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ABSTRACT
This research contributes to developing mdeke! crime and collision prediction models
using a new method designed to handle the problem of spatial dependency etidpmreron in

zonal data.

A geographically weighted Poisson regression (GWPR) maael geographically
weighted negative binomial regression (GWNBR) model were used for crime and collision
prediction. Five years (2062013) of crime, collision, traffic, socidemographic, road inventory,
and land use data for Regina, Saskatchewan, Camadaused. The need for geographically
weighted models became clear when Moranods |
levels of spatial dependency. A bandwidth is a required input for geographically weighted
regression models. This resea tested two bandwidths: 1) fixed Gaussian and 2) adaptive bi

sqguare bandwidth and investigated which was

Three crime models were developed: violent,-mment and total crimes. Three collision
models were deveped: fatalinjury, property damage only and total collisions. The models were
evaluated using seven goodness of fit (GOF) tests: 1) Akaike Information Criterion, 2) Bayesian
Information Criteria, 3) Mean Square Error, 4) Mean Square Prediction Errorab) Rtediction
Bias, and 6) Mean Absolute Deviation. As the seven GOF tests did not produce consistent results,

the cumulative residual (CURE) plot was explored.

The CURE plots showed that the GWPR and GWNBR model using fixed Gaussian
bandwidth was the bietr approach for predicting zonal level crimes and collisions in Regina. The
GWNBR model has the important advantage that can be used with the empirical Bayes technique

to further enhance prediction accuracy.



The GWNBR crime and collision prediction moslelere used to identify crime and
collision hotzones for simultaneous crime and collision reduction in Regina. The research used
total collision and total crimes to demonstrate the determination of priority zorfesdised law
enforcement in Regindour enforcement priority zones weidentified. These zonaver only
1.4% of the Cityds area, but account for 10.
research advances knowledge by examining hotzones at aleaerand suggesting zones whe

enforcement and planning for enforcement is likely to be most effective and efficient.
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CHAPTER 1:INTRODUCTION

1.1 Problem Statement

Keighley (2017) found thahere were about 1.9 million police reported crime incidences
in 2016 across Canada. This number was approximately 27,700 more than the 2015 crime
incidences.Interestingly, the Crime Severity Index (CSI), which is defined as the number of
incidences per 100,000 population, for violent crimes across the entire country was unchanged at
75.3 for both 2015 and 2016. Although the total number of poéiperted vioént crimes
decreased slightly (1% reduction) in 2016, certain types of violent incidences increased. These
include sexual harassment (combined total of +36% for sexual violation against children and
aggravated sexual assault), assault involved with thefuseapons causing bodily harm (+1%),
assault (+3%), and aggravated assault (+1%). These statistics demonstrate the need to increase our

efforts to reduce the number of violent crimes in our society.

Importantly, the number of reported thefts of $5,000 or under and the number of fraud
crimes were 14% higher than in 2015 and contributed to the increase seen in totialaerdn
crimes while all other types of property crimes remained similar. Ovéralhdtional average CSI

for Canada rose from 70.1 in 2015 to 71 in 2016, an increase of about 1%.

Among Canadadés provinces, Saskatchewan had
by 9% for total crimes. Saskatchewan was closely followed by Man({td8aincrease of 8%).
Among major cities in Canada, Regina, the capital of Saskatchewan, recorded the highest CSl in

2016.

The large number of crimes has impacted our society greatly and is costly for individuals,

community and the country as a whole @dlister et al., 2010; Soh, 2012). In 2014, Canada

1



spent $85 billion on crime control with more than half (about $48 million) going to victim loss to
crimes (Easton et al., 2014). Whil e Kaghldy, % i nc
2017 may imply the cost of crimes must also be on the rise, the cost may vary by municipality
(Moon et al., 2014). Efforts to minimize the societal cost of crimes need to be on going (Moon et

al., 2014).

Other serious societal problems faced by our communiigdsde injuries, loss of life, and
loss of property due to traffic collision$raffic collisions increase withigher dependency on
automobiles and with increases in household vehicle ownetsaiprizzaman et al., 201.3The
easyofusecdiut omobi l es coupled with automobil esd a:
to destinations have made vehicles an important part of our lives. This phenomenon has
substantially influenced individual,pélutibni f est vy
and, most importantly, increased numbers of traffic collisidtisn(and Ulfarsson, 2008
Fatalities from traffic collisions rank high among the leading causes of preventable death in many
countries worldwide Ehagyaiah and Shrinagesh, 2D174raffic collisions are among the top
causes of accidental death in Canada (Statistics Canada, 2018) and thus can be considered a serious

public health concern (Mayhew et al., 2004)

The World Health Organization (WHO, 2018) reported that over 1.25 millioplpdose
their lives every year due to traffic collisions. In particular, traféilated fatalities are the leading
cause of death among young adults. It is estimated that persons aged 15 to 44 account for 48% of
deaths involving traffic collisions globg. This estimate is very close to recently released statistics
for 2016 (Transport Canada, 2016). Outiaf 1,898 reported fatalities involving traffic accidents,
persons aged 15 to 44 accounted for about 46 % of total fatalities. Interestingly,eregeagnoup

accounted for 53% of the 10,333 serious injuries that occurred during the same period.



Saskatchewan has the highest traffic fatalities rate (10.9 per 100,000 population) for all provinces
and territories in Canada. most countries, road tratf collisions account for about 3% of the

Gross Domestic ProdudiHO, 2018).

The simultaneous occurrence of crimes and collisions is a real concern for law enforcement
authorities. Enforcement authorities are trying to minimize the adverse impactnafscand
collisions to our societies, and proactive policing strategies are being sought. A proactive approach
to policing requires predictive techniques that can identify crimes and collision locations or areas
and then identify hotspots, i.e. locatione&s where high numbers of incident occurrences are

expected.

Various predictive policing strategies have been developed. These include community
policing (Gill et al., 2014; Reisig, 2010), hotspot policing (Leigh et al., 2017; Ratcliffe, 2004),
smart polcing (Coldren et al., 2013), and ubiquitous crime prevention system (UCPC) (Moon et
al., 2014). These techniques are known as probleemted policing among enforcement
authorities and are designed to use rational and evidessel analysis to addressesific
problems (Eck and Spelman, 2016). Most of the techniques focus independently on areas
generating a high number of crimes and areas generating a high number of collisions. These
various techniques are predictive and considered more to result ineffextve enforcement
tactics than the traditional law enforcement tactics (e.g. 911 calls and random patrols) used by

police services (Weisburd et al., 2010).

The concept of predictive policing has been advanced by the National Highway and Traffic
SafetyAdministration (NHTSA) since 2008. Predictive policing takes into consideration the idea

that crime and collision occurrences are linked by place related factors such as demography, land



use, and socioeconomics. The NHTSA approach is known as the Data Bpproach to Crimes

and Traffic Safety (DDACTS).

DDACTS focuses on simultaneous crime and collision reduction to present a combined
set of operational enforcement tactics. The approach stems from the need for enforcement
authorities to maximize limitecesources by optimizing their services and associated operational

costs (Wilson and Heinonen, 2012; Carter and Piza, 2017).

This dissertation assisted in the development of DDACTS enforcement tactics by using
advanced rigorous scientific techniques thance methods used to determine DDACTS target

areas for enforcement.

1.2 Research Motivation

Traditional law enforcement strategies rely on 911 calls and random patrols to bring about
a reduction in crimes and traffic collisions. As traditional law enfoex@ tactics are reactive
(crimes and collisions must occur at a place before enforcement is deployed), a reactive approach
may not be the most effective way to employ limited enforcement resources to prevent crimes and
collisions. The recognition of thenitations of traditional enforcement tactics based on 911 calls
and random patrols has led to the development of predictive policing strategies which require the
prediction of crime and collision prone locations so that enforcement can be deployedhsefore

occurrence of crimes and collisions.

DDACTS is now a popular and commonly used predictive policing strategy in North
America.DDACTS is based on the understanding that both crimes and collisions are influenced

by place characteristics. Hence, it hagib widely described as a plaz@sed methodology for



crime and collision reduction (Alpert and Lum, 2014; Burch and Geraci, ZD@9p p 2014a

Rybergetal., 20148t ust er @akyieadl., 20182010 ;

Over the past decades, studies have shown a relationship between the prevalence of crime
and the prevalence of traffic collisions. The recognition of this relationship formed the basis for
the DDACTS concept. Research findings have established the conneetiveen crime and road
safety using behavioural characteristics of individuals, i.e. the behaviour of persons on and off
roadways is likely to be the same. Those who drive aggressively on roadways are likely to be anti
social and likely to be involvedchicriminal activities. Other research that has linked crime to
collisions has employed an assumption that a spatial correlation between these two variables exists
(Kuo et al., 2011; Adel et al., 2016). CastifManzano et al. (2015), for instance, repottet the
spatial relationship results from common seecmnomic and demographic factors. Recent studies
have revealed that some places attract individuals who are likely to be involved in criminal
activities or get involved in traffic violations that ddyresumably lead to traffic fatalities (Cook

2012; Sweeney, 2009; Takyi et al., 2018).

These studies point out that there may be some rough areas in a city where a high number
of crimes and a high number of collisions occur simultaneously. Propetistéh@salysis using
selected characteristics can throw additional light on such areas. Eventually, we want to be in a
position to predict areas likely to experience a high number of both crimes and collisions. Despite
the now demonstrated relationship vbeén crime and traffic collisions, no theory exists in
environmental criminology or transportation engineering to establish the expected spatial clusters

(Carter and Piza, 2017).

The recognition of the spatial clustering of location of crimes and colisroour modern
society has, however, led to the establishment of DDACTS tactics. DDACTS conducts analysis to

5



determine hotspots and commonly uses kernel density estimates (KDE) to produce a map to
visualize the spatial distribution of crimes and collisi@cross a study area (Gerber, 2014). KDE

uses a bandwidth (i.e., a spatial boundary) as an input to determine the area of the planar surface
i.e., the 2dimensional geographic surface considered in evaluating the prevalence of crime and
collisions. The KOE technique considers an area or location to be risky if the density of target
events (in our case, the number of crimes or collisions) exceeds certain threshold value depending
on the optimal bandwidth selected (Yu et al., 2014). Based on the riskiglotérthe events,
hotspots are determined and used to visualize clusters of events over the continuous geographic

surface (Vemulapalli, et al., 2017).

It is generally accepted that crime and traffic collisions are seldomly random events in
space (Xie andran, 2008; Highway Safety Manual, 2010). Occurrences of these events are
influenced by certain pladeased characteristics. For example, the sdeimographics and the
land use of an area significantly influence the number of crime occurrences. Thaesedaapled

with vehicular traffic volume also impact the number of collisions.

The current DDACTS approach, due to its reliance on density estimation, assumes the
homogeneity of the -Bimensional space, i.e., uniformity of space. This assumption can be
regarded as problematic as factors that influence crimes or collisions are not homogeneous over
geographic space (Xie and Yan, 2008). The sociodemographic and land use characteristics that
give rise to crime events over geographic spaces are not unifoistriputed. Also, the vehicle
kilometers travel (exposure to traffic collision) are not homogeneously distributed across
geographic units. Spatially, the outcomes form clusters consistent with crime and collision
occurrences. Areas with poor so@oconomic conditions are expected to have high crime

incidences. The same applies to exposure (i.e. population) for crimes but most importantly, the



same land use can serve as attractors and generators for crimes and collisions at the &tea level.

assumption ofiniformity neglects the social dynamics that create hotspots.

Closely related to the assumption of uniformity in space is the assumption that future crime
and collision occurrences will take place near the past event, but the assumption that future events
will occur near past ones is not guaranteed. This is because crimes and collisions can be displaced
or move to another area due to the influence of various factors such as thecsocmics,
demographics, land use, and enforcement. Spatial displaceaefentsd to as spatial dependency)
can contribute to random variation in the number of crimes and collisions. This issue could lead to

the misidentification of hotspots.

Current DDACTS techniques also require a large historical database for hotspots to be
determined. This requirement implies that DDACTS analysis cannot be done in places without
abundant data and that any conclusion drawn on limited data could be ambiguous. Also, the over
dependence of DDACTS methods on a large amount of data suggeshtkadru collisions must
happen repeatedly at a location before that location is identified as a hotspot. In addition, when
these hotspots are determined, there are no statistical methods for determining the validity of the
prediction made (Gerber, 2014 urthermore, the hotspots identified are a local description for a

geographic zone which cannot be used to describe another geographic zone.

Importantly, we see that current DDACTS methods do not allow for factors that influence
crime and collisions to besad in hotspot determination. The methods used do not take into
consideration factors that gives rise to certain incidences over the geographic surface (Kloog et al.,
2009 and results irthe static nature of the hotspots identified and the inabilityedigtr future

hotspots. While the displacement of crime and collisions can occur due to similarities in the

characteristics of the soe@c onomi cs and | and wuse of -proxim
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consideration of the spatial dependence structure is cureehthtation. Events like crimes and
collisions are the consequence of several interacting characteristics of a place, but DDACTS only
considers location coordinates in the determination of hotspots and the approach is not predictive

in nature.

These comments present some common but largely ignored limitations of the current
DDACTS technique. Crime and collisions occurrences are not independent of social factors such
as land use, demographics and s@monomics. As a result, one of the major limitatiohshe
existing DDACTS approach is that it is hard to use it to support policy orraorge planning
level decisions. Although current DDACTS tactics are designed largely for use as operational level
enforcement tactics, improved DDACTS tactics can pbs$ib used to assist in policy or the
long-range planning level of enforcement decisions if DDACTS tactics can-foennelated to

use the predicted occurrence of crime and collisions to determine the hotspots.

The research discussed in this dissertatmmtributes to the improvement of the existing
DDACTS approach such that DDACTS can be used not only for operational level enforcement
tactics, but also for policy and planning level enforcement tactics. This could be achieved by using
a scenaridbased foecast that compares both the base year and the future year scenario using a

predictive model. However, a model developed using the base year information is required.

Improved DDACTS tactics that can be used for long range enforcement planning
enforcement & be done at a maelevel (zonallevel) only. This is simply due to the current
technical ceiling, i.e., no technical tool that can predict the exact location of individual crimes or
collisions is available to us. As a result, this dissertation condi¢spot determination at the
macro level using aggregated information such as stemeographics and land use for each zone

to identify crime and collision hotspots. Madevel analysis allows aggregated variables (such as
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demographics and land use) tlatect crime and collisions to be incorporated and used to
understand the reasons for hotspot occurrences in different areas.-l®l@tranalysis also
facilitates prediction of potential future hotspots by considering spatial dependency. However,
accouning for spatial dependence requires the use of an advanced spatial statistical technique.
Nowadays, a popular spatial model for capturing spatial dependence in data is the geographically

weighted regression model.

1.3 Research Goal and Objective

The goal of this research was to develop mderel prediction models to enhance DDACTS
methodology and the determination of hotspots that can then be used foaigegenforcement

planning and policy development.

The specific objectives of this researchrevto:

1. Develop macrdevel prediction models for crimes and collisions using (a) Geographically
Weighted Poisson Regression (GWPR) and (b) Geographically Weighted Negative
Binomial Regression (GWNBR) to overcome spatial dependency in crime and collision
daa;

2. Evaluate the impact of bandwidth choice between (a) fixed Gaussian and (b) adaptive bi
square on the fitting performance of the GWPR and GWNBR models;

3. Suggest a rigorous way of choosing the best fitting GWPR and GWNBR model; and

4. Determine DDACTS hotsyis for crimes and collisions at the matgwel to improve the

efficiency of enforcement deployment efforts.



1.4 Study Design

This research focuses on the analysis of crime and collisions hotspots, i.e., locations or
areas where a high number of crime aotlisions incidences is likely to occur. The research
considers the development of predictive models of crimes and collisions at thelevatnaot
only to use at the operational level of enforcement tactics, but also for use in planning and policy
levd decisions involved in enforcement deployment. The approach can also be regarded-as a long

range safety planning exercise for transportation safety professionals.

Long range safety planning models, otherwise known as rh@web prediction models,
enableplanners to develop empirical tools for proactive safety study. The goal of the development
of such models is to provide safety evaluation tools that proactively evaluate the safety levels of
regions such that appropriate countermeasures (in this caseeanémt) can be provided. The
approach involves the development of models at the maceb to capture the relationship that
exists between a variable of interest (i.e., crimes and collisions in our case) and other aggregated
level variables that exist #ite macredevel (Hadayeghi et al., 2010). Long range planning models
such as macktevel crime and collision prediction models help us to understand important

variables that influence the occurrence of the variables of interest (Siddiqui et al., 2012).

The application of macrtevel prediction models using maeevel variables helps to
explain variation in crime and collisions. Variables include demographic,-sooimomic, land
use and trafficelated variables. These variables are often required thiees is a need to relate
the safety of an area to madevel information. Also, such models are useful when there is a need
to regularly evaluate the safety level of a region and provide countermeasures to bring about a

reduction in the incidences thatake an area unsafe (Xu et al., 2014). The use of Aeeb
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models has been gaining attention in crime and collision studies. Statistical methods have also
evolved to overcome challenges such as spatial dependency and heterogeneity that might arise
with their use. Models that take these issues into consideration offer the advantage of improved
precision by considering neighbouring site influences on the occurrence of crime and collisions.
Apart from allowing for incorporation of correlates in predictiorgcrelevel models can help in

the identification of hotspots (Dong et al., 2016).

In this dissertation, areas with a high incidence of crime and collisions are referred to as
hotzones. Hotzones are areas with a high need for enforcement prioritizédiog. the term
hotzone was necessary in this dissertation to ensure consistency since the analyses were done at a

macrolevel using the traffic analysis zone as the geographic unit of analysis.

1.5 Research Scope

The research described in this thesis develops rteeebprediction models that facilitate
incorporation of aggregated level variables into the determination of hotzones. The models used
are the geographically weighted Poisson regression (GWPR) modethangeographically

weighted negative binomial regression (GWNBR) regression.

The researcimakes a case for the development of spatial models, i.e. the GWPR and
GWNBR regression, due to the violation of the assumption of the independence of observation
(tested using Moran 1). From a scientific perspective, it is expected that the negative binomial
regression will underperform as the required assumption was not met. It has been reported that the
GWPR models that takes the form of a Poisson regression fautped with the earlier stated
assumption relaxed and fits better than the negative binomial model (Li et al., 2013). It also appears

very unlikely that the negative binomial regression will outperform the GWNBR models. As a
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result, the negative binomialas not compared with the spatial counterparts. The spatial variant
known as the GWNBR models was compared with the alternatively used GWPR. Thus, this
research demonstrates the sophistication of the GWNBR over the negative binomial regression in

terms of he assumption on which it is formulated.

The scope of this research is limited to extending the concept of DDACTS to-levaelro
hotzone determination to facilitate both operational enforcement anerdogg planning and
policy formulation.The models desloped are similar to travel demand models that could be used
for forecasting the future number of collisions at a zonal level by considering anticipated changes
that could affect the input variables. However, forecasting future crimes and collisiomegequ
anticipated/projected changes to be included in the input variables. These changes can be
determined by city officials and incorporated into the preferred GWNBR models. The models
developed provide tools for examining future crime and collision incelscenarios. Thus, this
research shows the use of GWNBR models developed at a-fagerdor DDACTS hotzone
identification considering our base year (2013) with findings that could be extended to forecast

future scenarios.

1.6 Dissertation Structure

The second chapter conducts an extensive review of the literature on current crime and
traffic enforcement strategies. The chapter also discusses an alternative approach to hotspot
determination using macilevel prediction models. Different levels of aggregas are identified,
and the unit preferred by transportation safety professionals is emphasized. Likely challenges that
characterize aggregated data analysis are discussed, and methods for overcoming them are

evaluated. Chapter two also discusses varsbagstical approaches that have been explored in
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crime and collisions prediction including their application, advantages, limitations, and recent

advancements.

The third chapter focuses on the approach proposed for the identifications of hotzones for
crime and collisions at the maelevel. The chapter explains the source of data, the crime types
and collision severity considered, the cri me

with a high incidence of crime and collisions can be determined tise predicted values.

Chapters four, five and six are the main components of this dissertation. The chapters
review the questions addressed, the data used, and the methods applied. The chapters present a
comparison and evaluation of the methods uséé. discussion is followed by the conclusions

drawn from the analysis.

In particular, chapters four and five discuss the prediction models developed for crime and

collisions.

Chapter four is concerned with the collision database and the collision prediaidels
developed for the City of Regina, Saskatchewan using sleriographic and land use data
aggregated into traffic analysis zon@8WVPRandGWNBRmo d el s ar e devel oped,
predictive performance using two bandwidth types (fixed Gaussidnadaptive bsquare) is

rigorously tested.

Chapter five is concerned with the crime database and the crime prediction NBAEIR
andGWNBRmodel s are developed, and the model sdé pr
types (fixed Gaussian and adaptivesuare) is rigorously tested. TI@NVNBR model was
combined with the empirical Bayes method to identify areas of concern for violembamblent

crime and to address the issue of regrestidghe-mean.
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Chapter six focuses on the application of the models in the identification of crime and

collision hotspots in the City of Regina. The empirical Bayes technique is discussed.

Chapter seven provides a summary, a set of conclusions drawn from the research,

recommendations, and directions for future research.

Figure 11 presents a graphic showing the structure of this dissertation.

CHAPTER 1: INTRODUCTION

!

/ CHAPTER 2: LITERATURE REVIEW

)

CHAPTER 3: RE SEARCH DATA AND MODELLING R TOTAL COLLISION
METHODS

l | - FATAL INJURY COLLISION

CHAPTER 4: MACRO-LEVEL COLLISION MODELLING
\ PROPERTY DAMAGE ONLY (FDO)

l COLLISION
R TOTAL CRIME
CHAPTER 5: MACRO-LEVEL CRIME MODELLING |
> VIOLENT CRIME

!

CHAPTER 6: MACRO-LEVEL PREDICTION OF
OVERLAPFING CRIME AND COLLISION HOTZONES e NON-VIOLENT CRIME

!

CHAPTER 7: CONCLUSIONS, REE COMME NDATION
\ AND FUTURE DIEECTION

Figure 2-1: Dissertation Structure
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CHAPTER 2:LITERATURE REVIEW

This chapter begins by discussing DDACTS guidelines and principles. It evaluates two
perspectives, micrtevel and macrdevel, to determine areas with a high incidence of crime and
collisions. The various units available for mategel analysis are higighted and the popularly
used units among transportation engineers are emphasised. This chapter also reviews technical
challenges associated with developing mdexe| crime and collision prediction models, such as
the problem of spatial dependency. Regrento-themean problems, which can lead to
misidentification of peak periods or seasons for high crime and collisions and inaccurate
identification of peak locations (due to random variation) if not accounted for, are discussed. The
chapter also discass modelling techniques such as global models (e.g., Poisson, Poisson Log
normal, and negative binomial) that use fixed parameters to describe relationships across
geographic space. The main limitations of the global regression model, e.g., not acdounting
spatial dependency, are emphasised. The spatial models for modelling spatial dependency are
discussed, but the focus is placed on the geographically weighted regression models because these
models are suitable for count data and can account for Isgppiendency. Also discussed is the
importance of bandwidth to the geographically weighted regression model. Two of the most
advanced techniques for adjusting for the regregsithe-mean bias problem in the identification

of hotspots or hotzones aredalissed and thoroughly compared in this chapter.

2.1 Data Driven Approach to Crimes and Traffic Safety (DDACTS)

Nowadays, many enforcement authorities are having trouble combating the problem of
traffic collisions and criminal activities due to increasinglget cuts (Maggard and Lung, 2009).
For example, enforcement strength (measured as the number of police per 100,000 population) in
Canada decreased by 1% in 2017 marking six years of decline and the lowest rate since 2004
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(Conor, 2018). The decrease dam attributed to budget cuts in enforcement resources across
different provinces. For instance, Regina, the capital city of the province of Saskatchewan, had a
low enforcement operating budget in 2016. About 89% of the approximately $81 million total
operding budget was allocated to wages of service officers and only 8 more officers were added
(City of Regina, 2016). Despite the demand for operations continuing to increase, the number of
enforcement personnel is not increasing and may not ensure theoafetymunities in Regina.

Thus, a proactive approach is needed to effectively use available personnel in combating crime

and collision occurrences. The popularly sought approach is DDACTS.

DDACTS is a law enforcement tactic and strategy developed collaboratively between the
United States Institute of Justice (NIJ), Bureau of Justice (BIJ) and National Highway and
Transportation Safety Administration (NHTSA). It aims at the simultaneoustredwd crime
and collisions (Burch and Geraci 2009; Cook 2012; Lopez et al., 20dBarrell et al., 2014;
NHTSA, 2009). DDACTS incorporates crime and collision locational data to establish the
appropriate strategy for deploying resources using spatidysas (kernel density) to determine
high crime and collision areas. Through high visibility of enforcement in target areas, enforcement
activities aimed at crime and collisions reduction are increasingly guided to make a more

significant impact (Carrickteal., 2015; Lopez et al., 2018).

DDACTS focuses on crime and collision data integration for effective planning of
enforcement operations (Chen et al., 2016). It provides a solution to the struggle of enforcement
authoritieswith limited budgets to respdrio high demand for service in a fashion that address the
problems of both crime and collisions (Cook, 20¥2jstros, and Schneider IV, 2017). It helps in
maximizing the strained budget of law enforcement through a focus on the most reliable target(s)

(minimized geographic focus) and the deployment of resources to locations or areas of priority
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(HabermarR017; Weisburd, 2008). Through intensive enforcement on focus areas, crime and
collisions are reduced leading to improved accountability and more efacse of resources

(Cook, 2012).

The DDACTS approach considers the social menace of crime as primary while traffic
safety is secondary. The current DDACTS approach used by enforcement relies on density
estimation for hotspot mapping. It requires sepdratspots for crime and collisions to be created.
Through superimposition of these hotspot maps, priority locations (defined as locations or areas
with a concurrent high incidence of both crime and collisions) are selected for law enforcement

deployment.

According to McClure et al. (2014), DDACTS is founded on principles and guidelines that
facilitate its deploymengigure 21 shows the seven DDACTS guiding principles that are

designed to facilitate the effective deployment of limited resources.

1 2 3 4
PARTNERSHIP AND / 4 e STRATEGIC
STAKEHOLDERS DATA COLLECTION DATA ANALYSIS OPERATIONS
PARTICIPATION
7 6 5
¢/~ MONITORING, INFORMATION
OUTCOMES EVALUATION AND SHARING AND
. ADJUSTMENTS / OUTREACH

Figure 2-1: DDACTS Guiding Principles

(Adapted from NHTSA, 2009

The DDACTS principles are:

Partnership and stakeholder participatioiCollaboration between community agencies and

stakeholders is critical t&DACTS analysis. Through the participation of stakeholders, easy
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access is granted to data such as crime and collision data that are often collected by diverse
agencies within the same jurisdiction. Collaboration enables analysis of data to identifynproble
areas. Also, stakeholder collaboration helps promote DDACTS implementation. It also provides
grounds for the assessment of the impact of DDACTS through feedback on the potential impact

of DDACTS in improving public safety.

Data collection:DDACTS requirs the collection of data such as confidential crime details, police
authority crime classifications, and codes of enforcement within a participating jurisdiction.
Traffic collision details of location(s) and person(s) involved are also collected. Infomadiout

the causative factor at the midevel and location coordinates of where crimes and collisions

occur are also collected.

Data analysis/Analysis of data provides insights into problem areas where jurisdictions or cities
can develop the appropte strategies to reduce the occurrence of crime and collisions. Problem
areas in DDACTS enforcement refer to the areas referred to as hotspot (hotzone #ewehcro
analysis) where high numbers of crimes and collisions occur. The analysis usually used to

determine these areas relies on GIS density estimation techniques.

Strategic operationsThis principle uses the data analysis findings to develop appropriate
enforcement strategies that could be deployed in minimizing the social harms (loss of life and
property, injury) associated with crime and collisions. Strategies deployed to achieve a
simultaneous reduction in crime and collisions usually involve high visibility patrols in target
areas. The strategic operation principldd@ACTS allows organizatioshanges and facilitates
incorporation DDACTS into enforcement tactics rather than relying on the traditional method of

random patrols.
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Information sharing and outreacfihis facilitates adequate communication between stakeholders
involved in the deploym# of DDACTS within a specific jurisdiction in order to assess the
performance of DDACTS in reducing crimes and collisions. It also facilitates obtaining feedback

from the community about the results of the implementation of the enforcement tactics.

Monitoring, evaluation and adjustmenthis principle allows for jurisdictions implementing
DDACTS methodology to continually evaluate the performance of the enforcement model towards
achieving the objectives of crime and collision reduction. Through consnerxaluation of the
performance of DDACTS, jurisdictions can make appropriate adjustments to improve the

outcomes of DDACTS deployment.

Outcome:This principle involves documentation of the result of DDACTS deployment within
aspecific jurisdiction in terms of crime and collision reduction, and community safety
improvements. This principle also allows reporting the influence of DDACTS deploymédnt a
communicating and sharing information among participating stakeholders and community

affiliates.

In summary, DDACTS principles allow collaboration between the enforcement authority
and community stakeholders using available data to identify pthaefiave a high number of
crimes and collisions and require strategic operations. An example of a DDACTS hotspot map can
be seen in Figure-2. In Figure 22, the red and the blue colours represent areas of high incidence

of crime and collisions respectily. Where these colours overlap are the DDACTS target areas
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for enforcement deployment where high visibility of enforcement personnel could bring about a

simultaneous reduction in crimes and collisions.

Legend
Accident Hot Spots
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Figure 2-2: The DDACTS Hotspot Map

(Source: Weslaco Police Department, Texas USA)
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DDACTS methodology has received great interest from enforcement agencies due to the
significant reductions in crime and collisions that have been recorded where DDAG[Biésl
(McClure, 2014; McGarrell et al., 201L4t has also brought about effective utilization of resources
through the efficient operation by enforcement authorities. While this approach has been widely
acclaimed as successful in reducing crime andsaatis, it does not reveal information (such as

demographic, socteconomic and land use details) about the characteristics of hotspots.

In a recent evaluation of DDACTS enforcement tactics, McClure et al. (2014) suggested
that environmental factors sHduwbe included in hotspot identification in the DDACTS analysis.
Incorporation of these factors would facilitate future hotspots prediction such that the DDACTS
models could be used for long range planning and policy development. However, environmental
factors such as demographic, seeiconomic and land use factors that influence crime and
collision occurrence are always presented at misr@, i.e., in aggregated form, to protect
privacy. Thus, to incorporate these aggregated factors, hotspot determimast shift to macro
level analysis such that areas with a high incidence of crime can be determined. Recent advances
in the DDACTS concept have led to the evaluation of new approaches to hotspot determination to

support enforcement operations.

For exanple, Drawve et al. (2018) explored how risk terrain modelling combined with
conjunctive analysis of case configuration could be incorporated into hotspot detection. They used
Green Bay, Wisconsin as a case study. The risk terrain model was used tondetieenmpact of
the built environment on the potential for traffic collisions. Risk terrain modelling identifies
hotspots by considering the characteristics of the physical or built environment that contributes to
the risk. They found 6 risk factors thatd to vehicle collisions: stop signs, retail and clothing

stores, bus stops, pedestrian signs;ftasi restaurants, and convenience stores. Conjunctive case
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configuration was used to determine the environmental configurations that could likely dentribu
to traffic collisions at priority locations. It determines whether a risk factor is present in all cases
of hotspots identified. With the six environmental factors that give rise to traffic collisions
identified, about 64 different combinations of thesk factors are implied. Patterns identified by
conjunctive case analysis showed 8 leading configurations out of which 4 combinations were
found to be dominantCommon combinations of these factors at hotspots identified are the

presence of a bus stopop sign and fasfood restaurant.

Drawve et al. (2018) concluded that their findings supported the idea that the concept of
risky places within an environment could be incorporated into a vulnerability exposure framework
which determines factors that g rise to the incidence of collisions. They opined that the
combination of risk terrain modelling and conjunctive case analysis could further help provide
guidance to enforcement in identifying locations or areas where future collisions could occur.
While this approach seems like an advancement to the DDACTS methods, it has only been
evaluated on traffic collisions. The feasibility of the approach for crime hotspot detection has not

been evaluated.

Drawve et al. (2018) explained that risk terrain modgllsisimilar to density estimation
techniques but combining it with conjunctive case configuration enhances hot zone determination
accuracy. It could, however, be argued that this approach is not predictive. It only identifies micro
level causative indepdent variables that lead to the occurrence of a collision hotspot. Predictor
factors such as demographic, land use and smmaomic factors that exist at the mataeel and

give rise to the hotspots are not considered.

To incorporate these factors intotspot analysis, Takyi et al. (2018) conducted macro

level analysis to incorporate demographic, land use and-soomomic factors in hotspot
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determination. As the researchers conducted their analysis at a macro level, the hotspots identified

are refered to as hotzones.

Takyi et al. (2018) used the City of Regina as a case study and developed separate
prediction models for violent crime and fatajury collisions. The models considered
demographic, land use and road inventory variables. The negetoraill regression model was
used. Using the models developed, hotzones for crimes and collision were predicted and DDACTS
hotzones determined spatially for enforcement prioritization. The approach used by Takyi et al.
serves as an advancement to the DDA&G@pproach as it is predictive in nature, but it does not
consider the spatial dependency (variation in relationship across geographic space) that
characterizes spatial data such as crime and collisions. These issues present opportunity for the

research dicussed in this dissertation.

2.2 Macro-level Modelling of Crimes and Collision

In general, safety analysis of a place, location or area is usually done using one of two

approaches: micro level analysis or macro level analysis.

Before discussing macr@vel modelling, it is worth considering micro level analysis.
Micro level analysis focuses on specific crimes and collisions at the individual level (Hautzinger
et al., 2007) without much detail about the aggregated the environmental factors that gove rise

the prevalence of the crime and collisions.

In transportation engineering, microscopic level analysis focuses on collision incidences at
the level of individual road segments or intersections in an attempt to understand how influencing
micro-level fadors (such as the geometric design, lighting and traffic flow characteristics) affect

collision occurrence (Cai, 2017; Hautzinger et al., 2007; Huang et al., 2016).-Is\ieto
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approaches to modglg collisions have been extensively used in transportamgineering
(AbdelAty and Radwan, 2000; Huang et al. 2017; Hauer et al., 2004; Kononov et al., 2008;
Pulugurtha and Sambhara, 2011; Wang et al. 2015; Zhang and Ivan, 2005)levigtranalysis

of collisions forms an essential component of the netwaodesing process recommended by the

Highway Safety Manual (2010).

Micro-level analysis has also been used in crime studies (Curman et al., 2015; Piza et al.,
2014; Rosser et al., 2017; Vandevuver and Steenbeck, 2017). Inleverarime modelling,
specific individuals that commit crimes are targeted. This type of analysis focuses on individual
level factors that gives rise to the occurrence of crime (Sporer et al.,, 2016). In most cases, it
explorescriminology principles and micrtevel theoriesuch as dicrete choice to establish the
motivations of offenders committing crimes in various different areas. An example is the research
conducted by Bernasco (2010) in which the locations chosen by criminals to perpetrate their crimes
were examined using discretboice. Bernasco (2010) emphasised that this type of approach is
necessary to determine offendersod -lamad trimeges f o
modelling may also use anonymous surveys to evaluate individual differences in criminal

behavioufWells et al., 2012).

The difference between macro and mitweel crime or collision studies is the unit of
analysis used for the independent variables that influence the occurrences of interest. The level
may be individual or aggregated (Sporer et2016). It was emphasised by Sporer et al. (2016)
that when policies are to be targeted at individuals to prevent individuals from conducting criminal

behaviour, micrdevel analysis is suitable.

Macrolevel analysis, however, uses large scale (zonaip-smonomic, demographic and
land use characteristic for modelling and predictioze(et al., 2015)This approach has become
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a preferred technique that facilitates the development of multivariate models using aggregated
information Ku et al.,, 2015 Maao-level analysis relates aggregated statistics such as traffic
collisions or crimes to a spatial unit with other malengel variables that exist in the same spatial

unit (Huang et al., 2016). When the focus of any analysis is on program and policyataymfdr

a large area, macilevel analysis and modelling is suitable. In this dissertation, the focus is on an

area wide approach to crime and collision reduction.

Macro-level analysis has been extensively used in crime studies (Britt et al., 2018y Boiv
and Felson, 2018; Freilich et al., 2015; Kim, 2018; Light and Harris, 2012; Simes, 2017; Steenbeek
and Weisburd, 2016; Townsley et al., 2016). It has also found extensive application in collision
studies (Alkahtani et al., 2018; Cheung et al., 2008;aylaghi et al., 2006; Huang et al., 2010;

Lee and AbdeRty; 2018; Lee et al., 2018; Ossama and Sayed, 2016; Wang et al., 2016; Zhai et

al., 2018).

Evaluating influencing factors such as the land use and -sgolomics, etc. that
contribute to the prevaler of crimes and collisions at different locations requires analysis at the
level of spatial units. Various spatial units of aggregation exist for maceb analysis and range

from regional to block level. The hierarchy of spatial units in Canada ismsimokigure 23.
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Figure 2-3: The Hierarchy of Census Geography for Information Collection in Canada

Statistics Canada, (2011)

Macro-level models strive to establish relationships betwearations in the number of
incidences (e.g., number of crimes or collisions) and their independent variables (as available at
the level of geographic unit selected). The increased acceptance oflevatmodding has been
due to therecognition that factors (e.g., demographics, secimnomics and land use) affecting
both crimes and collisions have spatial dimensions. These spatial factors are presented at a high
level of aggregation (e.g., zonal) due to privacy issues. Furtherrherepifidentiality imposed
on socieeconomic, demographic and land use data applies to both crime and collision data and
led to the presentation of the information at the zonal level. This has become standard for long

range planningl(ee et al., 2015; Xutal., 2014.

However, analysis at the zonal level is not without its challenges.
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Spatial Analysis Units in Macrbevel Analysis

Macro level safety analysis is essential to safety planning and influences decisions, policies
and investment with respea safety (Abdel Aty et al, 2013). In road safety, it has become the
new proactive approach for better understanding of the incidence of collisions at area level
(Naderan and Shahi, 2010). This also applies to the incidence of crime. Spatial aggregation
appoaches vary considerably. The choice used in rAasel modeling depends on the
researcherodos choice and the spatial wunits at
crime and collisions are available. The popularly used spatial unit gqartransportation

engineering professionals is the Traffic Analysis Zone.

Traffic Analysis Zone (TAZ)

A Traffic Analysis Zone (TAZ) is a statistical entity used by transportation professionals
for data collection. TAZs are spatial analysis units used trmate the movement of people and
goods in transportation planning and analysis (Jeon et al, 2012; MetaxatosTh@y5re mostly
used in transportation engineering to represent trip origins and destinations. TAZs contain

information about the sociecanomic, land use and demographic characteristics of each zone.

TAZs are usually created considering the homogeneity of demographic, land use and socio
economic characteristics and the minimization of watvaal trips while recognising physical,
political and historical boundarie€émbridge Systematics and AECOM, 20Bid|ugurtha et al.,
2013).TAZs are critical to transportation planning studies due to the large amount of information
collected at the TAZ level. The unit has become a key element of tréatspo demand studies

(Martinez et al., 2010). The information collected can be used in zonal level crime analysis.
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Since DDACTS analysis of crime and collisions is carried out at a riexeq the TAZ
is the spatial unit of analysis used in this dig@n. The macrdevel variables required for the

research are available at the TAZ level

2.3 Technical Challenges in Macrd_evel Collision and Crime Prediction Modelling

When data are aggregated into areal units for zonal level analysis, problems of spatial

dependency and spatial heterogeneity often arise (Dong et al., 2014; Haining et al., 2009).

Spatial dependency refers to relationships that exist between observatoowhen the
units are in proximity leading to similarities in the value of observations. It implies that, to some
extent, observations within proximal locations share some amount of the same information, i.e.
systemic patterning of data may be recordeaesghbouring locationfCollins et al., 2006; Paez
and Scott, 2005; Plumper and Neumayer, 20%@atial dependence in nearby locations leads to
violation of the independence of observations assumed by standard statistical modelling techniques

(Bernascand Elffers, 2010; Collins et al., 2006; Fotheringham, 2009; Getis, 2008; Lee, 2017).

Spatial heterogeneity represents variation in relationships that exist between observation
units across geographic space (Basile et al, 2014; Getis, #8@nzo et al.2000;Li and Zhu,
2015; Zhang et al., 20D9It usually arises as a result of uneven distribution of event across a

region.

Spatial dependency and heterogeneity are closely related and distinguishing between the
two can often be challenging (Jiang, 20P&jmper and Neumayer, 2010). Theyecast and are
both components of spatial effects (Zhang et al, 2009). Spatial heterogeneity is a first order spatial

effect while spatial dependency is a second order spatial effect.
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Spatial dependency could lead fmsal heterogeneityyhenhigh valueseventscluster
togethey the result is spatial dependenayd could leadto uneven distribution of evemicross
spaceknown as spatial heterogeneifyo simplify the issue, this dissertation uses the term spatial

dependency exclusively.

Another challenge that arises in matewel analysis of crime and collisions for hotzone
determination is Regressio-themean (RTM) bias. This refers to a statistical phenomenon of
repeated measurements in which random variatipeaxs to be real variation (Barnnett et al.,

2004, De Pauw et al., 2013; Elvik et al., 2009).

It important that the technical challenges such as spatial dependency and RTM bias are
taken into consideration in any attempt to determine areas with a higkerioe of crime and

collisions at the macktvel.

2.3.1 Spatial Dependency and Heterogeneity

The problem of spatial dependency and heterogeneity is peculiar to aggregated data used
in zonal level analysis. Data in which spatial effects (spatial depen@eclieterogeneity) are
known to occur include crime and collision data. Collision data are usually collected with reference
to location in space (Quddus, 2008). So also are incidences of crime. When the spatial effects are
not taken into consideration imodelling, the analysis is described as global models. Global

analysis uses fixed parameters in describing relationships that exist across geographic space.

The assumption of a fixed parameter for data from a geographic reference is often incorrect
(Haining, 2009; Meng, 2014 et al., 2011{ loyd and Shuttleworth, 2005Thus, accommodating
spatial dependency and heterogeneity in modelling variables with spatial dimension becomes

important. This is achieved by incorporating spatial weights for the observation locations.
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The spatial clustering seen in matewel modeing could be attributed to boundaries
imposed on continuous geographic surfaces. In most cases, the boundaries used to delineate
neighbouring zones are artificial so there is a likelihood of similarity in characteristics in dense

areas when examined asa@ntinuous surface.

A common example of spatial clustering of events in collision studies relates to Vehicle
Kilometers Travelled (VKMT) which is used as exposure for modelling traffic collisions. It is
generally accepted that as VKMT increases, theitiked of collisions increases (Rolison and
Moutari, 2017; Rhee et al., 2016; Soltani and Askari, 2017; Zegrass, 2010). TAZs with higher
VKMT often tend to cluster giving an indication of spatial dependencies between nearby locations
and thus similaritiesni the numbers of collisions observed in zones that are close in proximity.
VKMT similarities in zones within close proximity could be linked to highly similar traffic

characteristic in neighbouring zones. The artificial boundam@®sed cause spatial stering.

For examples, high volume arterial roads usually cross proximal zones. Spatial dependency
associated with VKMT could also be linked to the conditions used in aggregating the information
used to determine the boundaries. In the case of VKMT and zoneswdtteaal in common, the
assumption is that both zones contribute equally to the traffic on the arterial. This means that the
boundary that separates the zones could result in the clustering of collisions in both zones. This
then gives rise to spatial dapdency between zones with a boundary and major arterial in common.

It is clear that VKMT and socteconomic and land use characteristics may contribute to the

clustering of traffic collisions (Rhee et al., 2016; Soltani and Askari, 2017).

The presencef@patial dependency in crime data has been extensively discussed in crime
studies (Deane et al., 2008; Light and Harris, 2012). According to Collins et al. ,(2066)

clustering of crimes at certain locations and areas within a city or neighbourhondlystro
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influences characteristics and social interaction within areas. The higher rates of crime (both
violent and nosviolent) seen in some neighbourhoods could be attributed to high clustering of
unemployed persons and/or lemcome characteristics of ttagea. This type of socieconomic
characteristic is typically spatially clustered within an area thus contributing to spatial dependency
in the crime rate. Also, interactions not confined to an area may cause crime to spill to other

adjacent location thelg leading to similarities in crime rates (Haining et al., 2009).

A solution to the challenges of spatial dependency requires allowing model coefficients to
vary locally by incorporating additional information based on the spatial structure (Anseliip, 2010
Specifying local relationships across space requires the use of spatial regressiorantbziels
be classified into three broad categorigsriasco, and Elffers, 201a)hese are the spatial error

models, spatial lag models, and the geographicallghted regression models.

According to Anselin (2003), a spatial error model allows for spatial dependency in the
error of a model and is dependent on the spatial weight matrix defined for a model. In a spatial
error model, the error term is divided intocorrelated and correlated parts. Bernasco and Elffers
(2010) explained that a spatial error model is suitable if there is a possibility of spatial dependency
in independent variables affecting a response variable. Spatial error models take into cmmsiderat
spatial influences in unobserved variables (spatial dependency is specified on error term) (Ward
and Gleditsch, 2018). A spatial error model is most suitable where there is a possibility of

interdependence in the error term rather than in the indepeade dependent variable.

A spatial lag model evaluates spatial interdependency in variables across units of analysis
in a geographic space. It uses the observations from proximal locations or areas to provide a reason
for the occurrencef an event imearby areas. Rather than specifying spatial dependency on the

error term, spatial dependency is specified on the fixed parameter estimate of the independent
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variables of the model. A spatial lag regression model is like an ordinary regression model
especilly when the lag is placed on the independent variables While a spatial lag model allows
for spatial dependency to be incorporated into modelling, interpretation of the results is considered

more complex (Chi and Zhu, 2008).

Neither the spatial error ntine spatial lag model calibrates a local regression equation for
all data points. The models do not give an indication of how the relationship between the dependent

and the independent variables varies across space.

Another spatial regression model used in capturing spatial dependency in data is known as
the geographically weighted regression model. This was proposed by Brunsdon et alai(998)
allows model parameters to vary locally with a known parametric farhidiystributions placed
on the responseseographically weighted regression models (ordinary least square, logistic,
Poisson or negative binomial) are calibrated using bandwidth and by weighting observations based
on their proximity to reference point suitfat observations closer to the reference points are given

higher weights than observations for more distant locations (see chapter 3).

The main advantage of these models over the spatial error or spatial lag model is that they
allow various distributiondo be specified on the response variable rather than following the
normal distribution. The models also calibrate a separate regression model for each data point and

provide opportunity for spatial dependency in relationships to be thoroughly tested.

This dissertation uses and explores the geographically weighted regression model as its

spatial model.
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2.3.2 Regressiofio-the-Mean (RTM)

RTM is a statistical tendency in repeated measurements whereby an extreme period of
measurement is followed by a lessrerte period of measurement causing random variation in
observations (Davis, 200FDOT, 2015; Li et al., 2015; Highway Safety Manual, 2010; Zhao et

al., 2015. It makes variations that are natural appear like a real change (Barnett et al., 2004).

The conept of RTM implies that extreme values do not last in the long run, i.e., they
average out (Autey, 2012; Senn, 2011). It has become recognized in statistics that the effect of
RTM can lead to misinterpretation of research findirigriell et al., 201Q)For example, the
effects of treatments/countermeasures introduced to minimize or reduce crime could be considered
effective, but could be simply a result of RTM (i.e., the random variation in, for example, the
number of crime®r collisions). Not taking RTM into consideration can lead the selection of
hotspots that are not stable, thus leading to ineffective utilization of resources to combat crime and

collisions (Highway Safety Manual, 2010).

Marchant (2004), for examplapted that RTM that is not accounted for leads to bias in
crime studies. This was revealed in the systematic review of the impact of street lighting conditions
on crime using 251 previously published research articles. In the study, previous reseaech on th
relationship between crime and lighting conditions was evaluated to determine the validity of the
claims that effective lighting reduces crime. On examining this relationship, Marchant found that
the effect of street light reducing crimes cannot be géized. The likely reason for the findings
of the previous research was RTM bias based on the difference in the number of crimes recorded
in newly lit and control areas. When the effect of lighting was examined using a time series plot,

lighting showed naignificant impact on the number of crimes.
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Differences in the characteristics of areas in which crime numbers are observed is another
contributing factor to the problem of RTM in crime studies. As criminal activities at locations
vary, areas with a higimcidence of crime are expected to have low records in the future and vice
versa. Thus, comparisons of areas with low and high crimes rates leads to bias (Marchant and Hall,
2007). Usually, when an intervention is applied in an area with a high incidemncenef the
number of crimes is expected to decrease due to natural fluctuation. This is often interpreted as the
effect of these treatments. On the other hand, an increase could be seen when such interventions
are applied to areas with low crimes. Theszbfems are a result of the systemic error known as
RTM that often leads to biased conclusions. RTM can also be misleading about the effect of a

treatment applied (Farrington and Welsh, 2006) as it can create an effect where there is no effect.

RTM bias isnot peculiar to crime studies. It has also been reported in collision studies that
aimed at providing countermeasures to minimize the number of traffic fatalities. A similar random
element in collisions has been reported. On some road segments or inesghimurhoods, the
high number of incidences experienced could be a result of chance. Consequently, there are greater
likelihoods that a high frequency of collisions at a place might fall in subsequent years. It is
important that the problems of randomsesd RTM bias be considered in collision studies.
Otherwise, the effect of road safety measures could be overestimated (Geurts, and Wets, 2003;

Loo and Anderson, 2015).

Yang and Loo (2016) emphasized that RTM bias can cause exaggeration of the
effectiveress of measures aimed at reducing collisions if caution is not taken. This issue was also
highlighted by Maher and Mountain (2009). It can also lead to the wrong selection of hotspots for

countermeasures if not taken into consideration.
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RTM bias in a colkions study can also contribute to migration effects. Migration effects
refer to the phenomenon whereby an increase in the number of collisions is seen in locations
adjacent to a hotspot in which a road safety improvement have been applied. Migratitn effec
have been also reported in crime studies and are commonly referred to as crime displacement (Park
et al., 2012). The migration effects of both crimes and collisions from a hotspot to a proximal
location has been largely attributed to the RTM effect @adusy bias in the selection of sites

(Geurts, and Wets, 2003).

A common approach to evaluating road safety and identifying hotspots involves analysis
of the frequency of collisions on the road infrastructure of a selected area. The approach uses
historicalrecords to rank sites (intersections or road segments). Most authorities focus on the top
ten sites that recorded the highest number of collisions. However, using a relatively short time
period data to determine the locations to receive safety improvensamts that it is possible to
miss hotspots and locations that need improvement. This is due to the nature of collisions: they are
events that fluctuate over time. A site experiencing a high number of collisions in a particular year
may experience a congidble drop in the frequency of events due to RTM effects (Rodegerdts et

al., 2004).

After a high number of collisions, a lower number of collisions may well be experienced
in the subsequent study or observation period. Such decreases are mostly cattobihe
disappearance of the positive randomness, i.e., the observed higher number collisions. Regardless
of the safety improvement measures applied to areas with high collision occurrence, a drop in the
number of incidences is likely to be observed. Bmdther hand, the disappearance of negative
randomness occurs when locations with a low incidence of collisions experiences a higher number

of collisions in subsequent years of measurement (Yang and Loo, 2016).
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An example of research that ignored RTMvizrk undertaken by Datta et al. (2000) in the
study of collision frequency at 18 signalized intersections in Detroit city. Through a partnership
with private agencies, countermeasures aimed at improving safety at these intersections were
provided. A beforeandafter observational study was carried out on three of the intersections with
safety improvements. The researchers reported that analysis conducted on the three intersections
showed that the countermeasures improved safety. Variability in collisiarrences was ignored
in the research and not taken into account in the selection of the intersection hotspots, implying

that the effect of countermeasures provided could be effective or ineffective on thrariong

Collision rates at the selected intefts@ts in the study by Datta et al. (2000) were 95%
higher than other intersections within the study area. Hauer et al. (2002) showed that the research
by Datta et al. and the claim that countermeasures provided at high collision intersections in Detroit

city had brought about a reduction in collision occurrences was biased.

In recognition of RTM, the Institute of Transportation Engineers (2009) recommends that
methods that account for random variability must be used to correctly determine hotspots and to
evaluate the effect of any treatment applied to the transportation infrastructure. This is also

emphasised by the Highway Safety Manual (2010).

2.4 Regression Methods in Count Data Modelling
Regression analysis is one of the main statistical toolsufolerstanding functional
relationships between dependent variables and the independent variables (Chatterjee and Hadi;

2015; Loo and Anderson, 2015; Mense, 2001; Montgomery et al., 2012). In this research, crimes

and collisions are the dependent variables] factors such as so@oonomic, land use and
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demographic characteristics are the predictors. Regression can be linear or nonlinear, but linear

regression methods will be the focus of this research.

Linear regression can be univariate, i.e., use omperdkent and predictor variable, or
multivariate, i.e., use several predictor variables. Multivariate regression techniques use multiple
predictors in an attempt to account for as much of the variation in the dependent variable as
possible (Uyanik and GulgR013). The techniques summarize changes in dependent variables as
a function of other variables. A popular type of regression is generalized linear regression, and this

is the approach adopted by this research.

Generalized linear regression allows expura families of distribution and has been
widely used to understand event occurrences across space. At the microscopic level, it has been
widely used in crime and collision prediction. Most importantly in transportation engineering, it
has formed the bason which most hotspot determination techniques are based. For example,
generalized linear regression is used to derive safety performance functions (SPFs) which model
the relationship between collisions (on segments or at intersections) and averagedaityu
traffic, segment length and various characteristics of the segment or intersection. Generalized
linear regression is the basis for the network screening technique that is prescribed by the Highway

Safety Manual (2010) and widely applied in theniafecation of hotspots.

Manan et al. (2013) used generalized linear (negative binomial) models to predict hotspots
for motorcycle collisions on primary roads in Malaysia. The study used a negative binomial to
predict fatal motorcycle collision locations on Malaysian primary ro&ls results indicated that
there was a positive association between motorcycle fatalities and the average daily number of

motorcycles and number of access points per kilometer.
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Giuffre et al (2014) estimated the safety performance of one way four {isigneadized
intersections in the City of Palermo, Italy using 92 intersections. The data used in the analysis were
for 2006 to 2013. Geometric design and traffic flow characteristics were used as predictors in the
development of the models. The findingsowsied that the negative binomial model allows
flexibility in capturing variance and outperforms other models. It was, however, suggested that for
correlation within the responses to be captured, a Generalized Estimating Equation (GEE) could

be used.

The almve studies highlight the importance of regression methods in safety studies.

Regression methods have also been widely applied in long range safety planning to
understand factors predicting collisions at zonal level. The research includes numerous
applicatons of the regression method to improve understanding of crime events across space. In
general, most crime and collision studies have focused on the use of generalized linear regression
methods. Different types of generalized linear regression modelsecased. The next section
focuses on count data models relevant to this research: generalized linear regression using include

Poisson, negative binomial, Poisson-togmal, and the zero inflated versions.

In general, these models can be grouped intoafjilmiodels and local models with varying
regression parametéblobal modelsasssuméhat the association between independent and
dependent variable over geographic space is constant, i.e., observations are independent of each
other (Fotheringham et al., 200 These types of model are often referred to as traditional
regression methods and assumes that the parameters of a model remained the same for the entire
study area. Section 2.4.1 discusses global regression models using Poisson regression, Poisson

log-normal regression, negative binomial regression, and zero inflated regression.
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2.4.1 Global Regression Model for Count Data

Poisson Regression Models

Count data refer to nemegative and discrete events that usually occur within a certain time
interval. Caunt event occurrences do not usually follow a normal distribution. Since events occurs
within a certain time interval, they can be described as a rate, and discrete distributions recognizing
this property of count data are suitable. Thus, models withdtoesor distribution (e.g., Poisson
regression) are most often used (Fahrmeir et al., 2013). Poisson error distribution is considered the
starting reference for count data modelling (Walters, 2007; Winkelman, 2008). According to
Winkelman, (2008), Poissargression method is simple and robust when estimating the mean
parameters in a log linear relation. However, there are cases where Poisson regression methods are
unsuitable. These are situations when it is a requirement that the characteristics da@gopopu
other than the mean, such as the variances, be estimated. Importantly, Poisson regression is more
suitable when it is a requirement that the mean be modelled. In general, Poisson regression
methods establish relationships between the probabilitsityefiunction of a dependent variable

and the predictor variables.

Consider, a dependent variable (crimes or collisions) related to sets of predictdrise

standard form of Poisson regression method is given as the conditional probability as:

0§ ——5— (2-1)
where:

* is the mean of the expected valuedof
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The functional form of the Poisson regression model representing this relationship is given as

Equatons @-2) and(3-3):

o ¢ wf - (2-2)
o Qopr - (2-3)
W f (2-4)
where:

Wwis the observed value of Qt he dependent vari a
wis the independe®t avnmari able for |l ocation
'is the coefficient for the independent varia
By combining Equationg-1) and(2-4), Equation (25) is obtained

~

0 O A (2-5)

A Poisson regression method determines the conditional i@eagw and the variance mean
W W WRw using a single parameterexpressed as Equati¢2-3). This gives the equal

dispersion characteristics of Poissegression:

Oun ¢ OO IED
The likelihood function of Poisson regression model is given@ardd the log likelihood for

parameter estimation is given a3 2

0t B . (2-6)
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The Poisson regression model has been used extensively in criares stor example,
Dieffenbach and West (2001) examined the relat
and the crime rate. They explained that while relationships between television exposure and violent
crimes have been thoroughly studied, tifiead of television exposure on the perception of
property crimes has not been examined. Using Poisson regression, Diefenbach and West (2001)
found that persons more exposed to television (compared with people who spent less time
watching television) wermore likely to have the opinion that violent crime occurs at higher rates
and property crimes at a lesser rate. Their research emphasizes the influence of television news.

Poisson regression was found useful in relating perception of crime rates to expdsievision.

Similarly, Kondo et al. (2016) used Poisson regression to understand how green space and
vacant space influence crime. By focusing on a program of green initiatives that aimed to reuse
green space, analysis was performed to determinaftnence of the program on crime. This was
compared with randomly selected areas that were not the focus of reuse programs. The effects of
treating vacant lots with greening stabilization or reuse were compared. They found that greening
stabilization of l¢s reduced the number of burglaries in Youngstown, Ohio. However, a significant
increase in vehicle theft crimes was recorded for both treatments. Kondo et al. emphasized that
greening vacant lots could bring about a significant reduction in violent cvithége negative
binomial models are known to be suitable for edispersed count crime data, Kondo et al.
claimed the results of both the Poisson and the negative binomial model were the same. Over

dispersion was downplayed.
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Further, Poisson regressioaswsed by Beland and Brent (2018) to establish a relationship
between crime frequency and traffic congestion in the City of Los Angeles, California. Beland and
Brent found that an increase in traffic congestion could be related to increased domesite viole
due to the stress experienced by drivers in traffic congestion. Traffic congestion affects emotions

and is a cost on human psychology.

Crime research continues to use Poisson models for count crime data modelling owing to
the fact that the majority oksearch in this area is focused on exploratory rather than predictive

models.

Application of the Poisson regression method is not limited to crimes studies only. It has
been applied in collision studies. Most of the researches that have used Poissssioregn
collision prediction were done before 2000. Examples of this research include research conducted
by Miaou et al. (1992) to establish an association between truck collisions and roadway geometric
features. Similar application of Poisson regressn@thod in modelling collisions could be seen

in Maher and Summersgill (1996).

Since early 2000, the attention of transportation engineers has shifted from the use of
Poisson models for count collision data due to the assumption eflisgeirsion, i.e.gual mean
and variance, which is not usually met. In most cases, the variance is greater than the mean for
count data and this phenomenon is described asdisf@ersion. The increasing recognition of the
limitations of Poisson regression method in modgltollisions have favoured the use of negative
binomial models for count data. Negative binomial models are nowadays accepted as the baseline

for modelling collision data.

Negative Binomial Regression Models
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A negative binomial model is generally used when the Poisson assumption that the mean
equals the variance is not satisfied. In situations where this condition is not met, the data could be
underdispersed, and the parameter estimates biased due to mfibtiee model variance. Under
dispersion usually occurs when the mean is less that the variance. On the other hand, over
dispersion implies greater variance. Ouwlispersion usually arises in data due to different reasons.
However, a common reason forewv dispersion is related to the omission of variables that
influence a process across observations. When data are characterized -tispmreion, a

negative binomial error distribution model is preferred (Washington et al., 2003).

The functifontaHe fmegmtd ve binomi al model C
Equat i20n sa-8(H2 ( Rn olif oild oovess e negative binomial d

density function for the negati v-) bwintomi cdihs pn®

parameter
bog gy —— — (2:8)
The |l ikelihood f-&8ncitson of Equation (2
0 ah B Qowmppat— -a& | a&H- O aHO p
o - (2-9)
The negative binomial regression model can

response showh) .isnTEwghueatlioogn I(i2kel i hood functior

is given O )Equation (2
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Negative binomial regression has been applied in crimes studies. Lo and Zhong (2006)
explored the effect of marital status (single or divorced) by gender on arrests for a serious crime
using negative binomial regressiatthe macrdevel. They evaluated the hypothesis that different
factors influence the criminal tendencies of men and women regardless of the characteristics of
the neighbourhood or the environment where they lived in Ohio. Their research suggested that

bei ng married or divorced had a greater effect

Similarly, the effect of foreclosure on crime frequency has been investigated using negative
binomial regression. Ellen et al. (2013) studied the impact of mortgagelosure on criminal
activities within a neighbourhood. They used information on crime and foreclosure in New York
to determine whether there was a relationship. Results obtained from their studies showed that as
the foreclosed property rate increasedh neighbourhood, the crime rate increased. This effect
was found to be significantly larger when foreclosure was measured in terms of properties that
were about to be auctioned or taken over by banks. Findings similar to those of Ellen et al. (2013)

hawe been reported by Stucky et al. (2012).

Further, Lee and Thomas (2010) studied the effect of changes in population on violent
crime in counties of rural communities. They hypothesized that communities that are more likely
to work together to protect publvalues are likely to experience reduced violent crime rates and
that the crime rate would be unlikely to increase. Another hypothesis considered was the idea that
continual changes in population size will lead to more crime being committed. Results from

negative binomial regression showed ttgipothese$o be correct. They found that communities
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that work together to protect public values can withstand the effect of changes in population size

on crime, butontinual changes in populatigmopulation gravth) may weaken this effect.

Haberman and Ratcliffe (2015) investigated locations with a high robbery rate at a census
block and street level in Philadelphia, Pennsylvania from 2009 to 2011. This was done to determine
whether crime location vargcross space with time. Within the census block, the number of
robbery crimes was observed for fdgume intervals and modelled using negative binomial
regression. Criminogenic factors such as the market for illegal goods were considered as predictors
for robbery. The findings suggested that some places within a census block attracted a higher

number of robberies depending on the time of the day.

Pridemore and Grubesic (2012) studied how social organization (e.g., communication,
cohesion, and pattern of atlonship between societal groups) could be used to better understand
the relationship between violent (assault) crime and alcohol outlet density at neighbourhood level.
They hypothesized that the relationship between violent crime and alcohol outletbetet be
explained using social organization structure. By using 298 block groups in Cincinnati, the effect
of social organization was tested with negative binomial regression. They found that the effect of
alcohol outlet density on crime was relativelygak in a socially organized environment. In
contrast, the effect of alcohol outlet density was predominant and strong in socially disorganized

areas.

The application of negative binomial regression has not been limited to crime studies. It
has been widglapplied in the area of transportation safety to identify countermeasures to reduce
the number of fatalities. It is recommended by the Highway Safety Manual (2010) and has been

widely referred to as the state of the industry model in road safety.
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To menion a few applications, Lovegrove et al. (2010) applied negative binomial
regression in the development of mat@eel (TAZ) collision prediction models. The research
focused primarily on testing safety guidelines in long range transportation safetyhgldosing
data for 400 neighbourhoods in greater Vancouver, British Columbia, a regression model was
calibrated, and the expected mean collision predicted. It was emphasized that the use of negative
binomial regression in the development of a zonal legliston prediction model offers safety
planners and engineers numerous advantages as factors that influence collisions could be

determined at the neighbourhood level.

Wei and Lovegrove (2013) used negative binomial regression in the development of
predicton models for cyclist collisions at a zonal level. Focusing on TAZs as the unit of analysis,
they used collision records involving bicyclists and vehicles in the Central Okanagan Regional
District of British Columbia. The study results revealed that fata¢ kilometers, bicycle lane
kilometers, and the density of bus stops, intersections, traffic signals, and -totadial

intersections significantly influenced the occurrence of cyebsticle collisions.

At the zonal level, Osama and Sayed (2016) kel a safety evaluation model using
bike network indicators as predictors for cyclist safety. They focused on the city of Vancouver,
British Columbia and used TAZs as the unit of analysis. Importantly, connectivity, directness and
topography of the bikaeetwork were assessed as network indicators coupled with an exposure
variable (bike kilometers travelled). The results showed that collisions involving cyclists are
greatly influenced by bike network connectivity, directness and exposure. Bike network

topography was found to have a negative association with cyclist collisions.

Ladron, de Guevara et #2004) developed planning level collision prediction models for

the city of Tucson, Arizona. They used TAZs as the unit of analysis and calilpraidtion
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models using negative binomial regression. The research demonstrated that the use of such models
can facilitate understanding of the factors that give rise to collisions by different levels of severity.
They found that intersection density aria tproportion of persons aged 17 years or younger
expressed as a percentage of the total population could be used to predict the number of fatal
collisions. Also, population density, number of people employed, and the length of arterials (major
and minor)and collectors were found suitable for predicting injury and property damage only

collisions.

Lovegrove and Sayed (2007) explored the predictive capabilities of collision prediction
models developed in their previously reported study (Lovegrove and 28], The model was
developed for the Greater Vancouver area and used negative binomial regression. The main
purpose of the research was to evaluate the potential of using zonal level models in the
identification of hotspots. The results demonstratednpiatein the use of zonal level models for
hotspot analysis. The results also showed that a zonal level approach to safety could be used to
complement the traditional safety evaluation technique recommended by the Highway Safety
Manual (2010). Other studieon the development of zonal level models include Pirdavani et al.

(2012), Wei et al. (2011), and Lovegrove and Sayed (2006).

Takyi et al. (2018) recently used negative binomial regression in the development of crime
and collision predictive models forehCity of Regina. The research focused on analysis at the
zonal level. Crime and collision prediction models were developed as a function of demographic,
land use and socieconomic characteristics. The models developed were used in the identification

of hotspots for enforcement prioritization.

The wide literature on the use of negative binomial regression validates its acceptance as

the standard modelling technique for count data across various fields including criminology and
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collision analysis. This cdme attributed to its ability to account for oxdispersion. However, the
standard negative binomial model used for crime and collision modelling considers the parameter
of independent variables fixed in explaining relationship across geographic sitrid@es not
consider spatial dependency in the data and the need to consider this spatial dependency while
accounting for ovedispersion. This dissertation explores this opportunity for improvement in

negative binomial regression models.
Poisson Lognormal Regression Models

The Poisson logrormal has been proposed as an alternative to the negative binomial model
for count data modelling and has been applied in crime and collision studies. According to
Fahrmeir et al. (2013), this type of model is patady useful when predictor variables have an
additive effect on the rate of occurrence of events (see Eqyat®)rfor the form of the Poisson
log-linear model). However, when this type of model accounts for-digpersion, the expected

meanO «gw and the variances & ikgw is obtained using Equations-{4) and (212):

[OF6:ev QaoopT (2-11)

W W gy =—', where— - is the overdispersion. (2-12

Brown and Oxford (2001) applied a Poisson-taymal model to modelling break and
enter crimes in the city of Richmond, Virginia. In their study, the spatial distribution of these
crimes was investaged. Brown and Oxford (2001) compared the performances of Pdigson
normal models developed with ordinary linear Poisson to cumulative logistic regressions models.
The Poisson lognormal model was identified as suitable for modelling break and emtng<in
the City of Richmond, Virginia. It was also revealed that population variables also influence the

number of break and entry crimes taking place at a location. For example, the proportions of
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persons aged 12 to 17 and 18 to 24 had a positive assoaeigth break and entry crimes. It was
suggested that the Poisson distribution may not be suitable for modelling break and entry crimes

when overdispersion is considered.

Plassmann and Lott (2004) used a multivariate Poissendogal model to undersid
the relationship between gun ownership and violent crime (murder, rape and robberies). They
based their analysis on data obtained from subscription for a gun magazine known as Guns and
Ammo, a magazine popular among gun owners. The use of the datthissource was solely
due to the difficulty in obtaining county level data on gun ownership. Magazine subscription
records were related to the number of violent crimes at the county level. The multivariate Poisson
log-normal regression showed a stron@tienship between murder, rape and robberies and gun

ownership.

To understand macro level factors that affect collisions, AgvWateerde (2013) used a
Poisson lognormal model to study property damage only collisions at the canton level in Costa
Rica. Themodel was found suitable for identifying factors that affect property damage only

collisions. The multivariate Poisson model outperformed the univariate counterparts.

El-Basyouny and Sayed (2009) used a modelling approach similar to that of Aguero
Valverde (2013) to develop a collision prediction model for signalized intersections. The research
focused on the use of multivariate Poissonrogmal modelling to determine hazardous areas
(hotspots) in the City of Edmonton, Alberta. It was emphasized thatiatiog for extra variation
in the Poisson model through the use of Poisson lognormal enhances the predictive performances
of the models. Like AguerValverde, EiBasyouny and Sayed reported that the multivariate

Poisson lognormal model predicted collisns better than did the univariate versions.
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El-Basyouny et al. (2014) used Bayesian multivariate Poissendogal regression in
investigating the effect of time and weather on collisions in the City of Edmonton. They used five
years of collision and dailweather data in their model development. It was reported that the
multivariate Poisson legormal provided a better fit to their collisions data. Also, it was found
that temperature and snowfall were important variables influencing collisions ratésioGolites
were reduced with increased temperature but increased with snowfall intensity. A period of wet
weather followed by a dry period was associated with stop sign violations, run off the road
collisions, and following too close collisions. Variationtraffic volume during the days of the
week was reported to play a significant role in understanding the effect of weather on traffic

collisions.

Wang and Kockelman (2013) adapted the Poissonndomal to the conditional
autoregressive version and useth modelling pedestrian collisions at the census tract level in
Austin, Texas. A pedestrian collisions prediction model was calibrated as a function of land use,
demographic and network characteristics. Conditional autoregressive modelling allows
hetepngeneity and correlation in the response variable across space to be accounted for. The results
suggested that mixed land use increases the risk of pedestrian collisions for some severity levels.
Also, a high number of access points within a zone wasiassdaevith an increase in the number
of conflict movements between pedestrian and vehicles. However, the provision of side walks

enhanced pedestrian safety.

Similar applications of multivariate Poisson dogrmal regression have been reported by
Wang et & (2017) in modelling collisions by severity and types on rural highway and also by

Zhang et al. (2015).
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Interestingly, most research that has used Poissendogal regression techniques has
compared the univariate and multivariate versions of the mpd@specially in the case of
transportation safety research. In all cases, the conclusions favoured multivariate Poisson log

normal regression modelling and accounting for the-disgrersion characteristics of count data.
Zero Inflated Regression Models

Zero inflated egressiormodels may be used when the data used includes records of zero.
In some cases, the presence of zeros can be attributed to differences in observation conditions. It
may imply low likelihood of an event occurring. Such observatiosasuaually characterized by
two states. The first state is the normal count where the likelihood of incidents occurring is non
zero. The second state refers to conditions where the likelihood is zero (Washington et al., 2003).
When a data collection sequenis characterized as a normal and zero state, zero inflated Poisson

or negative binomial regression is usually used to account for the dual states.

The zero inflated Poisson regression model follows the formulation of the traditional
Poisson model excefor accounting for two phases. If the zero and-nero phase occurred with
probability of* andp “, the probability distribution of zero inflated Poisson model can be given

as Equation (2.3):

0 Qwn! N0 n

o —— 00 T (2-13)

where” is the link function.

Similarly, the zero inflated negative binomial probability distribution function is expressed as 2

14:
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Depending on the valug, the probability density function of the zero inflated negative binomial

modéd is expressed as Equation18):

WO 0 QS | - (2-15)

Both the zero inflated Poisson and negative binomial model has been foundruseful

modelling crime and collision count data.

In a study designed to improve understanding of the relationship between police shootings,
race and violent crime, Klinger et al. (2015) used zero inflated Poisson regression. They focused
their research on th€ity of St Louis, Missouri and investigated whether police shootings
correlated with areas experiencing high level of violent crimes and the racial structure of the
environment. The study focused on records from 2003 to 2012. The results suggesteel dimak rac
socioeconomic characteristics at the neighbourhood level did not positively influence police
shootings. Police shootings were less prevalent in areas with a high record of violent crime in St

Louis. Klinger et al. (2015) recommended that the findings should be validated in other areas.

Disorderliness refers to a loss of societal control that affects individuals and
nei ghbour hoodsd characteristics as unmmdassahr ed b
as the poverty level, economic inequality and public incivilities (e.g., drinking, illegal drug use
and vandalism) (Simpson and Raudenbush, 2001; Wallace and Scott, 2017). The relationship
between disorderliness and crimes has been investigated zero inflated negative binomial

regression.
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Yang (2010) investigated the spatial association between disorderliness and violent crime
in Seattle, Washington and Washington D.C. Yang reported that social disorderliness is not
random in space, but fars clusters which could be deemed hotspots. More interestingly, using a
zero inflated Poisson regression model, disorderliness in society was highlighted to have a 30%

probability of predicting violent crimes.

Gover et al. (2008) used zero inflated Pamssegression to understand the lawbreaking
behaviours (escape, attempted escape, fighting, etc.) of convicted male and female persons while
in correctional facilities. This research was done to support theories of how well inmates adjust to
the prison envbnment. Gover et al. used 247 official records andrselbrting data of persons
incarcerated. In the study, the record of inmate misconduct behaviour was considered a response
variable. The researchers treated characteristics of the inmates (agedrmadion, length of
imprisonment, and type of offense (violent or naolent) and type of correctional facility
(minimum or maximum security) as predictors of the behaviours of inmates. Findings from the
research indicated that the predictors of male fanthle behaviours of persons serving prison
times are different. Previous sentencing and jail time affected the behaviour of both male and
female inmates, but in different ways. Previous sentencing was positively associated with law
breaking behaviour ahale inmates. The length of the prison sentence significantly influenced the
unlawful behaviour of both male and female inmates. The security level of the prison also impacted
the unlawful behaviours of the prisoners serving jail time. Most importanéyffence which led
to sentenci ng ovimisal befayourt Govei ehahn eetommehded gender specific

programs that focus on helping inmates to improve their behaviours while in prison.

Zero inflated Poisson regression methods have found glications in traffic collision

prediction. Lee et al. (2002) emphasized that while zero inflated Poisson regression models have
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been introduced for handling zeros in count data, the models have not been extensively applied in
collision studies. Lee et .a(2002) evaluated factors predicting young driver motor vehicle
collisions using zero inflated Poisson models as a function of the demographic, driving experience
and behavioural characteristics of young drivers. It was revealed that the likelihood @tymer

being involving in one or more collisions in the first 12 months of driving was dependent on
driving experience gained before obtaining their license. Comparison of the model developed with
negative binomial regression was reported to producesahmee result. Interestingly, dispersion

was not thoroughly examined in the research as the models developed were more explanatory than
predictive. It was recommended that different modelling options should always be considered
when dealing with data contang excess zero. This is to ensure that the best model that properly

represents the data is selected.

Carvalho and Lavor (2008) used a zero inflated negative binomial model to investigate the
effects of socieeconomic characteristics of individuals anéas on repeated victimization of
property by criminals in Brazil. They focused on the influence of income inequality on crime.
Cavalho and Lavor found that inequality of income played a significant role in repeated property
victimization by criminals ina area. This was consistent with what has been reported in previous

literature.

Akyus and Armstrong (2011) used zero inflated negative binomial regression to understand
factors that influence terror crimes in 81 provinces of Turkey. The predictor vamaskepoverty
(an indicator for soci@conomic characteristics), residential mobility (the extent to which people
in certain areas migrate to other places), and the ethnic complexity/diversity of the provinces
considered. Diversity within the ethnic poptéaof provinces was a major predictor of terror

crimes when poverty and rates of residentigrationwere treated as control variables.
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Zero inflated negative binomial regression has been applied in collision studies at the micro
level. Li et al. (2008used this type of model to understand the factors that influence and predict
street car racer collisions. Focusing on Utah in the United States, models were developed as a
function of the age, gender, environment where the collisions were recorded, andhther of
previous speed citations received by the drivers. The results indicated that drivers who had records
of prior speeding citation and poor driving history were likely to be involved in collisions. This
risk was higher in drivers with previous spew citations. Those without citations were

considered to drive safely and are less likely to be involved in collisions.

In all the global models described, spatial dependency was not taken into consideration.
Rather, a fixed parameter was estimated filoenmodel and used to describe relationships across
geographic space despite the problem that spatial dependency can cast doubt on the assumption of
independence of models such as Poisson, Poissemologal, negative binomial and the zero

inflated regresion.

Accounting for spatial dependency requires the use of geographically weighted regression

models.

2.4.2 Geographically Weighted Regression Models for Count Data

Location is one of the important factors that plays a role in the frequency of crime and
collisions due to the variation in sociological, economic and demographic variables that influence
crime and collision occurrence. Crimes and collisions are not homogenous over geographic

surfaces. They are heterogeneous in nature and vary with sociodpimognd land use factors.

Recognition of spatial dependency has been

exist across geographic space. Recognition of the issue has cast doubt on the accuracy of fixed
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parameter models such as the Poisson aghtive binomial models. This has led to the

development of spatial models thake into consideration the influence of nearby areas.

The increasing recognition of the spatial dependency and heterogeneity that characterizes
data such as crime and collisi@ata has led to much research in the last decades, and the
geographically weighted regression method has been propdsead #&nd Anderson,

2015. Geographically weighted regression is based on the idea that parameters can be estimated
for different locaton within a study area provided that a set of dependent and independent variables
is given (Charlton and Fotheringham, 2009; Huang et al. 2010). It examines relationships that exist
across geographically referenced observations and the factors causingGdbegnaphically
weighted regression is based on the idea that factors causing crime and collisionstat@naty

butvary geographically.

The first version of this type of model was proposed by Brunsdon et al. (1996). It assumes
a Gaussian distribian for the response variable. The functional expression of the geographically

weighted regression model is given as EquatiehgR

w I oh B I ol w - (2-16)
where:

6 hy , represents the coordinate at which observé@siaken;

w andw are the dependent and the independent variables respectively;

I ol and o6h representthe intercept and the estimated locally varying coefficient; and
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Q and- , are the number of independent variables and the error term for observation [€cation
Equation (216) can be written as {27) when exposure, which represent the interval at which

the event is studied, is taken into consideration.
o> O0QmB T o w (2-17)

The concept of geographically weighted regression is established basedpararoetric
smoothing and curve fitting techniques in which local regression parameters are determined from
a subset of data around estimation points. It uses data withinglabaaring location in a
geographic space for model calibration to explore spatially varying relationsMpseler
andPaez, 2010 Most importantly, geographically weighted regression assumes that observations
closer to each other influence parameteinesies of a data point in a geographic space, thus
incorporating the first law of geographyverything is related to everything, lmlibser things are

more relatedThapaandEstoque, 201

Geographically weighted regression asoaparametric technique that uses subsampling
of observed data across space for statistical analysis and has become important in the study of
spatially referenced data such as crime and collision data. However, the concept of subsampling
statistical datathough innovative in spatial statistics, is not new to classical statistics. Its
application in the field of spatial statistics may be attribtveBir un s d on e tesearth. 6 s (

that applied the concept of variable geographic space.

The original reérence to the concept usedBryinsdonret al. (1996)could be linked to a
smoothing technique for histograms. The idea of using distance weighting also existed in
interpolating algorithms, but the advancement of weighted concepts in geography paved the way

for a multivariate local spatial data approathe advantages of understanding local relationships

62



and patterns have made the geographically weighted regression more peaelat él., 2011)
However,it can still be argued to be an extension of lycaleighted regression like quantile
regression which explores the variation in relationships among statistical data.
Similarly, geographically weighted regression is related to conditionally parametric regression
which is an extension of locally weightedgression. The difference is that trerameters
(coefficients) ofgeographically weighted model are pparametricestimates from longitudes and
latitude, i.e. the distance between observations and target points of a locally weighted regression

(McMillen, 2012).

The need to accommodate spatiependency and heterogendips led to increased use
of geographically weighted regressiandhasbecome a method for mddieg spatial non
stationarity (Whighanand Hay, 2007). It has found wide application imiamas fields of study.
Areas in which geographically weighted regressias been used include urban planning (Huang
et al, 2010; Du anolley, 2012;Kyratso, andviorgos, 2004), demographic studies (Baaal,
2011), health sciences (Comber et al.,2Qln and Wen, 2011), ecological biology (Windie
al, 2009) social sciences, crime studies (Cahild Mulligan, 2007), and transportation studies
(Hadayeghi et al., 2010; Zhang et al., 2015; Zheng et al., 2011). However, the geographically
weighted rgression proposed by Brunsdon et al. (1996) in not suitable femewative count data

such as crime and collision data due to the Gaussian distribution placed on the response.

In the last decade, the geographically weighted regression method has bmweddo
accommodate a Poisson and negative binomial distribution suitable for count data. These models
are known as geographically weighted Poisson regression (GWPR) and geographically weighted

negative binomial regression (GWNBR).
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Geographically WeightePoisson Regression (GWPR)

Geographically weighted regression has been extended from the originally proposed
version by Brunsdon et al. (1996) to allow for a Poisson distribution on the response variable, thus
making it suitable for count data that are¢ neerdispersed. This model is known as the GWPR
and was proposed by Nakaya et al. (2005). It uses a conditional spatial kernel weighting function
for the estimation of the parameter variation of the Poisson regression method (see EefLtation 2

for functional form of the GWPR):

~

> 0&Q 0GEBR T 6 w (2-18)

The parameters in Equation18) are the same as those ofl@ and (217) except that the model

in Equation 18 follows a Poisson probability density distribution.

In a recent application of GWPR in the development of a collisions prediction model by
Pirdvanni et al(20143, it was established that it outperformed the traditional negative binomial
regression known to be the state of art modelling in road safety. This was attributed to the
advantage of the GWPR model, i.e., capturing different patterns (spatial
dependency/heterogeneity) in the relationship between the aggregated collisions and the socio

demographic predictors.

Similarly, Li et al. (2013) used the GWPR to model the relationship between collisions and
their spatial correlates using California data as a case study. Results consistent with the study by
Pirdvanni et al (2014a) were obtainedl &@WPR model was found useful for capturing the spatial
relationship between collisions and reducing spatial correlation in the residual obtained from the

models developed.
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The GWPR model has also been used to explore the impact of teleworking on teedyequ
of collisions in the Flanders region of Belgium. The traffic safety benefit of teleworking was
highlighted using this approach. As expected, teleworking reduced the total vehicle kilometers

travelled which resulted in a reduction in vehicular colfisigPirdvanni et al 2014b).

Most applications of the GWPR model are found in transportation studies. Most researches
that have used geographically weighted regression in crime studies have still used the type

proposed by Brunsdon et al. (1996).

Interestigly, most researchers that have used the GWPR model have compared the
performances of the model developed with negative binomial regression and have reported the
advantages of improved performance. However, the problem ofisprsion that characterizes

count data is downplayed in GWPR model.

While accounting for spatial dependency could enhance the accuracy of models, over

dispersion in count data is not considered by the GWPR and could constitute a problem.
Geographically Weighted Negatidnomial Regression (GWNBR)

Another extension of geographically weighted regression is the GWNBR. This model is
based on the idea that the cdespersion that characterizes spatially referenced count data such
as crime and collision data should be taken consideration. The GWNBR was proposed by Da
Silva and Rodriguez (2014). The concept of this model is similar to that of negative binomial
regression. However, rather than using a fixed parameter to describe relationships across space,
the parameters walocally. This is similar to the GWPR except that ed&persion is accounted

for. The functional form of the GWNBR model is given as Equat®h9):

> 060QuB T 6 ® h (2-19)
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The parameters in Equati¢2-19) are similar to those i(2-18) except that represents the over

dispersion parameter.

Geographically weighted Poisson regression and the traditional version, which assumes a
Gaussiardistribution for the response, was used extensively in crime and collision studies, but
overdispersion had not been thoroughly treated untibiDaa and Rodriguez (2014) proposed the
GWNBR model. The proposed method has not yet been comprehensivebteddbidetermine
the improved performance offered compared with the GWPR molisl.i§ a research gap that

needs to be investigated.

2.5 Bandwidth Influence on Geographically Weighted Regression

The bandwidth is important to effective calibration of geographically weighted regression
methods (Zhen et al., 2013). However, different types of bandwidth exist in the study of local
relationships across geographic space. The most commonly used bartgipadttare the fixed
Gaussian bandwidth and the adaptivesdpiare bandwidth. The choice selected affects the
performance of geographically weighted models (Jacquez, 2010). This is because the bandwidth
selected affects the extent to which the coefficddthe models varies (Bitter et al., 2007; Blainey

and Mulley, 2013; Du and Mulley, 2012; Timofeeva and Tesselkina, 2016).

The optimal bandwidth represents the threshold at which neighbouring units have an
influence on locally calibrated parameters (Shale 2006; Su et al., 2017). Thus, the number of
nearest neighbours selected affects the distribution of the coefficients. A larger bandwidth
produces a global regression model that uses a fixed coefficient to describe a relationship across
geographic aa. On the other hand, a smaller bandwidth captures local relationships much better

(Su et al., 2017).
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Some researchers have evaluated the performance of geographically weighted regression
considering different bandwidth types. Bidanset and Lombard (2@t4pdored used real estate
data in an evaluation of the uniformity of the selling prices of houses in Norfolk, Virginia. They
examined the sensitivity of locally varying regression models to bandwidth specifications. Most
importantly, they focused on geaghically weighted regression that assumes a Gaussian
distribution for the response variables. Bidanset and Lombard compared the performance of the
two most used bandwidth methods (fixed and adaptive). It was reported that geographically
weighted regressn with fixed bandwidth produced a better fit in modelling the real estate prices.
For their data, the model with adaptivesgjuare bandwidth produced lower performance results
when measured by the Akaike information criterion. Caution was recommendeel iuse of
predetermined bandwidths and researchers should endeavor to compare bandwidth types. This is
to facilitate the best performances and a better justification of the model selected. Similar findings

and recommendations were reported by Bidanset.ambard (2014b).

In contrast, Chasco et al. (2007) studied household disposable income using geographically
weighted regression models in Spanish provinces. They compared the fixed and the adaptive
version of the Gaussian anddugjuare bandwidth functioifhe results obtained were contrary to
what was reported by Bidanset and Lombard (2014). Chasco et al. found adagtjuareikernel
bandwidth function to produce the best fitting geographically weighted regression. Interestingly,

both studies used a nhed of crossvalidation in their optimal bandwidth selection.

Bitter et al. (2007) used adaptive Gaussian bandwidth geographically weighted regression
in the examination of spatial variation in house prices in Tucson. Although they arbitrarily chose
a type of bandwidth for their analysis, geographically weighted regression was found to produce a

better fit to their housing price data than the global model. The spatial structure of urban settings
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has also been modelled by geographically weighted regressiog preselected fixed-sguare

bandwidth (Noresah and Ruslan, 2009).

The variation reported in geographically weighted model performances by bandwidth
choice suggests that different bandwidth types may perform differently with different data and

different methods of optimal bandwidth selection.

While the two most commonly used common types of bandwidthsxateGaussian and
the adaptive bsquare, most researchers have preferred the adapsgednie bandwidth over the
fixed Gaussian bandwidth. Resmch that has used adaptive bandwidth in calibrating
geographically weighted regression has folloc
Fotheringham et al. stated that while the geographically weighted regression method could be
influenced by the barddth choice, adaptive bandwidth performs better when the data include
sparse and dense data distributions. This assertion has been used across various reported studies in

transportation engineering without comparing the effect of different bandwidths.

It is of interest that the performance of these bandwidths may vary with different
distributional assumptions, and that the data structure may play a key role. The idea that both
methods should be evaluated should always be considered. This is to alloateacbaice of

bandwidth for geographically weighted regression analysis.

The approached used to determine the optimal bandwidth in the calibration of
geographically weighted regression methods affects the optimal bandwidth selected. The
approaches usedclude crossralidation and the Akaike information criterion (Li et al., 2010). In
Farber and Paezds (2007) study of methods usec

of geographically weighted models, the researchers found that the majbthg 64 papers
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examined used crosalidation. Precisely, 35 of 64 studies used the evafidation method, 13

used Akaike information criterion, 9 used a predefined method, and 7 did not mention the method
used (the method was possibly chosen arbifjaFarber and Paez suggested that engaiédation

is the preferred approach for optimal bandwidth determination. This is supported in other research
into the most suitable approach (Cho et al., 2010; Griffith, 2008; Timofeev and Tesselkina, 2016;
Wang et al., 2008). Cho et al. (2010), for example, used agricultural data and compared the
performance of two methods (cressalidation, and smallest spatial error Lagrange Multiplier) for
optimal bandwidth selection. It was reported that the geographigeighted regression from the
crossvalidation method produced a better fit than did the smallest spatial error Lagrange

Multiplier.

2.6 Test for Spatial Dependency

Application of spatial models such as the geographically weighted regression model in
crimeand collision studies requires the presence of spatial dependence in data to be established.
Various tests have been developed to determine spatial dependency, and the most commonly used

are the Moran | and Geary C tests.

According to Radil (2016), bothéhMoran | and Geary C tests can be applied to determine
the presence of spatial dependence in continuous interval ofenagiomeasurements. These
methods were initially global measurements of spatial dependency. This is because they
determined the divgence of variables from randomness across geographic space using a single
statistic. Interestingly, the two methods use different approaches for estimating dependence across

variable space.
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The Moran | test determines the variation in spatial randonusesg an approach similar
to Pearson correlation, i.e., the cross product of the coefficients. It can vary from +1 which
indicates the presence of perfect positive spatial dependentevtich implies the presence of

negative spatial dependence.

TheGeayds C test uses the square of the devi
However, in this case, a value less than 1 implies positive spatial dependence, and values greater

than 1 indicate negative spatial dependence.

There are local versiord these tests for spatial dependency. The local Moran | and local
Gearybds C tests for spatial dependence eval use
regions.The Local Moran Iwas proposed by Anselin (1995) anbe localGe ar y(&is) C

statstics introduced by Getis and Ord (1992).

These local tests of spatial dependence compare values occurring within proximities. In all
cases, they evaluate the null hypothesis of absence of spatial randomness against the presence of
spatial randomness otherwise known as spatial dependence. Theonor®nly used local
measure for spatial dependence is the local Moran | statistic (Ratcliffe, 2010). This is because it is
flexible and can be adapted to different situations. For example, it could be applied to a situation
where information is present@tlareal units or as a point pattern. Its advantage of accounting for
underlying variations of process makes it the preferred choice for researchers (Bernasco and
Elffers, 2010). Asides, Moran | is computationally robust, and the interpretation of tis iesu
intuitive i.e. positive and negative Moran | indicate presence of positive and negative spatial

dependency.
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2.7 Adjusting for Regressionto-the-Mean

Different methods exist for correcting RTM bias. The commonly used approaches include
the Continuous Risk Profiling (CRP) technique and the Empirical Bayes method (Lee et al., 2016).
The approach selected for correcting RTM bias depends on expertise andite preferred for
a research project. In some cases, selection is based on the standard relied on in the identification

of hotspots.

Continuous Risk Profiling (CRP) is a technique proposed by Chung and Ragland (2007) to
address the problem of falpesitives, i.e. incorrect identification of hotspot locations for safety
improvement (Kim et al., 2014). It is used to correct for the RTM bias that characterizes before
andafter observational studies. The method is based on observed collisions ardrhasdd to
identify hotspot locations needing safety improvement. This approach generates a risk propensity
(also known as a profile) for road segments within a study area based on a weighted moving
average of the collisions that occurred on each segmbatprofile obtained is then compared
with the baseline threshold and areas that exceed this threshold are deemed hotspots that require
immediate attention (Medury and Grembek, 2016). CRP adjusts to the true risk potential of a site
by estimating the deitg of collisions. It focuses mainly on changes in collision risk potential at
sites, thus providing an opportunity for effective evaluation of hotspot countermeasures designed

to improve roadway safety (Chung and Ragland, 2009).

According to Kim et al. (@14), CRP methods use three main steps when identifying
hotspots. Firstly, random variation in collisions data is removed using the technique known as the
weighted moving average. Secondly, the collision data and prediction models are used to

determine théoundary of the sites. Thirdly, collisions within the defined boundary are then used
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to select sites that will receive countermeasures. CRP has been used extensively in the

identification of collision hotspots for countermeasure provision.

Oh et al. (209) used a CRP method to determine characteristic of hotspot locations that
experienced high collision frequency during wet roadway pavement conditions. The method was
used solely to minimize exaggeration or perhaps misidentifications of collision hot#pites
determining factors contributing to the collisions. The false positives, i.e. the misclassifications
obtained from the CRP method, were compared with another method known as the sliding window
technique. Interestingly, the CRP method was reportedutperform the sliding window
technique. A 30% reduction of false positives was recorded. This method was found to account
for a shift in hotspot locations during dry and wet pavement conditions. This shift in hot spot

location can be attributed to th@shastic variation in collision incidences.

Similarly, Chung et al. (2011), used the CRP technique in the identification of sites for
improvements on freeways. Chung et al. (2011) proposed a method that combines the CRP
technique with a cumulative sum atghm to evaluate safety deterioration on freeway segments.
Safety deterioration was measured as changes in the observed collision rates. Essentially, the
cumulative sum algorithm was used to detect sudden variation in the collision records. Chung et
al. found that by using a growth factor determined by the cumulative sum algorithm and observed
changes measured using CRP, locations where safety is gradually deteriorating could be
determined and countermeasures provided. The research by Chung et al. tstadvieel CRP
method can be proactively used to identify hotspots. Interestingly, the CRP method has been used

extensively to analyze roadway segments.

The Empirical Bayes (EB) method is the most popular method for reducing RTM bias in

hotspot identificatio. The EB method uses information from a group of entities (the reference
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group) combined with historical collision data to determine the safety of a road segment or
intersection. The approach uses detailed mean and variance information for a similanfgroup
entities (Hauer, 1992). By incorporating mean and variance information from the reference group,
the EB method can control random variation in the number of collisions recorded at a site. This
method has been reported to handle RTM bias well (Yangemd?016, Hauer et al., 2002) and

has identified hotspots in a stable manner, i.e., it increases precision (Cheng and Washington,

2008; Hauer et al., 2002; Montella, 2010).

However, the initial EB method required a large reference group and the gleciede
could be somewhat arbitrary. The reference groups can be difficult to match to the site being
investigated. Due to this limitation, a multivariate regression approach that can estimate the
expected mean and variance (dispersion) was proposed biy(#882). Application of regression
methods to estimate the mean and variance of reference group makes EB a flexible way to estimate
safety and identify hotspots. This flexibility is not limited to the safety analysis of road segments

and could also be foul applicable in zonal level (macro level) safety analysis.

The EB method has been widely applied in safety analysis in transportation engineering. It
has been recognized as the statistically preferred approach for-betbaéer evaluation of safety
countermeasures (Persaud and Lyon, 2007). Other researchers have used EB to focus on accurate

identification of hotspots.

At the segment level (micro level analysis), Persaud et al. (2004) evaluated the safety
effects of lane separation on tdane rural radway using data obtained from California,
Colorado, Delaware, Maryland, Minnesota, Oregon and Washington. In total, 98 sites along 210
miles (about 338 kilometers) of road segment was considered. The research was motivated by the

need to propose safety aseres to mitigate collisions occurring on rural highways with no

73



physical separations (e.g., no median or barrier between lanes). Collisions between vehicles
travelling in opposing directions account for the majority of fatalities on rural highwaysuBersa

et al. evaluated the safety implications of installing rumble stripes in the middle of rural highways
to warn vehicles that crossed the centreline, often because of distraction or fatigue. Using an EB
beforeandatfter study, the effect of rumble stripms assessed on selected hotspots. The results
indicated that the rumble strips brought about a significant reduction in injury related collisions.
Using the empirical Bayes approach accounted for RTM and meant that the safety effect was not

exaggerated.

Shaheed et al. (2015) used the EB technique for the identification of collision hotspots in
lowa during winter using collisions data from 2008 to 2009 and from 2011 to 2012. Winter
collisions were extracted. The analysis incorporated weattatied factas such as weather
conditions, surface conditions and visibility at the time of collision as predictors in the model
development. Negative binomial regression was used in the development of the collision
prediction model. The EB method identified high risitlision segments accurately and was able

to overcome the challenges associated with traditional crash analysis techniques.

Cafiso and Silvestro (2011) used a similar technique to identify black spots/hotspots on
two-lane local rural roads where only spardata were available. Due to the criticality of the
predictors (e.g., traffic volume and segment length) and the collision observation period of the data
collected, Monte Carlo simulation was used to produce theoretical collision data similar to the
emprical and a priori data used to define the hotspots. The results obtained from the EB method
were compared with observed the collision frequencies, the crash rate and the potential for safety
improvement. The results showed that the EB estimates wereshajproach for identifying

hotspots on rural highways characterized by sparse data. The simulation approach was
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recommended for constructing collision data similar to empirical data when evaluation of hotspots

on two lane local rural road ways is to lzred out.

The EB method has also been applied in the identification of animal vehicle collision
hotspots. Gkritza et al. (2013) used this technique to assess safety improvement needs on 150
highway sections in lowa using records of deehicle collisiors. A SPFwas developed using a
negative binomial model that regressed deer vehicle collisions as a function of roadway
characteristics and environmental factors. Analysis using the EB method was able to identify a list
of the top 25 roadway segments in i@ safety improvements. Most were located on roadways
with high speed, right shoulder areas and adjacent grassland. The analysis facilitated the provision
of deer vehicle collision countermeasures. The research showed that the application of the EB

methal is not limited to the identification of vehicle to vehicle collision hotspots only.

Although the EB method has been identified as a technique that enhances hotspot
identification, and the EB method has received much attention at the microscopicittevel,
application in macroscopic modelling is still lacking. Most literature on the application of the EB
technique is at the microscopic level and involves developing a SPF and incorporating the SPF
estimate into the EB technique. Application of methods@orecting the biases associated with

RTM in macroscopic collision studigsstill a grey area.

Macro-level prediction models can also be used in the EB identification of hotzones. The
use of the models will allow for spatial factors such as demograpiui land use characteristics
to be accounted for in crime and collision prediction and incorporating the EB method into such
analyses could lead to improved predictive performance. The approach could also lead to better

identification of hotzones for edttive deployment of enforcement resources.

75



Comparison of Methods for Adjusting for Regressmthe-Mean

Various researchers have evaluated the performance of CRP as a method for overcoming
the variations that surround collision frequency. Some rdseatave evaluated the advantages
of the CRP method over similar approaches such as the sliding window methods that focus on road

segments (Grembek et al., 2012; Lee et al., 2013; Oh et al., 2009).

The CRP method is not without limitations. The reswitsi of this approach to safety
evaluation and hotspot identification at segment level are a strong limitation. Chung et al. (2009)
explained that the CRP method is most suitable for the determination of hotspots on continuous
road way sections such as fnegys. The idea that CRP is suitable for continuous sections of
roadway was also highlighted in the research by Lee et al. (2016) in their study comparing the
performance CRP with the EB methdcte et alused 110 miles of freeway in California. The
resuls were consistent with the claims that CRP is the most suitable method for continuous
sections of roadways. It was emphasized that CRP outperformed the EB method in identification
of hotspot.Theyconcluded that the performance of the EB method couldb&d by aSPFthat
is biased. The CRP technique in the evaluation of safety is limited to continuous sections.

Intersection studies remain limited.

Srinivasan et al. (2011) argued that the proposed CRP technique uses only observed
collisions in the detenination of hotspots for countermeasure provision and therefore does not

correct for RTM bias.

The alternative approach to the CRP method is the EB technique. The EB technique has
been compared with similar methods such as simple ranking methods aadvatstages

emphasized. Cheng and Washington et al. (2005) compared the predictive performance of a model
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developed using the EB technique with a confidence interval approach to ranking sites. Using
experimental simulated data, Cheng and Washington egakdthat the EB method is superior

to the similar approaches (i.e., superior to simple ranking and the confidence interval method).

A similar comparison was carried out by Montella (2010) and revealed that the EB method
outperformed other hotspot idemtétion methods. The EB method was found to be consistent and
reliable in the identification of hotspots. Emphasis was placed on the consistency of this finding

with previous research.

Elvik (2008) examined the predictive performance of the EB methaddor safety using
estimates derived from empirical distributions of collisions at sites, and predictions obtained from
a negative binomial model fitted to the empirical distributions. The estimates were combined in
the EB analysis. The analysis showed thabrporating the EB method into regression analysis
enhances prediction of collisions, i.e. it improves precision. This again highlights the advantages
of the EB method. The EB method has thus become theddtdte-art approach to collision

hotspot idetification.

Apart from the precision offered by the EB method, it is more flexible than other
approaches such as the CRP. The EB method is not restricted to road segments. It can be applied
to various components of the transportation network includingneety and intersections. Its
advantages are not limited to microscopic level analysis, but can be applicable inlewacro
analysis to correct for RTM bias and enhance precision. The EB method has numerous other
advantages. It allows the use of predictivedels known aSPFs in establishing the relationship
between collisions and their associated factors. Furthermore, it allows information from observed
collision frequency to be used to enhance the identification of hotspots, thus accounting for random

variation in collisions frequency known as RTM. The EB method is the technique recommended
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by the Highway Safety Manual (2010) and most used by researchers. Thus, the EB method will be

used for correcting for RTM in this research.

In summary, this chapter sigprovided a background into the concepts involved in a
DDACTS analysis. It identified the spatial units of analysis at which hotspots could be determined,
i.e., both micredevel and macrdevel, as well as the applications, but emphasis was placed on the
use of macrdevel analysis. The chapter highlighted TAZs as the spatial unit of analysis formacro
level analysis preferred by transportation professioaat$ it was the unit considered in this
research The chapter also discussed the problenspzitial dependency and heterogeneity in
spatially referenced data such as crime and collision incidetieeregression methods for count
data modellingand the regressieto-the-mean problem. The need for spatial regression methods
such as the geographity weighted regression method to address the problem associated with
spatially count crimes and collision was emphasi3éis research focused extensively on the
geographically weighted regression methddso, the influence of bandwidth on the
geograpltally weighted regression models and method for testing for spatial dependency was
highlighted. Lastly, the methods for correcting flBTM bias were thoroughly compared.
However, the advantages of the EB method highlighted made it a preferred approdafthised

research.
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CHAPTER 3:RESEARCH DATA AND MO DELLING METHODS

This chapter provides information on the study area and sourcesaolskd in this
research. The chapter also discusses the method used to aggregate the data into areal units (TAZS).
The treatment of boundary incidences (crimes and collision falling on the boundary of two or more
spatial units) is discussed. The underly@isgumptions used in the existing literature for boundary
collision aggregation into spatial units are explained. The selected approach, i.evikeptig
technique, for assigning boundary crimes and collisions into a spatial unit is highlighted. The
research approach, modelling techniques, and goodness of fit tests used to identify best performing

models are also discussed.

3.1 Study Area and Data

This research used City of Regina, Saskatchewan data to developlevatrime and
collision predicion models. Regina is the capital city of the province of Saskatchewan and is in
the prairie region of Canada. Over the years, Regina has grown in population (Statistics Canada,
2017a; Statistics Canada, 2017b; City of Regina, 2018) and social issuedsoanereased. The
city has witnessed an unprecedented rise in the number of crimes and collisions. In the annual
comparison of crime severity index among cosmopolitan areas of Canada, the city was ranked
higher than any other of the other cities includEuis year is one the reference years included in
this study (Boyce et al., 2014). Figurel3shows the crime severity index in Canada among

comparison cosmopolitan cities in year 2013.
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to be more than the national average of 68.7 and Regina still ranks high among other

municipalities. In 2013, Saskatchewan Government Insurance, an agency responsible for the

collection of traffic collision records for the prowie of Saskatchewan reported that the city ranked

high in the number of fatalities recorded on roadways. Around this same period, the city ranked

second to the city of Saskatoon in the number of total, injury and property damage only collisions.

The simulaneous occurrence of crime and collision in Regina made it a suitable choice for this

study.
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3.2 Data Collection

The dataset used in this research was obtained from various government agencies in
Regina. These agencies include the City of Regina (COR), Saskatchewan Government Insurance
(SGI) and Regina Police Service (RPS). The data obtained from these agencoesindime,
collision, roadway inventory and demographic data. Land use data (land use classification

information) was obtained from an online open source platform known as open.regina.ca.

Descriptions of the databases are provided in the next section.

3.21 Crime Database

The RPS collects records for crimes occurring withinGltg of Regina. These are stored
in a database along with the nature of the crimes (assault, robbery, murder etc). The crime location
(with location coordinates) and time and cluéeastics of the offenders (age, gender, ethnicity,

citizenship.etc) are also stored in this database.

The crime data provided by RPS were obtained in three text files: the occurrence file, the
address file and the person file. The occurrence file gesvinformation on the type of crime that
was reported and the time of occurrence (start time, end time andeporéed to the police). The
address file contains the address where the crimes occurred and the geographic coordinates. The
person file contais the record of person(s) involved. Common to the three files provided by RPS
is the occurrence file number. The occurrence file number facilitated merging of the three files

into a comprehensive crime databhase

This research focused on only 5 years @R013) of crime records. However, there were

some data quality issue with the crime records during the study period, in particular the time of

106



occurrence of the crimes. Some of the crimes in the database lacked the time of occurrences and

some lacked thstart time, end time or reported time.

The time when the crime was reported served as the basis for the analysis conducted in this

research. Where times were missing, they could not be included in the analysis.

The list of crime types recorded in the alzdse of thdRPSare numerous. Baseash
consultation and recommendation by the city of REE®rime types were selectethese crimes
were Arson, Assault, Break and Enter, Mischief, Sexual Assault, Murder, Robbery, Theft, Theft
of Automobile and Theft from Automobile. The&® types of crime were then categorized as
violent, nonviolent and total crimes. In this researclimas that can result to bodily harm or death
are classed as violent, otherwise they are classified asiolent. The summation of the two

categories gives the total crimes.

Yearly Crime Occurrence Frequency
(2009-2013)
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Figure 3-2: Yearly Distribution of Total of Ten Crimes in Regina
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The total number of crimes has been on the downward trend over the past years.

In 2009, about 15,000 crimes were recorded and this total decreased slightly in 2010 to
about 14,000. The numbers of crimes in the year 2011 remained the same as 2010 but dropped in
the years 2012 and 2013 (see Figw®).3During the 5 year study period, about 65,505 crimes
were recorded in the Regina. Importantly, not all the coordinatdgesé tcrimes were available
and some did not fall within the Regina city limit when the crimes were allocated to TAZs. Only

crimes with known location coordinates were aggregated and assigned to the TAZs.

For macrelevel analysis of crimes conducted irsthésearch, a total of 50,284 crimes were
used for further analysis. About 18% (9,181) of these crimes were violent and 82% (41,103) were

nonviolent.

About 1% percent (284) of the total violent crimes were Arson, 14% (6,922) were Assault,
3% (1,315) werdRobbery, and 1% (636) were Sexual Assault. There were 24 murders, a very

small percentage.

For nonviolent crimes, Break and Enter constituted about 12% (6053), Mischief about
22% (10,908), Theft about 23% (11,436), Theft from Auto about 16% (8,057),heafdof Auto

about 9% (4,649).

The distribution of the three crime categories (violent,-wiotent and total) aggregated

into 244 Regina traffic analysis zone is shown on Figt8e 3
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Figure 3-3: Distribution of Aggregated Regina Crimes

The distribution of Regina crimes across traffic zones shows skewness. They crimes are non

normally distributed.
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3.2.2 Collision Database

SGil collects records of collisions occurring on roadways withirCityeof Regina and all
other cities in the province of Saskatchewan, Canada. The information is stored in a database
known as the Traffic Accident Information System (TAIS). According® @&013), TAIS is a
database on which details of traffic collisions occurring on roadways in the province of
Saskatchewan are recorded. Collisions usually stored on these databases include those involving
injury, fatalities and property damage only. Tlaabase also includes information on hit and run
collisions and collisions involving impaired driving in which vehicles involved are towed and

reported to the police.

The advantage of TAIS is that it provides detailed information on collisions to many
agencies that might be interested in assessing transportation safety initiatives. The gathering of
details related to traffic collisions recorded on this database is done in collaboration with law
enforcement agencies and the staff of SGI who work to inwstignd record collision
occurrences on TAIS. Aside from the types of collision recorded in this database, information is
provided on the characteristics of roadways on which they occur. This could be intersections or
roadway segments. The street addresaild and their UGRID (the location identifier for segments
and intersections on which the collisions occur) are provided in TAIS. Generally, in Saskatchewan,

collisions that occur on roadway elements are described using the UGRID.

Collision records obtaed for this research were provided at a disaggregated level and not

in aggregated form.

The traffic collisions data obtained from the SGI were provided in three separate files

(tables): collision, vehicle and occupant. Each of these databases coatamadon identifier.
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The collision record contain records relating to the nature of the collisions and the circumstances
that lead to their occurrence. Information recorded include location details using the UGRID, date
and time of occurrence, severitytéh injury or property damage only), collision cost and weather
conditions at the time of the collision. The collisions are recorded by type of road element
(intersection or roadway segment) on which they occurred. The vehicle table contains information
about the number of vehicles and details of the driver (age, gender, date of birth, etc) involved in
the collision. Also contained in the vehicle table are the contributing factors to the collision. The
occupant table contains the record of persons in ¢héche at the time of collision. Using the
UGRID, the tables were merged and two separate collision databases were created: intersection

collisions and roadway segment collisions created ready for subsequent aggregation analysis.

The databases provided 8%l included several years of information relating to collisions
that occurred within th€ity of Regina. However, only five years (202013) of collisions were
used for further analysis. The analysis considered three collision severity leveln]imial
property damage only and total. Fatglry collisions are those that result to injuries to persons
or loss of life. In principle, the number of fatal collisions is always few so they are usually
combined with injury collisions for analysis purposBsoperty damage only collisions refer to
collisions in which property such as vehicles or highway infrastructure is damaged, but no one is
injured or killed (Blincoe et al., 2002, Highway Safety Manual, 2010). The sum of thenfatsl

and property damagonly collisions is the total collisions.

Figure 34 shows the number of collisions that occurred within the five year study period
considered in this research. In 2009, @iy of Regina experienced a total of 6,513 collisions.

This number decreased 2010 and 2011 compared with the year 2009. An increasing trend was
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seen in the year 2012 when referenced to the years 2010 and 2011 (collisions increased to 5,944

in 2012). This then dropped to 5,787 in 2013 (see Figudre 3
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Figure 3-4: Yearly Distribution of Collisions in Regina

During the five year study period, ti@ty of Regina recorded 29,411 collisions. About

20% (6,010) of these collisions were faitgliry while 80% (23,366) we property damage only.

By using the UGRID and coordinates generated for each collision, the collisions were
assigned to city TAZs. However, there were boundary issues, i.e., collisions falling at the boundary
of two or more zones. Also, not all the csitbns recorded has UGRID identifier. These collisions

could not be considered.

Aggregation of the collisions into the 244 TAZs of Regina resulted in a total of 26,642
collisions with 21.7% (5,759) being fatiajury collisions and 78.3% (20,883) beingoperty

damage only collisions. See Figur® 3or distribution of collisions across zones. The methods of
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aggregation and the process for dealing with collisions that fell on a boundary are discussed in

subsequent sections.
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Figure 3-5: Distribution of Aggregated Regina Collisions

Similar to the crime database, the distribution of Regina collissggegated into zones is
skewed.
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3.2.3 Sociodemographic Database

The demographic database of Regina was provided by the City of Regina. This data was
obtained in aggregated form, i.e., at the TAZs level. In most cases, sociodemographic data are

provided atan aggregated level due to confidentiality constraints.

The demographic database obtained from City of Regina contains the records by age
category, proportion of persons enrolled in school, and total number of persons per TAZ. The

database also includEmnd use information (office, retail, etc.) in a ready to use format.

3.2.4 Roadway Inventory

Roadway inventory information was supplied by SGI in ArcGIS shape file format. It

included details of all road networks within Gy of Regina.

The shape file provided information about road types by functional class, use and speed. It
also provided information about the location identifier known as the UGRID of these roads.
Similarly, the intersection shape file for tkty of Regina was provide It also contains the
UGRID location identifiers as one of the attributes. However, the Annual Average Daily Traffic
(AADT) of all road segments in th@ity of Regina was not measured. Only some roads have their
AADT provided. In cases where this are nwasured or available, the average of AADT by road
functional category (local, collectors, arterial etc.) was assigned to each road with missing
information based on functional category. Using the AADT provided and the assigned average,
Vehicle KilometerTravelled (VKMT) was calculated as the product of their AADT and length).

This approach to estimating VKMT was applied to all the roads i€itigeof Regina.
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3.2.5 Land use

The land use information described in this research characterizes how the land area has

been assigned for use.

In land use shape files of Regina obtained from open.regina.ca, land areas are classified as
commercial, industrial, residential (low, mediumdamgh) density, recreational or open space,
railway, and airport area. The area per TAZ of each land use was determined in ArcGIS by
overlaying the land shapefile on tkity of Regina TAZ. The area of each land use was then

estimated.

3.3 Data Aggregatiam

Some data obtained for this study were provided at disaggregated level, i.e. they were not

provided as aggregated information in areal units.

As crime data obtained from th@ity of Regina police service were reported using
coordinates of the locationhere they occur, aggregation of the crime data into the TAZs was
quite straightforward. However, before importing the crime database and crime coordinates into
the ArcGIS environment, the 10 types of crimes which this research focuses on were identified
ard approved by Regina police authorities. After this approval, the crime database was imported
into ArcGIS and the coordinates plotted considering the specified ten types of crimes. This was
overlaid on the TAZ shape file to determine the number of crimigsweach zone (within the

2013 city limits). The sum of each crime type for each zone was then determined.

The collision data provided the UGRID, but not the coordinates. Intersection collisions and

roadway segment collisions were provided in separds. fRoad segment in Regina were
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converted into point shape files and the coordinates generated. This information was exported into
Microsoft Access and merged with the collision database using the common identifier, i.e., the
UGRIDs. From the merging ofvb files, coordinates were generated for collisions occurring at

segment level.

A similar approach was used for database containing intersection collisions. Intersection
shape files were imported into ArcGIS and the coordinates generated. The informasion
exported to Microsoft Access and merged with collision records using the common identifier

known as the UGRID.

The collision databases for intersections and road segments were combined into one
database. Using the coordinate of all the collisionsctikésions were plotted in ArcGIS and
spatially overlaid on the TAZs to determine the number of collisions by severity (fatal, injury and

property damage only) within each TAZ.

The approach employed in the aggregation of collisions that occurred at sézyabwas
employed in determining the total VKMT per TAZ. Since this information had been estimated
prior to conversion of each segment into a points using the segment coordinates, it was quite
straightforward to estimate the VKMT per zone. The coordmat the segments were plotted and
spatially overlaid on traffic zones. The sum of the VKMT of all the road segment centroids within

each zone was assigned to the TAZ.

The same approach was used to determine ea

class, use and speed.

To determine the numbers of legs per intersection, the number of legs was first determined
in the ArcGIS environment. An intersection shape file was overlaid with the road segments in
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original form before conversion to points. Thgbuthis overlay, the number of legs per intersection

was determined. Any intersection point that recorded one or two legs was removed from the
analysis. This is because these intersections represent dead ends streets that are mostly represented
as pointin ArcGIS digitization. Similarly, two leg intersections do not exist. Two leg intersections
appearing in the database could be as a result of a digitization error causing a breakage in a

continuous road segment.

After determining the number of legs peterrsection, the information was overlaid on the
TAZs. Summaries of intersections by numbers of legs and total for each TAZ were obtained.
However, in this analysis, weighted averages for the road segment length and the speed limit of
the roadway were estiated using equation{B and (32) to minimize subjectivity in digitization

of the roadways:
60 QI WRAMQAa ®&HOYd 000D C%a— (3-1)

where:

“Yrepresent the total speed limit of road in a particular subcategory, e.g. 20 km/hr;
¢ is the total sample size of speed limit; and
0 is the total number afpeed classdbat falls within a TAZ.

Similady, average road segment length was calculated using the same approach (see Equation 3

2).
0L QI YOWa QNE MDD wO0"0b 'O(')BB— (3-2)
where;
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0 is the total length of road class within a jairdrterial, collector etc;

¢ is the total sample size of the road class; and

0 is the total population size of road class within each class.

A land use database was extracted from the shape files obtained from open.regina.ca. This
shape file was overlaid with Reginads TAZs t
within ead zone. The summaries of the collisions, crimes, segments by road category, speed and
functional class, intersections by number of legs, and proportion of each land use was merged with

the TAZ file that contained the sociodemographic information.

IntotaL, t wo separate databases containing aggr
generated for macrevel modelling: the aggregated crime database and the aggregated collision

database.

However, aggregation biases could not be completely overcome uGméssue was the

problem of boundary crimes and collisions.

3.4 Boundary Crimes and Collision

Apart from the spatial heterogeneity/dependency problem that characterizes areal unit
analysis, another problem peculiar to maleneel analysis is the treatment of incidences that occur
at the boundary of two or more zones, i.e., boundary incidencesmmssiy TAZs are in most
cases delineated using the existing boundary between zones. In some cases, the boundaries of two
or more zones are defined by arterial or street networks which often result in collisions occurring

at or near the boundary of zonesii €t al., (2015) explained that a large proportion of road traffic
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collisions occur at the boundary and if underestimated or overestimated, the results of the analysis,

especially in the case of road safety, could be biased.

While modelling aggregated mal level events such as collisions and crimes involves
assigning the events into zones, the issue of events that occur at or near a boundary of two TAZs
remains problematic (Siddiqui and Abd#&ly, 2012). Various methods of classifying boundary
collisionshave been explored, e.g., ignoring the boundary event, assigning events on boundaries
to both areas (double counting shared events), using a weighting scheme, and using a boundary

density ratio method such as that recently proposed by Cui et al., (2015).

Boundary assumptions could play an important role in zimval model estimation. The
simplicity of the boundary assumption influences the sophistication of model built. Hence, it is

important to evaluate alternative treatments that could be given molégucollisions and crimes.

Ladron de Guevara et g2004) employed an approach which focuses on eliminating
collisions that occur at the boundary of TAZs. This approach was use in the development of long
range collision prediction models for the cityTaicson in Arizona. They pointed out that due to
differences in the level at which data were collected, two types of random error were generated.
The first type relates to the treatment given to an arterial or street segment on the boundary of two
zones. 8ch segments cannot be uniquely assigned to a zone. Ladron de Guevaagetested
that these segments should be removed as they accounted for only 5% of the entire road length
within their study. The second type of random error relates to treatmimets cpllisions
information assigned to points. Collisions that occurred on boundary were simply removed and
not considered because they produced random errors when attempts were made to allocate them

into TAZs. This treatment of boundary collisions wagdisn research by Hadayeghi (2009)
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despite Ladron de Guevara et al. pointed out that eliminating boundary collisions introduces

random error which was claimed to negligible.

The approach to removing boundary collisions ignores the fact that most TAZs are
delineated by roads (usually arterials) and collisions on arterials are common due to high traffic
volumes. It also ignores the fact that boundary collisions situations vary by city and that the case
of Tucson, Arizona might apply to other cities. Neglegtsuch collisions may result in a larger
proportion of collisions not being considered in the model development. The approach used by
Ladron de Guevera et al. (2004) is, simple to use, but not logical for the development of aggregated
collision predictionmodels. The assumption of negligible random error is broad and requires
verification of the proportion of collisions that fall on the boundary to avoid a large proportion of
collisions possibly being ignore. Hence its use may largely depend on the ievakiathe
proportion of collisions that occurs on the boundary of TAZs. The assumption of zonal influences

on boundary collisions was completely ignored by Ladron de Guevera et al.

In the study by Wang et al. (2012), apveighted approach was highlightand said to
be proposed by Sun and Lovegroove (2010). This method was also used by Sun and Lovegroove
(2013). It involves sharing collisions that occur at the boundary between the number of TAZs
involved (sharing point features by corresponding TAZs fgyrating them with a weight equal
to the reciprocals of the related TAZs). This method of allocating boundary collisions is quite
logical and simple to use, but it neglects the problem that traffic crosses several boundaries. Simply
dividing the boundaryollisions between the TAZs sharing a boundary road may not accurately
account for boundary collisions or relate the collisions to the appropriate TAZ. This technique of
preweighting might seem appropriate when information about the numbers of tripsgribes

boundary of traffic zones is not available.
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Wang et al., (2012) suggested that three steps should be evaluated when attempting to
allocate boundary collisions to TAZs. When intersections are shared by different TAZs, Wang et
al. suggested that thirection of travel and the configuration of accidents between vehicles could
be used for allocating collisions into zones where an intersection is shared by more than one TAZ.
When roadways are shared by TAZs, the side of the road where the collisios iscased to
allocate the collisions into zones. When information about the first two steps is unavailable, Wang

et al. recommend the prating method.

Of all the methods suggested, only theywsghted technique appears feasible. It is simple
and doesnot completely violate the principle that neighbouring zones influence boundary
collisions. The concept of examining collision configuration before assigning collisions to zones
may be less feasible where details regarding travel direction, collisioiywation and side of

the road information where the collision occurred is not available.

Another approach suggested for treating boundary collisions involves development of
separate models for interior and boundary collisions. In an attempt to studyuheof collisions
at the boundary of zones, Siddiqui and Abdgt (2012) developed pedestrian collisions
prediction models using data from the counties of Hillsborough and Pinellas in Florida. Collisions
that occurred within traffic zones were refertedas interior collisions and those that occurred at
the boundaries as defined by a buffer distances were termed boundary collisions. Collisions that
occurred within 100 meters of the TAZ border were termed boundary collisions. Separate models
were developd for interior and boundary collisions using a hierarchical Bayesian method based
on the roadway characteristics and satgonographic characteristics of zones. The results of the
models were compared with TAZ level models that did not consider bounflacyseor the

influence of neighbouring zones on pedestrian collisions.
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Developing separate models for interior and boundary collisions was found to enhance the
prediction of pedestrian collisions. Models that ignored boundary effects on pedestriaonsollis
were found to underperform. While this approach presents an opportunity for the treatment of
boundary collisions, it could be considered only suitable for pedestrian collisions. This is because
pedestrians do not travel long distance as evidencesligslarch of Sidiqui and Abéety (2012)
as 70% of the collisions in the two counties occurred within the border. Also, roads have different
widths, and the use of buffers to determine boundary collisions may not effectively represent the
geometry of rod features that delineate traffic zones. Similarly, defining a unique buffer when

vehicle to vehicle collisions is studied by severity could be challenging.

Lee et al. (2014) attempted to address boundary issue problem by proposing the
development of Trdic Safety Analysis Zones (TSAZs). TSAZs were created by combining TAZs
that have homogenous numbers of collisions into new zones. This led to the creation of a reduced
number of zones. The Browforsythe test of homogeneity of variance was employed tckche
similarity in zones before aggregation. An optimal zone aggregation of 1:2 was recommended
when regionalization is considered. It was highlighted that developing TSAZs showed potential in
reducing the boundary issues of TAZs. While development of T3&d&$o a reduction in the
number of boundary collisions, the majority of collisions (about 62%) still occurred on or near a
boundary. This defeated the purpose of creating TSAZs to minimize boundary collision issues.
The approach may, however, be effectamethe change of support problem in area unit mougl
Lee et al. recommended that further research should be done on boundary collisions as
regionalization does not eradicate the boundary collision problem in long range transportation

planning.
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Recenly, Cui et al. (2015) proposed a thistep approach to boundary collision
aggregation. The approach is known as the collision density ratio (CDR). In this method, collisions
that occurred at the boundary of two or more TAZs were determined using histogsach
entropy. This determined the size of the boundary zones and collisions that occurred at a boundary.
Probability density distributions for collisions within each zone were then evaluated and the CDR
was used to aggregate the collisions into apprgp@anes. The method proposed by Cui et al.
was evaluated using the city of Edmonton as a case study to classify boundary collisions. The
results obtained appeared promising as enth@®ed histogram was found suitable for identifying
boundary collisionswith high accuracy. The authors claimed that the CDR method was more
suitable than the weighted or one to one approach to boundary collision classifications and
aggregations. While boundary collisions (otherwise referred to as the boundary effect in the
literature) has been receiving wide attention, the authors recognized that roads in reality are not
lines as represented in spatial analysis. In reality, the thin lines used to represent road have width,
and where a descri pt i oecollsiéons actueis notgized, the welglted e s w |
approach may be appropriate. The complexity involved in this approach may cause some limitation
in its usage. It does not appropriately take into consideration thezomed effect of zones on
collisions. Theassumption of the approach proposed by Cui et al. that the traffic conditions in a
neighbourhood have an influence on boundary collisions is bogus as there is no appropriate
justification for intrazonal trips occurring between zones. In this case, sidipiging boundary

collisions by the numbers of joints that shared a boundary is more appropriate.

While different approaches exist to dealing with boundary collisions, the choice depends

on simplicity, the information available, and the nature of thisgmts.
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Most crimes do not occur at the boundary of TAZs, but where they do occur on a boundary,

dividing the crimes between the of zones that share the boundary was considered suitable.

3.5 Applied Technique for the Allocation of Boundary Crimes and Colkions

Crime and collisions occurring at the boundary of areal units are common in any attempt
to aggregate individual level information into areal units. This type of problem is not peculiar to
TAZs. It is widely known to be occur when an attempt is madaggregate information into
diverse units. Figure-8 shows an example of collision incidences occurring at the boundary of
two or more areal units. Different methods have been proposed for handling such incidences in
transportation safety engineeringowever, none is known to exist in crimes studies although

boundary crime incidences can also occur.
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In this research, the method mie-weighting that simply divides incidences occurring at
the boundary of two or more areal units by the number of zones that share the crimes or collisions
was employed. The mathematical description of the approach used for aggregating boundary

incidencess given as Equation {3):

01 Qi OO Q8. (3-3)

The incidences of interest in this research could be crimes or collisions. This approach was
found useful in aggregating boundary events because it assumes that zones that share such
boundary exert equal influence. Howevéhe approach is not without bias. Consider two
neighbouring zones that has one collision at their boundary. Using thveejieting technique
assumes that 0.5 collisions or crimes will be added to the neighboring zone. Eventually, this will
round up toone, implying that one collision each is added to these unit. Also, in cases where
collisions occurred at the boundary of the city, this implies that potentially half of these collisions
might not be accounted for. These are aggregation biases that ehagattis method. Thus, the
preweighting technique to boundary collisions does not completely overcome aggregation biases.
Nonetheless, in the creation of databases for analysis that will be discussed;weggptieg

method was extensively used inigatng boundary data.

Importantly in this research, in the collision database, where the/@ghting method
assigned collisions to areas with no exposure to traffic collisions, the collisemesreassigned

equally to zones within the same proximity.
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3.6 Research Approach and Modelling Technique

In this research, three modelling techniques were considered in the development of the
crime and collision prediction models for hotspot identification. These models included the
negative binomial regression method which is the sththe-art model for ount data. The spatial
variant of count data model considered in this research included the geographically weighted
Poisson (GWPR) and negative binomial regression (GWNBR) techniques. The use of negative
binomial regression in this analysis was to fad#itselection of appropriate variables that could
be used to calibrate geographically weighted Poisson and negative binomial regression models.
The Moran | test was employed to provide justification for the use of the spatial variant of these
models. Predior variables selected for the crimes categories and collisions by severity were tested
for the presence of spatial dependency. If spatial dependence existed, there was adequate

justification of the need for spatial models.

The flow process used in thissearch is shown on Figurer3
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description of measures of model goodness of fit available to this research for the selection of the
best performing geographically weighted regression technique based on bandwidth choice is

provided in section 3.

3.7 Measures of Goodness of Fit

Goodness of fit measures are used to evaluate how well a model predicts the observed data.
Different tests can be used to measure the performance of any statistical models. Some tests use
the log likelihood information of models. These tests include thak&kinformation Criterion,
corrected Akaike Information Criterion, and the Bayesian Information criteria. Others determine
the performance of models by considering the difference between the observed data and the
predicted value. These tests include theakl Square Error, Mean Square Prediction Error, Mean
Absolute Deviation, and Mean Prediction Bias. Different researchers may use different tests to

evaluate model performance.

It is important to evaluate all available measures to determine consistemeydil

performance. The main goodness of fit tests are discussed in sectidrthi@ugh 37.7.

3.7.1 Akaike Information Criteria (AIC)

This is used to find models that best explain the data with minimum free parameters. It
penalizes models with a numbarparameter¢Burnham and Anderson, 2004; Young and Park,

2013). The equation for estimating AIC of a model is given as equatibn (3

000 caéldQgn (3-4)

0 andr] in Equation 34 represent the model log likelihood and the number of estimated parameters

estimated in the model.

128



3.7.2 Corrected Akaike Information Criteria (AICc)

The corrected Akaike information criteria is similar to the initial Akaike information
criteria except that it penalizes for sample size and the number of predictors used in model
calibration.0 "Odadjusts for bias that might be inherent in model estimation due to small sample
size (Burnham and Anderson, 2004). In most casé®oconverges to AIC as the sample size
approaches infinity (Akpa and Unuabonah, 2011). The formula for estimat@®ofs given in

Equation (35):

0 06 0 006 (3-5

The parameters in this equation are the same as Equaddnii@ N is the sample size.

3.7.3 Bayesian InformationCriteria (BIC)

Similar to Akaike Information criterion, BIC is used to evaluate model goodnessRifJit.
was proposed by Schwarz (1978). It is used for independently idendgstiputed data with the
assumption of exponentidistribution.However, unlike AIC, BIC uses a sample estimator based
on transformation of posterior distribution associated with the models. Equat®mi{®s the

formula for estimating BIC of a model:

608 & 00 a0 (3-6)

The parameters of equation$gand (36) are the same.
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3.7.4 Mean Square Error (MSE)

The Mean Square Error is carried out on estimation data and measures how closely the
fitted value represents tlodserved value: the smaller the mean square error, the closer the fit to
the actual value. A model with small a MSE is preferred (Oh, et al., 2003; Young and Park, 2013).

The MSE is estimated using Equatior7(3

b YO = (3-7)

3.7.5 Mean Square Prediction Error (MSPE)

The Mean Square Prediction Error measures how closely the fitted value represents the
observed value: the smaller the mean square error, the closiétartée actual value (Oh, et al.,
2003; Young and Park, 2013). A model with a small MSPE is preferred. The test is carried out on

test data. The MSPE is estimated using Equatie):(3

W oen,7 o~ B

0 YO O—— (3-8)
3.7.6 Mean Prediction Bias (MPB)

Mean prediction Bias (MPB) explores the magnitude and direction of model bias (Giuffre
et al, 2014; Oh, et al., 2003; Oh et al., 2004; Young and Park, 2013). Positive MPB means that the
model is over predicting while a negative value means that the model is under predicting. A value
of zero is the most desirable but practically impossible. A model with an MPB value close to zero

is preferred. The MPB is estimated using Equatief)(3
D00 — (3-9)
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3.7.7 Mean Absolute Deviation (MAD)

This measures how well the model predicts, i.e., it measures average model
misspecification. A model with values close toer considered the best and is preferred (Oh, et
al., 2003; Oh et al., 2004; Young and Park, 2013). The formula for estimation of the MPB is shown

in Equation (310):
060 22 °® (3-10)

From equations (3) to (310),®H and0 are the observed count of crimes or collisions, the
predicted value, and the sample size of that data respectively, and p is the number of parameters

in the model.

3.7.8Cumulative Residual (CURE) Plot

Another diagnostic measure for evaluating the performance of a model is the cumulative
residual plot. This has been used especially in collision modelling owing to the availability of a
common exposure variable titaat can be used. This method was originally proposed for use in
transportation safety studies by Hauer and Bamfor (1997). It measures how well a model predicts
for a given range of exposure variable. It is a useful technique that can be employed smdheck
adjust the fit of a model. Basically, CURE plots evaluate the performance of a model using the
residual (i.e., the difference between the observed and the predicted values) to assess a model fit.
An example of a cumulative residual plot developedzatrel level is given in Figure8. VKMT

within each zone is used to measure exposure.
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Figure 3-8: An Example of a CURE Plot for a Collision Model

(Takyi et al., 2018)

When the exposure variabf¢ KMT) was between 17 and 35, the observed value was
larger than the predicted count collision data (see Figi#e Blowever, when the VKMT was
above 35 and below 75, the model overestimated. The number of observed collisions was less than
the number of gedicted collisions. Beyond this, the model underestimated. A good CURE plot is
expected to revolve around the zero coordinates and converge to zero. A model with a poor fit has
the cumulative residual line entirely below or above the zero coordinatgenéral, when the
cumulative residual shows a tight band with the zero coordinate, the predicted values are much
closer to the observed collisions. CURE plot has been found particularly useful in assessing the fit
of models especially in collision studié&’hile CURE plots can be used to evaluate the fitting
performance of models, there are some limitation to their use. CURE plots show the pattern of the
cumulative residual and not the predictive value along a given range of exposure. Also, when two

CURE pbts are similar, selecting the one that better fits or represents the data could be challenging.
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CHAPTER 4:DEVELOPMENT OF MACRO -LEVEL COLLISION PRE DICTION

MODELS

4.1 Prdblem Statement

This chapter develops a madevel collision prediction model. (See Chapter 5 for the
development of the crime models.) Madewel collision prediction models, also known as zenal
level or aggregated level models, are becoming increasingly popular araosgortation safety
professionals. Macktevel models are used to estimate the safety performance of individual zones
in a study region. These models assist in screening the level of safety in traffic analysis zones
(TAZs) and/or evaluating the introdioo of safety countermeasures (e.g., adjusting speed limits)
in the screened zones. The estimated number of collisions per zone obtained from-l@wvehlcro
collision prediction model is often used as a safety performance measure. Past studies have tended
to use generalized linear models, such as negative binomial (NB) regression models that-use zonal
level input variables (e.g., soettemographic data, traffic, and land use data) to estimate the safety
performance of individual zones in a study region (adai et al, 2003; Lovegroove and Sayed,

2006; Lovegroove et al., 2009; Pirdavani et al., 2012; Moeinaddini et al., 2015).

The use of zondkvel sociedemographic, traffic and/or land use data as input variables in
a statistical model to estimate certaaffic parameters is not new to transportation engineers. Trip
generation models, for example, have long used stEneographic and/or land use data as input
variables to estimate, for instance, the number of trips to and from zones as part of the well
established foustep travel forecasting model (Easa, 1993; Wilmot, 1995; Martin, and McGuckin.,
1998; De Dios Ortuza and Willumsen, 2010; Kwigizile and Teng, 2009; Johnson et al., 2016). In

any zonal model, heterogeneity within and across zones is a raktgiedl challenge. This
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includes heterogeneity in the various input variables across zones and unobserved heterogeneity

within zones.

Mannering et al. (2016) discussed the nature and characteristics of unobserved
heterogeneity in detail and provided sealeexamples that may introduce unobserved
heterogeneity into a collision prediction model. They noted that although driver age is a common
input variable (used, for example, to establish a statistical relationship between driver age and the
occurrence andf severity of collisions), driver age may be a serious source of unobserved
heterogeneity. Driver age could have a very w
behaviours. As a result, the r es beanerelraprosy ar g u e
variable Modelersmay be using driver age to represent the impact of many unobserved variables
such as an individual dr Hakiegrbéhaviop Ihiynstipassble foc h ar a
modelers to collect such information from every driver. The unobserved heterogeneity in driver
age will be exacerbated when age is aggregated (e.g., 16 to 24, 25 to 40, etc.). Mannering et al.
(2016) reported that unobserved heterogeneity can introduce misdpkgification and can also
|

produce bias in the parameters estimated by t

are then less reliable.

Unobserved heterogeneity can be a serious issue for a-eaefaollision prediction
model that uses T&s as the spatial analysis unit especially if the sdeimographic and land use
data associated with the TAZs are limited. Serious issues can arise with small variations in an input
variable across the zones within a study region. For example, the nofmitersections in a zone
may be used as an input variable to show the statistical relationship between the number of
intersections and the number of collisions in each zone. However, zones with a very similar (or

even identical) number of intersectionsutd show a very different number of collisions. The

137



difference could be due to unobserved factors that affect the traffic and/or infrastructure condition
of intersections in each zone differently for intersections for which the data were not collected. If
these factors are not part of the model, they cannot be used to explain differences in the number of
collisions in each zone. In the case of intersections, examples of unobserved factors that may not
be included in the study data could include intersacttmnfiguration (e.g., skewed or
perpendicular), intersection sight distance, the presence/absence of a heavy vehicle route through

an intersection, and the presence/absence of left and/or right turn exclusive lanes at an intersection.

One particularly ipportant and popular input variable for a maleneel collision prediction
model is the vehicle kilometetgavelled(VKMT) per zone. Unfortunately, this variable is also
subject to unobserved heterogeneity due to spatial variation in traffic volume imea Fzar
instance, a zone may be dominated by a few major arterials/freeways that carry most of the traffic.
Another zone might have a similar VKMT, but no major arterials/freeways. In this case, the traffic
will be more evenly distributed across the zoHge number and severity of collisions in the two

zones may be very different although the VKMT for each zone is similar.

For various practical, financial, privacy, and/or political reasons, it is not possible to avoid
unobserved heterogeneity in the inpatiables used in a maehevel collision prediction model.
Mannering et al. (2016) suggest thabddlers should work to develop advanced techniques that
can help to reduce unobserved heterogeneity and avoid model misspecification idemecro

collision prediction models.
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4.2 Methodological Challenges

Spatial NorStationary Parameters

Conventional regression methods assume that the model parameters (intercept and slope)
remain constant or universal for entire zones in a study reBiamgdonet al., 1996; Charlton
and Fotheringham, 2009; Fotheringhatal., 1998Fotheringham et al., 2003; Fotheringham and
Oshan, 2016; Huang et al., 2012; Mennis, 2006), but it may be difficult to explain variation in the
collision data of many zones in termmfthe selected input variables and the constant parameters
associated with the input variables. This means that the assumption of constant parameters in each
zone must be relaxed if there is need to improve explanation of variation beyond the explanation

provided by the input variables.

An advanced technique known as a random parameter model has become available
relatively recently. This model allows variation in parameters. It allows parameters to vary (e.g.,
varying intercepts and/or varying slopeshaass study observations (zones in the case of the study
like this one) and helps to address the problem of unobserved heterogeneity in collision prediction
modeling. Applications in road safety include Anastasopoulos et al (2012), Xu and Huang (2015),
Chen and Tarko (2014), and Dong et al., (2014). The models are designed to take into account
variation in collisions across zones not only in terms of variation in the input variables of each
zone, but also in terms of the variation in parameters of each Zbisemeans that even in the
case of zones with very similar (or even identical) values for the input variables, it is possible to
consider the possibly different (i.e., random) parameters for different zones and estimate different

numbers and/or severitf collisions for the different zones.
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Although the random parameter model is a powerful tool that can take care of a certain
level of unobserved heterogeneity in collision data, the model requires thdentalprespecify
the distribution of the parasters (the distribution of the intercepts and/or slopes) to allow the
parameters to vary across observations. Unfortunately, some studies based on simulation analysis
have suggested that mepecifying the distribution of the random parameters can yielersky

biased estimates of all model parameters (Neuhaus et al., 1992; Neuhaus et al., 2013).

Spatial Dependency

Spatial dependency in the collision data is another challenge for random parameter models.
Spatial dependence in collision data means thaismoik that occur close to each other may be
associated with factors that are spatially correlated with each other. At alevietdor example,
traffic signal coordination at multiple intersections along a cornmday act as a common factor
in collisions at the intersections with the coordinated traffic signals. Independently controlled
intersections may show less spatial dependency. At a macro or zonal level, a downtown area may
include multiple zones that are close to each other and have similasknbkaracteristics. These
downtown zones may generate a similar number/severity of collisions (per unit area) due to
similarities in the roadway surface infrastructure (e.g., lack of shoulder lanes or absence of
roadside parking space), traffic controksg., oneway streets), travel behaviours (e.g., large
number of commuters using public transit), and/or vehicle classification (e.g., similar proportion

of freight transportation). Nedowntown zones are less likely to show such spatial dependency.

The pasibility of spatial dependency in collision and other input variables led recslel
to take spatial dependence in input variables across observations (zones in this study) into account.
Yu (2010) used an advanced statistical miialgltechnique called ggoaphically weighted
regression (GWR). GWR is designed to take spatial dependency in input data into consideration.
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GWR also incorporates the idea that a model 0s
possibly large amounts of variation in lcgibn data. An advantage of GWR over other methods,

such as the random parameter model, lies in the way that GWR estimates parameters. Unlike
random parameter model s, GWR does not require
Thisishelpfulas@ ar amet er 6s di stribution may vary fro

form of the distribution is usually unknown to mdees.

GWR does not assume that the parameters vary randomly. It assumes that the parameters
vary rather deterministically witthe relative locations within a study area. A maenel GWR
collision prediction model assumes that the input variables for zones that are close to each other
are more strongly related to each other than those for zones that are further away fraitmeeach o
Parameter estimation in GWR is also less computationally demanding than in some random
parameter models (Finley, 2011). A major weakness of GWR is the assumption that the response
is normally distributed (Nakaya et al., 2005). This assumption iaguatptable for collision data

(i.e., count data).

GWR has evolved into the geographically weighted Poisson regression (GWPR) model in
which the errotterm can be nenormally distributed. GWPR was first introduced by Nakaya et
al. (2005). The model wasdgoped based on the principle of generalized linear models described
by Nelder and Wedderburn (1972). Unfortunately, the GWPR model, like a conventional Poisson
regression model, cannot handle eslepersed count data and this is a typical circumstarce f
many collision data (Hauer, 2001; Lord and Mannering, 2010). Interestingly, although GWPR is
not ideal for handling ovedispersed collision data, Xu and Huang (2015) reported that the fitting

capability (i.e., the predictive performance) of their GWRRdel outperformed a random
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parameter model when estimating the number of collisions particularly in the case of collision data

with spatial dependency.

Da Silva and Rodrigues (2014) introduced a geographically weighted negative binomial
regression mode@WNBR) to improve handling of ovatispersed data. Their model can consider
unobserved heterogeneity and spatial dependency simultaneously with varying parameters. The
GWNBR has not yet been explored extensively as a tool for usingemehlollision pediction

to improve roadway safety.

This studyexplores the GWNBR. It focuses on the development of a set of +ies@lo
collision prediction models using two different statistical miog approaches: 1) GWPR and 2)
GWNBR. The results from theseodels were compared using five years of collision and other
zonatlevel input data collected in Regina, Saskatchewan, Canada. Some methodological issues
related to improving the fitting capability of the GWPR and GWNBR models were explored. For
example, GVPR and GWNBR models construct different equations for zones falling within the
bandwidth of each target zone. The method of choosing bandwidth may influence the parameter
estimated (Faber and Paez, 2007; Guo et al., 2008; Paez et al., 2011). Thisexaaptezs two
different ways of considering bandwidth (fixed Gaussian and adaptsegubre) for GWPR and

GWNBR with the purpose of improving fitting accuracy.

4.3 Study Objectives

This chapter has two main objectives:

1. To develop macrtevel collision prediction models based on two geographically weighted
regression techniques (GWPR and GWNBR) to take into account the issue of spatial

dependency in collision data; and
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2. To evaluate the predictive performance of the GWRIRGWNBR models by considering,

for instance, different ways of determining bandwidth in parameter estimation.

4.4. Study Data

The study used five years (2009 to 2013) of Regina collision, traffic volume;&@tiographic,
and land use data to calibréite macrelevel collision prediction models. Five different databases

from three different sources provided the data:

1 Five years (2009 to 2013) of collision data (Microsoft Access format) were supplied by SGI,

1 Five matching years of traffic volume datal8&hapefile format) were supplied by the City

of Regina;

1 Roadway inventory data (GIS shapefile format) were supplied by the City of Regina. The data
included the location of every intersection and roadway segment in the city (i.e., the roadway
network),and details such as the functional classification and speed limit of every roadway

segment; and

1 Socicdemographic data (Microsoft Excel format) for each TAZ in Regina were supplied by
the City of Regina. As the area of each TAZ was not included in ttabaks, the area of each
TAZ was estimated using the area information (GIS shapefile format) provided at
open.regina.ca. This website is an online open data source platform supported by the City of

Regina.
4.4.1 Collision Data
SGl records all collisionsiBas kat chewan in a database kno

|l nformati on Systemo (TAI S). TAI'S contain coll
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The dataset contains vehiglmvehicle collisions and distinguishes multiple vehicle collisions
from single vehicle collisions, but multiple and single vehicle collisions were aggregated and used

in the development of macitevel collision prediction models.

During the fiveyear study period, there were 26,642 collisions in Regina. Most (20,883 or
78.3%) were property damage only (PDO) collisions, and 5,759 (21.7%) were fatal or injury

collisions (see Tablé-1).

4.4.2 Traffic Volume Data

The traffic volume data contained average annual daily traffic (AADT) data for the year
2013 for most of theoads in Regina, but some AADT data were missing. Local roadways in
residential areas, in particular, tended to lack AADT information. Where necessary, the AADT
were estimated (by calculating the average AADT for roadways with the same classification for
which AADT data were available) and used to produce the VKMT for each TAZ. VKMT was

used as the main exposure variable (called TAZ_VKMT) for collision modelling (see Fahple 4

4.4.3 Roadway Inventory Data

As mentioned, the roadway inventory data incluthedfunctional classification and speed
limit of each roadway segment. This information was used to generate the input variables in Table
4-1 for each TAZ in the city. Examples of input variables include the total length of roadways by
functional classifiation (e.g., arterial length; ARTERIAL_LEN) and the length of roadway with
each speed limit (e.g., total roadway length with 80 km/h posted speed limit; TOT_SEGLEN_80)
per TAZ. Variables such as the number of intersections with a certain number ofdegaif@ber

of intersections with 4 legs; NO_4LEGS_INT) per TAZ were also estimated by counting the
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intersections using ArcGIS. In total, 40 roadway variables were generated and used in the collision

modeling. The 40 roadway variables are listed in Table 4

4.4.4 SocieDemographic Data

The TAZ sociedemographic and land use variables are shown in TableThe socie
demographic variables include total population (TOT_POP), a breakdown by age (e.g., those aged
65+; POP_65plus) and measures of populatiensidy. The land use variables include the
percentage of each TAZ6s area used by offic
(INDUSTRIAL_AREA), etc. These data were obtained from the City of Regina. In $atatic

demographic variables were used in ¢b#ision modéding.

In summary, 66 input variables were included in the study (one traffic volume variable, 40

road inventory variables, 9 soeifemographic variables, and 16 land use variables).

Table 4-1: Descriptive Statistics of Regina Collisions and Other Input Data

Std.

Input Variable Description Mean Dev Min. Max.
Collision Data
Total Numbers of
TOT_PDO_CRASHES Property Damage Only 85.59 68.07 1.00 326.00
Collision
TOT_FI_CRASHES Total Number of Fatal 23.60 21.60 0.00 103.00
- = Injury Collision
TOT_CRASHES Total Number of Collision  109.18 87.57 1.00 425.00

Traffic Volume
Vehicle kilometers

TAZ VKMT travelled per Traffic 25034.04 21770.69 321.90 122800.88
Analysis Zone

Road Variable
PARKING_COST Parking Cost 0.70 1.81 0.00 5.95
ARTERIAL_LEN Arterial Length (km) 0.57 0.57 0.00 2.62
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Table 41 : Descriptive Statistics of Regina
. o Std. .
Input Variable Description Mean Dev Min. Max.
Road Variable( Cont 6 d)
COLLECTOR_LEN Collector Length (km) 0.66 0.77 0.00 3.45
DRIVEWAY_LEN Driveway Length (km) 0.00 0.01 0.00 0.17
EXPRESSWAY_LEN Expressway Length (km) 0.09 0.27 0.00 2.03
GRAVEL_ROAD_LEN Gravel Road Length (km) ~ 0.11 0.46 0.00 4.88
HIGHWAY_LEN Highway Length (km) 0.04 0.21 0.00 1.82
LOCAL_ROAD_LEN Local Road Length (km) 2.52 2.41 0.00 9.64
PRIVATE_ROAD_LEN Private Road Length (km)  0.25 1.03 0.00 12.73
RAMP_LEN RampLength (km) 0.10 0.28 0.00 1.83
ROW_LEN (Rk'r%‘t of Way Length 0.00 0.03 0.00 0.43
TOT_SEGLEN (Tkor;"’)" Segment Length 434 3.34 0.09 16.35
ARTERIAL_DEN Arterial Density 2.00 3.39 0.00 40.76
- (Length/Area)
COLLECTOR_DEN Collector Density 1.80 2.25 0.00 13.29
- (Length/Area)
DRIVEWAY_DEN Driveway Density 0.00 0.01 0.00 0.23
- (Length/Area)
EXPRESSWAY_DEN Expressway Density 0.23 0.79 0.00 7.46
- (Length/Area)
Gravel Road Density
GRAVEL_ROAD_DEN (Length/Area) 0.10 0.38 0.00 3.13
HIGHWAY DEN Highway Density 0.06 0.32 0.00 2.79
(Length/Area)
LOCAL_ROAD_DEN Local Road Density 5.76 4.04 0.00 15.27
— - (Length/Area)
PRIVATE_ROAD_DEN Private Density 0.37 1.13 0.00 11.07
(Length/Area)
Ramp Density
RAMP_DEN (Length/Area) 0.18 0.55 0.00 3.28
Right of way Density
ROW_DEN (Length/Area) 0.02 0.22 0.00 3.28
Total Segment Length
TOT_SEGLEN_DEN Density (Length/Area) 10.53 5.20 0.82 40.76
NO_SEG_PER_TAZ Numbers of Segments pe g 44 24.26 1.00 134.00
Traffic Analysis Zone
AVE_SPDLIM Weighted Average Speed g, o7 56.65 4000  536.17
- Limit (km/hr.)
Weighted Average
AVE_SEGLEN Segment Length (km) 2.23 1.87 0.08 11.36
Roadway length with
TOT_SEGLEN_20 Posted Speed Limit 20 0.00 0.01 0.00 0.20
km/hr.
Roadway length with
TOT_SEGLEN_30 Posted Speed Limit 30 0.00 0.05 0.00 0.52
km/hr.
Roadway length with
TOT_SEGLEN_40 Posted Speed Limit 40 0.68 0.83 0.00 3.84

km/hr.
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Table 41 : Descriptive Statistics of Regina
. . Std. .
Input Variable Description Mean Dev Min. Max.
Road Variable (Cont'd)
Roadway length with
TOT_SEGLEN_50 Posted Speed Limit 50 3.33 2.70 0.00 14.41
km/hr.
Roadway length with
TOT_SEGLEN_60 Posted Speed Limit 60 0.03 0.16 0.00 1.70
km/hr.
Roadway length with
TOT_SEGLEN_70 Posted Speed Limit 70 0.12 0.38 0.00 3.28
km/hr.
Roadway length with
TOT_SEGLEN_80 Posted Speed Limit 80 0.09 0.37 0.00 3.68
km/hr.
Roadway length with
TOT_SEGLEN_100 Posted Speed Limit 100 0.07 0.26 0.00 1.82
km/hr.
NO_3LEGS_INT Numbers of Intersections g ¢¢ 10.10 0.00 66.00
with 3 Legs
NO_4LEGS_INT Numbers of Intersections g 54 6.49 0.00 36.00
with 4 Legs
Numbers of Intersections
NO_5LEGS_INT with 0.02 0.13 0.00 1.00
5 Legs
Total Number of
TOTAL_INT Intersections 15.25 13.60 0.00 79.00
Segment Density
SEG_DEN (Number of 72.90 43.60 0.83 244,12
Segments/Area)
Intersection Density
INT_DEN (Number of 38.13 24.40 0.00 129.20
Intersections/Area)
Socicdemography
POP_0tol17 Proportion of Persons Ag g 47 0.09 0.00 0.29
- Oto 17
POP_18t024 Proportion of Persons Ag g g 0.04 0.00 0.33
- 18 to 24
POP_25t044 Proportion of Persons Ag g 55 0.10 0.00 0.40
- 251044
POP_45t064 Proportion of Persons Ag g 53 0.09 0.00 0.34
- 45 to 64
POP_65plus Proportion of Persons Agr - 4¢ 0.13 0.00 0.55
65 plus
TOT_POP Total Population 808.31 798.35 0.00 3011.00
POP_DENSITY Population Density 2121.49  1673.68 0.00 10552.61
(persons/kr
Proportion of Persons
NO_GRDSCH Enrolled inGraduate 0.10 0.33 0.00 3.90
School
Proportion of Persons
NO_PSSTUD Enrolled in Post 0.43 5.09 0.00 73.31

Secondary School
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Table 41 : Descriptive Statistics of Regina
. . Std. .
Input Variable Description Mean Dev Min. Max.
Land Use
OFFICE_SPACE Proportion of Office Floor 4 g 0.21 0.00 1.90
- Space Area
RETAIL_SPACE Proportion of Retail Floor —; 0.09 0.00 0.78
— Space Area
INDUSTRY_SPACE Proportion of Industry 0.01 0.03 0.00 0.20
Floor Space Area
HOSPT_SPACE Proportion of Hospital 0.00 0.02 0.00 0.24
- Floor Space Area
NO_LU_PER_TAZ Number of Land UsesPe , 5, 1.65 1.00 8.00
Traffic Analysis Zone
Proportion of Airport
AIRPORT_AREA Area per Traffic Analysis 0.00 0.05 0.00 0.85
Zone
Proportion of Commercial
COMMERCIAL_AREA Area per Traffic Analysis 0.22 0.35 0.00 1.00
Zone
Proportion of Industrial
INDUSTRIAL_AREA Area per Traffic Analysis 0.09 0.26 0.00 1.00
Zone
Proportion of Institutional
INSTITUTIONAL_AREA Area per TrafficAnalysis 0.03 0.08 0.00 0.88
Zone
Proportion of Open
O:REQASPACE—RECREATION space/Recreational Area 0.14 0.23 0.00 1.00
- per Traffic Analysis Zone
Proportion of Railway
RAILWAY_AREA Area per Traffic Analysis 0.02 0.09 0.00 1.00
Zone
Proportion of Residential
RESIDENTIAL_HD_AREA High-Density Area per 0.04 0.08 0.00 0.62
Traffic Analysis Zone
Proportion of Residential
RESIDENTIAL_LD_AREA Low-Density Area per 0.34 0.33 0.00 0.97
Traffic Analysis Zone
Proportion of Residential
RESIDENTIAL_MD_AREA Medium Density Area per 0.04 0.12 0.00 0.91
Traffic Analysis Zone
Proportion of Urban
URBAN_HOLDING_AREA Holding Area per Traffic 0.07 0.22 0.00 1.00
Analysis Zone
TAZ_AREA Traffic Analysis Zone 0.51 0.56 0.01 6.04

Area (kn?)
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4.5 Methodology

Collision prediction models for three different levels of severity, i.e. total, property damage
only (PDO) and fatainjury (FI), were initially developed using a geographically weighted
regression technique. The main tool was SAS University Edition.eRifthfferent collision
prediction models were developed and evaluated. As PDO collisions accounted for 78.3% of the
collisions, the input variables and estimated parameters for the total and PDO models were very
similar. As a result, the study describedhis chapter concentrates on the 10 collision prediction
models for FI and PDO collisions only. The models for total collisions are not discussed. The

discussion of methodology used in this study is presented in the following five sections:

1 Section4.5.presentstheresultdfor ands | | ocal i nmdebscradpatial whi c
dependenceDummy modelgone FlI and one PDQ)sing conventional NB regression were
also developed. The results of the dummy models are reported in Appendstpbuta n 6 s |
local indicator confirmedhe possibility of spatial dependency in important input variables in

the study data;

1 Section 4.5.2 presents the model specifications for the GWPR models used in this chapter;

1 Section 4.5.3 presents the model specificationthi®GWNBR models used in this chapter;

1 Section 4.5.4 presents the form of the two distinct types of bandwidth (fixed Gaussian and
adaptive bisquare bandwidth) investigated on the predictive performance of the collision
prediction models developed. A siegbptimal bandwidth (fixed Gaussian bandwidth) for an
entire study region has usually been used in geographically weighted regressiolnmodel
(Rhee et al., 2016). Varying bandwidth (adaptivesduare bandwidth) has also been
considered, for example, lsing small bandwidths for high density areas (e.g., downtown)
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and large bandwidths for low density areas (e.g.;dmmntown). Some studies have reported
that adaptive bsquare bandwidth approaches have advantages over fixed Gaussian bandwidth
approaches geographically weighted regression applications (Hadayeghi et al., 2010; Li et
al., 2013; Pirdavani et al., 2014; Yao et al., 2015; Shita@iaymany, et al., 2015; Ameh

Gyimah et al., 2017); and

1 Section 4.5.5 presents the multiple goodradsiit (GOF) tests including the cumulative
residual (CURE) plots employed in the study. The GOF tests and CURE plots provided a basis

for the rigorous evaluation of the collision prediction models developed.

4. 5.1 Moranoés | Local | nddercpt or f or Testing S
Mor anos I l ocal i ndicator was used to ex
dependence 1 ssues that required speci al consi

measure how observations of selected variables in a zone are similéssionildr to the
observations of the same variables in surrounding z&nekagani et al., 20)4If the observations

for nearby zones are similar, the observations may not be statistically independent. Lack of
statistical independence violates the asdionpequired by many conventional statistical models,
including conventional negative binomial model, that the data are independent. The presence of
dependence in a study data renders the use of conventional negative binomial models invalid and

supportshe use of GWPR or GWNBR models.

Mor ands | |)oforspatiai deapendeneyis given as Equatict 4T he results

are reported in Section 4.7.

(1)
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In Equation (41), & andc represent the input variables for zofi@mnd @dfis the mean of the
input variables¢ is the sample size (i.e., the numbers of traffic analysis zones in this studsg),
the geographic distance weighting scheme between the centroid of @anéX)andi is the

standard deviation ofa

4.5.2 Geographically Weighted Poisson Regssion (GWPR)

Consider a Poisson model parameterized in terms of the collision rage given in

Equation (42) whereo is the exposure time. This is often considered as an offset vaalde.

the predicted mean.

6 QwnB T w (4-2)
By allowing spatially varying parameters across 0 space, Equatio(-2) becomes:

@wx 0£Qi 6EEB T o w (4-3)
where:

I is the parameter of the input variabdfor 'Q pH8 8 fH N

w is the'® dependent variable for zof@and

6 b represents the location coordinates for zione

The most popularly used functional form of collision prediction models discussed in the

literature is shown in Equation-@) (Hadegeyi et al., 2010; Li et al., 2013; Pirdavani et al., 2014):

aiy G O 1 O aOUOYEE T o O - (4-4)
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The parameteffs 6 hb  of this model are allowed to vary spatially and are described in

Equation (45):

I o T ol T oM E 1 oM
o f el r ol E 1 6

T OI’U Ev Ev Ev E E (4-5)
ol 1 o 1 6l E 1 o6

For any given regression zori@referenced by geographic coardte 6 iy h the
numerical solution for parametérsé h)  can be obtained using EquatiorGy
I ok Do ® dvo @ (4-6)
where:
wis the matrix of the dependent variable;

wis O E.A "Omatrix of input variables; and

W is € ¢ the diagonal weighting matrix (obtained using bandwidth) for Z@gven as

Equations (47) and (48):

p o E o
® E o
b & e E e @
p ® E
0 n E m
L o 0 E T
® 6 g s E & (4-8)
nm mwE 0

® 0y is derived from the bandwidth weighting function
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4.5.3 Geographically Weighted Negative Binomial Regression (GWNBR)

As mentioned earlier, Da Silva and Rodriguez (2014) introduced the GWNBR model. The
model can be viewed as an extension of GWPR and is expected to provide more robust results than
the GWPR model for some collision datasets that show-aigpersion. The GWBR model
relaxes the assumptions of equal variance and equal mean that limit the Poisson model. The

GWNBR model also allows the parameters of the models to vary spatially.

The general form of the negative binomial model is given in Equati9. (Bhis guation

is also parameterized in terms of théthe offset variable) and (the predicted mean):
6x H 60QwB T & h (4-9)

where| in Equation (49) is the ovedispersion. The other parameters are the same as those in
Equation (42). By allowing the parametersandf of the model described #quation(4-9) to
vary locally, the functional form of the GWNBR model is given gsd&ion (410). Equation (4

10) is an extension of Equation-9J:
> 060QmB 1 o0 w h ok (4-10)

The parameters of the negative binomial model described in Equat®)ra(é obtained
iteratively using a combination of Newton Raphson (NR) and Iterative Reweighted Least Squares
(IRLS). However, to allow for estimation of the locally varying paranjetéil of the negative
binomial model, the NR and IRLS algorithms require modification. Da Silva and Rodriguez (2014)

provide a full description of the algorithm modifications.
The loglikelihood of the GWNBR model is described in Equationl{d for a gien
regression zon&hear @
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OaEQ T 6 @ P aE@| T oM

s . oy e b Q (4-11)
aéra P a €QP AEX p

where’Q pF8 Fehand* 1 6l s the predicted mean at zoiEonsidering the parameter at

zone'QThis parameter is given as Equatiorl@):
1 ol 0QwB | o0 w (4-12)

where0 'Q in Equation (412) is the geographic weight for observatioxt regression poiriQ

0 Q depends on the distance betwé&and’Q

The parameters of the GWNBR model can be obtained by maximizing thikdbigood
function given in Equation €(42). In this study, the ovetispersion parameter was constrained by
making it a constant value (i.e., constant Da Silva and Rodriguez (28) pointed out that
estimating constamnt may generate a biased estimate for the-digyersion parameter. Da Silva
and Rodriguez (2014) also stated that making the-dig¢persion parameter a constant value
allows the calculation of the effective numlod parameters of the model and the approach can
still handle an overdispersed dataset (e.g., a typical collision data) better than can a GWPR model
which considers to be equal to zero. The GWNBR model with a constant dispersion parameter

is describeas Equation (4.3):

> 060QwB T o w h (4-13)
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4.5.4 Bandwidth Type and Method of Optimal Selection

The equations for fixed Gaussian bandwidth and adaptigquare bandwidth are given

in Equationg4-14) and(4-15) respectively.
. i~ o Q
0 Quwn - 7 (4-149)

x E A ® Arepresents the geographic weight of z&keéhen calibrating models for zof@n the
case of fixed Gaussian bandwid®®, is the distance between tf@ and"Q nearest neighbor

zones, andis the bandwidth.

Q
0 P @ if Qs one of thé) nearest neighbor oitherwise, (4-15)
Tt

Crossvalidation (CV) error was used to determine the optimal bandwidth for each type of
bandwidth (Fotheringham et al., 2003; Pirdivanalet 2014). The bandwidth that minimizes the
crossvalidation error was selected. Equationrl@) shows the equation for the crasdidation

error:
OwB w w w (4-16)
where:

CV is the croswvalidation error;

® G is the adjusted value to poiflbmitting the observation ofand

¢ is the numbers of zones.
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®  is invariably the fitted value ofc when the'®) zone is omitted during the calibration

process.

4.5.5 Goodnes®f-Fit (GOF) Tests

The selection of a good statistical model requires careful consideration of GOF tests. For example,
a more complex model usually provides better GOF results, but may sigbineoverfitting

concerns. This study used seven GOF tests. The tests selected are probably the most popularly
used tests (Schwarz, 1978; Washington, et al., 2005; Washington et al., 2010). These seven GOF
tests are AIC, Alg, BIC, MSE, MSPE, MPB and KD. They are described in the method section

of chapter 3.

AIC, AICc and BIC rely on the likelihood function of a statistical model. These tests are
shown inEquationg3-4) to (3-6). In these equations, | @s,the log likelihood function estimated
from the models developeBjs the numbers of parameters in the model,.argdthe sample size.
As a statistical model adds parameters, the value of the likelihood function is usually increased,
but the additiorof the extra parameters may result in efféing. The AIC, AICc and BIC tests
attempt to minimize this problem by adding a kind of penalty term to the likelihood function as
extra parameters are added to a model. The BIC test adds the biggest pethdliyg, AT test
adds the smallest. As a result, the BIC values are bigger than thevéllies which are bigger
than the AIC values. A model with low AIC, AkG&and/or BIC values is considered to have good

GOF results.

The other four GOF tests are descriloe@Equationg(3-7) to (3-10). These four tests use
the size of the residuals (the difference between the predictecrfd observed number of

collisions ) forzone® t o measure a model 6s pr ¢duaton i ve p
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(3-9)) measures both the magnitude and direction of model bias. A positive MPB indicates over
prediction and a negative MPB underpredictibhe MAD test Equation(3-10)) also measures
how well a model is predicting. Models with low values or close to zero on the

MSE/MSPE/MPB/MAD tests are considered to have good GOF results and are preferred.

Seven tests were applied because no single GOF test can determine the best model to use.
Different tests favour different models. Previous studies have noted this inconsistency in GOF test
results and have emphasized the importance of using GOF tests carefully when determining the
best fitting model (Koppius, 2009; Lord and Park, 20®8mueli, 2010Young and Park, 2013).

Hauer (2015 argued for using cumulative residual (CURE) plots rather than GOF tests when
evaluating the fitting performance of a collision prediction model. Hence, a set of CURE plots was

used in this study as one of the main tools for evaluating the collision srieledloped.

4.6 Results of Analysis

The two dummy models (one FI and one PDO) developed using a conventional negative
binomial (NB) technique (se®ppendixA for details of these models) were used to select the input
variables that were statisticallygsificant at the 90% confidence levEable4-2 lists the variables

selected.

The dummy FI collision prediction model identified six statistically significant input
variables: LOG_TAZ VKMT, ARTERIAL_LEN, NO LU PER_TAZ,
COMMERCIAL_AREA, INDUSTRIAL_AREA, and RESIDENTIAL_MD_AREA. The dummy
PDO collision prediction model identified eight statistically significant input variables:
LOG_TAZ VKMT, INT_DEN, NO 3LEGS INT, NO_LU PER_TAZ AVE_SEGLEN,

COMMERCIAL_AREA, TOT_SEGLEN_DEN, and LOCAL_ROAD_DEN. As three variables
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(LOG_TAZ_VKMT, NO_LU PER TAZ and COMMERCIAL_AREA)were statistically

significant for both FI and PDO collisions, the total numberstdtistically significantinput

variabks was 11.

Arterial road length (ARTERIAL_LEN) and industrial areas (INDUSTRIAL_AREA)

were statistically significant variables for Fl collisions, but not for PDO collisions. This might be

expected as the higher speeds associated with arterials compér@dosti roadways are known

to be a factor that contributes to FI collisions. Intersection density (INT_DEN) was a statistically

significant variable for PDO collisions, but not for FI collisions. This might also be expected as

zones with a higher intersem density will have more intersection turning movements and a

higher number of conflicts than found in other zones.

4.7 Spatial Dependency

Mor anés | Local

|l ndi cator

wa s

u s statistically

nve:s

significantinput variables. fie null hypothesis was no spatial dependency. The null hypothesis

was rejected at the 95% confidence level for all 11 variabledg®ad). As this result indicated

the presence apatial dependence, thG&WPR/GWNBR model was preferable to a conventional

Poisson and/or negative binomial regression model.

Table 4-2: Local Indicator for Spatial Dependence Statistics for Variables

Variables Mor &r Z Pr > |Z|
Dependent Variables

TOT_FI_CRASHES 0.0266  10.3300 <.0001
TOT_PDO_CRASHES 0.0278 10.7590 <.0001
Independent Variables

LOG_TAZ VKMT 0.0650 23.2920 <.0001
INT_DEN 0.0574  20.7300 <.0001
NO 3LEGS_INT 0.0609 21.8800 <.0001
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Table 4-2: Local Indicator for Spatial Dependence Statistics for Variablef Cont 6 d)

Variables Mo r drZ Pr > |Z]
NO LU PER_TAZ 0.0544  19.7034 <.0001
AVE_SEGLEN 0.0408 15.1400 <.0001
COMMERCIAL _AREA 0.0987  34.6400 <.0001
TOT_SEGLEN_DEN 0.0437  16.1000 <.0001
LOCAL_ROAD_DEN 0.0283  10.9180 <.0001
ARTERIAL_LEN 0.0170 7.1000 <.0001
INDUSTRIAL_AREA 0.0632 22.6600 <.0001

RESIDENTIAL_MD_AREA 0.0253 9.9100 <.0001

4.8 Model Parameters Estimated with MacreLevel Collision Prediction Models

The same 11 input variables identified sdatisticallysignificant in the dummy models
were used to estimate the model parameters for the GWPR and GWNBR models. The parameter
values \ary from zone to zone and vary with the approach adopted to handle bandwidth (fixed
Gaussian vs. adaptive-bguare). Section 4.8.1 discusses the results obtained from the GWPR
models (fixed Gaussian and adaptivstuare approaches), and Section 4.&@ulises the results
obtained from the GWNBR models (fixed Gaussian and adaptieguaire approaches). As
mentioned in Section 4.5.4, the crasdidation method was used to determine optimal values for

the fixed and adaptive bandwidth methods.

4.8.1 Geogaphically Weighted Poisson Regression (GWPR) Models
Table 43a summarizes the local parameters for the GWPR models using fixed Gaussian
bandwidth, and Table-8b summarizes the local parameters for the GWPR models using adaptive

bi-square bandwidth. Thexiation (range) of the parameters obtained for each input variable was

examined and any change of sign was noted. It was clear that:
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1 In the case of variation in parameter values, there were similarities in the distribution of

parameters estimated usimgeid Gaussian and adaptivedgjuare bandwidth; and

1 In the case of sign reversal, models developed using a fixed Gaussian bandwidth approach
showed sign reversal for four of the six input variables for Fl collisions and six of the eight
input variables for PDO collisions. Models developed using adaptihsgjlere bandwidth
approach also showed sign reversals, but not necessarily for the same input variables. The PDO
model showed sign reverdal four of the eight variables (rather than siedjht). In general,
the model using adaptive-bquare bandwidth produced a somewhat tighter range of parameter

distributions for each variable than did the model using fixed Gaussian bandwidth.

LOG_VKMT provides an example of the wide range in parametieleg estimated by the
fixed Gaussian bandwidth approach. The estimated parameter values for LOG_VKMT ranged
from 0.2704 to 1.6366 for FI collisions, and from 0.4119 to 1.0521 for PDO collisions (Table 4
3a). With adaptive bsquare bandwidth, the rangeiea from 0.2433 to 1.2936 for FI collisions,

and from 0.4263 to 0.8795 for PDO collisions (Tabigb).

INDUSTRIAL_AREA provides an example of sign reversal when using a fixed Gaussian
bandwidth approach for FI collisions. Most zones recorded an indgrekeollisions in industrial
areas (positive sign), but INDUSTRIAL_ARE#ould also decrease the number of FI collisions

(see value 0f13.5151 in Table -8a).

ARTERIAL_LEN provides another example of sign reversal obtained when using a fixed
Gaussian &dndwidth approach for FI collisions. In most zones, longer arterials were associated
with a higher estimate of the number of FI collisions, but longer arterials were also associated with

a lower estimate of the number of FI collisions.
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The variation and sign reversal found in the parameters estimated by the GWPR models
developed using fixed Gaussian and adaptivegoiare bandwidth may have implications for the
predictive performance of the models (see Section 4.9 for details). Hotreariation and sign
reversal found in the parameters makes the results difficult to interpret. It was suspected that sign
reversal is partly due to unobserved heterogeneity within zones in the study dataset. In the case of
arterials, for example, unobsed heterogeneity could be related to the presence, absence or type
of median barriers, the level of street lighting, and/or the intensity of law enforcement along the
arterials in each zone. These factors (and many others) were not included in tliasudyg the
wide range in parameters values appears to indicate the presence of variations that could not be
explained by the input variables selected, the six variables selected for the FI models and the eight
variables selected for the PDO models mayniseafficient to explain the amount of variation in

collisions across zones.

The GWPR models developed using an adapthsgibare bandwidthT@ble 43b)showed
slightly less variation in the parameters estimated for the input variables and showbdfeligirt
sign reversals. Although parameters for the two bandwidth choices were found to be similar in the
models, it is difficult to use the distributions of the parameters reported in T-8kie determine
the model sé predictiserd dap ahaiilni tayddi (tG @M atl e s tns
prediction capabilities are discussed in Section 4.9.) The parameter variationsGlVER
models suggest that the models are effective in capturing unobserved heterogeneity in the dataset

used in this sty regardless of the bandwidth method employed.

161



Table 4-3a: Parameters Estimated by Geographically Weighted Poisson Model using Fixed

Gaussian Bandwidth

Fixed Gaussian

Model Parameter Min 1st Quart Median 3rd Quart Max
Intercept -15.1092 -7.5625 -3.8236 -2.9248 -1.7386
LOG_TAZ VKMT 0.2704 0.3915 0.4798 0.8343 1.6366
ARTERIAL_LEN -0.4120 0.0320 0.1511 0.2461 0.8488
Fatal- NO_LU_PER_TAZ -0.0660 0.0519 0.0915 0.1246 0.2681
Injury COMMERCIAL_AREA 0.1801 0.5378 0.6981 0.9872 3.0045
INDUSTRIAL_AREA -13.5151 0.0869 0.2171 0.4045 1.1605
RESIDENTIAL_MD_AREA -10.7846 0.3346 0.4417 0.7720 2.7014

Over-di spersio Not Available (N/A)

Intercept -8.7215 -4.2452 -2.8076 -2.4381 -1.9921
LOG_TAZ VKMT 0.4119 0.5281 0.5800 0.6916 1.0521
INT_DEN -0.0023 0.0058 0.0091 0.0149 0.0576
NO_3LEGS_INT -0.0431 -0.0287 -0.0228 -0.0112 0.0186
%rgggéi NO LU PER _TAZ -0.1513 0.0032 0.0453 0.0743 0.2114
only AVE_SEGLEN -0.2538 0.0445 0.0562 0.0764 0.2203
COMMERCIAL_AREA 0.5313 0.7176 0.7860 0.9548 2.3993
TOT_SEGLEN_DEN -0.3169 -0.1243 -0.1110 -0.0707 0.0339
LOCAL_ROAD_DEN -0.0080 0.0741 0.0963 0.1017 0.1833

Over-di spersio Not Available (N/A)

Table 4-3b: Parameters Estimated by Geographically Weighted Poisson Model using

Adaptive Bi-square Bandwidth

Adaptive Bi-square

Model Parameter Min 1st Quart Median 3rd Quart Max
Intercept -11.9193 -7.3430 -3.5369 -2.6767 -1.1560
LOG_TAZ VKMT 0.2433 0.3562 0.4592 0.8096 1.2936
ARTERIAL_LEN -0.3236 0.0359 0.1766 0.2795 0.6612
Fatal- NO_LU_PER_TAZ -0.0020 0.0439 0.0826 0.1301 0.2232
Injury COMMERCIAL_AREA 0.1359 0.3981 0.7352 1.0408 2.3024
INDUSTRIAL_AREA -15.5083 -0.0868 0.1898 0.4299 5.0149
RESIDENTIAL_MD_AREA -5.3108 0.1895 0.3855 0.7619 2.0112

Over-di spersio Not Available (N/A)

Intercept -6.7132 -3.7950 -2.8427 -2.4985 -1.8243
LOG_TAZ VKMT 0.4263 0.5193 0.5837 0.6436 0.8795
INT_DEN -0.0011 0.0068 0.0091 0.0143 0.0318
Property NO_3LEGS_INT -0.0356 -0.0285 -0.0226 -0.0100 0.0099
Damage NO_LU_PER_TAZ -0.0634 0.0054 0.0423 0.0685 0.1622
Only AVE_SEGLEN -0.0289 0.0446 0.0548 0.0813 0.1032
COMMERCIAL_AREA 0.4261 0.7261 0.8000 0.9782 1.3049
TOT_SEGLEN_DEN -0.2038 -0.1298 -0.1185 -0.0814 -0.0183
LOCAL_ROAD_DEN 0.0573 0.0874 0.0991 0.1039 0.1469

Over-di spersio Not Available (N/A)
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4.8.2 Geographically Weighted NegativB8inomial Regression (GWNBR) Models

A set of GWNBR models was also developed to compare the parameter estimates and

predictive performance of the GWNBR and GWPR models. The same input variables were used.

Tables 44a and 44b summarize thparameters estimated using the GWNBR models. The
di stribution of parameters was very similar
variation in the parameters estimated using a fixed Gaussian bandwidth was similar to the
parameters estimated ugithe adaptive bsquare bandwidth. Sign reversal occurred with both
bandwidth approaches (as in the case of the GWPR models). The parameter variations in the
GWNBR models again suggest that the models are effective in capturing unobserved heterogeneity

in the dataset used regardless of the bandwidth method employed.

Table 4-4a: Estimated Parameters for Geographically Weighted Negative Binomial Model

using Fixed Gaussian Bandwidth

Fixed Gaussian

Model Parameters Min 1st Quart Median 3rd Quart Max

Intercept -14.0117 -6.7964 -3.6755 -2.3729 -1.8128
LOG_TAZ_VKMT 0.2628 0.3113 0.4457 0.7668 1.5297
ARTERIAL_LEN -0.4291 0.0140 0.1674 0.3018 0.7151
Fatal- NO_LU_PER_TAZ -0.0785 0.0605 0.1176 0.1680 0.3080
Injury COMMERCIAL_AREA 0.2491 0.5855 0.7236 1.0422 4.7046
INDUSTRIAL_AREA -8.3916 0.1879 0.3130 0.5242 1.4987
RESIDENTIAL_MD_AREA -8.5707 0.4657 0.5608 0.9994 3.1586

Over-di spersio 1.9897
Intercept -7.8181 -4.5430 -2.9918 -2.5776 -2.3091
LOG_TAZ_VKMT 0.4985 0.5351 0.5669 0.6708 1.0112
INT_DEN -0.0107 0.0051 0.0072 0.0100 0.0671
Property NO_3LEGS_INT -0.0416 -0.0254 -0.0195 -0.0122 0.0269
Damaged NO_LU_PER_TAZ -0.0818 0.0274 0.0575 0.0854 0.2411
Only AVE_SEGLEN -0.1089 0.0371 0.0575 0.0741 0.1985
COMMERCIAL_AREA 0.7159 0.8500 1.0071 1.3009 2.1249
TOT_SEGLEN_DEN -0.3021 -0.1040 -0.0950 -0.0671 0.1118
LOCAL_ROAD_DEN -0.0384 0.0862 0.0926 0.1114 0.1918

Over-di spersio 2.5747
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Table 4-4b: Parameters Estimated by Geographically Weighted Negative Binomial Model

using Adaptive Bisquare Bandwidth

Adaptive Bi-square

Model Parameters Min 1st Quart Median 3rd Quart Max

Intercept -12.1038 -7.5803 -3.6198 -2.0872 -0.9719
LOG_TAZ VKMT 0.1970 0.2742 0.4473 0.8265 1.3393
ARTERIAL_LEN -0.5026 -0.0150 0.1982 0.3874 0.6391
Fatal- NO_LU_PER_TAZ -0.0235 0.0544 0.1019 0.1806 0.2524
Injury COMMERCIAL_AREA 0.1566 0.4860 0.7422 1.1170 2.9724
INDUSTRIAL_AREA -15.9431 -0.0158 0.3049 0.5820 2.9117
RESIDENTIAL_MD_AREA -2.0136 0.3498 0.5254 1.0143 4.5854

Over-di spersio 1.9897
Intercept -5.7848 -3.9386 -2.9697 -2.5174 -2.0378
LOG_TAZ _VKMT 0.4924 0.5329 0.5663 0.6299 0.8270
INT_DEN 0.0007 0.0056 0.0070 0.0083 0.0244
NO_3LEGS_INT -0.0351 -0.0262 -0.0196 -0.0120 0.0068
g;?f]’aegg | NO_LU PER_TAZ -0.0078 0.0281 0.0545 0.0900 0.1480
Only AVE_SEGLEN -0.0673 0.0398 0.0595 0.0734 0.1072
COMMERCIAL_AREA 0.5806 0.8580 1.0007 1.2093 1.8372
TOT_SEGLEN_DEN -0.2059 -0.1065 -0.0977 -0.0789 -0.0418
LOCAL_ROAD_DEN 0.0695 0.0844 0.0968 0.1185 0.1902

Over-di spersio 2.5747

4.9 Model Selection

Table 45 shows the results of the seven GOF tests for the GWPR and GWNBR models
for FI and PDO collisions, and for the fixed Gaussian and adapthsguaire bandwidth
approaches. The log likelihood provided an eighth assessment of the models. Thetholthéon

Table highlights the best fitting model as assessed by each test.
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Table 4-5: Goodness of Fit Test Results

Severity Model  Method . -9 AIC AICC BIC MSE MSPE MPB MAD
Likelihood
Fixed -1155.27 2402.61 242460 2563.61 577 560 -0.03 1.65
Gaussian
GWPR
daplve 119511 2475.87 249463 262564 550 535 -0.24 171
bi-square
Fatat
Injury Fixed
Ixed -889.82 1857.81 1873.18 199451 6.46 6.28 000  1.72
Gaussian
GWNBR '
daplivé 89719  1877.07 1894.44 2021.68 579 563 -022 173
bi-square
Fixed
! 224565 4585.80 4609.09 4751.04 47.82 46.06 -0.07 5.06
Gaussian
GWPR
Aapive — 5641.94 5353.00 5364.80 5473.87 5551 5347 -0.61  5.63
Property bi-square
Damage
Only Fixed
: -1184.09 2446.95 2462.58 2584.71 58.84 56.67 0.10 552
Gaussian
GWNBR o
AaplVe — 1510.01  2474.78 2482.00 257056 63.89 61.53 -0.65 5.91
bi-square

The results did not conclusively favour the GWPR or the GWNBR in terms of fitting

performance:

1 Inthe case of FI collision prediction, the GWPR models achieved three best scores compared

with five for the GWNBR model;

1 In the case of PDO collision prediction, the GWPR models achieved four best scores as did

the GWNBR models;

1 In the case of FI collion prediction, fixed Gaussian bandwidth achieved six best scores and

adaptive bisquare bandwidth achieved only two; and

1 Inthe case of PDO collision prediction, fixed Gaussian bandwidth achieved seven best scores

and adaptive bsquare bandwidth apprcaachieved only one.
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As mentioned in Section 4.5.5, similar inconsistency in GOF test results has been reported in other
studies (Lord and Park, 2008; Young and Park, 2013). As a result, an additional GOF test, the

CURE plot was introduced (see Figure$ dnd 42 on the next pagégs

Figures 41 and 42 show the CURE plots for the GWPR and GWNBR models. Both plots
show the results for LOG_VKMT for FI and PDO collisions for fixed Gaussian and adaptive bi
square bandwidth. A good CURE plot should move around the zero coordinate aftthadl
should tend to converge at zero. The cumulative residuals (black lines) for the fixed Gaussian
bandwidth plots were much closer to zero than were the adaptsepiaie bandwidth plots. The
+ 2 standard deviation error band (blue and red lines) algoecloser to zero (tighter) for the fixed

Gaussian bandwidth models.

The results of the CURE plot analyses clearly suggest that the best models for predicting
collisions in the study area i.e. tRity of Regina, were the GWPR and GWNBR models with
fixed Gaussian bandwidth. The performance gap between the GWPR and GWNBR models was
very smallWhen the GOF results for the fixed Gaussian and adaptsguaire bandwidth GWPR
and GWNBR models were compared, it was found that the GWNBR models with fixedi&au
bandwidth had the best GOF results. This finding applies to Fl and PDO colliEhmss GWNBR
models with fixed Gaussian bandwidth were selected as the best models for predicting Fl and PDO

collisions. The choice was based on the results of the t€€d$and CURE plots.
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Figure 4-1: CURE Plots for GWPR for FI (a and b) and PDO (c and d) Collisions Showing Fixed Gaussian and Adaptive-Bi

square Bandwidth Result
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Figure 4-2: CURE Plots for GWNBR for FI (a and b) and PDO (c and d) Collisions Showing Fixed Gaussian and Adaptive-Bi

square Bandwidth Result
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4.10 Summary and Recommendations for Future Work

This study used a dataset for Regina, Saskatchewan, Canada to develop and compare two
different types of geographically weighted regression model: GWPR and GWNBR. It initially
considered 66 input variables. Using a set of conventional NB models, it walkthau six of the
66 variables were statistically significant in FI collision prediction, and eight were statistically
significant in PDO collision prediction, giving a total of 11 different variables (all significant at a
confidence interval not less &0%). No soci@lemographic input variables were statistically
significant. The statistically significant variables included traffic volume, road inventory variables
(e.g., arterial length, intersection density), and land use variables (e.g., industaiaaral

commercial area).

Moranodos | | ocal indicator was wused to chec
the selected variables showed spatial dependence, advanced models (GWPR and GWNBR) were

used to handle this issue.

The study evaluatethe impact of two different types of bandwidth (fixed Gaussian and
adaptive bisquare) on the predictive performance of the GWPR and GWNBR collision prediction
models. It used crosslidation error to select the optimal bandwidth for each approach. The
results of the study showed that the type of bandwidth could significantly affect the predictive
performance of the collision prediction models. Fixed Gaussian bandwidth appeared to offer
improved predictive performance over adaptivesdpiare bandwidths foall the GWPR and
GWNBR models developed to predict the number of zonal levels FI and PDO collisions. The
variation in the parameters of the models developed using fixed Gaussian bandwidth had a wider

range than those developed using adaptivegbare baswidth. It was noticed that this wider
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range in the parameters helps to explain unobserved heterogeneity within each zone and helps to

improve the predictive performance of the collision prediction models.

The results of the seven most popularly used &St did not favour either the GWPR or
the GWNBR models as the results of the GOF tests were not consistent. The CURE plots provided
additional insights and helped us select the better performing model between GWPR and GWNBR.
The GWNBR models were preféa to the GWPR models for explaining collision variation
across zones in the study area considered although the performance gap between the two models

was not large.

The smaller cumulative residuals, tighter error band, and greater convergence to zero of
the fixed Gaussian bandwidth results compared to the adaptsguéie bandwidth results
suggested that the fixed Gaussian bandwidth models were preferable to the adagujues i
bandwidth models. The observations regarding the fixed Gaussian andvedaysquare
bandwidth approaches cannot, however, be generalized for other collision datasets as the findings
may be unique to this studyds data. This 1issu
on the experience of previous studies, it i@ydvisable to use the characteristics of the particular

dataset to select the most appropriate bandwidth.

Future work should research a better way to select the optimal bandwidth for use in a
GWPR or GWNBR model. The cresalidation method used to setehe bandwidth used in the
study produced similar results in terms of the individual parameter values, but suggested a different
predictive performance for the different models. Future work should also investigate a better way

to evaluate the predictiygerformance of the collision models.
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Inconsistent results from the various GOF tests were also observed. CURE plots provide
richer information than a single numeric GOF test result and appear to offer a potentially better

technique.

A third area in needf research is the owelispersion issue. As it is known that
conventional NB models have an advantage over conventional Poisson models when handling an
overdispersed dataset, GWPR and GWNBR models should be compared to increase our

understanding of hovhey handle ovedispersion.

Lastly, the processing time required to develop the GWPR and GWNBR models
guantitatively was not analyzed. This issue was outside the scope of this study and it is understood
that the processing time varies with deenputer used, but it was noticed that a substantial amount
of time (between 30 to 40 minutes) was needed to obtain calibrated parameters for each GWPR
and GWNBR model developed. Improving optimization techniques for searching the parameters
of GWPR and GWBR models may help reduce the processing time and may encourage the
application of GWPR and GWNBR models over conventional NB models wherever appropriate

and feasible.
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CHAPTER 5:DEVELOPMENT OF MACRO -LEVEL CRIMES PREDIC TION MODELS

5.1 Background

The study also developed a set of mdexel (zonal level, aggregate level) crime
prediction models using advanced statistical mougtechniques called geographically weighted
Poisson regression (GWPR) and geographically weighted negative binomial regression
(GWNBR). The main purpose of the development of these statistical models was to assist in
screening locations with certain tygef crime. These locations were defined as hotzones. GWPR
and GWNBR were selected because they can handle the common technical challenges embedded
in many spatially distributed count data including crime data. The challenges are: 1) over

dispersion, 2) sgtial dependency, and 3) regressiofthemean.

Five years (2002013) of violent and nomiolent crime data for the City of Regina,
Saskatchewan, Canada were used to demonstrate the development of spatial crime prediction

models that take into accounter-dispersion, spatial dependency and regressidhe-mean.

5.2 Overdispersion in Crime Data

Overdispersion is probably the most common technical challenge that characterizes count
data including crime data. Ovdrspersion implies a greater variability in observed dependent
variable than predicted by a statistical model (Berk and MacDonald; Bld@@ and Demetrio,
1998). When the dependent variable is a count variable, as in our case, Poisson regression may
appear to be a straightforward option for estimating the response (Walters, 2007; Winkelman,
2008), but Poisson regression assumes thah#an is equal to the variance. This assumption is
often too strict and leads to a biased result when modellingdisgersed count data beyond the

level that additional independent input variables (such as population in our case) can take into
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account (©xe et al., 2009). This is due to the fact that, in many cases, all relevant input variables
in the model cannot be collected and added. The omitted variable issue is one of the main sources

of overdispersion (Berk and MacDonald, 2008).

Negative binomiategression allows greater variability in the estimated dependent variable
than does Poisson regression and thus can takedsparsion in crime data into account (Berk
and MacDonald, 2008; MacDonald and Lattimore, 2010; Osgood, 2000). As a resuliyenegat
binomial regression has become a standard model in crime modelling (Helbich et al., 2013, Vogel

and South, 2016).

5.3 Spatial Dependency in Crime Data

The concept of spatial dependency was well established by Tobler (1970) in his statement
t hat HMierveeriys related to everything and closer
This statement implies the existence of spatial dependency in spatial data and has been regarded
as the first law of geography (Cheong, 2012; Tita and Radil, 20103nkrai, spatial patterns that
result in geographical clusters of similar attributes can be viewed as evidence of spatial dependency

in the data.

In the case of crime, certain types of criminal activities are often distributechndomly
across a city vih clusters in certain areas. The clustered locations can vary for different types of
crime and may vary very considerably (Bernasco and Steenbeek, 2017; Curiel et al., 2017; De
Melo et al., 2015; Eck et al., 2005; Farell, 2015; Johnson and Bower, 2@44f he, 2015; Liu
et al., 2016; Ratcliffe, 2010; Tompson and Uhlig 2008). Many studies, particularly in criminology,
have investigated the naandom locations of clustered crimes to assist police services to develop

more focused and informed preventatenforcement approaches.
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The field of study known as the social ecology of crime examines the spatial relationship
between a certain type of crime (e.g., violent crime) and its associated spatial characteristics (e.qg.,
land use and population) (Andres@0,12; Anselin et al., 2000; Gruenewald et al., 2006; Walker
et al., 2014). Studies have found meaningful associations between the clustered locations of certain
types of crimes and measured spatial characteristics (e.g., income level, land use andrpopulat
unobserved heterogeneity (e.g., characteristics that are unmeasured due to financial, technical or
other data limitations) or both measured and unmeasured spatial characteristics (Radil, 2016). The
meaningful associations are known as spatial depeyd@rubesic et al., 2014; Mazzulla and

Forciniti, 2012).

Spatial dependency amongst characteristics across an area can be positive or negative.
When similar values of certain characteristics form clusters, there is a positive association
(Mitchell, 2013 Shimanda, 2004). When dissimilar values form clusters, there is a negative
association. In crime studies, positive association is common. This is partly because of the
socioeconomic characteristics distributed within adjacent areas. Residents with fanaieial
circumstance and cultural background and living within a certain area may create an example of
positive association with a certain type of crime. For example, compared with high income areas,
low income residential areas may have more crimeaseckto violence and residential burglaries
(Levitt 1999; Nilsson and Estrada, 2006; Nilsson and Estrada, 2007; Suonpaa et al., 2018). Land
use can also play an important role in the formation of a positive association. For example,
compared with resideial areas, commercial areas may have more break and enter crimes (Radil,

2016).

Poisson regression and negative binomial regression assume that the target variable (e.g.,

the number of crimes per location) occurs independently in the various locationsliggtCGand
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Nelder, 1989; Mohebbi et al., 2011). This assumption has been questioned by the many researchers
who have recognized many crimes can be clearl
and demographic characteristics. The effect caseba even in relatively small areas. This reality
suggests that individual crime occurrences may not be completely independent from each other.

In other words, the incidence of certain types of crimes occurring in adjacent areas may be affected

by similarspatial characteristics in the adjacent areas.

The accuracy of estimating the number of crimes using Poisson and negative binomial
moddling techniques then becomes questionable. If spatial dependency in data is not taken into
account, the variance of tmeodel parameters may be inflated, and inferences could be biased

(LeSage, 2010).

5.4 Regressiorto-the-mean

Police services typically use crime maps to highlight areas with a high concentration of a
certain type of crime. Unfortunately, simple visual iesion of crime maps can be misleading as
the determination of genuine hotzones is not straightforward. For example, if the hotzones are
simply based on historical crime data, the maps will not take into account likely changes over time
in the locations ohotzones. The locations can change from month to month or from year to year

making the satisfactory identification of hotzones a complicated undertaking.

Changes occur due to regressiorthe mean (RTM) (Farrington and Welsh, 2006;
Marchant2004). RTM efers to a statistical tendency embedded in many count data. In this case,
RTM is important because locations may experience a high number of crimes in a particular month

or year and then, without outside intervention, experience a low number in thariglimanth(s)
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or year(s). If the analyst is unaware of RTM, misinterpretations of the data and apparent trends are

highly likely.

To avoid the pitfalls of RTM bias, police services need to develop maps based on the long
term mean value of the number ofreéas. The creation of these maps requires rigorous spatial data
analysis based on appropriate and advanced statisticallmgdethniques (Takyi et al., 2018).

The empirical Bayes (EB) method is a widely used technique designed to mitigate RTM. The EB
method combines two key pieces of information, the observed number and the predicted number,
to produce the long term mean value that takes into account variations over time (e.g., from month

to month or year to year).

5.5 Study Objectives

This study has tlee main objectives:

1. To develop macrdevel crime prediction models based on two geographically weighted
regression technigues (GWPR and GWNBR) to take into account spatial dependency and
overdispersion in crime data.

2. To evaluate the predictive performarafehe GWPR and GWNBR models developed by
considering fixed Gaussian bandwidth in parameter estimation; and

3. Determine hotzones for violent and rainlent crimes using GWNBR models combined
with EB method to account for possilbegressiorto-the-meanbias.

Section 5.6 provides a brief literature introducing the advanced statistical methods applied.
Section 5.7 discusses the crime and other data used in the study. Section 5.8 describes the two
statistical models applied in the diu Section 5.9 presents the results of the analysis. Section 5.10

summarizes the study and makes recommendations for future research.
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5.6 Literature Review

During the last two decades, many researchers have addressed the development of better
fitting predction models and they have considered a wide range of advanced statistical methods

(Fahrmeir and Tutz, 2013).

Nakaya et al. (2005), for example, attempted to extend conventional count data analysis
such as Poisson and negative binomial regression hvagled accommodate spatial dependency.
The researchers introduced a new spatial count data lmgdechnique known as geographically
weighted Poisson Regression (GWPR). GWPR took into account spatial dependency in a study
that predicted the working agesdases related death using selected socioeconomic variables (e.g.
home ownership, unemployment, proportion of persons over 64, and proportion of professional
and technical workers). They used one year (1990) of data collected from the 262 municipalities
in the Tokyo Metropolitan Area, Japan (Nakaya et al., (2005) and used municipality as the area

unit of analysis.

The GWPR technique was considered advanced compared to the conventional Poisson
and negative binomial model: GWPR produced different regregmommeters for the input
variables for the different areas within a study area whereas the conventional Poisson and negative
binomial models produced a global (single) regression parameter for each input variable and this
parameter was assumed to be cartstar all the areas analyzed in a study area. When using
GWPR, the model parameters estimated for a target area are more similar to those of adjacent areas
than to those of remotely | ocated areas in o0ob
2005; Tobler 1970). GWPR has recently gained some attention in crime studies (Chen et al., 2017a;

Chen et al., 2017b; Zhou et al., 2017).
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Although GWPR can take into account spatial dependency, it cannot take into account the
problem of overispersion ircount data. This is because GWPR still assumes that the dependent
variable follows the Poisson distribution and that the mean is the same as (or very close to) the

variance.

Da Silva and Rodriguez (2014) enhanced GWPR by introducing geographically weighte
negative binomial regression (GWNBR). GWNBR is designed to accommodateispersion
as well as spatial dependency in count data. GWNBR has been applied in transportation research

(Gomes et al., 2017; Yu and Xu, 2017), but is new to crime research.

As mentioned, the EB technique is a popular approach to reducing RTM by estimating a
long term mean value rather than simply using an historical value. The EB approach is widely used
in collision research and has also been used in research into areas jaatheatbigh number of
crimes and a high number of collisions (Hauer et al., 2002; Shaheed et al., 2015). The EB method

is used in this study to reduce RTM bias.

5.7 Study Area and Data

The study area for our analysis was the City of Regina, the capithe Canadian province
Saskatchewan. The Cityds population was 253, 2
Reginads tot al crime rate and crime severity

During thefive years from 2009 to 2018)ere were 125,338 criminal code crimes in Regina.

The study described in this chapter uda years (2002013) of Regina crime,
demographic and land use data to develop crime prediction models. These data were obtained from
three databases supplied by Regina agencies and from one online database. The data obtained

were:
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1 Crime data (ASCII Teixfile format) fromRPS

1 Socicdemographic data (Microsoft Excel format) and traffic data (GIS shapefile format)
from the City of Regina; and

1 Land use data (Microsoft Excel format), traffic analysis zone (TAZ) boundary
information and roadway data (GIS pleéile format) from the City of Regina. The
roadway data included the location of every intersection and roadway segment in the
cityds entire roadway networ k.

1 Other data
Other aggregated variables provided for TAZs included the average parking ctis and

VKMT. This information was supplied §GI.

Table5-1in Section 5.7.4 shows the descriptive statistics used in this study.

5.7.1 Crime Data

This study included the ten types of crime considered the most importRm®yhe ten

types of crime were grouped into two categories: violent (arson, assault, murder, robbery, and

sexual assault), and nmplent (break and enter, mischief, theft, tfedm auto, and theft of auto).

During the fiveyear study period, Regina recorde2b,338 crimes. This study included
50,284 of thel25,338crimes: 9,181 violent and 41,103 Reiolent. The data available for each

crime included type of crime, locatiaf crime (address and coordinate), and time of crime.

The individual crimes were initially imported and displayed using a GIS tool (ArcGIS) in
an electronic map for mat. The individual crim

TAZs. The aggregeon addressed privacy and confidentiality issues as well as hmadisksues.
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Table5-1 shows the two crime variables: Total Number of NAalent Crimes and Total

Number of Violent Crimes. These two variables were considered the dependent variables.

5.7.2 Sociedemographic Data

The sociedemographic data included, for example, age (grouped)-sposnhdary
enrollment and population per TAZ. Population density per TAZ was estimated using ArcGIS.
Population was used as the primary exposure variableeimbdels developed: the relationship
between population and crime is well documented in the literature which shows that the number
of crimes increases as the population increases (Andresen, 2007; Apyafzeni, 2002; Foote,

2015; Nolan 2004; Ousey, 200Zhong et al., 2011). Population increase has been shown to be
the best predictor of violent and property crimes (Boivin, 2018; Chamlin and Cochran, 2004).
Boivin, (2018), however, stated that the strength of this relationship varies due to the

heterogenaous nature of count crime data.

Table 5-1 shows the nine socidemographic variables. These variables were input

variables.

5.7.3 Land Use Data

The land use data were analyzed in 15 categories describing various aspects of retail, office and
industry floa space per TAZ. Traffic Analysis Zone Area was an additional variable. The area of

each TAZ was estimated using ArcGIS.

Table5-1 shows the 16 land use variables. These variables were also input variables.
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5.7.4 Other Data

Three additional variables were also used: Average Parking Cost per Zone, Total Vehicle
Kilometres Travelled and Person Vehicle Kilometres Travellathle 51 shows details of the

three additional variables. These variables were also input variables.

Table 5-1: Descriptive Statistics for Crime, SocieDemographic, Land Use and Additional

Variables
. - Std. - .
Variable Description Mean Dev Minimum  Maximum
Dependent Variables
VIOLENT CRIMES Total Numbers oViolent Crimes 3763 g1.44 0.00 943.00
NON_VIOLENT CRIMES Z‘r’it;'e';'“mbers of Noiviolent 168.45 182.28 0.00 1,480.00
Independent Variables
SociecDemographic Variables
POP_0tol7 Proportion of Persons AgeOto1 0.17 0.09 0.00 0.29
POP_18t024 ;£°p°rt'°” ofPersons Age 1810 459 gy 0.00 0.33
POP_25t044 ch’po”'on ofPersons Age 2510 5,5 g 0.00 0.40
POP_45t064 gfpor“o” of Persons Age 4510 5,53 (g9 0.00 0.34
POP_65plus Proportion of Persons Age 65 pl.  0.16 0.13 0.00 0.55
TOT_POP Total Population 808.31 798.35 0.00 3,011.00
POP_DENSITY Population Density (Persons/Rm 2,121.49 1,673.68 0.00 10,552.61
Proportion of Persons Enrolled in
NO_GRDSCH Graduate School 0.10 0.33 0.00 3.90
Proportion of PosBecondary
NO_PSSTUD Enrolment 0.43 5.09 0.00 73.31
Land Use Variables
Proportion of Office Space per
OFFICE_SPACE Traffic Analysis Zone 0.06 0.21 0.00 1.90
Proportion of Retail Space per
RETAIL_SPACE Traffic Analysis Zone 0.04 0.09 0.00 0.78
Proportion of Industry Space per
INDUSTRY_SPACE Traffic Analysis Zone 0.01 0.03 0.00 0.20
Proportion of Hospital Space per
HOSPT_SPACE Traffic Analysis Zone 0.00 0.02 0.00 0.24
NO_LU_PER_TAZ Number of Land Uses per Traffic 5, 4 g5 1.00 8.00
- = - Analysis Zone
Proportion of Airport Area per
AIRPORT_AREA Traffic Analysis Zone 0.00 0.05 0.00 0.85
COMMERCIAL_AREA Proportion of Commercial Area ) ,, 0.35 0.00 1.00

perTraffic Analysis Zone
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Table 5-1: Descriptive Statistics for Crime, SocieDemographic, Land Use and Additional

Variables( Cont 6d)

. . Std. - .
Variables Description Mean Dev Minimum  Maximum
Land Use Variahble
INDUSTRIAL_AREA Proportion of Industrial Area per ) g 0.26 0.00 1.00

— Traffic Analysis Zone
INSTITUTIONAL_AREA Proportion of Institutional Area ) 3 0.08 0.00 0.88

per Traffic Analysis Zone
Proportion of Open
OPENSPACE_RECREATION_ARE/# space/Recreational Area per 0.14 0.23 0.00 1.00
Traffic Analysis Zone
Proportion of Railway Area per
Traffic Analysis Zone
Proportion of Residential High
RESIDENTIAL_HD_AREA Density Area per Traffic 0.04 0.08 0.00 0.62
Analysis Zone
Proportion of Residential Low
RESIDENTIAL_LD_AREA Density Area per Traffic 0.34 0.33 0.00 0.97
Analysis Zone
Proportion of Residential

RAILWAY_AREA 0.02 0.09 0.00 1.00

RESIDENTIAL_MD_AREA Medium Density Area per Traffic  0.04 0.12 0.00 0.91
Analysis Zone

URBAN_HOLDING_AREA Proportion of Urban Holding 0.07 0.22 0.00 1.00
Area per Traffic Analysis Zone

TAZ_AREA Traffic Analysis Zone Area 0.51 0.56 0.01 6.04
(km?)

Other Variables

PARKING_COST Average Parking Cost per Zone 0.70 1.81 0.00 5.95

TVKMT Total Vehicle Kilometres 25034.04 2177069 3219  122,800.88

Travelled (vehicles x kilometres
Person Vehicle Kilometres

PVKMT Travelled (vehicles 186.17  1,294.49 0.00 16,854.63
xkilometres/population)

5.8 The GWPR and GWNBR Models

Two forms of geographically weighted regression models (GWPR and GWNBR) were
considered. Sections 5.8.1 and 5.8.2 present the mathematical description of the GWPR and
GWNBR models respectively. Section 5.8.2 also discusses bandwidth and the goddiméssts
used to assess the two approaches. Section 5.8.3 discussespitieal Bayes metho5AS
(university edition) programming language was used to develop all the models described in this
study.
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5.8.1 Geographically Weighted Poisson Regression (GWPR)

Geographically Weighted Poisson RegressteBW/PR) is an advancement of Poisson regression

that allows model parameters to vary from one zone to another (in this case from TAZ to TAZ).
Equation (51) give the functional form of the Poisson regression atketh

‘ 0QwB T w (5-1)

By allowing for spatial variation in coefficients, andw, the Poisson model given in Equation

(5-1) can be written as EquationsZpand (53) respectively.

C 0QB T 6 W (5-2)

W 0VENQi 0GR 1 6 © (5-3)
In Equation (53), 0 is the time period (offset variable) in which the crimes occur (in our

case, five years). hio and 6 b represent the local coefficients which can be different for each

TAZQ

Nakaya (2005) and Da Silva and Rodriguez (2014) provide detailed descriptions and

parameterization of this model.

5.8.2 Geographically Weighted Negative Binomial Regression (GWNBR)

Geographically Weighted Negative Binomial Regression (GWNBR) models were also
developed. The GWNBR model was proposed by Rodriguez and Da Silva (2014). As GWNBR
can handle possible ovdrspersion in count data, it GWNBR is expected to reduce prediction

error and offer improved performance.
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The GWNBR used in this study is an extension of the conventional negative binomial
model shown in Equation {%). The GWNBR model given in Equation%) allows local variation

of coefficients:
“ 066B 1 wh (5-4)
w 060QOB T o0 w i (5-5)
The parameters in Equations3pand (55) are the same as those in the previous Equations
except that is the dispersion parameter which is estimated at the global level in the two GWNBR

models. Da Silva and Rodriguez (2014) provide a detailed desoript GWNBR regression

methods.

GWPR and GWNBR models need to determine optimal bandwidth to calibrate and
produce the coefficients associated with the input variaBles.both models, fixed Gaussian

bandwidth as shown in Equation§)was used:
0 Qwn - Q (5-6)

where:

0 represents the geographic weight of z&en calibrating models for zofB
Q is the distance between tli2 and'Q nearest neighbour zones (TAZs); and

®is the bandwidth.

An examination of crossalidation error was employed to determine the optimal

bandwidth (Paez and Faber, 2007; Pirdivani et al., 2014; Wang et al., 2008). In all cases, the
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bandwidth that minimied the crossalidation error was selected. Equatior/{sshows the cross

validation error:

0w B o (5-7)
where:

CV is the croswalidation error;

® @ is the adjusted value to poiibmitting the observation ofdand

¢ is the numbers of zones.

® @ is invariablythe fitted value ofo when the'® zone is omitted during thealibration

process.

The performance of the models developed was evaluated using selected goodness of fit
(GOF) tests. Washington et al., (2005) provide a discussion of GOF tests. The seven GOF tests
used in this study were: Akaike Information Criterion (AIC), Corrected Aké#ikermation
Criteria (AlCc), Bayesian Information Criterion (BIC), Mean Square Error (MSE), Mean Square

Prediction Error (MSPE), Mean Prediction Bias (MPB), and Mean Absolute Deviation (MAD).

5.8.3 Empirical Bayes Method

As mentioned in Section 5.4, tlEB method was used to mitigate the problem of RTM
(Hauer et al., 2002). Equation-8 shows how information from similar TAZs was used to
estimate the long term mean values for violent andunalient crimes for each TAZ:

Ow 02 p L W (5-8)

where:
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O w represents the EB adjusted value of violent crimes oviaant crimes;

‘ represents the predicted value of violent crimes orviolent crimes;

w represents the observedlue of violent crimes or newiolent crimes; and

0 is the EB weight factor.

The EB weight factor is given in Equation9%

6 — (5-9)

where:

| is the dispersion parameter;

‘ is the predicted number of violent crimes or +volent crimes for TAZ(n year t; and

Y is the five years in our study.

5.9 Results of Analysis

This section presents results only for the independent variables that were statistically significant

at the 0.05 significance level (see Appendix G).

5.9.1 Estimated Parameters
Several functional forms of crime prediction models were tested, but this aldreports the
functional forms that best predicted violent and-malent crime (see Table3). As the value of

each parameter can be different for each TAZ, Tablésabd 54 show the range of parameter

values found to be statistically significantthe GWPR and GWNBR models respectively. Each
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Table shows the results for the fixed Gaussian bandwidth results for the total violent and total non

violent crime models.

The models calibrated using adaptivesquare bandwidth for both violent ananviolent
crimes generated highly extreme coefficients. Every coefficient obtained for the GWNBR models
with adaptive bisquare bandwidth was of the ordeipoft (see AppendidG). The reason for the
large coefficientsof the adaptivébi-square bandwidtimodels will require further investigation

which is beyond the scope of this research.

The large coefficient with adaptive-bguare bandwidth poses a limitation in the estimation
of the performances of the models developed. This was due to the diffrtdétermining the
predicted values. Thus, it was impossible to compare the fixed Gaussian and the adagtigeebi
bandwidth GWPR and GWNBR models for violent and -mmtent crimes. The comparison

between the GWPR and GWNBR models discussed focudbg dimed Gaussian bandwidth.
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Table 5-2: Functional Forms for Best Predicting Models for Violent and NonViolent Crimes

Severity Functional Form

Violent Crimes H goim? AEHEEs Hrsddfli=rs 4 K sbrfi=%s rE Y rd pqhe= A rl brrdd =4 =4 1= ritd r=

Non-Violent Crimes H go o © 7 HEREFs FH —aovd rdHS=rp 2 rrddll=rf 2 Eslrfl=2%2 rEYrd padr= =4 =4 F rEdd r=

Table 5-3: Range of Parameter Values for Variables found to be Statistically Significant in the Geographically Weighted

Poisson Regression (GWPR) Model

Fixed Gaussian Bandwidth

Crimes Category Variables Min 1stQuart Median 3rd Max
Quart

Intercept -1.662 -1.640 -1.634 -1.627  -1.607

LOG_TOT_POP 0.380 0.382 0.383 0.384 0.386

INDUSTRY_SPACE 8.047 8.252 8.384 8.458 8.691

Violent Crimes NO_LU_PER_TAZ 0.230 0.232 0.233 0.234 0.237
COMMERCIAL_AREA 0.639 0.646 0.650 0.653 0.661
RESIDENTIAL_MD_AREA 1.674 1.690 1.700 1.708 1.730
URBAN_HOLDING_AREA -6.426 -6.330 -6.296 -6.256  -6.159

Intercept 0.765 0.941 1.046 1.089 1.199

LOG_TOT_POP 0.242 0.261 0.275 0.284 0.319
POP_65plus -2.011 -1.923 -1.845 -1.551  -0.672

Non-Violent RETAIL_SPACE 2.600 3.062 3.232 3.299 3.560
Crimes INDUSTRY_SPACE 6.608 7.804 8.209 8.853 10.357
NO_LU PER TAZ 0.153 0.201 0.211 0.225 0.241

COMMERCIAL_AREA 0.118 0.230 0.258 0.305 0.559
URBAN HOLDING AREA -5.723 -5.138 -4.986 -4.344  -3.217
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Table 5-4: Range of Parameter Values for Variables found to be Statistically Significant in

the Geographically WeightedNegative Binomial Regression (GWNBR)

Fixed Gaussian Bandwidth

Crimes Category Variables Min 1st Median 3rd Max
Quart Quart

Intercept -1.337 -1.300 -1.286 -1.271 -1.249

LOG_TOT_POP 0.257 0.262 0.264 0.266  0.273
INDUSTRY_SPACE 8.538 9.004 9.252 9.431 10.107

Violent Crimes NO_LU_PER_TAZ 0.290 0.298 0.299 0.303  0.309
COMMERCIAL_AREA 0.764 0.782 0.796 0.807 0.839
RESIDENTIAL_MD_AREA 1.984 2.047 2.078 2.104 2.184
URBAN_HOLDING_AREA -3.945 -3.816  -3.760 -3.721 -3.575

Intercept 0.783 0.855 0.876 0.889  0.920

LOG_TOT_POP 0.236 0.244 0.250 0.252 0.262
POP_65plus -1.347 -1.284 -1.251 -1.167 -0.970

Non-Violent RETAIL_SPACE 2971 3.082 3.130 3.158  3.253
Crimes INDUSTRY_SPACE 8.433 8.993 9.209 9.420 10.224
NO_LU_PER_TAZ 0.218 0.231 0.237 0.246  0.261

COMMERCIAL_AREA 0.474 0.500 0.518 0.531 0.587
URBAN HOLDING AREA -3.348 -3.268 -3.228 -3.181  -3.056

Figure 51 is an example of the distribution of estimated coefficients. The Figure shows
the distribution of estimated coefficients for LOG_TOT_POP across Regina TAZs for total violent

crimes. Figuré-1a) shows the GWPR model and Figurél§ shows the GWNBR model.
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(b) Geographically Weighted Negative Binomial Regression (GWNBRYlodel

Figure 5-1: Distribution of Estimated Coefficients for LOG_TOT_POP for Total Violent

Crimes
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Although the main purpose of developing the models was to screen for hotzones, several

points were observed.

Tot al popul ati on (LOG_TOT _ _POP) (t he study
association with both the number of violent crimes and the number efiolent crimes. This
means that as the total population increased so did the number of violent andlenhcrimes.
Similarly, both the proportion of industry space (INDUSTRY_SPACE) and the proportion of
commercial area (COMMERCIAL_AREA) were associated with an increasing number of violent

and noaviolent crimes.

It was also found that the number of lanses per TAZ (NO_LU_PER_TAZ), which
represents the different levels of complexity in land use, was associated with an increasing number
of violent and nosviolent crimes, and the proportion of retail space (RETAIL_SPACE) was
associated with an increasingmber of norviolent crimes.The number of violent and nen
violent crimes decreased as the proportion of urban holding areas (URBAN_HOLDING_AREA)
in a TAZ increased. This result could be expected as urban holding areas are the open space areas

designateddr future development (i.e., undeveloped areas).

Medium density residential areas (RESIDENTIAL _MD_AREA) showed a positive
association with violent crimes. An increase in the area of medium density residential development
was associated with an increas¢ha number of violent crimes. This result could be expected as
the density of residential areas has been reported to influence violent crimes such as aggravated

assault and robbery (Browning et al., 2010).
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The proportion of persons age 65 plus (POP_&9phas negatively associated with ron
violent crimes. This result could be expected as seniors are known to have lower crime rates than

certain younger groups.

5.9.2 Model Selection

Seven GOF tests listed in Section 5.8.2 and discussed in chapter 3 were used to select the
best fitting model for total violent and total neiolent crimes. Table 5 shows the results.
Smaller values in the GOF tests indicate a better fitting modelcdllseshaded grey highlight the

present better fitting results when comparing@wPR and GWNBR models

Table 5-5: Results of Goodness of Fit Tests for Total Violent and Total NeKiolent Crime
Models

Crime Model Dispersion  AIC AlCc BIC MSE MSPE MPB MAD
Category
Violent GWPR - 12306.95 12307.48 12332.77 232.33 225.67 -0.09 6.16
Crimes GWNBR  1.00  2064.75 206545 2094.58 241.52 23459 -0.07 6.15
Non-Violent ~GWPR - 18188.32 18190.24 18238.34 785.37 759.62 -1.60 16.70
Crimes GWNBR 049 278125 2782.35 2819.11 882.52 853.58 -0.81 17.18

Table5-5 shows that:

1 The GOF tests did not consistently favour the models for violent crimes andahent
crimes or the GWPR or GWNBR modelisconsistency in GOF tests has previously been
reported by Park and Young (2013);

1 In the case of the violent crime models, five of the seven GOF tests (AIC, AICc, BIC,

MPB, and MAD) favoured the GWNBR model and two tests (MSE and MSPE) favoured

the GWPR mdel.
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1 In the case of the neviolent crime models, four GOF tests (AIC, AlCc, BIC, and MPB)

favoured the GWNBR model and three tests (MSE, MSPE and MAD) favoured the GWPR

model.

After examining the GOF results, the GWNBR was selected as the betterrfititey for
both the total violent and total neolent crime data. GWNBR also has the two previously
mentioned important advantages of being able to handledisf@ersion and being suitable for use

with the EB method.

5.9.3 Hotzone Selection
The GWNBR md el s coupled with the EB method
violent and norviolent crime hotzones. Figuresshows the top ten hotzones for violent and-non

violent crime. The zones do not reflect simply historical data, but take into accoummghedm

mean values for the number of violent and-w@mient crimes.
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Figure 5-2: Top 10 Hotzones for Violent and NorViolent Crime in Regina

Examination of Regi nads TNamyolert @rimd showedd e s f
overlapping hotzones. The overlapping hotzones are areas-ofdome population or areas near
downtown with mainly commercial land use. The overlapping hotzones could become areas where

police could preactively focus their lavenforcement strategies to prevent future crimes.

5.10 Summary and Recommendations for Future Research

The research described in this chapter developed and evaluated crime prediction models for the
City of Regina using a GWPR approach and a GWNBR combiuithdEB approach. Five years
(20092013) of crime and other data from Regina were used in the model development. The
methodologies were chosen to overcome three technical challenges in count datesparsion,

spatial dependency and RTM.
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Both the GWPRand GWNBR models took the spatial dependency issue into account and
both successfully produced spatially varying parameters for each input variable. The GWNBR
model was able to estimate the od&persion parameter to take into account-aigpersed cau
data. Due to the GWPR and GWNBR models requiring separate regression equations for all data
points, partitioning the data into calibration and validation datasetsa challenge. Thyshe
same data used for calibrating the models was used as a validation dataset for obtaining the GOF

of the modelghat depends on the residuals.

The performance of the models developed was compared using seven GOF tests (AIC,
AlCc, BIC MSE, MSPE, MPB, ahMAD). The GOF test results were inconclusive and caution

is recommended when interpreting the results of GOF tests especially if only a few tests are used.

In this study, GWNBR was selected as the better model. An important benefit was the
ability to cowple the GWNBR model to the EB technique to reduce RTM bias by estimating the
long term mean values for the number of crimes. This approach is very much preferable to relying

simply on the selection of hotzones based on historical data which is likesutbireRTM bias.

The results of the GWNBR model with the EB technique were used to map the Top 10
violent and nosviolent crime hotzones in Regina. These areas can be regarded as areas where

security is a concern and where enforcement by police sertioaklde focused.

The dispersion parameter in our GWNBR model was fixed. Future research could evaluate
whether the model could be improved by allowing dispersion parameters to vary. Varying

dispersion parameters might improve GOF results.

The Gaussian malwidth method in the GWNBR model was also fixed. Future research

could consider a different method for determining optimal bandwidth and whether the bandwidth
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determined would improve the result. The adaptivedpiare bandwidth method is an example of

adifferent method (Fotheringham, 20Q&cquez, 2090
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CHAPTER 6:MACRO -LEVEL PREDICTI ON OF OVERLAPPING CRIME AND

COLLISION HOTZONES F OR FOCUSED LAW ENFORCEMENT

6.1 Background

The research discussed in this dissertatiol
of Saskatchewan, Canada. I n terms of popul ati
with a population of 253,220 in 2017 (Statist
number of c¢crimes and a high number of coll i sic

Canada, 2016) .

The goal of this study is to help the City Bfe gi n a, S at@ iknprave thee wa n
effectiveness and efficiency of the cityds | a
resources to areas where a high number of crimes and a high number ofnsotisolap. To

meet this goal, the study identifies high crime and collision areds,0ot z dGyndeveloping a

sophisticateagna c-Ir @v e | - € gneotiehdesigned to predict crime and collision numbers.

The &t urdaycervoe | approacrhediaoticoon | i si oonmpprt a
confidentiality and privacy iIssues associated
the specific |l ocation (e.g., house) of a spec

taken -hBewmeolprowach (Osgood, 2 6l0edv; e IPraapt pt r, 0 a2cOhl Ot) a
prediction is also very common in transport al

Hakim et al ., 1991, Lovegrove and Sayed, 2006

This sdudyafufsiec analysis zones (TAZs) as t

possibilities included neighbour hood, county,
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Regina uses TAZs as the basis afnaanytepawiadlect

characteristics. The City of Regina has 244 T,

6.2 Study Objectives

The study has two specific objectives:

1 De v edophipticateana c-r evel -l ezxehal cri me and collisio

basedomn advanced statistical technique; and

1T Deammnstrate how the model s develodpawthesan be
significant numbers of total c¢crimes and to

6.3. DDACTS Background

Ur bani zation has generally iypofovleidf e utrh an k
concentration of economic devel opment and opp
associated with a concentration of <certain ty

areas) and a cormsceonnt rcaetritoani no ft ycpoelsl iosfi ornoadway

Wegman, 2017; Wi ebe et al., 2016). Residenti al
crime and collisions (Anderson et al., 2013;
The high number of c¢rimes and collisions |
enf orcement agencies, transportation safety p
increased | aw enforcement i Nn2rda8s e Hahal y¢c o 210 1 ¢
enf orcement agencies need to allocate their |
efficiently as possible while ensuring that t

achieve this goalw, eMddrotrict eMeeati aggrenci es have

(Leigh et al., 2016, Leigh et al., 2017).
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Datbai ven Approaches to Crime and Traffic Sc:
services in the United Statesdawd Cmnamgear ataivae
enforcement tactics since 2008R(fGehberg2etidal
Ryderberg et al, 2018; Shi mko, 2013; Takyi et
enforcement to simuubbneosstyrimprand boahfipc
areas (hotzones). Hot zones are areas where th

hi gher than in other areas (Hardy, 2010; Fel l

focusedf bawement presents various challenges,
is well established.

An additional i mportant advantage to adopt
i mparti al scientific provedume abvihoesloy afmfee

The selection of certain areas for f ocused |

unacceptable to some citizens.

6.4. Empirical Rationale for DDACTS

Criminologists have l ong i nevre s tcirg antee d a ntdh e t
collisions/violations. An early study (Michal
l ed to one or more deat hs. The study showed

violent crime ofdemdyertsgwamnxds baderde asitwveen beha\

Fl eiter et al ., (2015) argued that dri ver s
|l i kely than other driver sThieol ebiet sitnueoyl vaeludp p onr tas
theory that hawvde vbh eluaVv iso uwhaol problems whil e ¢

behaviour al problems that may be associated w
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et al ., 20009; Dodson et al ., 2011, Judder et

have taken the view that i ndi vidual s invol ved
involved in severe collisions.
Cat-Mbhaano et al. (2015) showed a spatial

They developed dsthati sisiedalt hmodeli me rate to pr
for 28 European countries. The study was base

and 2000) .

Environmental criminology studi esasofs hdoewni a

t hat some areas within a city appear to attr ac

(some of which could |l ead to traffic collisi
Mc Cormick, 2009). The etxsi sttheantc ec roifmes uacnhd pcl oalclei:
concentrations in certain areas that should b

are typically rough neighbourhoods with high
t hat 1 ndiovihdaawael sa wi gher exposure to risky ple

being involved in cri me.

The variable wveavel eediof YeHT pbekkas used to a

in collision (pArgattkarior ¢ oche mo2 @l 3; Cui et al ., 2
Hadayeghi et al , 2007; Hadayeghi et al ., 201 (
2007; Pirdavani et al., 2014, Rhee et Aale, 201

tot pbpul ati on has been used as a proxy (or p

Andr eseAppi2@®®@®@amef i ; 200 2; Harri s, I22a0a;e sTta ynlgo
popul ation iIis also someti mewaruiseld e sf ar pa moixlyi ¢
(Ladron de Guevara et al., 2004; Nol and and Qt
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popul ation provides interesting indirect evid

collisions may overl ap.
Kuo et al . (2013) showed that there is a s
zones. This effect adds to the potenti al bene

research has shown the rationdalCé&Sfot hhawaemf o1
the number of crimes and collisions simultanect
The size of the area (e.g., zone, <city, regio

and depend onmnrtplosesodpd haeandtpudy.
6.5 Impact of DDACTS
Il n 1997, police services in Albuquerque, N

cal | eida ft eh eddp rroegert asm. The program introduced va

including saturatpi opnpatpat sol shi ghwolalyows peed en

checkpoints. They focused their traffic enfor
within the city boundary. The four areas were
progrsaurl treed in an 18% decline in injury <col/l
collisions, a 34% decline in fatal collision
kidnapping, and a 10% decline in assaults (St

Ot her jurimbavetswaonsegsnfaul |y applied DDACTS

such as Baltimore County, Maryland and Nashvil
Ver mont and Sheboygan, Wi sconsin (Wisconsin DC(
e x alme, burglaries fell by 17 %, mot or vehicle
43% after the introduction of DDACTS (Hall an
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6.6 DDACTS Methodologies

Most DDACTS studheszwmnieeg iade@ltS fmaepgpedg te
with kernel density estimation (KDE) (Braga,
historical crime and collision data to ident.i
same areas wil/|l remain hotzaomes iamdt it |l fl utsumo
di splaced to other areas. To avoid or minimiz
dependency when analyzing the dat a.

Crime and collision patterns are knamawn to |
the -demogor aphi c, |l and use, traffic, and surf e
2006; Weir et al., 2009; Cottrill, 2010; Walt
2012; Anderson et al, 201220HRABk3gzeAset halse, sd@
change over time, itoitgomneav drda hall e rots oc heaxnpgeec to vi
enforcement aims to prevent future crimes an
incorporathear aptheéiastics and predict future ¢
approach suppodési petlicemmetr meoesto proactive
collision prevention.

The standard approach to egtoinmatiisnga tchoen vre
negative binomVal venodel aidhgldevani s, 2006, Hi g
Takyi et al ., 2018) . This method has also bee
MacDonal d, 200 8; Hai 2ingseéobnal . 20609, Pi za,

Conventional negative Dbinomi al model s assu
each other. I n our <case, this assumption reqt
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independently of each otthermn.s Talree a snsduemppetnideem tt

has | ong been questioned.-esltodbleirs Held 7f0i))r 9tntira

feverything is related to everything eélose, bu
to explain the concept of spati al correlation
correlation is certainly to be expected among

to a DDACTS study.

Yu (2010) used d@ mgewgtraphnicaué ycalelighted r
can consider the spatial correl atieoemaemm®mi nput
normally distributed. This assumption is not

obsersv.ati on

Da Silva and Rodrigues (2014) introduced a
regression model ( GWNBR) designed to i mprove
GWNBR has not bpeedusikasosnméa@nm i meeedd iicnt i coonl [(iGsoim

et al., 2017; Yu and Xu, 2017).

This disseesadairoh used a GWNBR model to mi!
in our <cri me, collision and spati al dat a. I nt

been used befmeeprediction or DDACTS analysis

Three models to predict the wumbemtqgf aadir
model s to predict the number of <collisions ('t

(PDO)) were idi tAlall |l gi dewmeldeps used a GWNBR

concentrates on two of the model s: the tot al
| t i's believed that these two modeltseverle csu fnfe
anadol |l ision prediction models to select approyg
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The tot al number of crimes used is defined
crime as specified by the RPS: aysosexasglsaas s
mur der , theft, theft from auto, and theft of
di fferent types of crime as the most i mportan

Section 6.7 of this chapter briefly discus
study. Section 6.8 discusses the main statist
summari zes the results of our analysis, and S
suggestions for further research.

6.7 Study Data

The study usedd ftiove2Oyledar sof( 2ddata f or cri me,
roadways, | acedmogeaphidcsoclThese data were obta
supplied by thr(RRSdi $Geramd tlyenCitygy of Regi n:

T Cri me( Miadraos of t

text file format) from RPS;

T Collision data (Microsoft Access format) f

T Traffic volume data (GI'S shapefile format)

T TAZ boundary information and roadway dat a
Regina. The roadway data included the | ocat
i n tée emittiy e roadway networ k and iafdid¢ ati iomm |
and speed I imit of every roadway segment ;

T Land use data (Microsoft Excel format) fro

T Socdeomogr aphi c

data (Microsoft Excel format
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Tablle |6 sts the two dependenmesaandbTesal TN
Collisions) and 18 independent variables used
under four headings: traffidemobudphi ¢ hadwayp,

vari abl ed iwmer Ba gy r®AgZat ed

Dur i ng -ytehaer fsitvuedYVopalk i Ndmbéeéeh&6f 28A i Tmasg | Wwae

Number ofw&el 26sb6dhs

Table 6-1: Input Variables

Variables Description Mean Std. Dev. Min. Max.
Crime

TOTAL_CRIMES Total Number of Crimes 206.08 252.95 0.00 2423.00
Collisions

TOTAL_CRASHES Total Number of Collisions 109.18 87.57 1.00 425.00

Traffic volume

TAZ VKMT Vehicle Kilometers Travétd/Traffic 25034.04 21770.69 321.90  122800.88
- Analysis Zone

Roadways
INT_DEN Intersection Density (Intersections/Area)  38.13 24.40 0.00 129.20
NO_3LEGS_INT Numbers of 3 Leg Intersections 9.66 10.10 0.00 66.00
AVE_SEGLEN Weighted Average Segment Length 2.23 1.87 0.08 11.36
TOT_SEGLEN_DEN Total Segment Length Density 10.53 5.20 0.82 40.76
LOCAL_ROAD_DEN Local Road Density 5.76 4.04 0.00 15.27
ARTERIAL_LEN Arterial Length (km) 0.57 0.57 0.00 2.62
Land use
OFFICE_SPACE Office _Space Area as ProportionTofaffic 0.06 0.21 0.00 1.90
Analysis Zone
RETAIL SPACE Retall _Space Area as Proportion of Traffic 0.04 0.09 0.00 0.78
— Analysis Zone
INDUSTRY_ SPACE Industr_y Space Area as Proportion of Traff 0.01 0.03 0.00 0.20
Analysis Zone
NO_LU_PER_TAZ glcl:rr%ber ofLand Uses per Traffic Analysis 4.92 165 1.00 8.00
COMMERCIAL AREA Commt_ermal Area as Proportion of Traffic 0.22 0.35 0.00 1.00
— Analysis Zone
INDUSTRIAL AREA Industr_lal Area as Proportion of Traffic 0.09 0.26 0.00 1.00
— Analysis Zone
RESIDENTIAL_MD_AREA hesidential Medium Density Area as 0.04 0.12 0.00 0.91
- = Proportion of Traffic Analysis Zone
URBAN HOLDING AREA Urban _Holdlng Area as Proportion of Traffi 0.07 0.22 0.00 1.00
- = Analysis Zone
TAZ_AREA Traffic Analysis Zone Area (k&) 0.51 0.56 0.01 6.04
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Table 6-1 : l nput Variables (Cont 6d)

Variables Description Mean Std. Dev. Min. Max.

Sociodemographics

TOT_POP Total Population 808.31 798.35 0.00 3011.00

POP_65plus Eersons_ Age 65 plus as Proportion of Tota 0.16 013 0.00 055
opulation

Sample Size

N Number of Traffic Analysis Zones 244

6.8. Methodology
6.8.1 Geographically Weighted Negative Binomial Regression

Geographical l y BNen agriteaeld Reqgradsds stiboen n{aGWN BtRo)o | w au
predict the -lnauvnmdblercroifmemacarod col l i sions. The G
similar to the conventional negative binomia

di spersiefnd)par ahbka TAZIsva and) Rodrigues, 2014

GWNBR model s can construct different equat.
for the different zones can be different, but
more sitnmid apartaometers estimated for near by zc

estimated for distant zones. Th(ils9 g0sf ohrosw tlhaew
geography.

The &t udWNBR model used fixed Gautsweeam odan
targe® nreo®arcby zones and -d)i sthaows ztome sma tElgeirad ti i
for the GWNBR model

@ 060Q0R [ 0 o h (6-1)

wher e:

218



0is an offset variable representing the expos
I'is the par ametcefro®pBAM put variabl e
wis Bhedependent Y aBBabdred f or zone
6 represents the location coordinates for zo

Equat2dbnshbws the fixed Gaussian bandwi dt h:

0 Qon- 2 6-2)

wher e:

O represents the ge@uhreaptciad i voeiagth WKgo imoxerkec & ©
of fixed Gaussian bandwi dt h;
Qis the di st @nacné nbeeatrweesetn ntenieghbor zones; and

wis the bandwi dt h.

The wrmndssdation techni g8 whaewnusiem Eagu adteitoenr m(

bandwi dth for the analysis described in this
6w B © © O 6-3)
wher e:

CV is ¢tvhmd icdradsison error ;

¢ EOEIAOI AREOTNAD A
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W wis the adj ust™ed tuwadlnge tthedQ pdisretr vati on of

W Wwis invariably cwhee nff'®@thhiteedneal seomftted duri

process.

The functional f onréanst altearle!| orpierde § oan dRetgot al

Tabl2¢ 6 88887 y represent the parameters obtai

zoneh) ."aries from zone 1 to zone 244,

Theoretically, t hwealeuecsanf core e2adcH3 ap a8 Bpne@tnet r .
shows some examples of the distribution of pa
tot al collisions prediction’hraodcelntr dpaatl iuvee I(
t he Pmomdr tPier sons Age 65 pi2us 8P @M d6 & phieu sr)a nw:

2.870 ( mi-h.i6@mu2n)( maxi mum) .

The Empirical Bayes (EB) met hod was used t
crime and collision predhowhonhomopededtbcheeed bgr EB:
bias (Highway Saf ety -4Ma nsuhaolws 2t0hle0 )ma tEhgeunaattiiocna |

EB met hod:

Ouv o P L W (6-4)
wher e

O represents the EB adjusted predicted val ues

wandare the observed and redicted values for

O representsl)YhandveiighestiOmat ed usi ngohbthaei ngd do b

from the GWNBR model
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Table 6-2: Functional Forms of GWNBR Models Employed in Predicting Crimes and Collisions

Categories Functional Forms

Total A omem T HIEEE 2 o FEE =moovo o drd=th=rp oo b1 bbb=rm o mll=d i peo o =21 e

Crimes

Total L L A I T e L R e T L e T R e R et L
Collisions

Table 6-3a: Distribution of Parameters for GWNBR Total Crime Prediction Model

Crimes

Category Variables Min 1st Quart Median 3rd Quart Max
Intercept 2.385 2.397 2.402 2.405 2.413
LOG_TOT_POP 0.245 0.247 0.248 0.249 0.250
POP_65plus -2.870 -2.801 -2.782 -2.740 -2.662
Total Crimes RETAIL_SPACE 3.439 3.468 3.481 3.495 3.537
OFFICE_SPACE 0.490 0.509 0.519 0.525 0.545
URBAN_HOLDING_AREA -4.244 -4.201 -4.184 -4.172 -4.126
TAZ_AREA 0.339 0.370 0.382 0.402 0.436

Over-dispersion » 1.567
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Table 6-3b: Distribution of Parameters for GWNBR Total Collision Prediction Model

Severity Variables Min 1st Quart Median 3rd Quart Max

Intercept -6.331 -3.964 -2.923 -2.561 -2.483

LOG_TAZ_VKMT 0.515 0.555 0.585 0.674 0.926

INT_DEN -0.002 0.005 0.007 0.009 0.035

NO_3LEGS_INT -0.029 -0.022 -0.019 -0.013 0.008

Total NO_LU_PER_TAZ -0.018 0.028 0.053 0.076 0.137

AVE_SEGLEN -0.094 0.030 0.042 0.052 0.097

COMMERCIAL_AREA 0.857 0.899 1.006 1.209 1.946

TOT_SEGLEN_DEN -0.238 -0.098 -0.091 -0.071 -0.029

LOCAL_ROAD_DEN 0.046 0.090 0.097 0.121 0.214
Over-dispersion » 2.463

6.9 Hotzone ldentification

Regsnari mel Bhdi on hotzones were identified b
number of collisions predicted by the model s
zones and ten riskiest collision zopnesi merand
t en collision zones overl|l apped wer e deemed

enf orcement should be focused.

6.10 Results of Analysis

6.10.1 Crime and Collision Prediction Models

Most of the 18 indepemdertrevaotabltasi ststcadly

95% confidence | evel (se*a Aplpews i ceas &i @&anda G

significant in the cri me pPpRB8ddishtoiwentmedel ghaor
were significant in the collision prediction
The retail space and office spac8bvatihaislee

variables have positiypeopiogns oinnadifcatitmg |t sBpta
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zone I s associated with a higher number of cr

retail space and office space may attract, fo

A higher proportion of commerci al area in
of collisions in that zone. This result is al
in plazas or malls | ocated (oann da rttheer inaul mbreora dosf
are higher than on residenti al roads.

Fi gulr eslfbows the Top 10 zones with the highe
2 shows the Top 10 zones with the higheesst numt
are not identical, but both Ceatty adr 8 ulsd metsesd Di
i . e., i n areas with a high concentration of r

traffic.

The two sets of tendstobdéerticfiosed tlbearakh o

crime zones are in the CBD or surrounding ar e;
the CBD. One top ten crime zone is |l ocated to
CBD saurrrounding area especially the area i mmec
ten collision zones are | ocated east of the C
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- Total Crime Hotzones
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Figure 6-1: Top 10 Hotzones for Total Crimes in Regina
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Figure 6-2: Top 10 Hotzones for Total Collisions in Regina

6.10.2 Determination and Analysis of DDACTS Zones

DDACTS zones are those that rank highrifori tbyt
areas for | aw ehfohacwamefndur FiGmueecp Wh@r er iRm@ i D«

Top 10 collision zones overlap. These are the
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Figure 6-3: DDACTS Zones for Total Crimes and Total Collisions
Tablle c6o mp ar 24 TABD fones h top ¥ hotzones and the fok DA CT S

Zones for Tot al Cr i m®BACaAShdtzores tombine Meapleh ¢rime o n s .
hotzones with the data for the top ten collision zones. These zones represent areas where a
significant numbers of crimes and collision occur or are likely to occur making these zones suitable

for consideration for enforcement prioritization.
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Table 6-4: Comparison between the 244 TAZ zones, the Top 10 Hotzones and the 4

DDACTS Zones for Total Crimes and Total Collisions

Categories

Total Crimes

Total Collisions

All 244 zones
Top 10 hotzones

50,284 crimes
10,633 crimes

26,642 collisions
3,546 collisions

4 DDACTS zones 5,466 crimes 1,548 collisions
Top 10 hotzones/All 244 Zones 21.1% 13.3%
DDACTS zones/ All 244 Zones 10.9% 5.8%
Area of all zones 147.93 knd 147.93 knd
Area of Top 10 hotzones (kfh 4.04 knt 5.58 knt
Area of 4 DDACTS zones 2.11 knt 2.11 knt
Area of Top 10 hotzones/area of all zones 2.7% 3.8%
Area of 4 DDACTS hotzones/area of all zone 1.4% 1.4%
| mportant pointsi:emerge from Tabl e 6
The CReéegi m& coveérs 147.93 km
The Top 10 cri me zorse sarceoav,erb u2t. 7a8% coofu ntth ef oQi t
during the study period;
The Top 10 collision @@&omeaseagoVweart 3a.c&% umft tfh
collisions during the study period; and
The DBACQDnes coversd lardédm ofbutheadcaadawynt for 10
5.8 % of the total collisions during the stu
These findings clearly show that small ar e
both <crimes @a&ndlad&ldlel idshi eosnes s(nsael | areas most |\

popul ati on,
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6.11 Summary, Conclusions and Future Research

The goal of this study was to identni fby Ci't
targeted tef fiencctrievaesree stsheand effici ermdwcomhgatba
number of <c¢crimes and number of collisions sin
devel og ema&dr ari me and colsliingi cGWNBrRe dainadt itdine nk
and 2) to demondorteasxaaulet hhoowart hkee mosded st o 1 dent i f

where significant numbers of total <c¢crimes and

The conventional 8 Bsmadebhl cpnoot GWBB8&¢eéd co
modelbssi der the distance between zones and pr.
Th@WNBRpproach estimates relatively similar p
close toeaahndrbesszonmil ar parameters for zone
met hod redutedsmeeaaemgreisad . onThi s is important in
proactive decisions regarding fut hee appirmash

di scussed here is an advance on past DDACTS s

The study u(s2ea0Oflo3f)edgear 6or the City of Re
the data were aggregated byNUABer Twd Cepameder
Number of Collisions) and the 18 independent

grouped under four headings: tdamdgraphi asne,

The results of themasltludar ecdseacfl ya sthiiotwy t hrat
number of both c¢crimes and collisions. The stu

areas using a data driven approach such as DD

228



obviousdaygvardtfages over an ad hoc or anecdot al

unacceptable to some citizens.

|l denti fication of the zones where crimes a
|l aw enforcement could help to increase the e
enforcement resources in the Cideciodfe Reog i moan de
DDACTS anal ysi s. By adopting the DDACTS appr

number of crimes and collisions simultaneous|

Future research should undertake a rigorou
enf or chermoeungth tDDACTS contri butes to reducing th
of collisions. Future research might also con
were beyond the scope of this stuaday.sikoni feéxa
influence on <c¢rime and <collision occurrence.
incorporating weather into the selection of D

enforcement as effectivemysaasorffocseasdly. as
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CHAPTER 7:CONCLUSION AND RECOM MENDATION FOR FUTURE RESEARCH
This chapter starts with summary andet ofconclusionsgrom the studies discussed in
Chapterglto 6. It then presents the main contributions of this studytl@dairrecommendations

for future research.

7.1 Summary and Conclusion

This dissertation consistl of three main technical components.

The first component (Chapter 4) expldtee development of collision prediction models
using two approaches to spatial regression analysis, i.e., the two commonly used spatial models:
GWPR and GWNBR. These modelgere used to account for spatialependencyin the
development of collision predion models usingne oftwo bandwidth types, fixed Gaussian
bandwidth or adaptivéi-squarebandwidth. The predictive performance of these models was
compared, and it was concludétom the CURE plotsjhat the fixed Gaussian bandwidth is a

better choicd or Reginadés collision database.

The second component (Chapter 5) discussed crime prediction models using GWPR and
GWNBR. The researcfocused mainly othefixed Gaussian bandwidth themodel calibration.
More importantly, it demonstrated how the EBHnique can enhance identificateomdprediction

of areas concern for security due to a high number of violent andiol@mt crimes.

The third component (Chapter 6) focused on the identification of DDACTS zones. This
exercise used a set of predictioodels for the total number of collisions and total number of

crimes.

The first component has contributed to zonal investigation by developing Heaefto

collision prediction models using relatively new statistical methods designed to handle the problem
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of spatial dependencyand overdispersion in macrevel collision data. The need for a
geographically weighted model became cl ear si
study data contained statistically significant levels of spdépkendeay. Bandwidth is a required

and important input for geographically weighted regression models. Both theGixeskian
bandwidth and adaptiviei-squarebandwidth were tested. Unlike many previous studies which
advocated adaptive bandwidth, the fixédussan bandwidth was a more appropriate bandwidth

in terms of the fitting performance achieved in the maevel predictionof collisions using

Regina data. Thinding was supported largely by the CURE plots developed for each collision
prediction modelThe good fitting performance of the fixed Gaussian bandwidth could be linked

to the use of consistent scale of analysis while examining the relationships across data aggregated
into irregularly shapedreal unitsThis study also applied the seven goodrudsfit (GOF) tests

most widely used in transportation engineering (i.e., Akaike information crite@iorrected

Akaike information criterion Bayesian information criteria, mean square error, mean square
prediction error, mean prediction bias and mean absolute deviation). The results of these GOF tests
were inconsistent in terms of selecting the best fitting model. This finding is in line with previous

studes(Lord and Park, 2008; Young and Park, 2013

This sty concluded that it is difficult to choose a particular bandwidth method as the best
bandwidth method for different study databases from different areas. The appropriate type of
bandwidth method could be different from one database to another. Thigfsutigests that
researchers need to apply both bandwidth methods before selecting the more appropriate method

suitable for their particular study database.

GWPR and GWNBR produced a wide range of parameter values across zones regardless

of the type of bandidth appliedIt appeared that this was dueutmobserved heterogeneity issues
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in each zoneAlthough, this research used the crgafidation technique to select the optimal
bandwidth, the variation in the parameters of these models could also bedaedsnthe method
used to determine the optimal bandwidth. Other methods for choosing optimal bandwidth include

the use of Akaike Information Criteria and Deviance Information Criteria.

The second component of this dissertation focused on crime pradichie same approach
discussed in the first component was used for modethegRegina crime dataset. The EB
technique was applied to mitigate the issue of RTM bias and seven GOF tests were applied. Like
the collision prediction model findings, the tessults were not consistent in terms of choosing
the best fitting crime prediction model. This result again suggested that there is no single GOF test
that will provide a concrete answer to the choice of the best fitting crime prediction model. The
GWNBRmalel was selected to model Reginads cri me
the EB technique to reduce RTM bias in crime data. As a result, the hot zones identified can be

viewed as areas with loftgrm security concerns where police enforcementishoe focused.

The last component in thiissertatiorused the concept of DDACTS to identify hot zones
where focused law enforcement can reduce the number of crimes and the number of collisions
simultaneously. This study identified four DDACTS zomeRegina.These four zones cover only
14% of the Cityds area, but account for 10. 9%
collisions. The approach offers an impartial scientific procedure that identifies areas for targeted
law enforcement andpportunities to increase the effectiveness and efficiency of limited law

enforcement resources.
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7.2 Contribution

The four DDACTS hotzones identified ky h i s  sralysdsgad $e regarded as

contributing to a strengthened rationale for the proactiveogiep@nt of law enforcement.

This dissertatiormakes amajor contributionto the advancement of existing DDACTS
techniques in identifying zones for focused police enforcement. The dissertation prapose
alternative approach that allows incorporation of predictors of crimes and collisions rather tha
relyinglargelyon kernel density estimation for hotzone determination. The proposed-leaelo
collision analysis has long been used by transportatmfiegsionals in longange safety planning

analysis.

As the concept of DDACTS relies on highly visible enforceméd results of this study
can possibly be used in the selection of appropriate locations for the installation of close circuit
television CCTV), with clearly visible signage stating that surveillance is being carried out, to
enhance security in an arddne use ofCCTV maybroaderthe value of DDACTS asot only an

operational level enforcement tactiwt also a planning level enforcemesnttic.

Over the years, advances in statistical modelling have led to the development of models
that could accommodate spati@pendencyfor example, the geographically weighted regression
model. However, understanding the limitations of geographicadiighted regression (and the
assumption of normality on the response) leads to various extensions. The initial extension of the
geographically weighted regression is known as the geographically weighted Poisson regression
(GWPR). However, a major limitatioof the GWPR is the assumption of equal dispersion, i.e.,
thatthe mean and variance are eqaspite this limitation, the GWPR has been used extensively

due to its ability to take care of the issue of spalggdendence
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Recently, the geographically wéted negative binomial regression (GWNBR), an
extension that allows for negative binomial distribution and relaxes the assumption of equal
dispersion, was proposed. There has not been adda&n comparison of the two types of
geographically weightedegression in the context of collision and crime prediction nhiodel
This is another research gap which this study has filled by rigorously testing the fitting
performance of GWPR and GWNBR. The advantage of GWNBR for addressing spatial

dependencynd ove-dispersion is emphasised in this study.

The study also evaluated the impact of different bandwidth choices on the predictive
performance of geographically weighted models. Comparisons of two bandwidth types (fixed
Gaussian andhdaptive bi-squarg provided adlitional insights into the need for testing the
appropriate type of bandwidth when researchers are developing geographically weighted

regression models.

This study also confirmed that there is potential danger in using a single geotHiess
(GOF)measure in assessing the performance of collision and crime prediction Mbdaigidy

shows that it may badvantageus to us€CURE plotsrather tharGOF tests in this regard.

7.3 Future Work

While this research offers an extension to the traditional DDACTS approach and facilitates
identification of hot zones dhe areal unit level, there are still large opportunities for a future

research.

Firstly, this research only considered fixed dispperparametersor the GWNBR model.
Comparing GWNBR with varying dispersion parameter to understand the impact on fitting

performance can be viewed as future research.
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Secondly, thisesearclobserved that some variables show coefficient reversal (ges s
change from plus to minus or vice versa) across different zones. Future research could investigate

in detailto understand the reason for coefficient reversal in GWPR and GWNBR.

Thirdly, this researchisedthe VKMT (the exposure variable) in the CURIbBts to assess
thefitting performance othe collision models developed. Future research could eaidRE
plots consideringother input variables used in the development of collision models. This will
provide insidt into how well the otheindependent variablggerformed in fitting thelependent

variable

Fourthly, transportation engineerestimate future events (crimes or collisiortsy
developingscenarios. In realitycity officials havegrowth targes that detemine changs and
development that influendeiture demograpit andland use variablesAssumptions regarding
anticipatedchangesould further contribut¢o the problem of RTM. While this research argued
for RTM to always be considered, future work cootthsiderthe pattern of RTM in historical
crime and collision data aggregated into area units. This could provide further justification for the

need for RTM to be considered in madtewel modelling

Lastly, the Modifiable Areal Unit Problem (MAUP) needslte evaluated possibly using
different types of zone (e.g., census aiieatead of thdraffic analysis zorgeused in this study)

to understand more clearly the stability of the hotzasédentified in this dissertation.
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Appendix A: Negative Binomial (NB) Model for Total, Fatal Injury and Property Damage Only Collisions

Table A-1: Functional Forms for Best Predicting Models for Total, Fatali Injury (FI) and Property Damage Only (PDO)

Collisions
Severity Functional Form
Total : Qon
FI CoQon
PDO o Qon

Table A-2: Model Parameters for Total, Fatal Injury and Property Damage Only Collisions

Total Fatal-injury Property Damage Only
Parameter Estimate Standard Pr > ChiSq Estimate Standard Pr > ChiSq Estimate Standard Pr > ChiSq
Error Error Error
Intercept -3.8105 0.4724 <.0001 -5.3251 0.5853 <.0001 -3.8295 0.4762 <.0001
LOG_TAZ VKMT 0.6379 0.0530 <.0001 0.5859 0.0629 <.0001 0.6156 0.0533 <.0001
INT_DEN 0.0102 0.0038 0.0068 - - - 0.0099 0.0038 0.0093
NO 3LEGS_INT -0.0181 0.0068 0.0078 - - - -0.0176 0.0067 0.0089
NO LU PER_TAZ 0.0537 0.0336 0.1099 0.1362 0.0397 0.0006 0.0537 0.0333 0.1070
AVE_SEGLEN 0.0449 0.0390 0.2494 - - - 0.0525 0.0387 0.1749
COMMERCIAL_AREA 0.9687 0.1820 <.0001 1.0866 0.1761 <.0001 0.9826 0.1825 <.0001
TOT_SEGLEN_DEN -0.0802 0.0208 0.0001 - - - -0.0837 0.0216 0.0001
LOCAL_ROAD _DEN 0.0997 0.0196 <.0001 - - - 0.1036 0.0199 <.0001
ARTERIAL LEN - - - 0.1249 0.1028 0.2244 - - -
RESIDENTIAL_MD_AREA - - - 1.0810 0.3926 0.0059 - - -
INDUSTRIAL_AREA - - - 0.4139 0.1947 0.0335 - - -
Dispersion 0.3545 0.4294 0.3446
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Appendix B: CURE Plots for Negative Binomial (NB) Models
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Figure B-1: Cumulative Residual Plot for Collisions Severity Types using Negative Binomidodel
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Figure C-1: CURE Plots for GWPR (a and b) and GWNBR (c and d) Showing Fixed and Adaptive Bandwidth Results

Appendix C: CURE Plots for GWPR and GWNBR Models for Total Collisions
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Appendix D: Thematic Representation of the Coefficients of GWPR and GWNBR
Models for Total Collisions

A. INTERCEPT

Coefficients
——— [1-8.9862 - -6.6715
k X [1-6.6714--5.0572
N 1 -5.0571 - -3.5030
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4

A :
1 i ometers

a) Fixed Gaussian Bandwidth GWPR

Coefficients

———— [1-6.3314--51772
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1-4.1939 - -3.3670
[ -3.3669 - -2.8290
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/\

Y

A :
I i ometers

b) Fixed Gaussian Bandwidth GWNBR
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Coefficients
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B. LOG OF TAZ VKMT

i
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Coefficients
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C. INTERSECTION DENSITY
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Coefficients
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D. NO OF 3 LEG INTERSECTIONS

Coefficients
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E. NUMBER OF LAND USES

Coefficients
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Coefficients
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F. WEIGHTED AVERAGE SEGMENT LENGTH

Coefficients
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G. COMMERCIAL AREA
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H. TOTAL SEGMENT LENGTH DENSITY
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LOCAL ROAD DENSITY
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Appendix E: Thematic Representation of the Coefficients of GWPR and GWNBR

Models for Fatal-Injury Collisions
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B -4.7271--2.9392

B -2.9391--0.9719
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d) Adaptive Bi-square Bandwidth GWNBR
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B. LOG TAZ VKMT
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Coefficients

[J0.2704 - 0.4008
3 0.4009 - 0.5387
[ 0.5388 - 0.7766
B 0.7767 - 1.1270
Bl 1.1271 - 1.6366

CIna

a) Fixed Gaussian Bandwidth GWPR
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Coefficients

[J0.2628 - 0.4124
Jo0.4125-0.6272
[ 0.6273 - 0.8529
[ 0.8530 - 1.1381
I 1.1382 - 1.5297
CInNa

b) Fixed Gaussian Bandwidth GWNBR
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Coefficients

[J0.2433-0.3813
[J0.3814 - 0.5358
[ 0.5359 - 0.7272
B 0.7273 - 0.9771
Il 0.9772 - 1.2936
N

c) Adaptive Bi-square Bandwidth GWPR
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Coefficients

[J0.1970 - 0.3604
1 0.3605 - 0.5711
= 0.5712 - 0.7904
[ 0.7905 - 1.0441
B 1.0442 - 1.3393
CdNa

d) Adaptive Bi-square Bandwidth GWNBR
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C. ARTERIAL LENGTH

Coefficients
[1-0.4120 - -0.1450

\( :\l [ -0.1449 - 0.0403

L 1 0.0404-0.1788

[ 0.1789 - 0.3778

Bl 0.3779 - 0.8488
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a) Fixed Gaussian Bandwidth GWPR

Coefficients
[1-0.4291 - -0.1940

\( :\. [ -0.1939 - 0.0223

L 3 0.0224 - 0.1966

[ 0.1967 - 0.3745

El 0.3746 - 0.7151
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b) Fixed Gaussian Bandwidth GWNBR
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Coefficients
[1-0.3236 - -0.0694

\( :‘. [ -0.0693 - 0.1142

. 1 0.1143-0.2618

B 0.2619 - 0.4514

Bl 0.4515-0.6612
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c) Adaptive Bi-square Bandwidth GWPR

Coefficients
[1-0.5026 - -0.2089

\( :\I [ -0.2088 - 0.0365

L 1 0.0366 - 0.2403

B 0.2404 - 0.4592

El 0.4593 - 0.6391
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d) Adaptive Bi-square Bandwidth GWNBR
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D. NUMBER OF LAND USES

— Coefficients
[1-0.0660 - 0.0056
\ 1 0.0057 - 0.0683
' 1 0.0684 - 0.1118
| = 0.1119 - 0.1698
o - [ 0.1699 - 0.2681
]
")v( C~a
LY
N
A :
1 il omi et er s
a) Fixed Gaussian Bandwidth GWPR
— Coefficients
[1-0.0785 - 0.0016
1 0.0017 - 0.0632
r— 3 0.0633 - 0.1123
[ ] = 0.1124 - 0.1520
[ = [ 0.1521 - 0.3080
“) C~A
N | L
A :
1 il o1 et r s

b) Fixed Gaussian Bandwidth GWNBR
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Coefficients

[1-0.0020 - 0.0336
[ 0.0337 - 0.0668

= 1 0.0669 - 0.1036

| [ 0.1037 - 0.1448

= [ 0.1449 - 0.2232

v"):( CInNa
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1 il o1 et er's

c) Adaptive Bi-square Bandwidth GWPR

Coefficients

[1-0.0235- 0.0434
[ 0.0435- 0.0834

1 0.0835 - 0.1277

pu
| = 0.1278 - 0.1706

[ 0.1707 - 0.2524

]
""") CdNa
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d) Adaptive Bi-square Bandwidth GWNBR

274




E. COMMERCIAL AREA

[\
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Coefficients

[J0.1801 - 0.4125
[ 0.4126 - 0.7006
=10.7007 - 1.0366
[ 1.0367 - 1.6286
[ 1.6287 - 3.0045
CINa

a) Fixed Gaussian Bandwidth GWPR
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Coefficients

[10.2491 - 0.4837
[J0.4838 - 0.8188
3 0.8189 - 1.2930
[ 1.2931 - 2.1064
[ 2.1065 - 4.7046
CInNa

b) Fixed Gaussian Bandwidth GWNBR
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Coefficients

[10.1359 - 0.4287
[ 0.4288 - 0.6694
1 0.6695 - 0.9382
[ 0.9383 - 1.3641
I 1.3642 - 2.3024
N
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c) Adaptive Bi-square Bandwidth GWPR

Coefficients

[J0.1566 - 0.4315
[C0.4316 - 0.7144
[0.7145-1.0943
[ 1.0944 - 1.7081
[ 1.7082 - 2.9724
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d) Adaptive Bi-square Bandwidth GWNBR
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F.

INDUSTRIAL AREA

Coefficients
[1-13.5151 - -7.9534
[ -7.9533--3.1748
= -3.1747 - -0.7657
B -0.7656 - 0.3878
Il 0.3879 - 1.1605
CIna
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a) Fixed Gaussian Bandwidth GWPR

Coefficients

[1-8.3916 - -6.4530
[1-6.4529 - -2.1404
1 -2.1403 - -0.4145
[ -0.4144 - 0.6294
B 0.6295 - 1.4987
CInNa
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b) Fixed Gaussian Bandwidth GWNBR
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Coefficients

[1-15.5083 - -12.1726
[ -12.1725- -5.9350
[ -5.9349--1.0141
I -1.0140-1.0887
B 1.0888-5.0149

N
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c) Adaptive Bi-square Bandwidth GWPR

Coefficients

[1-15.9431 - -8.2116
[ -8.2115--1.9365
= -1.9364 - 0.3959
I 0.3960 - 1.1391

Bl 1.1392-2.9117
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d) Adaptive Bi-square Bandwidth GWNBR
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G. RESIDENTIAL MD AREA

a) Fixed GaussianBandwidth GWPR

b) Fixed Gaussian Bandwidth GWNBR
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