin mapping. 

Density mapping: We found that only seven out of 48 identified websites (15%) 

used density mapping to present crime distribution. In this approach, density maps 

are shaded according to the concentration of incidents in particular areas. Figure 6.5 

illustrates an example of a density map used in the Vancouver police department, 

Canada. Boba [4] also suggested two sub-types of density mappings – graduated 

colour map and graduated size map. That is, maps in which different sizes or colours 

of features represent particular values of variables. Figures 6.6 and 6.7 show examples 

of a graduated colour map and graduated size map respectively. 

With regard to the low adoption rate of density mapping, Wartell & McEwen [198] 

discussed data misinterpretation as a potential problem of density mapping and the 

problem may cause a low adoption rate. Data misinterpretation refers to incorrectly 

understanding map data and their implications. It can occur if maps are too complex 
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or lead to assumptions based on a lack of understanding of statistics or crime data. 

For example, on a graduated size map, scale matters because a smaller scale may 

make crime look worse than it is. When using graduated colour mapping, a map may 

suggest that the entire area has a crime problem when in fact all the crimes are 

concentrated in one or two blocks within that area. From a density map, users may 

not be able to fully understand the complicated statistics assumptions behind the map 

which may cause misinterpretation problems.   

Despite these misinterpretation problems, density mapping has advantages in 

protecting victims’ privacy. In sum, when and how to use density mapping for map 

representation is worth further study. 

Hotspot mapping:  Hotspot mapping is the spatial representation of areas with high 

concentrations of crime. The Phoenix police agency is the only agency that allows 

public users to generate crime hotspot maps in PDF format.  

Pattern animation: Changes in crime patterns over time can be explored by using 

pattern animation. For example, the Tokyo police agency allows users to view 

animated snatch theft patterns over time by the hour. 

Orthophotography: Orthophotography combines the image characteristics of an 

aerial photograph with the geometric qualities of a map. This is a basic GIS function 

that any online map using Google or Bing maps as a platform can show. However, 

we found not all but only 30 identified websites (63%) supporting this function. 
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Search by location: This function allows users to search an area of interest. We 

found that 43 identified websites supported this function. Some identified websites 

allowed users to enter a specific location address, while some identified websites 

allowed users to select a jurisdiction (or a district) from a predefined list. 

Search by crime type: We found that 44 out of the 48 identified websites (92%) 

allowed users to select specified crime types for creating crime maps. 

Search by time range: This function supports users to create a crime map within a 

specified time range. We found that 44 out of the 48 identified websites (92%) 

allowed users to select specified time ranges.  

 

 

Figure 6.2 Example of using different bubbles to represent different crime types and crime 

locations by the Edmonton police service (Canada) 
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Figure 6.3 Example of an identified website (extracted from the San Francisco police 

department (U.S.)) allowing users to switch between different crime symbols.  
Upper picture: the identified website uses smaller coloured tags to represent different crime 

types. 
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Figure 6.4 Example of an identified website (extracted from the Chicago police department 

(U.S.)) supporting buffer mapping.  

The red circle indicates the crimes occurring within a pre-defined distance around a selected 

location. 

 

 

Figure 6.5 Example of using a density map to represent spatial crime distribution by the 

Vancouver police department (Canada) 
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Figure 6.6 Example of using a graduated colour map to represent spatial crime distribution 

by the London police agency (U.K.) 

 

 

Figure 6.7 Example of using a graduated size map to represent spatial crime distribution by 

the Charlotte police department (U.S.) 

 

6.5.2   Statistical tests and results of experiment phase one 

The descriptive statistics for the sample are shown in Table 6.2. The SOF has been 

awarded to each identified website. It can be observed that the highest total score 

achieved in the survey was 7 and the lowest score was 3. 

Two statistics tests were conducted separately to test the correlations between SOF 

and each hypothesised predictor. We did not include both predictors in the same 
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regression model because the two predictors would be highly correlated with each 

other.  

The results in Table 6.3 illustrate only very weak correlations between predictors 

and the extent of crime mapping adoption. These results indicate that the findings in 

previous crime mapping studies could not be applied in web-based crime mapping, at 

least in our experiment phase one.  

 

 NOE OE SOF 

Mean 4,181.51 319,274,865.59 5.85 

Median 1,992.00 128,882,015.5 6.00 

Standard Deviation 7,099.97 655,824,355.84 1.09 

Minimum 567.00 39,000,000.00 3.00 

Maximum 42,197.00 3,801,252,541.62 7.00 

Observations 48.00 48.00 48.00 

 

Table 6.2 Descriptive statistics for dependent and independent variables for experiment 

phase one 
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Pearson’s r NOE OE 

SOF 0.02 (0.00) 

 

r2 NOE OE 

SOF 0.00 0.00 

 

Table 6.3 Pearson correlations and r2 between independent variables and scores for 

experiment phase one 

 

 

6.5.3   Results discussion for experiment phase one 

 

In hypotheses 1 and 2, we reviewed two independent variables. These variables were 

hypothesised according to the previous computerised crime mapping adoption studies. 

Statistical tests were conducted for a sample including 48 identified websites in order 

to evaluate the correlations between these independent variables and the extent of 

web-based crime mapping adoption. However, only very weak correlations were 

found from the tests. This indicates that correlations between the extent of web-based 

crime mapping adoption and the traditional predictors do not exist.  

We suggest two reasons for the weak correlations. The first reason is because the 

traditional predictors did not take quality issues into consideration. For example, the 

number of employees could tell how many employees work for a police agency, but 
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it could not tell how many training hours are given to each employee annually. In 

Section 6.6 we suggested two predictors related to the quality of resources: range of 

computerised information used and recruit training hours. The second reason for weak 

correlations is because some police agencies in the sample outsourced their web-

based crime mapping services to commercial service providers. We will explain why 

outsourcing is an issue in experiment phase two in Section 6.7. 

 

6.6 Experiment phase two: predictors review 

 

Experiment phase two introduced two predictors related to the quality of resources. 

Skogan [199] indicated that predictors related to the quality of resources positively 

correlate with policing IT adoption. For example, agencies with a higher percentage 

of officers with a college degree are more likely to use the Chicago Police 

Department’s centralised data warehouse. 

The focus of traditional predictors discussed in experiment phase one was more 

resources quantity input. For example, how much manpower is used or how much 

budget is consumed. However, the traditional predictors fail to take the quality issues 

into consideration. 

In contrast to the traditional predictors used in experiment phase one, predictors 

related to the quality of resources do not simply aggregate the number of resources, 

such as number of employees or budget expenditure, but measure the quality of 



160 
 

resources. Two predictors related to the quality of resources, range of computerised 

information used and recruit training hours were used in experiment phase two. The 

range of computerised information used measures the levels of information coverage 

in a police agency and the recruit training hours measures the level of training needs 

for each newly recruited officer per police agency in terms of hours. These two 

predictors, range of computerised information used and recruit training hours, are 

discussed in Sections 6.6.1 and 6.6.2 respectively. 

 

6.6.1 Range of computerised information used 

 

Police agencies manage a vast amount of information daily. Assessing how much 

information is processed by computerised information systems in a police agency can 

provide an understanding of the level of computerisation in the police agency. Given 

that a police agency has higher levels of computerisation, a police agency probably 

has a more aggressive IT adoption culture. Moreover, if a police agency has more 

computerised information, the police agency would more easily adopt more advanced 

web-based crime mapping services. For example, if a police agency has already 

recorded crime information in a computerised system, the police agency can more 

easily convert the computerised information into other computerised formats (such as 

computerised crime maps) than other police agencies that record crime information 

in a non-computerised system. As a result, we suggest that if a police agency uses a 

wider range of computerised information (i.e. has more types of computerised 
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information used), the agency would tend to have a higher score of functionality 

(SOF). We hypothesise: 

 

· H3. The score of functionality (SOF) is positively correlated with the range of 

computerised information used (CI). 

 

The data, range of computerised information used (CI), are obtainable only for U.S. 

police agencies. As a result, we excluded non-U.S. police agencies from our new 

sample. We used data primarily obtained from 2000 Law Enforcement Management 

and Administrative Statistics (LEMAS). Statistical data in LEMAS are the types of 

computerised information used per police agency; these statistical data summarise the 

types of computerised information used in each police agency. In total, five types of 

computerised information were checked in the statistics: calls for service, crime 

analysis files, criminal history records, driving records and motor vehicle records. 

We converted the types of computerised information used to a score ranging from 

0 to 5. Firstly, if a police agency has used a type of computerised information, they 

were coded as “1”. These scores were then summed up to create a CI score for each 

police agency.  

 

 

 



162 
 

6.6.2   Recruit training hours 

 

Recruit training refers to a set of programmes specifically designed for policing 

professionals: individuals interested in policing careers must fulfil a minimum 

amount of recruit training hours. However, the recruit training hours requirement 

varies across police agencies according to the agency’s requirements. As no standard 

recruit training hours exist across local police agencies, we suggest that recruit 

training hours indicates not only how much training a police officer has received, but 

also how much effort a police agency is willing to put into enhancing their policing 

service quality. We suggest that if a police agency is willing to provide better services 

to the public by giving more training to staff, the police agency is more likely to use 

a wider extent of web-based crime mapping systems. This is because web-based 

crime mapping is a value-added tool to provide a service to the public and there is no 

standard guideline on how many functions should be provided to the public. As the 

situation is quite similar to recruit training, a police agency needs to provide training 

of new police officers, but there is no standard guideline on how many hours are 

required. We hypothesised a positive relationship between recruit training hours and 

the extent of web-based crime mapping adoption. 

 

· H4. The score of functionality (SOF) is positively correlated with recruit 

training hours (TH). 
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The same as for the range of computerised information used (CI) in hypothesis 3, 

we obtained the recruit training hours per police agency from the 2000 Law 

Enforcement Management and Administrative Statistics (LEMAS). 

6.7 Experiment Phase Two: Research Method 

The method of experiment phase two, such as sampling and dependent and 

independent variables used, is discussed as follows. The next sub-section reviews the 

sample used in experiment phase two. The section ‘Range of functionality’ explained 

the concepts of the ROF: the ROF is used for measuring the dependent variable (that 

is, the extent of web-based crime mapping adoption). The following sub-section 

explains how to include the traditional predictors (discussed in the section ‘Review 

of traditional predictors’) and the predictors related to the quality of resources 

(discussed in the section ‘Experiment phase two: Predictors review’) as independent 

variables for analysing the correlation between predictors and the extent of web-based 

crime mapping adoption. 

6.7.1   Sample description for experiment phase two 

Using the 48 identified websites explained in Section 6.4.1 as a base we excluded two 

categories of identified websites in experiment phase two. The first category was the 

identified websites using external service providers to support web-based crime 

mapping. The second category was non-U.S. identified websites. The reasons for 

excluding these two types of identified websites are explained in Sections 6.7.2 and 
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6.7.3, respectively. After excluding these two categories of identified websites, we 

obtained a modified sample with 25 identified websites. 

6.7.2   Excluding the identified websites using external service 

providers to support web-based crime mapping 

In experiment phase one, we observed a low variation (ranging from 6 to 7) of the 

SOF across the identified websites using external service providers to support web-

based crime mapping. We found that the major reason for this low variation is related 

to two external web-based crime mapping service providers which provide standard 

services to police agencies. The meaning of standard services is a set of fixed and 

predefined web-based crime mapping functions. In fact we found that there are only 

two scores from two external services providers (crimereports.com: SOF = 6 and 

crimemapping.com: SOF = 7). This low variation strongly implies that the extent of 

web-based crime mapping adoption of these standard services is unlikely to be 

correlated to police agency predictors and including these standard services in 

correlation tests would cause unrealistic results. Therefore, in experiment phase two, 

we excluded the identified websites of external web-based crime mapping service 

providers from our sample and described the remaining identified websites as 

identified websites (non-outsourcing). 

6.7.3   Excluding the non-U.S. identified websites 

We also excluded the non-U.S. identified websites in experiment phase two. This is 

because the figures for the two predictors related to the quality of resources — range 

of computerised information used (CI) and recruit training hours (TH) — are 



165 
 

obtainable only for U.S. police agencies. As a result, we excluded the non-U.S. police 

agencies from our sample in experiment phase two. 

6.7.4   Description of independent variables for experiment phase 

two 

Experiment phase two suggests that the extent of web-based crime mapping adoption 

is correlated with three independent variables: number of employees (NOE), range of 

computerised information used (CI) and recruit training hours (TH). The independent 

variables were measured as follows: 

· Number of employees (NOE) was measured by the total number of law-

enforcement employees divided by the population of the city in the year 2000. 

· Range of computerised information used (CI) was measured by using the total 

types of computerised information used per police agency in the year 2000. 

· Recruit training hours (TH) was measured by using the recruit training hours 

per police officer and per police agency in the year 2000. 

The data for independent variables were obtained from the 2000 Law Enforcement 

Management and Administrative Statistics (LEMAS). Number of employees (NOE), 

range of computerised information used (CI) and recruit training hours (TH) were 

included in hypothesis 1 (H1), hypothesis 3 (H3) and hypothesis 4 (H4) respectively. 

The reasons for excluding hypothesis 2 (H2) in the new research model are discussed 

as follows. 
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For the two traditional predictors reviewed in hypotheses 1 and 2, we included only 

the number of employees (H1) in experiment phase two. The major reason for 

excluding the predictor of operating expenditure was related to multicollinearity 

concerns. We had this concern because both predictors, number of employees (NOE) 

and operating expenditure (OE), are highly correlated. This high correlation could 

enhance the overall correlation result and lead to a biased conclusion. In order to 

avoid multicollinearity, we could not include both NOE and OE in the same 

regression model. Finally we decided to exclude operating expenditure. This is 

because we considered that the recruit training hours (TH) would be used in the new 

model but recruit training hours would have some inter-correlations with operating 

expenditure. The argument is that increasing the training hours would unavoidably 

increase operating expenditure. If operating expenditure were to be included in the 

new regression model, the overall correlation would be at risk of being unfairly 

enhanced by multicollinearity. 

 

6.8 Experiment phase two: results and discussions 

We report experiment phase two results in this section. Sections 6.8.1 to 6.8.3 discuss 

the statistical tests which will provide support for, or rejection of, the proposed 

hypotheses. Section 6.8.4 summarises the findings.  
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6.8.1   Descriptive statistics of experiment phase two 

 

The descriptive statistics for the sample (non-outsourcing) are shown in Table 6.4. 

The SOF was awarded to each identified website (non-outsourcing). It shows the 

highest total score achieved in the survey was 7 and the lowest score was 4. This 

difference (from 4 to 7) indicates that there is a high variation of SOF across the 

sample identified-websites (non-outsourcing).  

 

6.8.2 Univariate statistics of experiment phase two 

 

Table 6.5 shows the results of univariate statistics analysis. The SOF has a significant 

positive correlation with recruit training hours (TH) (r=0.38, p=.1). This indicates 

support for a positive relationship between the SOF and recruit training hours (H4). 

In addition, the number of employees (NOE) and the range of computerised 

information used (CI) also show positive correlations with the SOF. These findings 

are in line with hypotheses 1 and 3. 

 NOE CI TH SOF 

Mean 3,124.56 2.96 1,443.68 5.72 

Median 1,984.00 3.00 1,400.00 6.00 

Standard Deviation 3,338.58 1.17 280.35 1.06 

Minimum 567.00 0.00 854.00 4.00 

Maximum 16,466.00 5.00 2,146.00 7.00 

Observations 25.00 25.00 25.00 25.00 

Table 6.4 Descriptive statistics for dependent and independent variables for experiment 

phase two 
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Pearson’s r NOE CI TH SOF 

NOE 1.00    

CI 0.02 1.00   

TH (0.04) (0.24) 1.00  

SOF 0.31 0.09 0.38* 1.00 

 

r2 NOE CI TH SOF 

NOE 1.00    

CI 0.00 1.00   

TH 0.00 0.06 1.00  

SOF 0.10 0.01 0.15 1.00 

 

Notes: 

* Significant at the 10% level (p<.1, two-tailed). 

**Significant at the 5% level (p<.05, two-tailed).  

*** Significant at the 1% level (p<.01, two-tailed) 

Table 6.5 Pearson correlation and r2 between independent variables and scores for 

experiment phase two 

 

6.8.3 Multivariate analysis of experiment phase two 

 

The results of former univariate analysis suggested the potential for at least some of 

the hypotheses to be supported. However, univariate regression uses a single 

predictor, which is often not sufficient to model a property precisely. As a result, a 

multivariate linear regression analysis was also carried out. This is because 

multivariate regression takes into account several predictive variables 

simultaneously, thus modelling the property of interest with more accuracy.  
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The regression model used is as follows. 

Y = β0 + X1B1 + X2B2+ X3B3     (6.1) 

 

where Y = the SOF; X1= the total number of law-enforcement employees (NOE); 

X2= the range of computerised information used (CI); X3= the recruit training hours 

(TH).  

Table 6.6 shows the results of the regression analysis. 

Hypothesis 1 (H1) stated that the number of employees (NOE) would have positive 

effects on the SOF. The expectation for hypothesis 1 is supported (p<.1) in our 

regression model.  

 

 

Regression Statistics     

Multiple R 0.543     

R Square 0.295     

Adjusted R Square 0.195     

Standard Error 0.953     

Observations 25     

ANOVA      

 Df SS MS F Significance F 
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Regression 3.00 7.99 2.66 2.93* 0.06 

Residual 21.00 19.05 0.91   

Total 24.00 27.04    

      

 Coefficients 
Standard 

Error 
t Stat P-value  

Intercept 2.40* 1.29 1.86 0.08  

NOE 0.00* 0.00 1.83 0.08  

CI 0.18 0.17 1.08 0.29  

TH 0.00** 0.00 2.37 0.03  

Notes:  * Significant at the 10% level (p<.1, two-tailed),  

** Significant at the 5% level (p<.05, two-tailed),  

*** Significant at the 1% level (p<.01, two-tailed) 

Table 6.6 Results of the regression analysis for experiment phase two 

 

Hypothesis 3 (H3) suggested that the range of computerised information used (CI) 

is positively correlated with the SOF. According to the result, the sign of calculated 

correlation is in line with our expectation in H3. 

The hypothesised effect of the recruit training hours (TH) (H4) is supported (P<.05). 

This hypothesis suggested that the TH is positively correlated with the SOF. 

In sum, we conclude the major findings of the statistical tests as follows. First all 

the signs of calculated correlations are in line with the expected hypotheses (i.e. H1, 

H3 and H4). The largest correlation (r =.38, r2=.15) was between the SOF and TH, 
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affirming that the recruit training hours is positively correlated (p <.1) with the extent 

of web-based crime mapping adoption. In addition, the statistical significance (p <.1) 

of the regression model (1) was met. 

 

6.8.4 Regression diagnostics 

 

Regression diagnostics were applied to test the regression model (1). Two basic 

assumptions of a multiple regression were tested: multicollinearity and 

heteroscedasticity. 

- Multicollinearity 

Multicollinearity in regression occurs when independent variables in the regression 

model are more highly correlated with other variables than with the dependent 

variable. Multicollinearity may result in wrong signs and magnitudes of regression 

coefficient estimates, and consequently in incorrect conclusions about relationships 

between independent and dependent variables.  

Table 6.5 shows that all correlations among the independent variables are relatively 

low. In order to further assess the potential for multicollinearity, we used the variance 

inflation factor (VIF) as a measure to detect multicollinearity. Table 6.7 shows that 

all the variance inflation factors among the independent variables are below 10. Neter 

[200] discussed the concepts of VIF and suggested that a VIF below 10 is acceptable. 
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Therefore, based on the calculated VIFs, we conclude that the multicollinearity 

problem does not exist. 

- Heteroscedasticity 

Given a linear regression model:  

Y = β0 + Xiβ1 + ei    (6.2) 

where Y is the dependent variable, Xi is the ith observation on the independent 

variable, β0 and β1 are unknown parameters and ei is the error term. 

 

One of the key assumptions of the linear regression model is that the variance of 

the error terms (ei) and of the dependent variable is constant across all of the 

observations. Heteroscedasticity indicates that the error terms (ei) do not have 

constant variance. 

The Breusch-Pagan test [201] is the general approach to detect heteroscedasticity. 

Simply the Breusch-Pagan test hypothesises that a linear regression model possesses 

heteroscedasticity problems. In other words, the null hypothesis of the Breusch-Pagan 

test is that the linear regression model does not possess heteroscedasticity problems. 

We conducted the Breusch-Pagan test and obtained a p-value of 0.39, so that we 

could not reject the null hypothesis. This means that our regression model does not 

possess heteroscedasticity problems. 
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 VIF 

NOE 1.003 

CI 1.060 

TH 1.061 

Table 6.7 Variance inflation factors among the independent variables for experiment phase 

two 

 

6.9 Conclusion 

This chapter reviewed the official websites of the police agencies in the world’s top 

100 highest GDP cities, among which we found that 52 agencies had adopted web-

based crime mapping on their official websites.  

One limitation in this study is that the content of websites may vary from time to 

time. We believe, however, that the current study provides insights into the state of 

the art concerning the most commonly used functions which are provided in web-

based crime mapping practice. Another limitation is that a crime mapping service 

may not be provided on the official website of local police agencies. However, we 

argue that the crime information used in crime mapping should be normally provided 

by police agencies, and as a result, the chance of a police agency using a platform 

other than its own official website to provide a crime mapping service is not high. 

Web-based crime mapping facilitates new platforms of communication between 

police agencies and the public. We believe that this is the first time that a study like 
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this has been conducted to review and discuss the trends and predictors of web-based 

crime mapping adoption. With this study, we have shed some light on the direction 

of web-based crime mapping studies. In sum, this study has two implications. 

Firstly, in Section 6.5, we summarised that there were nine major types of web-

based crime mapping functions. Jesus [186] suggested that there are two approaches 

by which crimes can be mapped. One is human-driven, where a user interactively 

explores the features of crimes via different dimensions, such as type of crime by time 

of day or day of the week. This approach intends to provide basic information on the 

map to users, for example, a crime map that shows the time and place of a recorded 

burglary. The second is the machine-driven approach, where criminal data are 

autonomously clustered using a data mining tool, such as a SOM neural network. This 

type of map is driven by the criminal data themselves and can be used to predict crime 

patterns. Although the machine-driven approach has been the major developing trend 

of crime mapping in recent years, we found that all the nine types of web-based crime 

mapping functions are human-driven. This reflects that police agencies are willing to 

provide only basic levels of crime mapping information to the public, but not 

advanced crime mapping information, such as analysed predicted crime trends. Based 

on this finding, possible future studies of web-based crime mapping could investigate 

the public needs of advanced crime mapping information and if the needs exist, then, 

to what extent, the needs should be coped with. In sum, we found that the data type 

of most of WBCMs is organised based on location-based approaches instead of 
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object-based approaches. This means that most WBCMs show crime events 

distribution, but not the trajectories of moving objects. 

Secondly, hypotheses related to the correlations between predictors and the extent 

of web-based crime mapping adoption were proposed and tested, and the results from 

Sections 6.8.2 to 6.8.3 support the expectation that the extent of web-based crime 

mapping adoption by police agencies is subject to certain systematic influences, rather 

than being haphazard practices. We further constructed a multiple regression. The 

essential assumptions and statistical properties of regression are tested in Section 

6.8.4. Based on the tests, we can confirm that the goodness of fit and the statistical 

significance (p <0.1) of the model were met. In sum, we found that three predictors: 

number of employees, range of computerised information used and recruit training 

hours, are positively correlated with the extent of web-based crime mapping adoption, 

of which recruit training hours is the most influential predictor. Recall that we 

suggested that recruit training hours indicates not only how much training that a 

police officer has received, but also how much effort that a police agency is willing 

to make to enhance their policing service quality. This finding might indicate that if 

a police agency adopts a wider extent of web-based crime mapping, it might be able 

to use more different crime analysis approaches (because they have more training). 

Therefore, a scalable system is necessary for integrating different crime analysis 

approaches.   
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Chapter 7  

An application of the Dynamic Relation model (DR 

model) for evaluating the effects of web-based crime 

maps 

7.1 Introduction  

This chapter proposes and investigates the use of module 4, Dynamic Relation model, 

abbreviated as DR model, of the DPA system. 

Dynamic relation analysis refers to analysing the interaction between spatial-

temporal patterns and related cooperative intervention. Intervention could be any kind 

of force, influence, policy or tool with a specific purpose, such as crime prevention, 

traffic control, disease control or marketing. This thesis focuses on its application in 

analysing the interaction between spatial-temporal crime patterns and Web-Based 

Crime Maps. 

As explained in Chapter 1, Web-Based Crime Mapping (WBCM) is a 

cooperative policing intervention that intends to reduce crime by enhancing public 

awareness. WBCM is a web-based solution that visualises crime information on a 

digital map and is accessible by the public. The concept behind WBCM is that crime 

prevention is not exclusively within police departments. Communities may also 

become involved in this activity. 
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The challenges of analysing the interaction between spatial-temporal crime 

patterns and WBCM have been discussed in Section 1.2. In the rest of this chapter, 

Section 7.2 reviews the key concepts and explains the design of the DR model. 

Section 7.3 discusses a case study using the DR model. Section 7.4 concludes this 

chapter. 

7.2 Introduction of the DR model 

Section 7.2.1 reviews the key concepts of the DR model. Section 7.2.2 explains the 

design of the DR model. 

7.2.1 Key concepts of the DR model 

The key concepts of the DR model are explained as follows.  

A map is a kind of information, which may affect user behaviour. Moreover, 

user behaviour link to spatial pattern changes. For example, a real-time traffic map is 

accessible by the public as per Figure 7.1, the map shows that the traffic on North 

Bridge is busy while that on South Bridge is normal. This map information may lead 

to different possible spatial pattern changes – even if not every driver reads the map 

before they make their decisions. Some possible spatial pattern changes include but 

are not limited to: 
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- The traffic on North Bridge decreases and South Bridge increases: 

This would happen when more drivers in the West Island respond to the map 

information directly and change their decisions to use South Bridge to go to 

East Island instead of North Bridge.  

- The traffic on North Bridge increases and South Bridge decreases: 

- This would happen when more drivers in the West Island believe that other 

drivers would act on the map information to shift to the South Bridge; then 

the result would be a traffic jam on South Bridge; as a consequence they 

select North Bridge, resulting in even worse traffic on North Bridge. 

In practice, although it is impossible to ascertain the cause-and-effect 

relationship between the map information and spatial pattern changes, the findings of 

the patterns are still useful. For example, the traffic controller could make use of the 

findings to predict the possible traffic conditions and then decide corresponding 

arrangements, such as including warning signals on the map to avoid traffic jams. In 

this chapter, we focus on the application of dynamic relation analysis for WBCM’s 

information. 
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Figure 7.1  Real-time traffic map example. 

 

7.2.2   The design of the DR model 

This section explains the design of the DR model. Section 7.2.2.1 introduces the basic 

concepts, terminology and notations used in the DR model. Section 7.2.2.2 explains 

the key procedures in the DR model. 

Busy 

Normal 

Normal 

 Traffic condition 

Traffic direction 

Legend: 
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7.2.2.1 Basic concepts, terminologies and notations 

Let M be a publicly-accessible web-based crime map (WBCM) (or the crime map in 

short). In this chapter, analyst refers to anyone who uses the DR model while user 

refers to anyone from the general public who accesses the WBCM.  

Figure 7.2 illustrates the temporal concepts used in the DR model. Given that 

t before is a specific time window defined by analysts, Mt before is the crime map 

containing crime information related to a specified time window t before. For 

example, MMarch 2013 refers to a crime map that shows crime information of March 

2013. t after is another specific time window after t before, also defined by analysts, 

for example, May 2013 (t after = May 2013). In the DR model, the crime measures 

in t before would be compared with the crime measures in t after; thus the length of 

time for these two time windows should be the same or similar in order to obtain a 

fair comparison result.  In practice, an analyst may wish to conduct dynamic relation 

analysis related to a crime map so that the map is periodically updated (e.g. monthly) 

over a specific time period (e.g. year 2013). In this situation, multiple pairs of t before 

and t after (e.g. Jan and Feb) could be defined according to the analysis setting.  
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Figure 7.2 Temporal concepts used in the DR model 

Each Mt before consists of two data levels: a geographic base map and a crime 

data overlay. The purpose of the geographic base map is to provide location 

information to which crime data overlay can be related. In the DR model, the data at 

the crime data overlay level are reorganised into analysis level. Figure 7.3 illustrates 

the relationship between these three levels.  

 

Figure 7.3 Three-level map example 

At analysis level, Mt before is divided into different non-overlapped areas, denoted as n 

numbers of spatial units S={S1,, S2,…, Sn}. The location and extent of spatial units are 

Geographic base map 

Crime data overlay 

Analysis level 

Public users view level 
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defined by analysts according to their analysis approach. However, when defining 

spatial units, we suggest three key concerns as follows:  

Concern 1: Reporting format of the web-based crime map 

Analysts should define spatial units based on the reporting format required. 

For example, some web-based crime map reports (such as London’s crime map as 

shown in Figure 7.4) contain a set of pre-defined areas and these areas are separated 

by clear boundaries. The crime status is reported for each pre-defined area, which 

means that each pre-defined area represents a distinct information unit, so each spatial 

unit, Sn, should not overlap more than one pre-defined area. 

 

Figure 7.4 Example of London’s crime map 
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Concern 2: Size of the spatial unit 

Each spatial unit should not be too large or else it may not be able to reflect 

the spatial movements within a spatial unit correlated with web-based crime map 

information. Recall the real-time traffic map’s example discussed in the previous 

section (related to Figure 7.1). If a spatial unit is covering both North Bridge and 

South Bridge, any spatial pattern changes (even happens) between the two bridges 

would not be detected. On the other hand, if a spatial unit is too small, the measure of 

each spatial unit may fluctuate in an erratic way. Moreover, too small spatial units 

often lead to a greater number of spatial units, but too many spatial units may cause 

confusion and distract attention away from the information that is really critical. 

There is no definite answer for appropriate size; analysts should define the size based 

on their best knowledge and the background of their analysis.  

Concern 3: Number of spatial units 

  We suggest that at least three spatial units (n ≥3) should be defined for analysis 

purposes. If a map is divided into three or more spatial units, then analysts could 

monitor the change of distribution between at least two spatial units and use another 

one spatial unit as a control of general trends. 

7.2.2.2 Procedures of the DR model 

The DR model consists of two major procedures. The first procedure selects the 

spatial units that would more likely correlate with a user’s spatial decision process. 
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The second procedure aims to identify the dynamic relations related to WBCM 

information. 

7.2.2.2.1 Procedure 1: Selecting spatial units 

The purpose of this procedure is to select the spatial units that would more likely 

correlate with users’ spatial decision process.  

We define each spatial unit (Sn) as an alternative option in users’ spatial 

decision process. A user’s spatial decision process with GIS involves three phases 

[202]:  

- Intelligence (is there a problem or opportunity for change?),  

- Design (what are the alternatives?), and 

- Choice (which alternative is best?) 

Recall that S={S1,, S2,…, Sn} is a set of non-overlapping spatial units defined 

by analysts. For each time window t before defined by analysts, two subsets of spatial 

units are extracted from the S{S1,, S2,…, Sn} as follows. 

- Category (S1,, S2,…Sp à [High])  S consists of Sp having the information 

showing its crime status above the higher cut-off point. 

- Category (S1,, S2,…Sqà [Low])  S consists of Sq having the information 

showing its crime status below the lower cut-off point. 
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The rationale for the above classification is explained as follows. In general, 

users are more sensitive to the high-end and low-end alternatives. For example, a 

vehicle-related-crime report shows the following information: 

- Car park A’s crime rate is 10 

- Car park B’s crime rate is 5 

- Car park C’s crime rate is 0 

Assuming that all other factors are the same, a driver would be more likely to 

use car park C and avoid car park A.  

In the DR model, the high and low categories refer to the alternatives that are 

more sensitive to human reaction. The cut-off points of high-end and low-end for 

classification should be defined by analysts.  

7.2.2.2.2 Procedure 2: Identifying dynamic relations 

Based on the spatial units selected in procedure 1 (the spatial units that are more likely 

to correlate with users’ spatial decision process), procedure 2 aims to identify 

dynamic relations related to WBCM information (for simplicity, “dynamic relations” 

in the following).  

The dynamic relation is defined as abnormal change (increase or decrease) of 

crime rates, that is, the change of crime rate is unlikely to be related to normal 

fluctuation (i.e. general trends and periodic variations). The dynamic relation 
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identification process consists of three parts (procedures 2.1 to 2.3) and is explained 

as follows. 

 

Procedure 2.1: Measuring rate of change at time t 

The rate of change at time t, denoted as CC(Ss|t), is the difference of crime measures 

of a spatial unit Ss between two specific time windows – before and after WBCM 

information is released at time t. The CC(Ss|t) is measured and controlled as follows: 

For each spatial unit selected from procedure 1: 

   (7.1) 

- The measure( ) refers to crime measure. The crime measure can be in different 

forms, such as “crime rate”, “crime count” or other quantified data. 

- Ss is the spatial unit selected from procedure 1.  

- C is the total crime measure of all the spatial units at the corresponding time 

point t. This is used to control the general trend and is a broad indication of 

trends over the same time window. C acts as a check on general crime 

trends that are affecting every spatial unit in general.  

- The “t.before” and “t.after” refer to the specific time windows before and 

after the WBCM information is released at time point t respectively. 
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The following example shows how to calculate the rate of change at time t. 

 

Figure 7.5 Example data for calculating rate of change at time t 

Referring to Figure 7.5, the WBCM covers six areas (areas a to f). The crime 

counts (i.e. crime measures) of these six areas are updated weekly on the WBCM 

(week 1’s crime information is reported in week 2, week 2’s crime information is 

reported in week 3, and so on). The DR model is used as follows to obtain the rate of 

change at time t, . 

Let’s assume that areas a and b are identified as Category (Sa,, Sb à [Low])  

S while areas e and f are identified as Category (Sa,, Sb à [High])  S in week 3. The 

rate of change at time t of spatial unit area a in week 3, , would 

be: 
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So,  

In the above calculation, the increase of crime counts, measure (area a), from 

week 2 to week 4 (i.e. from 4 to 13) is adjusted by an increase of general crime trend, 

measure(C), from week 2 to week 4 (i.e. from 100 to 120). This adjustment would 

make the two crime counts (week 2 and week 4) more comparable. 

Procedure 2.2: Measuring average change 

Average change, denoted as , is the average change of crime measures 

of a spatial unit Ss over a fixed time window determined by analysts. The average 

change refers to periodic variations of a spatial unit, that is, the crime pattern repeats 

itself at systematic intervals over time. 

 

The α(Ss|corr.t) is obtained by: 

  (7.2) 
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The SF is a sensitivity function defined by analysts. The SF should be a 

number > 0; a larger number means greater sensitivity, whereas a number closer to 

zero means less sensitivity.  

The following example shows how to calculate average change. 

A WBCM covers two districts – a and b. Let’s assume that an analyst has two-

year (year 1 and year 2) historical data as a reference and the analyst wants to calculate 

the average change in district a from Jan to Mar, denoted as: 

 α(district a│Jan -> Mar, year 1&2)  

The analyst also defines the sensitivity function, SF = 1, that is, no adjustment 

will be made to the calculated average change. Figure 7.6 illustrates how to do the 

calculation from the datasets on the left-hand side to the average change figure of 0.06 

on the right-hand side. As per the figure, the first step is to calculate the crime count’s 

change from Jan to Mar for each year (i.e. year 1 and 2). The second step is to obtain 

the average result (i.e. average change) from the results of step 1. 
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Figure 7.6 Example data for calculating average change 

In addition, when the average change is measured, we further suggest that 

analysts could consider removing unusual historical changes as an optional additional 

step. For example, given five figures of historical change, (+1, +1, +1, +1,-10), the “-

10” is obviously an unusual figure. If this unusual figure is not removed, the average 

change based on these five figures would be a negative figure (i.e. -1.2) but actually 

the previous changes are normally in a positive direction; thus the unusual figure -10 

should be removed.  The removal criteria should be justified by analysts through data 

observation. 

Procedure 2.3: Comparing rate of change at time t and average change 

Based on the results of procedures 2.1 and 2.2, the CC  is compared with 

. The change is considered as likely to be related to WBCM (dynamic 

relation) when any one of following conditions is met: 
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Condition 1: 

CC  > >0  or  CC < <0  (7.3) 

Reason of abnormality: Rate of change at time t exceeds average range.   

or 

Condition 2: 

CC >0>  or <0< CC    (7.4) 

Reason of abnormality: The sign of rate of change at time t is opposite to 

the sign of average change. 

Conditions 1 and 2 in the above comparison act as strict thresholds to identify 

dynamic relations that are unlikely to have resulted by general trends or periodic 

variations but are more likely correlated with the information provided on a WBCM. 

However, analysts could also use their own judgment to adjust the sensitive measures, 

SF in formula 1.2 in order to adjust the thresholds.  

Based on procedures 1 and 2, four possible types of dynamic relation can be 

identified as follows: 

- High-Increase, HI, would be identified when the following criteria “a” & “b” 

are met: (a) the spatial unit Ss is classified as category high at time point t (as 

per procedure 1), and (b) the crime measures of the spatial unit Ss are 

abnormally increased (as per procedure 2) at t.after (compared with t.before).  
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- High-Decrease, HD, would be identified when the following criteria “a” & 

“b” are met: (a) the spatial unit Ss is classified as category high at time point 

t (as per procedure 1), and (b) the crime measures of the spatial unit Ss are 

abnormally decreased (as per procedure 2) at t.after (compared with t.before).  

- Low-Increase, LI, would be identified when the following criteria “a” & “b” 

are met: (a) the spatial unit Ss is classified as category low at time point t (as 

per procedure 1), and (b) the crime measures of the spatial unit Ss are 

abnormally increased (as per procedure 2) at t.after (compared with t.before).  

- Low-Decrease, LD, would be identified when the following criteria “a” & “b” 

are met: (a) the spatial unit Ss is classified as category low at time point t (as 

per procedure 1), and (b) the crime measures of the spatial unit Ss are 

abnormally decreased (as per procedure 2) at t.after (compared with t.before). 

In practical policing intervention evaluations, analysts would evaluate a 

variety of possible spatial crime effects (e.g. displacement or aggregation, a general 

increase or general decrease). The above-mentioned four types of dynamic relations, 

that is, HI, HD, LI and LD, could be used to support the analysis of the different forms 

of spatial crime effect in practice. For example, crime displacement refers to crimes 

shifting from one area to another; the displacement would also lead to the (1) crime 

measure being abnormally decreased in one area and (2) crime measure being 

abnormally increased in another.  In this case, analysts could focus on HD and LI to 

analyse the possible displacement effect related to WBCM. 
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7.3 Case study: using the DR model to analyse the spatial-

temporal crime patterns correlated with London’s WBCM 

This case study presents an application of the DR model in a real world dataset related 

to London’s Web-Based Crime Map (WBCM) project and illustrates how the DR 

model can be used to analyse dynamic relations related to London’s WBCM project 

and support further evaluations. The aim of this case study is to show the potential 

ability of the DR model rather than an in-depth discussion. Nonetheless, interesting 

and useful spatial patterns correlated with London’s WBCM were identified in this 

case study. 

7.3.1 Background of London’s WBCM project 

London’s WBCM project was a major crime prevention project launched in 2008 by 

the Metropolitan Police, London. It was a key part of Mayor Boris Johnson’s election 

manifesto. The project cost was GBP210,000 [203]. 

London’s WBCM uses density maps to publish crime information. The map 

shows monthly crime information on a ward and borough basis (each borough is an 

administrative area consisting of, on average, about 20 wards). Each ward and 

borough is colour-coded to show how its crime rates compare to the average for 

London. Five colour-coded ranges are used on the map, including: (1) higher than the 

average, (2) above the average, (3) average, (4) below the average, (5) lower than the 

average.  Standard Deviation of the crime rate has been used to calculate the colour 

codes for the map. Most areas (just under 70%) have crime rates that are close to the 
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average for the whole area of London and will be within one standard deviation of 

the mean. A crime rate within one standard deviation of the whole area of London’s 

mean crime rate is described as "average". Increasingly fewer areas would be outside 

this range, and be classified into other colour-coded groups. 

London’s WBCM information is highly dynamic – for each spatial unit, the 

status could be one of the above five possible ranges and is updated on a monthly 

basis. In the following we show how the DR model is used for evaluating the impacts 

of the ever-changing and complicated information on crime rate. 

7.3.2 Case study design and data description 

Westminster in London was selected to conduct this case study. Westminster is a 

borough of London which has an area of 2,204 hectares (~22.04km2) and consists of 

20 wards (Figure 7.7). According to the City Council of Westminster, it has 40 percent 

of all the hotels in Greater London and four of the ten leading paid attractions in 

Greater London. It is now estimated that among approximately 30 million people who 

visit London each year, 95 percent of these visitors visit Westminster. 
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Figure 7.7 City of Westminster 

We collected Westminster’s non-residential burglary records from the 

Metropolitan Police Service (MPS), London, UK covering the period from Jul 2006 

to Sep 2010. In total, it consists of 1,020 records (i.e. 51 months and 20 wards in 

Westminster). Each record consists of three fields: “location info” (i.e. ward name), 

“time info” (i.e. month and year) and “crime rate” (the number of non-residential 

burglaries per 1,000 head of population).  

For all the records after the launch of London’s WBCM project (i.e. after Aug 

2008), we included one additional field called “status”. This data field “status” 

indicates what colour code (the crime status) was shown on the map per 

corresponding month and ward. 
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We conducted this case study using the DR model based on the list of non-

residential burglary records. The procedures of the DR model are processed as 

follows. 

In procedure 1, for each month of the two-year period after London’s WBCM 

project was launched, the DR model reviewed the crime status of each ward on the 

map and then selected wards whose crime status was colour-coded “non-average” by 

London’s WBCM (the colour-code concept was explained in Section 7.3.1). For 

example, in September 2008, the map showed that the crime status in nine wards (i.e. 

Churchill, Church Street, Hyde Park, Maida Vale, Marylebone High Street, Queens 

Park, St James, Westbourne and West End) were colour-coded non-average (i.e. (1) 

higher than the average, (2) above the average, (4) below the average or (5) lower 

than the average). Only these nine wards were selected from the 20 wards.  This 

selection process (i.e. procedure 1) was restarted the next month again.   

In procedure 2, the crime rate changes of the selected wards (from procedure 

1) were measured by comparing the crime rate of the following month with the crime 

rate of the previous month. After that, these crime rate changes were furthered 

adjusted by general trend (i.e. procedure 2.1) and compared with periodic variations 

(i.e. procedure 2.2). The general trend refers to the general fluctuation 

(increase/decrease) of crime rate in Westminster in the current month (i.e. time t). The 

periodic variations were measured based on the two-year period before London’s 

WBCM project was launched. Based on these comparisons, if the range of these 

adjusted crime rate changes (adjusted by general trend) exceeded the periodic 
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variations, the changes would be considered abnormal changes and were defined as 

dynamic relations (i.e. procedure 2.3), that is, the changes were unlikely to have 

resulted due to general trends or periodic variations but are more likely to correlate 

with the information provided on London’s WBCM.  

Four types of dynamic relation (i.e. HI, HD, LI and LD) were identified by 

the DR model as per Table 7.1. In the next section we discuss how to analyse the 

dynamic relations. 

Types of 

Dynamic 

relation 

Crime status Crime rate 

change 

What happened in this situation 

HI Higher than 

average 

Increase a) When the monthly crime status or a ward 

was shown as higher than average (i.e. 

colour-coded as “higher than the average” 

or “above the average”), then (b) the crime 

rate of the ward increased abnormally in 

the next month. 

HD Higher than 

average 

Decrease (a) When the monthly crime status or a 

ward was shown as higher than average (i.e. 

colour-coded as “higher than the average” 

or “above the average”), then (b) the crime 

rate of the ward decreased abnormally in 

the next month. 

LI Lower than 

average 

Increase (a) When the monthly crime status or a 

ward was shown as lower than average (i.e. 

colour-coded as “lower than the average” or 

“below the average”), then (b) the crime 

rate of the ward increased abnormally in 

the next month. 

LD Lower than 

average 

Decrease (a) When the monthly crime status or a 

ward was shown as lower than average (i.e. 

colour-coded as “lower than the average” or 

“below the average”), then (b) the crime 

rate of the ward decreased abnormally in 

the next month. 

Table 7.1 Four types of dynamic relation 
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7.3.3 Dynamic relation analysis and result discussion 

The dynamic relations by wards and by types (i.e. HI, HD, LI and LD) for the 

evaluation period (i.e. the two-year period after the launch of London’s WBCM) were 

identified on a monthly basis. These dynamic relations indicate the interactions 

between London’s WBCM information and the related spatial-temporal patterns.  

 It is worth mentioning that the crime rate of a ward will also change differently 

for the same type of information from time to time. For example, sometimes when a 

ward’s crime status was shown as “higher than average”, the ward’s crime rate would 

abnormally increase in the next month, but sometimes when the crime status was 

shown as “higher than average” in the same ward, the ward’s crime rate would 

abnormally decrease in the next month. This is reasonable because even the same 

person can react differently to the same information at different times. In what 

follows, these identified dynamic relations will be counted and grouped into four 

dynamic relation maps as per Figures 7.8 to 7.11. The statistics of counts are 

summarised in Figure 7.12. 

 Each of Figures 7.8 to 7.11 shows a spatial distribution of counts of a specified 

type of dynamic relation (i.e. HI, HD, LI and LD) for the evaluation period. In these 

figures, the fill colour in the wards show how often (in terms of count) the crime rates 

were increased abnormally or decreased abnormally after the corresponding crime 

status. Red represents an increase and blue represents a decrease. The more often the 

abnormal changes (increase or decrease) occurred, the more intense the fill colour.  
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 Both Figures 7.8 and 7.9 show that abnormal changes were found more 

frequently in the central part of the map. The spatial distribution of the two maps are 

similar because the crime status information “higher than average” was found more 

frequently in the central part of the map, and this crime status information (i.e. “higher 

than average”) was often followed by an abnormal fluctuation (sometimes increase 

and sometimes decrease) of crime rates. However, these two figures also show that 

the distributions of crime changes were different – more abnormal increases 

concentrate on the right-hand side of the map while abnormal decreases occurred 

across the middle part of the map. 

 On the other hand, Figures 7.10 to 7.11 show how the crime rates were 

changed (increase or decrease) when the crime status information was lower than 

average. The spatial distribution pattern of “LI” is more obvious than “LD”. These 

figures indicate that when the crime status information is lower than average, the 

crime rates seldom decrease abnormally and more abnormal increases were found in 

the top-left and bottom area of the map.  

  

Figure 7.8 Dynamic relation – HI 
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Figure 7.9 Dynamic relation – HD 

 

  

Figure 7.10 Dynamic relation – LI 
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Figure 7.11 Dynamic relation - LD 

  

Combination of 

dynamic relation 

types 

Possible types of 

spatial effect 

What’s happening in this 

situation 

HD and LI Displacement Crime rate decreases in one area 

(where the crime status is shown 

as higher than average) while it 

increases in another area (where 

the crime status shown is lower 

than average). 

HI and LD Aggregation Crime rate increases in one area 

(where the crime status shown is 

higher than average) while it 

decreases in another area (where 

the crime status shown is lower 

than average). 

HI and LI General increase Crime rate increases in both areas 

(where the crime status shown is 

higher than or lower than 

average). 

HD and LD General decrease Crime rate decreases in both areas 

(where the crime status shown is 

higher than or lower than 

average). 

Table 7.2 Summary of four possible types of spatial effect 
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 Moreover, different types of dynamic relation could also be combined as per 

Table 7.2 to analyse more complex spatial effects. For instance, an analyst could use 

his/her professional judgment to determine that a specific spatial effect (i.e. 

displacement) is more likely to happen due to London’s WBCM, and then the analyst 

could use the corresponding combination of dynamic relation types (i.e. HD and LI) 

identified by the DR model to create a map showing the spatial distribution pattern 

for evaluation purposes. This approach of evaluation is widely used in policing 

intervention evaluation and is also called the “top-down” approach because the 

analyst starts at the top using his/her professional judgment and works down to a 

specific conclusion. However, the top-down approach is unavoidable based on the 

analyst’s own judgment. In the following, an alternative data-driven approach is 

suggested for evaluation purposes. 

The assumptions of the suggested data-driven evaluation approach are discussed 

as follows: 

Assumptions:  

i) WBCM disseminates spatial distribution of crime status information on 

the map, that is, locations with a higher crime rate and those with a lower 

crime rate. The disseminated information affects the public’s crime status 

perception through an information accumulation process. For example, if 

a map repeatedly shows that area “A” has high crime rates but shows that 

area “B” has high crime rates only occasionally, people would perceive 
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area “A” as being more risky than area “B”.  

ii) On the other hand, the spatial distributions of dynamic relations identified 

by the DR model reflect how the crime rates were change (increase or 

decrease) according to the corresponding crime status information (Higher 

than average or Lower than average) during the evaluation period. 

 In order to identify which type of spatial effect (displacement, aggregation, 

general increase or general decrease) is more strongly correlated with the WBCM’s 

information, we compared the spatial distribution patterns between the assumptions i 

and ii, that is, we compared: 

- How crime status information was distributed on the map and 

- How the dynamic relations were distributed on the map, that is, how the 

crime rates were changed (increase or decrease) according to the 

corresponding crime status information (Higher than average or Lower 

than average). 

 The purpose of the above comparison is to identify which combination of 

dynamic relations (as per Table 7.1) would be more similar to crime status 

information. The identified combination would be considered as the spatial effect 

more likely to be correlated with the crime status information. 

 Figure 7.12 shows how the identification process was conducted in this case 

study. The column “Total crime status scores” lists the total crime status score by 

ward for the evaluation period – for every month, a score from 1 to 5 was assigned to 
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each ward according to the ward’s crime status from lower than the average, below 

the average, average, above the average and higher than the average, respectively. 

The total crime status score is obtained by adding up the scores for each month over 

2 years. In other words, this score might indicate how the general public perceive the 

crime status per ward – the higher the score, the less the perceived safety. 

 The column “Total crime status scores” was then compared with each type of 

dynamic relation (the columns HI, HD, LI and LD).  A similarity index was calculated 

for each pair of comparisons based on the correlation coefficient formula: 

 

Where  

x refers to the value per ward in the column “Total crime status scores”, 

  is the mean of the column “Total crime status scores”,  

y refers to the value per ward in the specific type of dynamic relation - it 

depends on  which pair of columns is being compared. For example, if a 

comparison is related to “HI”, then the column “HI” would be used,   

  is the mean of the corresponding column of the specific type of dynamic 

relation. 
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 For each type of crime status (highlighted in orange or green), the type of 

crime rate change (increase or decrease) with a higher similarity index was selected. 

It indicates that the crime rate is more likely to have changed in this direction (increase 

or decrease) per the corresponding crime status information (Higher than average or 

Lower than average). For example, per Figure 7.12, the crime rate increase was 

selected when the crime status was lower than average – because the similarity index 

0.72 was higher than 0.55. This indicates that the spatial distribution pattern of crime 

status information was more similar to the spatial distribution pattern of dynamic 

relation “LI” than another spatial distribution pattern of dynamic relation “LD”. On 

the other hand, the crime rate decrease was selected when the crime status was higher 

than average – because the similarity index 0.92 was higher than 0.88. As a result, the 

dynamic relation “HD” was selected. 

 In the above process, the type of crime rate change (increase or decrease) with 

a higher similarity index was selected for each type of crime status (Higher than 

average or Lower than average), but not simply to select the two types of dynamic 

relations with the highest similarity index. The reason is that we have to identify 

which outcome (the direction of crime rate change) is more likely to occur for each 

type of crime status information.  
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Figure 7.12 Identification of spatial effect 

 Based on the above comparison, a spatial effect “HDLI” (combination of 

“HD” and “LI”) due to London’s WBCM was identified. This spatial effect indicates 

that when a ward’s crime status is shown as higher than average, more often than not 

the ward’s crime rate would decrease, whereas when a ward’s crime status is shown 

as lower than average, more often than not the ward’s crime rate would increase.  

 Figure 7.13 illustrates the spatial effect map of “HDLI” and clearly shows that 

most of HD occurred in the central part, such as at the West End, Marylebone high 



207 
 

street and St James’s ward – the area containing many of the city’s major tourist 

attractions, shops, businesses, government buildings, and entertainment venues. On 

the other hand, most of “LI” occurred in areas a distance from the central part. This 

spatial distribution pattern is in line with the first law of geography, that is, 

"Everything is related to everything else but nearby things are more related than 

distant things" [118].  

 

 

Figure 7.13 Spatial effect map of “HDLI” 

 Furthermore, the identified spatial effect “HDLI” could also refer to a situation 

where the crime rate decreases in one area (where the crime status shown is higher 

than average) while it increases in another area (where the crime status shown is lower 

than average). In other words, this spatial effect is associable with the major criticism 

of the London’s WBCM project, which is, “the release of the information could be 
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leading to higher crime in areas perceived as 'soft targets' due to low crime levels” 

[204]. As a result, a further in-depth analysis should be conducted in order to evaluate 

the impacts of the London’s WBCM project. 

  

 

Figure 7.14 Locations of major retail, shopping malls and museums on the identified 

spatial effect “HDLI” 

 An analyst could also combine the identified spatial effect with other datasets 

for further evaluation purposes. For example, Figure 7.14 overlays the locations of 

major retail, shopping malls and museums on the identified spatial effect “HDLI”. It 

shows that most of the major retail, shopping malls and museums are located in the 

area covered by “HD” but not the area covered by “LI”. This finding may help an 

analyst to better understand the underlying cause of the identified spatial effect and 

devise strategies to deal with the problem.  
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 This case study, subject to only limited data available, still provides clues to 

many interesting further research directions. For example, are the decreases and 

increases in the neighbouring wards are related?  Are the rates of increases dependent 

on how far they are from the high crime rate areas? 

 Most importantly, the DR model could also transform how we conduct related 

analysis. Traditionally, statistical-based evaluation approaches were driven by 

hypotheses about how different factors are correlated, and then the hypotheses would 

be validated by collecting and analysing relevant data. These hypotheses have often 

been derived from underlying theories or professional experiences (theories-driven). 

Consequently, an unavoidable potential problem of traditional statistical-based 

evaluation approaches was that they were susceptible to prejudice and erroneous 

intuition. For example, in the case of London’s WBCM project, if a researcher wants 

to evaluate what spatial effect would be correlated with the crime status information, 

the research may focus only on two specified types of crime status, one being higher 

than average, another being lower than average (just as we did in this case study), but 

the researcher would still need to select and hypothesise one of four possible spatial 

effects as listed in Table 7.2. This selection (i.e. which spatial effect should be 

hypothesised) would be unavoidable based on the researcher’s own judgement. 

Although an invalid hypothesis will be rejected by rigorous statistical analysis, if the 

hypothesis is rejected, traditional statistical-based evaluation analysis cannot provide 

any hints to the researcher concerning which other spatial effect should be focused 

on. By contrast, the results based on the DR model are data-driven rather than 
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theories-driven, so we can systemically develop a correlation between the crime status 

information from the map and the spatial effect “HDLI” (i.e. displacement). Again, 

the suggested spatial effect “HDLI” passed two rigorous tests - general trends and 

periodic variations. Of course, there is no conflict of interest between the DR model 

and traditional statistical-based evaluation approach, so both can be used together to 

support each other. For example, the DR model could be used to hypothesise a 

phenomenon and then the hypothesis could be validated by related statistical-based 

evaluation approaches. 

 On the other hand, analysts from different departments in police forces could 

also use other modules of the DPA system to support further analysis and to achieve 

new insights. For example, a criminologist could use module 1 (i.e. basic tendency 

analysis) of the DPA system to view the crime trend over the last 10 years for the 

areas covered by the effect “HDLI”, and to investigate if any special long-term trends 

can be found. A chief police officer could use module 2 (i.e. spatial relation analysis) 

of the DPA system to analyse how the spatial patterns are similar to each other 1 year 

before and 1 year after London’s WBCM was launched. 
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7.4  Conclusion 

Dynamic relation analysis analyses the interaction between spatial-temporal patterns 

and related cooperative intervention. It is important because it can be used to evaluate 

whether the purpose of the cooperative strategy is achieved or not. In applications, 

although this may not be sufficient to ascertain the cause-and-effect relationship 

between spatial-temporal patterns and related interventions, the analysis findings 

would still be useful to evaluate whether the purpose of the cooperative strategy is 

achieved or not. 

In this thesis, we introduced and investigated the use of the Dynamic Relation 

model (DR model) for analysing the interaction between spatial-temporal patterns and 

Web-Based Crime Mapping (WBCM). The DR model is also applicable to other 

disciplines, such as traffic control, disease control and marketing. For example, as 

real-time traffic maps are accessible by the public, a traffic control officer may use 

the DR model to analyse the effects of the map on traffic.  

A key challenge of analysing dynamic relations is how to evaluate the 

interactions between WBCM information and spatial-temporal patterns and filtering 

out the effects of general trends and periodic variations – this is important because 

effects of general trends and periodic variations distract focus and lead to poor 

decision-making.  
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Four types of dynamic relation (HI, HD, LI and LD), referring to different 

situations, could be identified by the DR model. The different types of dynamic 

relations could also be combined for analysing more complex spatial effects, such as 

displacement, aggregation, general increase and general decrease. 

In the case study, four years of real world London crime map data were 

collected and analysed by the proposed DR model. The findings from the DR model 

were not only in line with established theory, but also explainable and actionable. 

Moreover, we suggested a data-driven evaluation approach by using the DR model. 

The suggested data-driven evaluation approach could avoid prejudice and erroneous 

intuition.  
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Chapter 8  

Further evaluations of Dynamic Pattern Analysis 

system 

8.1  Introduction 

Three additional case studies were conducted from May to August 2015 in order to 

further evaluate the information generated from the four different modules in the 

Dynamic Pattern Analysis (DPA) system. Table 8.1 summarizes the relationships 

between the case studies and corresponding modules. 

Case study: Aims to evaluate the DPA’s information generated from: 

1 Module 1: Basic tendency analysis 
Module 2: Spatial relation analysis 
Module 3: Cyclic signature clustering 

2 Module 3: Cyclic signature clustering 

3 Module 4: Dynamic Relation model 

Table 8.1  Summary of the relationships between case studies and corresponding modules 

 

According to the evaluation results of the case studies, we found that making 

use of DPA output (i.e. information generated from the DPA approach) was better 

than making use of other benchmark output (i.e. information generated from the 

corresponding benchmark approach) in different aspects, including the accuracy of 

analysis (according to case study 1), police resource allocation (according to case 

studies 1 and 3) and clustering performance (according to case study 2). 

The abstracts of these three case studies are summarized in Table 8.2. 
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Case study 1 

Background: 
This case study aims to evaluate how DPA output generated from modules 1, 2 
and 3 affects users’ performance in two problems: (i) accuracy of analysis and (ii) 
police resource allocation. We used two widely-adopted approaches, (i) hotspot 
analysis and (ii) trend analysis, to generate benchmark output for comparison 
purposes.  
 
Methods: 
An internet-based survey was conducted from June to July 2015 by means of 
online questionnaires designed for self-completion. The questionnaire was sent to 
twelve target members of the International Association of Crime Analysts and three 
highly-cited scholars in the field of spatial temporal crime analysis. In total, fifteen 
subjects participated in the survey and they were required to complete tasks in the 
questionnaires according to the provided benchmark output and DPA output. 
 
Results and conclusions: 
In comparison with using benchmark output, the results indicated that making use 
of DPA output enhanced the accuracy of analysis by 75%. Moreover, according to 
the results, making use of DPA output not only changed non-local professionals’ 
(i.e. subjects) police resource allocation decisions significantly, but also the 
decisions made were more suited to the local situation. 
 

Case study 2 

Background: 
In CS clustering (i.e. module 3 of the DPA system), we proposed to cluster spatial 
units according to similarities of temporal patterns. This case study aimed to 
compare how the forms of temporal pattern affect the clustering results in terms of 
purity and genetic distance. We compared three different forms of temporal 
pattern: i) cyclic temporal pattern (the form of temporal pattern used in the DPA 
system), ii) temporal histogram and iii) mean point of temporal histogram. 
 
Methods: 
A two-year theft-related dataset was used to create three transformed datasets in 
three different forms of temporal pattern. For each transformed dataset we 
conducted clustering and the clustering results were evaluated by using the 
measures (i) purity and (ii) genetic distance. 
 
Results and conclusions: 
The cluster purity value of using cyclic temporal pattern was 0.78, that is, 4% and 
13.4% better than using temporal histogram and mean point of temporal histogram 
respectively.  On the other hand, the average genetic distances between clusters 
created by using cyclic temporal pattern was 0.84; that is, 50% and 104% higher 
than using temporal histogram and mean point of temporal histogram respectively.  
Accordingly, we argue that the performance of clustering using cyclic temporal 
pattern (i.e. the form of temporal pattern used in the DPA system) was better than 
other forms of temporal pattern.  
 



215 
 

Case study 3 

Background: 
This case study aims to evaluate how DPA output generated from module 4 affects 
different analysts when they make decisions on police resource allocation. For 
benchmark purposes, we included a computer-based spreadsheet that is 
commonly used by crime analysts in their analysis tasks.  
 
Methods: 
An internet-based survey was conducted from June to July 2015 by means of 
online questionnaires designed for self-completion. The questionnaire was sent to 
fourteen target members (i.e. subjects) of the International Association of Crime 
Analysts. The subjects they were required to complete tasks in the questionnaires 
according to the provided benchmark output and DPA output. 
 
Results and conclusions: 
In comparison with the benchmark output, the results of the survey indicated that 
making use of DPA output not only changed subjects’ police resource allocation 
decisions significantly, but also the decisions made were more in line with the 
corresponding crime prevention guideline. 

Table 8.2  Summary of the abstracts of the four case studies in Chapter 8 

The three case studies are reported as follows.  
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8.2   Case Study 1 

8.2.1  Background 

Case study 1 aimed to evaluate how making use of DPA output (i.e. information 

generated from the DPA approach) would affect users’ performance in two problems: 

(i) accuracy of analysis and (ii) police resource allocation. 

- Accuracy of analysis 

As discussed in Chapter 2, previous studies indicated that spatial temporal crime 

patterns are correlated with environmental setting such as land-uses. Therefore in 

spatial temporal crime pattern analysis, criminologists take into consideration the 

land-uses and related spatial-temporal crime patterns in order to make decisions on 

crime prevention strategies.  

In spatial temporal crime pattern analysis practice, hotspot analysis and trend 

analysis are the two most common approaches for processing crime data into crime 

information. In this case study, we used these two approaches as the benchmark 

approach to generate benchmark output for comparison purposes. 

In the first evaluation, subjects were required to estimate the land-uses of 

different areas according to DPA output and benchmark output respectively.  

- Police resource allocation 

Police resource allocation requires a good understanding of the local context. 

Therefore, a local police professional generally would be able to make a police 
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resource allocation decision that is more suitable for the local situation than a non-

local police professional.  

The second evaluation of this case study aimed to evaluate how making use 

of DPA output would affect non-local police professionals when making decisions on 

police resource allocation. The evaluation results by making use of DPA output were 

compared with the evaluation results by making use of the benchmark output. 

8.2.2   Evaluation method 

An internet-based survey was conducted from June to July 2015 by means of online 

questionnaires (appendix 1) designed for self-completion. The questionnaire was sent 

to twelve target members of the International Association of Crime Analysts. In 

addition, we invited eleven highly-cited scholars in the field of spatial temporal crime 

analysis to participate in the survey, three of whom accepted the invitation. In total, 

fifteen subjects participated in the survey. 

The questionnaire design is discussed as follows. 

8.2.3   Questionnaire design 

As per Figure 8.1, the online questionnaire (appendix 1) consisted of three web pages 

(page in short in the following). Subjects were required to finish each page in 

sequence and were reminded not to go back to change their answers once they had 

finished the current page.  
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Figure 8.1  Overview of the design of case study 1’s questionnaire 

 

On page 1 of the questionnaire, we informed the subjects explicitly of our 

objective and data analysis plan while ensuring them of the necessary information 

privacy. In addition, general demographic information of users was collected on page 

1 as well. 

As illustrated in Figure 8.2, each of page 2 and page 3 consisted of two 

sections. The first section was an information section and the second section was a 

tasks section. Subjects were required to complete the tasks according to the 

corresponding information, that is, subjects had to complete task 1 and task 2 

according to the information on page 2. In addition, subjects had to complete task 3 

and task 4 according to the information on page 3. A more detailed explanation of the 

information section and task sections is given as follows.  
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Figure 8.2 Structure of page 2 and page 3 of case study 1’s questionnaire 

 

 

8.2.4   Analysis design 

Figure 8.3 illustrates the design of the analysis. As per Figure 8.3, we used two 

different approaches, the benchmark approach and DPA approach, to process the data 

from a crime dataset into information. The crime dataset collected from the local 

police force consisted of the six-month reported crime data of a district. Each record 

in the dataset described a case of reported crime and was composed of the following 

items: date-of-crime, type-of-crime and location-of-crime. Moreover, in each record 

of the dataset, the location-of-crime was organized by a pair of numerical coordinates 

(i.e. x and y coordinates). The minimum distance between a pair of horizontal or 

vertical points was one metre. 
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Subjects had to complete two tasks on each of page 2 and page 3 according to 

the page’s information. The two tasks on page 2 and page 3 were the same.  

The following discusses the designs of the information section and tasks 
section. 

 

Figure 8.3  Analysis design of case study 1 

 

- Information section 

On page 2, we used the benchmark approach to process the data from the crime 

dataset into crime information. When subjects read page 2, they were provided with 
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a map (Figure 8.4) and a set of basic information of the map - this part aimed to 

provide a basic geographic overview to the subjects.  

 

Figure 8.4 Map in case study 1’s questionnaire including basic information for subjects 

 

After that, information was provided to the subjects in the form of hotspot 

maps (Figure 8.5) and a chart of crime trend (Figure 8.6).  As explained before, the 

information on this page was processed by using the benchmark approach. 

 

 

Figure 8.5 Hotspot maps in case study 1’s questionnaire for subjects 
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Figure 8.6 Chart of crime trend in case study 1’s questionnaire for subjects 

 

On page 3, we used the DPA approach to process the data from the crime 

dataset into crime information. At the beginning of page 3, subjects were informed 

that the geographic context of the tasks on this page was the same as on page 2. After 

that, subjects were provided information as per Figure 8.7. The information on this 

page was processed by using the DPA approach. 

 

Figure 8.7 DPA output provided to subjects on maps in case study 1’s questionnaire 

- Task information 

Subjects were required to complete two types of task on each of page 2 and 

page 3 according to the page’s information. 
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The first type of task (i.e. task 1 and task 3) of each page aimed to collect 

results from subjects for evaluating how DPA output would affect the accuracy of 

estimation. This task is illustrated in Figure 8.8. 

 

 

Figure 8.8 Task 1 and task 3 in case study 1 

 

The second type of task (i.e. task 2 and task 4) of each page aimed to collect 

results from subjects to evaluate how DPA output affects decisions on police resource 

allocation. This task is illustrated in Figure 8.9. 
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Figure 8.9 Task 2 and task 4 in case study 1 

 

8.2.5   Results and discussions 

In total, a group of twelve members of the International Association of Crime 

Analysts and three scholars in criminology comprised the subjects.  The demographic 

background of the subjects are shown in Figure 8.10. 
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Figure 8.10 Demographic information of subjects in case study 1 

 

- Accuracy of analysis 

In this evaluation, subjects were required to estimate the land-uses of different areas 

according to DPA output and benchmark output respectively. We used an accuracy 

index to measure the accuracy of analysis. The accuracy index is calculated as: 

 

 

 

Where 

 0 < <1,   

Total correct matches means how many sub-districts can be matched to 

corresponding land-uses correctly.  On the other hand, total matches was obtained by:  

number of subjects x number of matches. In this survey, given that fifteen subjects 

participated in the survey and they needed to conduct three matches between land 

uses and sub-district, the total matches equalled forty-five (15 x 3). 
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As per Figure 8.11, the accuracy index of task 3 (using DPA output) was 

higher than task 1 (using the benchmark output) by 75%.  This result indicated that 

DPA output enhances the accuracy of analysis. 

 

Figure 8.11 Correction indexes of the benchmark output and DPA output 

 

- Police resource allocation 

Table 8.3 summaries the average police resource allocation in different sub-districts 

when subjects received the benchmark output and DPA output respectively. The 

results indicate that, on average, subjects assigned more police resources to sub-

district A when they received the benchmark output. On the other hand, on average, 

subjects assigned more police resources to sub-district C when they received DPA 

output.  In sum, by comparing the two types of information, the decisions made by 

subjects according to DPA output were more similar to the decision made by the local 

police. 
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Benchmark 
output DPA output Change 

Sub-district A         11.67            8.00  -31% 

Sub-district B           8.67            9.33  8% 

Sub-district C           9.67          12.33  28% 

Table 8.3  Average police resource allocation in sub-districts A, B and C 

 

Given the key difference between the benchmark output and DPA output were 

for sub-districts A and C, t-tests were conducted in order to evaluate whether the 

differences of police resource allocation were significant. As per Table 8.4 and Table 

8.5, the results indicate that the change was significant (for area A, the two-tail p-

value = 0.01, while for area C, the two-tail p-value = 0.04). 
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Table 8.4  T-test of difference between the benchmark output and DPA output for area A 

 

Table 8.5  T-test of difference between the benchmark output and DPA output for area C 

In conclusion, the first evaluation found that making use of DPA output 

enhanced the accuracy of analysis. In other words, the results indicated that DPA 

output would help subjects better correlate the land-uses and spatial crime patterns.  

Moreover, according to the results of the second evaluation, making use of DPA 

output not only changed non-local professionals’ (i.e. subjects) police resource 

allocation decisions significantly, but also the decisions were more similar to the 
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decisions made by local police; therefore, we suggest that the decisions are more 

suited to the local situation. 
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8.3 Case study 2  

8.3.1   Background 

In CS clustering (i.e. module 3 of the DPA system), spatial units with similar temporal 

patterns would be grouped together into the same cluster. This case study aimed to 

evaluate how using the forms of temporal pattern would affect the clustering results 

in terms of purity and genetic distance. We compared three different forms of 

temporal pattern: i) cyclic temporal pattern (the form of temporal pattern used in CS 

clustering), ii) temporal histogram and iii) mean point of temporal histogram. These 

three temporal pattern forms are described as follows. 

- Cyclic temporal pattern 

This is the form of temporal pattern used in CS clustering. In this form, the temporal 

pattern of spatial units is constructed by arranging time units circularly. Figure 8.12 

shows an example of the cyclic temporal pattern for a shop (as a spatial unit) with 

sales figures of Q1= $10m, Q2= $20m, Q3= $30m and Q4= $10m (Q1, Q2, Q3 and 

Q4 are four temporal units).  

 

Figure 8.12 Example of a cyclic temporal pattern 
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- Temporal histogram 

A temporal histogram is a common way in crime analysis to present temporal crime 

information. In this form, a temporal pattern of spatial units is constructed by 

arranging time units linearly. Figure 8.13 shows an example of a temporal histogram 

for a shop with sales figures of Q1= $10m, Q2= $20m, Q3= $30m and Q4= $10m.  

 

Figure 8.13 Example of a temporal histogram 

- Mean point of temporal histogram 

In this form, the mean point of a temporal histogram is used as a summary of the 

temporal pattern of a spatial unit. Figure 8.14 shows an example of this form of 

temporal pattern for a shop with sales figures of Q1= $10m, Q2= $20m, Q=: $30m 

and Q4= $10m. According to the sales figures, the mean point of the histogram is 

Q2.57, obtained by: 

[(1 x 10) + (2 x 20) + (3 x 30) + (4 x 10)] / (10+20+30+10) 

 

Figure 8.14 Example of the mean point of a temporal histogram 
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The design of the evaluation in this case study is discussed as follows. 

8.3.2   Evaluation design 

In this evaluation, a two-year theft-related dataset collected from the local police force 

was used. Each record in the dataset was a reported crime case and consisted of two 

fields: days of the week and crime location (i.e. x and y coordinate). In total, there 

were three hundred and eighty-nine (i.e. 389) reported crime cases (records) in thirty 

three (i.e. 33) crime locations. 

Each location comes under one of four specified location categories: hotel, 

guesthouse, park and community facility.  Figure 8.15 shows the spatial distribution 

of the specified location categories.  

 

Figure 8.15 Distribution of specified location categories on the district; there are four types 

of specified location categories (H=Hotel, G=Guesthouse, P= Park and C= Community 

facility) 
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Both hotels and guesthouses provide paid lodging on a short-term basis, but 

hotels are better-equipped and more expensive than guesthouses. Moreover, the 

majority of hotel guests are generally vacation travellers and corporate workers while 

most guesthouse guests are backpackers and budget travellers. The park is a large 

public park. The community facilities are churches, museums, etc. 

For each crime location, we calculated the crime counts per day of the week 

and then created three transformed datasets in three different forms of temporal 

pattern (Figure 8.16). 

 

Figure 8.16 Three transformed datasets created from a two-year theft-related crime dataset 
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In the transformed datasets, each record consisted of a pair: crime location and 

temporal pattern. Each transformed dataset was formed into four clusters (Figure 

8.17) by using the k-means method. 

 

Figure 8.17 Clusters created from the three transformed datasets 

According to the clustering results of each transformed dataset, we 

investigated the mix of crime locations among clusters.  The mix would provide 

information on how many crime locations come from the same (or other) specified 

location category. Finally, the mix of crime locations information among clusters was 

used to evaluate purity and genetic distance. A cluster with a higher proportion of 

crime locations from the same specified location category would result in higher 

purity and genetic distance. 
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8.3.3   Results and discussions 

Figure 8.18 shows the clustering results of three clustering approaches (i.e. clustering 

by using cyclic temporal pattern, temporal histogram and mean point of temporal 

histogram). 

 

 

Figure 8.18 Clustering results of the three clustering approaches 

As per Figure 8.18, for each clustering approach, four clusters were created 

and labelled α, β, γ, and δ. The labels of clusters were assigned for reference only. 

Two different clustering approaches could assign the same label to two independent 

clusters, but this did not indicate that the two clusters were relevant. For example, two 

different approaches, temporal histogram and mean point of temporal histogram, also 

grouped two hotels into cluster α, but it did not indicate that the two hotels in cluster 

α created by the temporal histogram approach were the same as the two hotels in 

cluster α created by the mean point of temporal histogram approach. The spatial 

distributions of clusters by different approaches are shown in Figure 8.19. 
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Figure 8.19 Spatial distributions of clusters by the three different clustering approaches 

The results of the two evaluation measures, purity and genetic distance, were reported 

as follows.  

- Purity 

We used cluster purity to evaluate the intra-cluster similarity. It is one of the 

most popular measures for cluster evaluation. Given that there were four specified 

location categories in the case study, the four specified location categories referred to 

four different types of tourist hotspots; therefore, we suggested that the spatial-

temporal crime patterns (i.e. clusters) in these four types of tourist hotspots (i.e. four 

specified location categories) should be dissimilar (i.e. crime patterns in the four 

clusters should be different).  

A cluster is “pure” if the cluster consists of crime locations from the same 

specified location category (i.e. pure). The cluster purity focuses on the frequency of 

the most common specified location category in each cluster and penalizes the noise 

in a cluster. The value of cluster purity was computed as follows. Each cluster was 
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assigned to the class (i.e. specified location category) which was most frequent in the 

cluster, and then the accuracy of this evaluation was measured by counting the 

number of correctly assigned locations and dividing by N: 
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where  { }kwww ,...,, 21=W  is the set of clusters, { }jccc ,...,, 21=F  is the set of classes. 

The cluster purity is a value ranging from 0 to 1. Bad clustering (not pure) has 

purity values close to 0, while perfect clustering has a purity of 1. We computed the 

values of cluster purity for four different clustering approaches of the experiment. 

Figure 8.20 shows that the value of cluster purity of using cyclic temporal pattern was 

0.78, that is, 4% and 13.4% better than using temporal histogram and mean point of 

temporal histogram respectively. Therefore, we concluded from the results that the 

clusters created by using cyclic temporal pattern (the form of temporal pattern used 

in CS clustering) had higher intra-cluster similarity than the clusters created by using 

other forms of temporal patterns. 

 

Figure 8.20 Values of cluster purity 
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- Genetic distance 

We used genetic distance for inter-cluster similarity measure. We compared 

the performance of the approaches by means of distance measure of similarity. The 

distance measure of similarity is an indicator that evaluates the strength of the 

relationship between two groups; a larger distance measure indicates a weaker 

relationship between two groups, while a weaker relationship between two groups 

indicates better clustering performance (because two groups are more dissimilar). The 

distance measure of similarity and genetic distance, denoted as GDAB, is defined as 

follows: 
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The term PiA and PiB are the frequencies of the ith specified location categories 

in the two groups (i.e. clusters). Recall that there were four specified location 

categories: hotel, guesthouse, community facility and park. The angular 

transformation for the group had a variance-stabilizing role.  

Figure 8.21 shows that the average genetic distances between clusters created 

by using cyclic temporal pattern was 0.84; that is, 50% and 104% higher than using 

temporal histogram and mean point of temporal histogram respectively. The results 

suggest that the relationship between clusters created by using cyclic temporal pattern 
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was generally weaker than the clusters created by using other forms of temporal 

pattern. The results also suggest that the clusters created by using cyclic temporal 

pattern had lower inter-cluster similarity than the clusters created by using other forms 

of temporal pattern.  

 

Figure 8.21 Average genetic distances 

As mentioned in Chapters 2 and 3, many public safety studies indicate that 

crime patterns in different tourist hotspots are different, because crimes are correlated 

with tourist activities. In this case study, the four specified location categories (i.e. 

hotel, guesthouse, park and community facility) referred to four different types of 

tourist hotspots; therefore, we suggest that the spatial-temporal crime patterns (i.e. 

clusters) in these four types of tourist hotspots (i.e. four specified location categories) 

should be dissimilar (i.e. crime patterns in the four tourist hotspots are different).  

According to the results of this case study, we found that using the proposed 

cyclic temporal pattern in the DPA system for clustering can create clusters with 

higher intra-cluster similarities and lower inter-cluster similarities than using other 

forms of temporal pattern. In other words, the result of using the proposed cyclic 
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temporal pattern in the DPA system is more in line with previous public safety studies 

than other forms of temporal pattern. Therefore, according to the results, we argue 

that clustering performance using cyclic temporal pattern is better than using other 

forms of temporal pattern.  
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8.4   Case study 3 

8.4.1   Background 

Although the applications of web-based crime map (WBCM) draw considerable 

public attention, there are only very few studies focusing on how to support analysts 

to evaluate the relationships between WBCM’s information and corresponding 

spatial-temporal crime patterns. 

Understanding the relationships between WBCM’s information and 

corresponding spatial-temporal crime patterns is important in the police’s resource 

allocation decision-making. This case study aimed to evaluate how making use of 

DPA output affects different analysts’ decision-making in regard to police resource 

allocation. For benchmark purposes, we included a computer-based spreadsheet that 

is commonly used by crime analysts in their analysis tasks. The evaluation results by 

making use of DPA output would be compared with the evaluation results by using 

the benchmark output. 

8.4.2   Evaluation design 

An internet-based survey was conducted from June to July 2015 by means of 

questionnaires (Appendix 2) designed for self-completion. The online questionnaire 

was sent to fourteen target members (i.e. fourteen subjects) of the International 

Association of Crime Analysts.  

The questionnaire design is discussed as follows. 
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8.4.3   Questionnaire design 

As per Figure 8.22, the online questionnaire consisted of three web pages (page for 

short in the following). Subjects were required to finish each page in sequence and 

were reminded not to go back to change their answers once they had finished the 

current page.  

 

Figure 8.22  Overview of the design of case study 3’s questionnaire 

 

On page 1 of the questionnaire, we informed the subjects explicitly of our 

objective and data analysis plan while ensuring them of the necessary information 

privacy. In addition, the general demographic information of users was collected on 

page 1 as well. 
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Figure 8.23 Structure of page 2 and page 3 of case study 3’s questionnaire 

 

As illustrated in Figure 8.23, each of page 2 and page 3 consisted of two 

sections. The first section was an information section, while the second section was a 

tasks section. Subjects were required to complete the tasks according to the 

corresponding information, that is, subjects would complete tasks 1 to 3 according to 

the information on page 2. In addition, subjects would complete tasks 4 to 6 according 

to the information on page 3. A more detailed explanation of the information sections 

and tasks sections follows. 

8.4.4   Analysis design 

Figure 8.24 illustrates the design of the analysis. As per Figure 8.24, we used two 

different approaches, the benchmark approach and DPA approach, to process the data 

from two sets of data, (i) a crime dataset and (ii) a dataset of WBCM’s status, into 
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information. The crime dataset was collected from the London police force and 

comprised monthly counts of non-residential burglaries for each of six regions from 

August 2008 to July 2010. The dataset of WBCM’s status comprised monthly 

WBCM’s status for each of six regions from August 2008 to July 2010. 

Subjects had to complete three tasks on each of page 2 and page 3 according 

to the page’s information. The three tasks on page 2 and page 3 were the same.  

In the following we discuss the design of the information section and tasks 

section. 

 

Figure 8.24 Analysis design of case study 3 
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In the following we discuss the design of the information section and tasks section. 

- Information section 

On page 2, we used the benchmark approach to provide information to subjects. When 

a subject read page 2, the subject was provided two sets of information as per Figure 

8.25. The first set showed the actual monthly crime counts per selected region, while 

the second set showed the monthly WBCM’s status per selected region. 

 

 

Figure 8.25 The benchmark output in case study 3’s questionnaire for subjects 

 

On page 3, we used the DPA approach to process the two datasets into crime 

information. At the beginning of page 3, subjects were informed that the context of 

the tasks on this page was the same as page 2. After that, subjects were provided 
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information as per Figure 8.26. The information on this page was processed by using 

the DPA approach. 

 

Figure 8.26 DPA output in case study 3’s questionnaire for subjects 

 

- Task section 

Subjects had to complete the three same tasks on each of page 2 and page 3 according 

to the page’s information. The tasks aimed to collect results for evaluating how the 

DPA approach affects police resource allocation decisions. 

For each of the tasks, subjects were provided with a hypothetical web-based 

crime map’s status by region. The subjects were then requested to allocate police 

resources to different regions according to a given hypothetical web-based crime 

map’s status.  
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Figure 8.27 shows an example task. In the questionnaire, the hypothetical 

web-based crime map’s status by region was different in different tasks. 

 

 

Figure 8.27 Example of the tasks in case study 3 

 

8.4.5   Results and discussion 

In total, a group of 14 members of the International Association of Crime Analysts 

comprised the subjects. The demographic background of the subjects is shown in 

Figure 8.28. 
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Figure 8.28 Demographic background of the subjects in case study 3 

Table 8.6 shows a comparison of average police resource allocation per 

WBCM status between part 1 (i.e. using the benchmark approach) and part 2 (i.e. 

using the DPA approach). The greater the value of WBCM’s status the higher the risk. 

In brief, according to the results, when subjects received DPA output, they assigned:  

(i) More police resources (on average) to the regions where the WBCM’s 

status was lower than average and  

(ii) Less police resources (on average) to the regions where the WBCM’s 

status was higher than average. 

We also found that, by comparing the results, the decisions made by subjects 

according to DPA output were more in line with suggested crime prevention 

guidelines. 
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WBCM’s  status Part 1 Part 2 Change 

1 12.262 13.810 13% 

2 11.905 13.214 11% 

3 14.286 13.929 -3% 

3 13.810 14.048 2% 

4 19.167 17.619 -8% 

5 18.571 17.381 -6% 

 

Table 8.6  Comparison of average police resource allocation per WBCM status between 
part 1 (i.e. using the benchmark approach) and part 2 (i.e. using the DPA approach) 

Given that the key difference between the benchmark output and DPA output 

was the lower levels of WBCM’s status and higher levels of WBCM’s status, t-tests 

were conducted in order to evaluate whether the differences of police resource 

allocation were significant. As per Tables 8.7 and 8.8 the results indicate that the 

differences were significant (at lower levels of WBCM’s status, the two-tail p-value 

= 0.09, while at higher levels of WBCM’s status, the two-tail p-value = 0.02). 

 

Table 8.7  T-test of difference between the benchmark output and DPA output at lower 
levels of WBCM’s status 
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Table 8.8  T-test of difference between the benchmark output and DPA output at higher 
levels of WBCM’s status 

 

In this case study, we compared DPA output provided from the DR model (i.e. 

module 4 of DPA system) against the benchmark output provided from a computer-

based spreadsheet. According to the results, making use of DPA output not only 

changed police resource allocation decisions significantly, but also the decisions were 

more in line with suggested crime prevention guidelines. 

  



251 
 

8.6   Summary 

Three additional case studies were reported in this chapter. The three additional case 

studies were conducted in order to further evaluate the Dynamic Pattern Analysis 

(DPA) system. Different methods, such as survey and clustering performance 

evaluation were used for different evaluation purposes. 

According to the evaluation results of the case studies, we found that making 

use of DPA output was better than making use of other benchmark output in different 

aspects, including accuracy of analysis (according to case study 1), police resource 

allocation (according to case studies 1 and 3) and clustering performance (according 

to case study 2). 

In case study 1, we invited fifteen non-local crime analysis professionals to 

participate in an online survey. We found that making use of DPA output enhanced 

the accuracy of analysis. Moreover, the results of the survey also indicated that 

making use of DPA output not only changed non-local professionals’ (i.e. subjects) 

police resource allocation decisions significantly, but also the decisions made were 

more suited to the local situation. 

In case study 2, we used a two-year theft-related dataset to create three 

transformed datasets in three different forms of temporal pattern. For each 

transformed dataset we conducted clustering. The clustering results were evaluated 

by using the measures (i) purity and (ii) genetic distance. We found that using the 
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DPA form of temporal pattern (i.e. cyclic temporal pattern) for clustering can create 

clusters with higher intra-cluster similarities and lower inter-cluster similarities than 

using other forms of temporal pattern. 

In case study 3, we invited fourteen crime analysis professionals to participate 

in an online survey. The results of the survey indicated that making use of DPA output 

not only changed their police resource allocation decisions significantly, but also the 

decisions made were in line with corresponding crime prevention guidelines. 

 

 

  

  



253 
 

Chapter 9  

Conclusions 

 

In this thesis, we reported a map-centric spatial-temporal crime pattern analysis 

system – Dynamic Pattern Analysis system (DPA system). This map-centric DPA 

system is an information system that comprises four modules for analysing different 

types of spatial-temporal crime pattern - including spatial-temporal crime patterns 

correlated with web-based crime maps. Moreover, the information and knowledge 

obtained from the four modules in the proposed system could be exchanged among 

analysts to achieve new useful insights.  

We summarise our contributions and reflect on possible future research 

directions in the following subsections. 

9.1  Summary of contributions 

On analysing the spatial-temporal crime pattern in the situation not involving 

WBCM 

We proposed three modules, called basic tendency analysis, spatial relation analysis 

and CS clustering. Basic tendency analysis provides a general view of the distribution 

of events over space and time. Spatial relation analysis allows users to identify spatial-

temporal patterns from different points of view. CS clustering allows users to identify 

spatial-temporal patterns based on calendar regularities. We showed experimentally 

that these modules generate findings that are easier to be interpreted. 
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Chapter 3 focuses on basic tendency analysis and spatial relation analysis. In 

the case study, we used these two modules to analyse a set of reported crime data for 

a district of Hong Kong and compared the identified patterns with some expectations 

of field experts and prior empirical studies for this kind of data and patterns. In line 

with expert predictions, we found strong correlations between school holidays and 

crime clusters. Moreover, in our dataset, we could not find obvious seasonal 

dependency. These findings are corroborated by related empirical crime studies. 

Chapter 4 presents CS clustering, a novel approach based on the calendar 

regularities of events to analyse spatial-temporal patterns. A case study, making use 

of a set of reported crime data for a district in Hong Kong, was presented to compare 

CS clustering with traditional clustering approaches. The results show that CS 

clustering can provide information which differs greatly from traditional clustering 

approaches. In addition, the groups created by CS clustering have higher intra-cluster 

similarities and lower inter-cluster similarities than traditional clustering approaches. 

On analysing the spatial-temporal crime pattern in the situation involving WBCM 

We conducted two international-wide research projects in order to provide a better 

understanding of the content and context of web-based crime maps. We studied the 

official websites of the police agencies in the world’s top 100 highest GDP cities, 

among which we found that 48 agencies provide WBCM on their official websites. 

Based on the findings, we summarised what are the functions generally provided in 

WBCM practice and what predictors are correlated with WBCM adoptions. 
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Chapter 5 reports our findings. We found that the functions provided in web-

based crime mapping are fewer than in most traditional crime mapping software. We 

believe that this is the first time that a study like this has been conducted, to review 

and to discuss the content of WBCM. With the current descriptive study, we have 

shed some light on the direction of WBCM-related studies. 

Chapter 6 discusses what predictors are correlated with the extent of WBCM 

adoption. We found that the data type of most of WBCMs is organised based on 

location-based approaches rather than object-based approaches. This means that most 

WBCMs show crime events distribution, but not the trajectories of moving objects. 

In addition, we found that recruit training hours is the most influential predictor. This 

finding might indicate that if a police agency adopts a wider extent of web-based 

crime mapping, they might also use more different crime analysis approaches 

(because they have more training). Therefore, a scalable system is necessary for 

integrating different crime analysis approaches. 

In Chapter 7, we introduced and investigated the use of the Dynamic Relation 

model (DR model). The DR model allows users to control general trends and periodic 

variations. Four types of dynamic relation (HI, HD, LI and LD), referring to different 

situations, could be identified by the DR model. The different types of dynamic 

relation could also be combined for analysing more complex spatial effects, such as 

displacement, aggregation, general increase and general decrease. In the case study, 

we showed experimentally that our proposed technique is applicable to collect, 

identify and evaluate dynamic relations related to the real world London crime map 
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data. The findings from the DR model are not only in line with established theory, but 

also explainable and actionable. 

On the DPA system as a whole 

Three additional case studies were reported in chapter 8. The three additional case 

studies were conducted from May to August 2015 in order to further evaluate the 

Dynamic Pattern Analysis (DPA) system. Different methods, such as survey and 

clustering performance evaluation were used for different evaluation purposes. 

According to the evaluation results of the case studies, we found that making use of 

DPA output were better than making use of other benchmark output in different 

aspects, including accuracy of analysis (according to case study 1), police resource 

allocation (according to case studies 1 and 3) and clustering performance (according 

to case study 2). 

 

9.2  Suggestions for Future Research 

We consider that the following future research directions are interesting and 

necessary.  

Currently, the DPA system consists of four modules. It could be extended to 

include more map-dependent analysis techniques in order to provide different views 

for analysts. One very interesting and challenging direction is to study how to 

integrate analysis techniques related to the topic “trajectories of moving objects”.  
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The DR model focuses on analysing dynamic relations, that is, analysing the 

interaction between spatial-temporal patterns and related cooperative intervention. 

This thesis focused on its application in analysing the effects related to web-based 

crime maps. However, it is possible to extend the use of DR model to other fields, 

such as traffic control, disease control or marketing.  

The development of web-based crime mapping (WBCM) is still in its infancy 

but the potential impacts of WBCM are many, such as on property price, business 

operations and of course crime prevention results. Simply put, the study related to 

web-based crime mapping is important. In Chapter 6 we found that the r2 values 

between extent of web-based crime maps and number of employee in phase one’s 

international sample and phase two’s U.S. sample were different. This may indicate 

that the cultural factor is a possible influence over web-based crime maps. With 

regard to this, we suggest that more predictors, such as other police quality measures 

and cultural factors, could be included in future studies. Second, we found a low 

variation of range of functionality across the identified websites using external service 

providers to support web-based crime mapping. This may indicate that the 

functionality of web-based crime mapping has developed toward a standard to meet 

market demand; nevertheless, more studies are required to address the related 

architecture design problems, such as what and why web-based crime mapping 

functions should be provided and what the possible impacts are of such functions. 

The concepts and the evaluation results of the DPA system were presented to 

the experts in the field for the purpose to obtain feedback for improving the DPA 
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system. In spatial-temporal crime analysis, a common concern is how to check and 

interpret the analysis findings. Some feedbacks from the experts suggested that 

different modules in the DPA systems could be used together in order to check (i.e. 

triangulate) the findings. Moreover, they also suggested that the study of “how to 

systematically triangulate the knowledge generated from different DPA system’s 

modules” would be useful in the field. Therefore, this would also be an important 

research direction for improving the DPA system. 

On the other hand, as suggested by Prof. Kien A. Hua, we are also studying 

the use of OLAP (Online Analytical Processing) as a tool in the proposed DPA system. 

The OLAP is valuable because of its flexibility – it can provide an interactive platform 

for analysts to study spatial-temporal crime patterns in different dimensions. 

Moreover, the “pointset” model is also a direction of future study for the proposed 

DPA system. 

Last but not least, we also plan to conduct cross-discipline research with a 

psychologist.  In recent years, eye tracking technologies have generated a great deal 

of interest in the psychology marketing sector. We consider that related eye tracking 

studies would provide new insights in regard to thematic web-based map design. For 

example, eye tracking studies can be used to find out in what way relevant messages 

(e.g. crime prevention message) should be located on a web-based map in order to 

catch the subject’s eyes. On this, we seek further collaboration with Dr Gareth 

Harvey, Programme Leader of BA (Hons) Marketing and Consumer Psychology, 

from Glyndwr University, U.K. to improve our DPA system.  
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Appendix 1: Survey of the DPA system (Case study 1) 

Information for Participants 

Invitation to Participate 

You are invited to participate in a research study on a crime analysis project.  The 

project aims to develop a new information system to support spatio-temporal crime 

analysis. We would very grateful if you could spare some time to respond to the 

survey. 

Completing the Survey 

This survey consists of two parts and involves using real crime data. In total, there 

are 4 tasks in this survey. You are free to complete the questions in your own time. 

Your Rights 

Your responses will be anonymous, unless you choose to leave your contact details 

for me to contact you. Your answers will be kept in a password protected virtual 

space, to which only the researcher will have access and the data will not be shared 

with third parties. 

Your participation is voluntary and you have the right to withdraw from this study at 

any time, without providing a reason. However, please be aware that due to the 

anonymity of the survey, once your questionnaire and informed consent have been 

submitted, it will not be possible to retrieve them. Submission of your online 

responses implies your informed consent to participate. 

Before starting this survey, please kindly provide following information (for statistics 

purpose only) 

Q1 Where do you currently reside? (Country) 

  

Q2 How many years of experience in policing / crime analysis you have? 
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PART 1 

Please use the information provided in sections 1.1 to 1.3 under the BACKGROUND 

(PART 1) to complete tasks 1and 2.  

What to do in task 1: suggest the area types of sub-districts A, B and C according to 

their major land uses.  

What to do in task 2: suggest how to allocate different policing teams to sub-districts 

A, B and C. 

 

BACKGROUND (PART 1) 

Section 1.1 Introduction 

Figure 1.1 shows a map of a complex urban district consisting of 6 sub-districts. 

Geographically, the district is a cape on the tip of a peninsula with a gross land area 

of approximately 1.3km2.  

 

The major land uses of the mixed area, hotel area and museum and public area are 

explained as follows: Mixed area: The area is host to mixed use commercial-and-

residential buildings. Many small shops and restaurants are located in the area. Hotel 

area: Mixed of top-rated luxury hotels and inexpensive guesthouses are located in 

hotel area. Museum and public area: Two major museums and a multipurpose 

performance facility are situated in this area. The waterfront of this area is a popular 

destination for locals and tourists alike.  
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* In task 1, you will be required to suggest the area types of sub-districts A,B and C 

according to their major land uses. 

 

Section 1.2 Theft-related crimes 

Figure 1.2 shows the monthly spatial distribution of theft-related crimes over the 

district from July to December.  

 

Figure 1.3 shows the trend of theft-related crimes from July to December.  

 

Section 1.3 School holidays 

There are two main school holidays during the period of study: the summer vacation 

and winter vacation. The summer vacation starts at around the beginning of July and 

lasts approximately two months. The winter vacation start at around the beginning of 

December and lasts for approximately one month.  
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TASKS (PART 1) 

Please complete tasks 1 and 2 according to the information provided in sections 1.1 

to 1.3 above. 

Task 1. Please match the sub-districts A, B and C to corresponding areas listed as 

follows. 

Commercial area: The area is predominantly commercial with many office buildings.  

Park area: The area is largely made up of a large park complete with swimming pools, 

an aviary and a sculpture garden. The park is a popular destination for locals. Only 

few tourists visit the park.  

Shopping area: The largest shopping mall of the city is located in this area. The area 

is also one of the most popular place in the city for tourists, teenagers and young 

adults. 

 

 

 

Task 2. Assume you are supervising three teams of plain-clothes patrols: team-5 

consists of 5 plain-clothes patrols, team-10 consists of 10 plain-clothes patrols and 

team-15 consists of 15 plain-clothes patrols. Suggest how will you allocate these three 

teams into different sub-districts during working days (i.e. non-holidays)? 
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*** Please don't go back to change above selections when you finished this PART. 
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PART 2 

Please use the information provided in sections 2.1 to 2.4 under the BACKGROUND 

(PART 2) to complete tasks 3 and 4.  

What to do in task 3: suggest the area types of sub-districts A, B and C according to 

their major land uses.  

What to do in task 4: suggest how to allocate different policing teams to sub-districts 

A, B and C.  

 

BACKGROUND (PART 2) 

In BACKGROUND (PART 2), the information provided in sections 2.1 to 2.3 are 

exactly the same as the information provided in sections 1.1 to 1.3 in 

BACKGROUND (PART 1), except for the numberings of sections and figures. 

Additional information are provided in section 2.4.  

Section 2.1 Introduction 

Figure 2.1 shows a map of a complex urban district consisting of 6 sub-districts. 

Geographically, the district is a cape on the tip of a peninsula with a gross land area 

of approximately 1.3km2.  

 

The major land uses of the mixed area, hotel area and museum and public area are 

explained as follows: Mixed area: The area is host to mixed use commercial-and-

residential buildings. Many small shops and restaurants are located in the area. Hotel 

area: Mixed of top-rated luxury hotels and inexpensive guesthouses are located in 

hotel area. Museum and public area: Two major museums and a multipurpose 
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performance facility are situated in this area. The waterfront of this area is a popular 

destination for locals and tourists alike. * In task 3, you will be required to suggest 

the area types of sub-districts A,B and C according to their land uses. 

Section 2.2 Theft-related crimes 

Figure 2.2 shows the monthly spatial distribution of theft-related crimes over the 

district from July to December  

 

Figure 2.3 shows the trend of theft-related crimes from July to December.  

 

Section 2.3 School holidays 

There are two main school holidays during the period of study: the summer vacation 

and winter vacation. The summer vacation starts at around the beginning of July and 

lasts approximately two months. The winter vacation start at around the beginning of 

December and lasts for approximately one month.  

 

Section 2.4 Additional Information 
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Three sets of additional information are provided as follows: i) during the year, the 

spatial theft-related crime patterns (i.e. theft-related crimes distribution over the 

district) of July and December are most similar to each other. ii) More than 96% of 

theft-related crimes in the two clusters per figure x (highlighted in red) were occurring 

during non-holidays.  

 

iii) The temporal theft-related crime patterns (i.e. the theft-related crime happening 

times) in the area B and the other areas are different. 
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TASKS (PART 2) 

Please complete tasks 3 and 5 according to the information provided in sections 2.1 

to 2.3 AND the additional information provided in section 2.4 above. 

Task 3. Please match the sub-districts A, B and C to corresponding areas listed as 

follows.  

Commercial area: The area is predominantly commercial with many office buildings.  

Park area: The area is largely made up of a large park complete with swimming pools, 

an aviary and a sculpture garden. The park is a popular destination for locals. Only 

few tourists visit the park. 

Shopping area: The largest shopping mall of the city is located in this area. The area 

is also one of the most popular place in the city for tourists, teenagers and young 

adults. 

 

 

Task 4. Assume you are supervising three teams of plain-clothes patrols: team-5 

consists of 5 plain-clothes patrols, team-10 consists of 10 plain-clothes patrols and 

team-15 consists of 15 plain-clothes patrols. Suggest how will you allocate these three 

teams into different sub-districts during working days (i.e. non-holidays)? 
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*** Please don't go back to change above selections when you finished this PART. 

 

THANK YOU VERY MUCH! THIS IS THE END OF THIS 

SURVEY 
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Appendix 2: Survey of the DPA system (Case study 2) 

Information for Participants 

Invitation to Participate 

You are invited to participate in a research study on a crime analysis project.  The 

project aims to develop a new information system to support spatio-temporal crime 

analysis. We would very grateful if you could spare some time to respond to the 

survey. 

Completing the Survey 

This survey consists of two parts and involves using real crime data. In total, there 

are 6 tasks in this survey. You are free to complete the questions in your own time. 

Your Rights 

Your responses will be anonymous, unless you choose to leave your contact details 

for me to contact you. Your answers will be kept in a password protected virtual 

space, to which only the researcher will have access and the data will not be shared 

with third parties. 

Your participation is voluntary and you have the right to withdraw from this study at 

any time, without providing a reason. However, please be aware that due to the 

anonymity of the survey, once your questionnaire and informed consent have been 

submitted, it will not be possible to retrieve them. Submission of your online 

responses implies your informed consent to participate. 

Before starting this survey, please kindly provide following information (for statistics 

purpose only) 

Q1 Where do you currently reside? (Country) 

  

Q2 How many years of experience in policing / crime analysis you have? 
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PART 1  

Please use the information provided in sections 1.1 to 1.2 under the BACKGROUND 

(PART 1) to complete tasks 1 to 3.  

What to do in tasks 1 to 3: suggest how to allocate different policing teams to different 

regions according to corresponding information on the web-based crime map.  

 

BACKGROUND (PART 1) 

Section 1.1 Introduction 

A web-based crime map is used by a city’s police force as a crime prevention tool. 

The web-based crime map is a web-based solution that visualizes crime information 

on a digital map and is freely accessible by the public. On the web-based crime map, 

the city is divided into 624 regions. The web-based crime map shows monthly crime 

status on region basis, each region is colour coded to show how its crime rates 

(previous month) compare to the average (previous month) for the city. Five ranges 

are used on the map, including: (1) higher than the average, (2) above the average, 

(3) average, (4) below the average, (5) lower than the average in the period. For 

simplicity, only 6 regions (out of 624 regions) were selected in this survey.  

Section 1.2 Crime counts and related information 

Figure 1.1 shows the monthly counts of non-residential burglaries of the 6 selected 

regions from August 2008 to July 2010. Figure 1.2 shows the monthly crime status 

(based on the region's crime rate in previous month) on the web-based crime map of 

the 6 selected regions (crime status in short in the rest of this survey) from August 

2008 to July 2010.  
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TASKS (PART 1) 

Please complete tasks 1 to 3 according to the information provided in sections 1.1 and 

1.2 above. 

Tasks 

Six special teams were set up for supporting the web-based crime map project. A brief 

information of these six teams are as follow: 

 

 

 

1) Assume the web-based crime map’s status by region in Month X are shown below, 

please suggest how you will assign the six special teams to different regions (you can 

assign only one team to each region).  
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2) Assume the web-based crime map’s status by region in Month Y are shown below, 

please suggest how you will assign the six special teams to different regions (you can 

assign only one team to each region).  

 

 

3) Assume the web-based crime map’s status by region in Month Z are shown below, 

please suggest how you will assign the six special teams to different regions (you can 

assign only one team to each region).  

 

 

 

*** Please don't go back to change above selections when you finished this PART. 
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PART 2 

Please use the information provided in sections 2.1 under the BACKGROUND 
(PART 2) to complete tasks 4 to 6.  

What to do in tasks 4 to 6: suggest how to allocate different policing teams to different 
regions according to the corresponding information on the web-based crime map.  

 

BACKGROUND (PART 2) 

The case background of PART 2 are the same as the case background introduced in 
section 1.1. 

Section 2.1: Further analysis and findings 

Based on the crime counts and related information shown in section 1.2, a further 
analysis founds that there are two key rules as follows:  

1) When the monthly crime status of a region was shown as LOWER than average 
(i.e. colour-coded as “dark blue”), there was a 82% chance that the region's crime 

counts would INCREASE in next month. 

 

2) When the monthly crime status of a region was shown as HIGHER than average 

(i.e. colour-coded as “red”), there was a 54% chance that the region's crime counts 

would DECREASE in next month.  
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TASK (PART 2) 

 

Please complete tasks 4 to 6 according to the information provided in section 2.1 

above. 

 

Tasks 4 to 6 

Six special teams were set up for supporting the web-based crime map project. A brief 

information of these six teams are as follow: 

 

 

4) Assume the web-based crime map’s status by region in Month X are shown below, 

please suggest how you will assign the six special teams to different regions (you can 

assign only one team to each region).  
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5) Assume the web-based crime map’s status by region in Month Y are shown below, 

please suggest how you will assign the six special teams to different regions (you can 

assign only one team to each region).  

 

 

6) Assume the web-based crime map’s status by region in Month Z are shown below, 

please suggest how you will assign the six special teams to different regions (you can 

assign only one team to each region).  

 

 

*** Please don't go back to change above selections when you finished this PART. 

 

THANK YOU VERY MUCH! THIS IS THE END OF THIS 

SURVEY 
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