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ABSTRACT

A MACROLEVEL TABU -SEARCH BASED APPROACH TO DETERMINE
THE MAJOR FACTORS IN BUILT ENVIRONMENT -TRAFFIC SAFETY
RELATIONSHIP

Al i ,©0Bun
Doctor of PhilosophyCity and Regional Planning
Supervisor: Prof. DIEl a Babal ék

March 2021318 pages

Traffic crashes ara significantcontributingfactor to fatalities globally, with an
increasingrace ofcrashes occurring in urban areas. Thhis, $tudy aimso analyze

the relationship between urban built environment and traffic safetf @ko reveal

the factors that threaten TS so that they could be avoided in early planning phases.
BE was operationaed through theD-classification (e.g., densitgnd diversity
whereas, TS was operationalized through varying crash categories (e.g., severity)
and representation (i.e., frequency and density). Al§ak&d process was applied to
assign crashes and BE iadnles at the census block group level, followed by a
dimension reduction process to eliminate correlated variables in an extensive set.
Then the relationship between BE and TS was examined through a series of
generalized linear regression models with salvstatistical distributions. A tabu
searchbased model generation was applied to eaciTBEnodel to identify the set

of BE variables that minimizes the modeling error. Moreover, variables were traced
during the algorithm to identify consistent and tleetical variables. Those models
were analyzed for varying case studies, two cagdsn the developed country
context,from the US, singleounty(Leon), and trdcounty(Broward, MiamiDade,



and PalmBeach) casg and a caswithin developing country contexXtom Turkey
(Konya). Accordingto the resultsexposure variableg.g., bus stops and traffic
volume)have positiveassociationsvith all crash typedHowever, there areariables

with mixed relationge.g.,primary roadoercentage has positive relations with crash
types except for vulnerable road user involved crashes, and employment density has
positive or negative impacts according to the local economic structure). FinaHy, non
motorized modes are found to have positand motorized modes are found to have
negative associations with all crash types within the developed country context,

which are not common in safety research.

Keywords:Built Environment, Traffic Safety, Crash Frequency, Subset Selection,

TabuSearch
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YAPILICEVRE -TRAFKK G! VENLKJK KLKKKKSKNDE B.
FAKTY¥RLERKN BELKRLENMBRRRMAC KMBRAARU BKR
YAKLAKI M

Al i ,0@un
Doktorak ehir ve B°l ge Pl anl ama
Tez Yoneticisi: Prof. DrEl a Babal ek
Mart 2021 318 sayfa
Trafi k kazal ar é&, k¢resel ol arak °1l ¢m seb
Bununla birlikte kentsel alanl arda meyda

yakanmaButraaddearn. hareketl et bafi-kal gkwmamléin] iar
eden yapéleée -evraéeamksan |l aka@mal ol &amd a man | ¢
kentsel yapéleé -evi@G)iaeceasemdalki gighviexnki yi
Y¢COnomer asyonelD-s é&menfélnmd nadr & jnuansléu k { ° rar ac é |
yapélTeGtkmeimper asyonel t anéml aorek,a zfaa rkkil ded ekt ai .
ve kazd a temgsili @orilmes é k|l €éjJ &€ ve yojunléeujfluafik ar ac é |
kazd ar ené ve Y &ifud klgk grubk dlmelyirdeayabiimekcin CBS

tabanl e bir s Brue -s suyecul anome k sayeda el em

k¢mesinde birbiriyle i likkild@ deji kkenl e
i K1 emi talBiopr @4 &M@ a & n'ya&s € n dia & iktdtigiksek ki | er
dajmd |dallgnanbi r di zi genellextirilmik dojrus
i ncel eHmYET G rmodel i nde, model |l eme hataseé
deji kkenl er i al t k ¢ reaeamat mib ah e EBi rbli @ merko die-l
yontemi uygul anMmgxké ea ., tutarl é vV e sonraseéen
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belirleyebil mek i -1in al goritma $8Barasénda Y
modeller, ikisige |l i kmi K ¢ | KBDbhgrn gwé ntkmeikt e ol an ¢ |
bajl amgnkkayedden ol makf agrzkre vadknak- glzexk ma ¢a
- 9z ¢ ml e ABDi Orekierr tekil (Leon) ve Ucli (Broward, Miarlade ve

PamBe ac h) b°l gesel birimlerden ol ukur ken,
ol uUKmuktur. Sonu-1|lara g°r e, mar uae kal ma dej
trafik hacmi)t ¢ m kaza t¢r |l erivyared épaoziBuinfulbai rbiirllii ki

i |1 ka@anldejii kkenl er vardér o(am&ombdmumiaséiz kade

kull anéceéelarén dahil ol dukl are dékéndaki K ¢
istthdam yojunlujunun vyerel ekonomi k yapéya g
ol masée). Son ol arak, gelikmik ¢l ke bajl amén

t¢rleriyle pozitif ve motorlu ulakem teérler

bubulguar g¢venli k araktérmal aré a-éeéséndan yay(
Anahtar KelimelerrAnaht ar Kel i mel er : Yapéele ¢evr e,
Sékl eje, Alt -RKrgmae Se-imi, Tabu
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CHAPTER 1

INTRODUCTION

One of the main requirements of human
Hierarchy of Needs, sheltering is one of the five main physiological needs that have
to be satisfied to pursue higherder needgMaslow, 1943) The spaces where
people live have utmost importance besides production or planningoefsswaere

people live is under the profession of urban planning, which is an ongoing process.

There are significant parts of this planning process, such as determining land uses,
determining the growth direction, or transportation planning. Those paitts roau

be isolated according to the nature of the urban planning profession. Thus, they are
performed in an intertwined fashion. Therefore, when the tebanization is used,

it refers to the structures and spaces and the links and relations connecting or
disconnecting those structures and spaces, so a network of parts working together
ideally. Moreover, the policies and the planning principles that produce this network
should also be considered under urbanization and the urban planning discipline that
hasto organize them all. This organization was mostly under control till the boom

period at the end of the massive population losses in world wars.

The process of urbanization has increased after the Second World War. By the
triggering effect of the increase private car ownership, this increase extended the
cities towards their fringes where cheaper land parcels were available. After that, the
urban form (land uses and the built environment) had significantly altered by the
impacts that emerged from the actyes in transportation. Those impacts are
embedded in the change of urban built environment not only as being triggers but
also as being triggered by the changes in the built environment itself. As in the case
of private car usage, urban areas are seattaround as lowlensity suburbs since

they are accessible (at least reachable) by cars; this also increased car ownership as

bei



being the only alternative in transportation since public transit is not feasible to serve
those lowdensity areas. This excessiie terms of urban buHup area), scattered
(dispersed), homogenous and {density residential development type is specified

as urban sprawl. The increase in car ownership that was the primary driver led to
further scattering and increased negativeredléies such as increased vehicle miles
traveled, traffic accidents, and traffic congestion, as hypothesized by transport

scholars.

Among those externalities, special attention should be given to traffic accidents since
they are directly related to humbfe. Every year, 1.35 million people are killed in

road traffic crashes worldwide, which corresponds to an average rate of 3,700 people
daily. Roadway traffic injuries were estimated to be the eighth leading cause of death
for all age segments and thenmoer one for the younger population between the ages

5 and 29 in 201§WHO, 2018) Moreover, trific crashes and fatalities also have
substantial economic costs. For example, with 32,999 fatalities in 2010, the total
economic cost of roadway crashes in the US was about $242 billion (about 1.6% of
GDP), andfatalities reached up to the level of 34,48bple in 201§Blincoe et al.,

2015; ITF, 2018)

An increasing rate of roadway crashes happens in urban areas g(bka|ll2018;

WHO, 2018) In 2017 only, 44% of deaths occurred on urban roadways, 40% on
rural roads, and 15% on highways/motorways in the US. According to the
International Transport Foru(iTF, 2018) rural roadways were the deadliest in the

US two decades ago; however, this pattern hasgdthas urban vehicle miles
traveled increased 13%, whereas rural vehicle miles traveled decreased by 3% since
2008(Highway Trafic Safety Administration, 2019; ITF, 2018)herefore, further
evaluations of the factors and causes of road crashes are needed; thus, many studies

have recently focused on these aspects.

As urban crashes take the lead in causing fatalities and s)jurdan built
environments require special attention. A critical question that remains to be

addressed is whether the urban built environment is a significant contributor to the



traffic safety problem, if so, from what perspectives. The situation is exga
critical for developing countries, where both motorization and urban development
are happening simultaneously, making it harder to control roadway safety. This
requires an examination of the relatibatweenthe built environment (BE) and
traffic safey (TS). Although this relationship was the focus in different studies, the
relationship between the BE and TS has not been conclusif{Mesin et al., 2020)
Moreover, very few of these studies focused on developing country cases, where
dataquality and availability are the prime concerns.

Depending on this context, this studyos
between the built environment and traffic safety. This aim is organized by the
following objectives $econdaryaims):

1 Determining the built environment factoteat havesignificant associations
with traffic crashes

1 Comparing the BE'S relationship findings within different case studies and
contexts

1 Developing a generalizable methodology to evaluate those different cases in

various contexts

1 Providing an evaluation scheme for the value of data availability, which is a

critical issue in developing countries

Moreover, the aim and the related objectives are formulated by the following

research questions:
RQ1) Which built environment factorsre related to traffic crashes?

RQ2) Are the relationships between the built environment factors and
varying types of crashes consistent (e.g., are the factors associated
with fatal crashes similar to the aspects related to property damage
only [PDO] crashes)?



RQ3) Do the built environment factors affect varying types of crashes in the
same way (e.g., whether the associations are consistently positive or

negative)?
RQ4) Are there any similarities or differences among varying study areas?

RQ5) Are there any similarities atifferences between the findings of this

study and the findings in the literature?

RQ6) Could there be a generalizable relationship pattern among the built

environment factors and traffic safety?
Accordingly, the study is organized into chapters as follows:

Chapter 2 provides the background of the study. The conceptualization of the built
environment and transportation within the sustainability frame is introduced. Then
the associations of the built environment with travel demand and traffic safety are
discussedMoreover, a thorough review of the relevant literature on the relationships
between the built environment, travel demand, and travel safety is provided with a

focus on the relationship between the built environment and traffic safety.

Chapter 3 presenthe methodological framework, including the aims and related
research questions. In this framework, dataset preparation is followed by selecting
the key built environment variables associated with traffic safety. Different data
extraction methods and sttcal distributions are introduced for the data
preparation stage. Moreover, a tedgarchbased algorithm that consists of iterative
solutions of multiple regression models is presented at the subset selection stage. The
best sets of built environmentniables are used to identify critical factors for the
aforementioned relationship. The overall methodology is flexible so that it could be
employed for various emphasizes with minor changes. For example, this study
focuses on the critical variables thag aalid for most of the crashes; but the focus

could easily be shifted towards fatal crashes.

Chapter 4 introduces the developed country context. There are two different cases: a

smallsized single county case and acounty urban agglomeration case,lbfstbom



the State of Florida, the US. Other than this spatial variation, there are two crash
typologies used; one is based on crash severity (e.g., property damage only crashes).
The other is based on involvement (e.g., vulnerable road user involved krashes
Also, the crash representation is alternated for accuracy purposes (i.e., crash count
and densitybased representation). The results of these two particular cases are
discussed, and withinfaariable significancerariable consistencframe, the key

built environment factors are determined.

Chapter 5 introduces the developing country context. The case study from this
context is selected as Konya, Turkey. The methodology introduced in Chapter 3 (data
preparation, subset selectj@md evaluation) is alsapplied to the Konya case. The

key built environment factors are identified usthgfivariable significancevariable
consistency frame. Moreoverthe results of the developed and developing country
contexts are compared. Finally, a straightforward exteln scheme is presented for

the value of built environment data while structuring the relahignbetween the

built environment and traffic safety.

Chapter 6 concludes the study with a summary of the research. This is followed by
a section dedicated xemplifying how the generalizable frame proposed in this
study could be adapted with a different focus. Then, a discussion on the findings
within the planning perspective is presented. At last, the limitations of the study and
future research possibiliseare discussed. The research map is presented in Figure
1.1.
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CHAPTER 2

BACKGROUND: UNDERSTANDING THE RELATIONSHIPS BETWEEN THE
BUILT ENVIRONMENT, TRAVEL , AND TRAFFIC SAFETY FROM
SUSTAINABLE DEVELOPMENT AND URBAN GROWTH PARADIGMS

This chapter presents a backgroumdiew regarding sustainability, sustainable
development, and particularly the urban development prodéss.focus on the
concept of sustainability is because of the significant emphasis that the sustainable
developmentparadigm places othe built environment and its effects on urban
transporation Consequently, while presenting debates of sustainableopevent,

in orderto elaborate on the hypothesized relationship betwesvuilt environment

and traffic safetyan extended review considering the built environmeswel, and

traffic safetyis presented, whil¢he literature review's primary attention is paid to

the association between the built environment and traffic safety

2.1  Sustainable Development

The present sustainable development utilization began after the Second World War
when developed nations becameraasingly aware of the rapid industrialization
combined with population growth, leading to substantial negative effects on the
environment. These adverse impacts cannot be solved within the developed nations'
area of responsibilityiSilent Spring by Raclel Carson (1962), th&Tragedy of the
Commons by Garrett Hardin (1968), andlLimits to Growttd by Meadows et al.
(1972) are prominent examples of publications that took attention and raised
concerns about environmental problems and raised consciousegseablogy
(Gerike & Koszowski, 2017)Besides, the understanding of development has
changed drastically from the 1970s onwards due to the realizatmindefpendence
(while fossil fuels are limited) and the harm given to the natural environment through

greenhouse gas emissions (causing global warming and even changes in climates).



In the first half of the 1970s, the United States supported Israel dinengrab

Israeli War. Thus, during 19784 an oil embargo against the United States was
imposed by the Arabic states of the Organization of Petroleum Exporting Countries
(OPEC)(Milestones: 19601976- Office of the Historiann.d.) This embargo shed

light on the world's oil dependence and resulted in a paradigm shift concerning
systemic thinking. The world realized that the development and growth motives were
unsustainable. However, the foundations of the new paradigm were patrdoaw

decade later.

Sustainabilityandsustainable developmet@rms have been framingat least
conceptually most of the future considerations after the World Commission on
Environment and Development's (known as Brundtland Commission) report in 1987
(WCED, 1987) Sustainable development was definedisvelopment that meets
current generations' needs without compromising fujeresrations' ability to meet

their own needs.In 1993, the Rio Declaration was signed by 150 countries. After
that, sustainability became one of the policy makers' main concerns since it was seen
that the world is not limitless, and the resources arecec#éinan estimated. This
debate included an uncontrolled increase in population, depletion of agricultural

lands, energy consumption, and global warnfirenks et al., 2005)

Albeit the arguments and concerns seemed to be limited by an environmentalist
frame when sustainability became popular, there were other salient dimensi
(economic and social dimensions) to be discussed. In Figure 2.1, the three major

dimensions and their stdoncepts are depictélhan, 1995)

Environmental sustainability concerns the earth's natural resources in every aspect.
While using natural resources and disposifighe wastes, the earth's carrying
capacity should be comigred. Carrying capacity is related to human life directly and

to other living beingsthus protecting biediversity is an essential consideration of
environmental sustainability. Reduced greenhouse gas emissions, reduced share of
nonrenewable fuels, andeduced urban sprawl are some specific goals under

environmental sustainability.



Traditional economic sustainability concerns the market's capacity to develop more
efficient resource allocation depending on unlimited resources. The growth will, in
turn, aeate technologies that would be capable of renewing the used resources
(Khan, 19%). However, it was understood that natural resources are not limitless.
The new paradigm's economic sustainability implies a balanced growth and
production system that satisfies today's consumption levels without hampering future
needs.An increase inproductivity and diffusing the growth, production, and
productivity to underdeveloped countries while considering natural constraints are
essential elements of economic sustainability. Moreover, along with the production
side changes, changes in the constion habits are required on the demand side.

Social sustainability is mainly about equity, so the distribution of wealth and
reducing poverty. Social services such as education and health should be available
for everyone. Gender equality, political acctamility, and participation are some
other critical elements of social sustainability. However, from the welfare economics
perspective, these elements cannot be achieved without sustained economic growth
and development. Moreover, economic growth alones do® guarantee social
sustainability since it would result in more profound disparities. Economic growth
without equity regulations often causes social inequality and limits the availability
of benefits; besides, prolonged inequality would hinder econgroigth in the long

term. Therefore, economic and social sustainability must support each other.
Likewise, environmental sustainability could not be realized without social and
economic sustainability. Poverty reduction and sustainable economic growth are
important elements of environmental sustainability. Therefore, being sustainable
requires harmonious integration of these three dimenssmwal sustainability
environmental sustainability, and economic sustainab#sygepicted in Figure 2.1
(Basiago, 1998; Khan, 1995)
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Figure2.1. Components of Sustainabylit

2.2  Sustainable Development for Urban Growth: Compactness vs. Sprawl
Debate

The alerting situation led to many concerns about mother nature in terms of its
carrying capacity. Asthe longterm impact of industrializatignemployment
opportunities in urban areas far surpassed rural employment opportunities. This
change resulted in mass migrations to the urban areas. Additionally, the
advancements in medicine which were mostly awdd through urban healthcare
systems and the end of wosldde warsresulted in increased life expectancy, so the
world population increased drastically from the 1950s onward. As depicted in Figure
2.2 (United NationsPopulation Division, 2019Yhe world population has increased
from 2.5 billion in 1950 to 7.8 billion in 2020, and as UN Population Division
predicts, it will be 9.8 billion in 2050. Thus, the naturaloerces will have to satisfy

10



an additional 2 billion people while the situation is now emerging, considering global
warming, climate change, and poverty levels. Currently, most people live in less
developed countries, and this domination will be expecteditinue. However, the
number of people living in the least developed countries will surpass the number of
people living in more developed countri@dnited NationsPopudation Division,
2019)
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Figure2.2. Annual Total Population at Mitdfear, 19562050 (billion)

l—More developed regions comprise Europe, Northern America, Australia/New Zealand and Japan.

- Less developed regions comprise all regions of Africa, Asia (except Japan), Latin America and the Caribbean plus Melanesia,
Micronesia and Polynesia.

- The group of least developed countries, as defined by the United Nations General Assembly dtuiisng$59/209,
59/210, 60/33, 62/97, 64/L.55, 67/L.43, 64/295 and 68/18) included 47 countries in Jun@RbilAfrica, 9 in Asia, 4 in
Oceania and one in Latin America and the Caribbean.

- Other less developed countries comprise the less devalegieds excluding the least developed countries.
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Moreover, there is another drastic trend depicted in Figur€Uh8ed Nations
Population Division, 2019)The rate of urbanization has an irreversible increasing
trend. In 1950, the percentage of the urban population was around 29.6 % in the
world. While more developed regions had 54.8 % urban population, the least
developed regions had just 7.5 % urban population. In 2020, the overalbssié.2

%,; developed regions with 79.1 % and least developed regions with 34.6 %. The
estimated rates are 68.4%, 86.6%, 52.5% for the world, more developed regions, and
the least developed regions. The rate of urbanization is increasing in addition to the
increasing population, meaning that the world will accommodate most of its
population in citiegUnited NationsPopulation Division, 2019)
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Figure2.3. % of Population at MieYear Residing in Urban Areas, 192050
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Therefore, the role of cities the sustainability realm is salient. According to White
(1994, as cited in Jenks, Burton, & Williams, 2005):

f...although the problems are generally known, the
complexity of cities, and differences in the urban experience
of their inhabitants, lead to a variety of issues that make the
search for effective solutions a daunting task. Nevertheless, it
Is a task that needs to lhmdertaken; a large part of the
response to unsustainable development should come from the
cities because that is where the most intense environmental
damage is taking place, and it is there that many

improvements can effectively be made

Particular attetion should be paid to the growth patterns of those complex structures
since they are and will be the places to accommodate most of the world's population.
There is a vast literature condensed on analyzing urban growtlicdimpactness
characterizing trditional cities was the concretization of ambiguous and abstract
terms of sustainability. The new concerns could be reflected in the urban space
through this terminology ¢ a | & k k.d&me,mai2 defhdn)s of compact cities are
defined in ¢al ek k eontiguity?delsdy) diversity, iotensity; r a |
compact cities are characterized as having high density, having mixeddesd
having relational factors close to each other (to be within walking distance), and
elements to be nested.

However, in the current tsiation, the cities are far from being compact. For this
stance, it is essential to discuss the main direction of urban growth and the resulting
urban form. As private cars became affordable, the number of people who own and
use automobiles in commutingcieased, which led to fundamental changes in the
urban development process. Lal&nsity suburbs emerged at the fringes of the
densely populated urbanized areas. These-demsity extensions had their
characteristic, which is total dependence on private. ddris total dependence on

13



private cars was again reflected in space as the further scattering-déhsity
residential areas. Like a vicious circle, this process resulted in the production of

unsustainable environments named urban sprawl in the literat

The term urban sprawl is ambiguous and hard to define uniquely. There are varying
definitions used in the literature, mostly due to the characteristics of the studied urban

structure. Some definitions could be listed as follows:

1 fAThe lowdensity, reddent i al devel opment beyond a

Heritage Foundation as cited@illham and MacLea2002)

1 ATransitional period between rural and urban land use (Reason Public Policy
Institution as cited ilGillham and MacLeani2002p

1 AA pattern of growththat has largely occurred in an unplanned, ad hoc
fashion (U.S. Environmental Protection Agency as citediltham and
MacLean 2002p

1 ASprawl is a form of urbanization distinguished by leapfrog patterns of
development, commercial strips, low density,paated land uses,

automobile dominance, and a minimum of public open space (Ewing, @008).

In Table 2.1, characteristics of urban sprawl defined in the literature are listed by

revising the classification in Habiand Asadi (2011)
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Table2.1 Characteristics of Urban Sprawl

Study

Characteristics

(Ewing, 1997)

Low residential density, lack

functional open spaces

poor residential accessibility,

(Downs, 1999)

Unlimited outward extension of develognt, lowdensity residentia
and commercial settlements, leapfrog development, dominan
private automobiles, lack of centralized planning or control of
uses, widespread strip commercial development

(Pendall, 1999)

Low density; ribbon on tep, scattered, leapfrog or isolats
development

(USHUD, Both residential and meresidential low density, dominance
1999) automobiles, unlimited outward expansion

(Brueckner, Excessive spatial growth

2000)

(Galster et al.,
2001)

A combination of low levels of density, continuity, concentrati
clustering, centrality, nuclearity, mixed uses, proximity

(Kahn, 2001)

Employment decentralization

(Ludlow, 2006)

Physical pattern of lowdensity expansion of large urban areas into
surrounding agricultural areas

(Song & Scattered, and poorly planned lalensity development beyond t
Zenou, 2006) | edge of urbanized areas

(Angel et al., | Longer distancegxcessive using of lands, low density, fragmenta
2007) and fingerlike extensions

(Frenkel & Higher growth rates in the suburbs than in the center, low de
Ashkenazi, homogenous and scattered development, poor accessibility
2008)

(Habibi & More growth than usual, excessive nature

Asadi, 2011)

(Sohn et al., Poor accessibility to urban functions

2012)
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Definitions of urban sprawl could be summarized as excessive (considering the
required growth of the urban builp area with respect to the populatigrowth),
scattered (dispersed), homogenous (not having a diversity of land arsg3pw
density residential development with the paucity of public open spaces and good
accessibility. Alternatively, from the transportation perspective, the sprawliag are
could be identified as places where public transportation is not feasible. However,

there are viewpoints that favor urban sprawl.

According toGordon and Richardson (1998&prawlis an outcome of fremarket
decisions made by households and firms; thus, it maximizes the overall welfare of
society. Downs (1999) argues that sprawling character provides easy access to open
spaces, both in oneds -sdgnandrelatively sromd i n t he
commuting times for most of those who both live and work in the sulBubshell,

Shad, Listokin, and Phillipg1998) state that sprawling patterns are usually
associated with higlncome rates; hence, they have lower crime rates than do large
cities. Residents in sprawling small communities have a greater influence on
government decisions than do residentsangér cities, being able to pass zoning
regulations and other regulations than exclude undesirable development in their
neighborhoods. According t§éahn (2008) spravl provides affordable housing, so

it creates an equal opportunity for housing across racial lines. In Tal{lgihzam

& MacLean, 2002)the major controversial issues are listed.
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Table2.2 Viewpoints in SprawDebate

Issues Anti -sprawl Pro-development

Land and Sprawl consumes valuable, There is more than enough land

open use limited land resources, including and farmland left to develop.

farmland.

Endangered| Sprawl fragments habitats, Wildlife is increasing, not

habitat threateningendangered species.| decreasing, in suburban areas.

Traffic Auto dependent sprawl causes | Dispersal of landuises may also

congestion | traffic congestion. result in dispersal of traffic and
hence less concentration
(congestion) ofraffic

Energy Auto dependent sprawl consum| Auto technology is changing, and

consumption

unsustainable amounts of energ

oil reserves remain adequate.

Air

Increased auto travel caused by

Global warming is still basically

pollution sprawl is contributing to global | unproven. Air pollution is an urbar
warming and air pollion. not a suburban problem.

Water Sprawl destroys wetlands and | Environmental restrictions increas

pollution contributes to water pollution housing costs anare unfair to
from increased runoff. landowners.

Public In addition to polluting air and | Risks to public health are

health water, sprawl contributes to considered unproven.
obesity and increased stress
levels.

Community | Suburbia is destroying Suburbs allow plenty of
community life and character (in opportunities for community
the case of United States). involvement.

Aesthetics | Sprawl is devastating More people want to live in
(Amer i cabs) t r |suburbiathan wantto live in cities

Economic | Sprawl costs more #m compact | Cities are more expensive than
development. suburbs.

Social Sprawl geographically divides | Suburbs are becoming more

divides races and classes. diverse. Opportunities are now

equal.
Cities Sprawl has drained the cities, | Cities are responsible for their ow

leaving them problemidden.

problems.
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The authors favoring urban sprawl mainly assert that the amount of agricultural land
that is lost due to sprawl is relatively small compared to the full terrain. National
Association of Home Builds (as cited ifillham and MacLear2002) says that the
cropland in the United States in 1992 is nearly the same as in 1945; 451 million acres
and 461 million acres. Additionally, traffic and energjated negativities linked

with sprawl are seen as the problems of densely settled uds According to the
statistics of the Heritage Foundation (as citedGitham and MaclLean2002),
vehicle miles traveled (VMT), fuel waste, and travel time are higher in dense urban
areas and decline in less dense, more suburban environments. lsogited that

air quality and traffic congestion are generally worse in dense, urban areas.
Moreover, increasing density could increase infrastructure costs after a certain point
(Staley, 1999, as cited faillham and MacLear2002).

There are also manyuslies done to analyze the impacts of urban sprawing,
Schieber and Zegeer (2008pught the relationship between urban sprawl and traffic
fatalities. In the study, a sprawl indexcieated, and regression analysis is applied
for 448 US counties in order to derive the association between urban sprawl and
traffic fatalities. According to the study, urban sprawl is directly related to traffic
fatalities; counties that are more compaavé lower fatality rates, especially for
pedestriansEwing, Hamidi and Grace (2016)vestigated the association between
urban sprawl and traffic crash rates. A sprawl index for 994 US counties is
constructed. By structural equation modeling, it is found out that highers| of
vehicle crashes are observed in sprawling counties compared to compact counties.
Berrigan, Tatalovich, Pickle, Ewing and BalleBdrbash (2014kxamined the
possible asociation between urban sprawl and tothd obesityrelated cancer
mortality. A significant association is determined in such a way that the cancer
mortality rates are higher in less sprawling ar&agng, Hamidi, Grace and Dennis
(2016)investigated the impact of urban sprawl and compactness on social mobility
for commuting zones in the US. It is found out that upward social mobility in

compact areas is significantly higher tharsprawling areas.
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Ot her than the health and demographic
impacts are widely analyze&wing, Pendall and Chen (2008xamined urban
sprawl és transportation impacts for the
operationalization of sprawl bgctor analysis, those factors are tried to be related to
transportation outcomes such as vehicle ownership, mode choice, traffic delay per
capita, and traffic fatalities per capita. According to the results, compact areas
perform better than the sprawlingnes for most transportation outcomes.
Trowbridge and McDonald (200&xamined the relationship between urban sprawl
and teenage driving. According to the results, in sprawling counties (depending on
the sprawl index generated IBwing, Pendall, et al., (2003)eenage driving is
significantly higher than in compact cowgiZhao (2010analyzed the impacts of
urban expansion on transportation in Beijing. According to the findings, trip distance
and car gage are increased by urban expansion on the fringe, which increases carbon
emissions.GarciaPalomares (2010nvestigated the relationship between urban
sprawl and the journey to work in the metrofaii area of Madrid. By the low
density metropolitan expansion in a sprawling fashion, travel distances increase, and
the mode choice changes in favor of automobledcombe and Williams (2010)
examined transportation externalities that are alleged results of urban sprawl. As
opposed to the findings diwing, Pendall, et al. (2003Ewing, Schieber, et al.
(2003)andHamidi, Ewing, Preuss and Dodds (201%) significant relationship is
found between urban sprawl and transportation ealiées: commute times,
automobile ownership, fatal auto accidents, air pollution, and highway expenditures.
Zolnik (2011) examinel the impacts of sprawl on privatehicle commuting
outcomes (duration and length of commutes). According to the findings, sprawl is
associated with shorter commuting timi€sn and Brownstone (201&xamined the
relationship between residential density and vehicle usage and fuel consumption in
the US.

According to the results, the relationship between residential density and vehicle
usage and fuel consumption is significaas density increases, mileage and fuel

consumption decrease, but the economic value is not as significant as the relation is.
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Hamidi and Ewing (2014tonducted dongitudinal analysis to validate former
sprawl measures by comparing 2000 and 2010 compactness scores of the largest
urbanized areas in the US. Moreover, compactness scores are associated with
transportation outcomes. Compactness is found to be pogitalated to walking

and transit mode choice and negatively related to average driveHanedi and

Ewing (2015)questioned one of the stated benefits of sprguvbviding affordable
housing(Kahn, 2008) It is argued that this benefit gprawl! is biased because
transportation costs are ignored. In this study, housing affordability is reconsidered
by taking transportation costs into account for 221 metropolitan statistical areas in
the US. According to the results, the total cost (housimthtransportation) decreases

as the compactness score increademidi et al. (2015j)evisited a former study of
Ewing, Pendall and Chen (200&)d refined sprawl indices for the US metropolitan
areas. According to the resyltsompactness is positively related to walking and
transit mode shares; and negatively related to average vehicle ownership per
household. Lastly, iEwing, Tian, and Lyons (201&he relationship between urban
sprawl and congestion is investigated in the US cities. In sprawling areas, travel
speeds increase, but distances commuted increase, soffe¢gath other. Besides,
compact developments are not very successful at alleviating the congestion problem.

In addition to the discussions here, city form and development densities are
reevaluated amid the COVHDO outbreak. During the pandemic, densé highly
populated megacities reported emerging situations. The most straightforward fact is
that the spread of the virus could be amplified in dense areas due to people's
proximity to each other. Moreover, it could be argued that private car usage would
be safer than public transportation, which is extensively used in those megacities like
New York. However, some recent studies put forward contradicting résialisidi

et al., 2020; Hamidi & Zandiatashbar, 202Akhough compact settlements had the
stated disadvantages, it is easier to reach healthcare units or any facility in denser
cities. It is argued that sprawling cities had worse conditions dspat@l inequality

in terms of accessing health servi¢8sao et al., 2020)
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Moreover, the unhealthy lifestyles due to car usage (less activity and walking) are
correlated to the virus's impacts. Therefore, denser areas are less vulnerable in this
stance(Hamidi et al., 2020)Though the relation is not conclusive yet since there
would be many other factors affecting the spread of the pandémieyidence

favors denser settlementat least in terms of accessibility to health cardifess.

With all the pros and cons, the sprawl issue is a hot debate in the literature since the
resulting environments are recently evaluated in terms of sustainability.
Sustainability concerning climate change was hitherto debated on the grounds of the
reality of climate change, but it is most commonly accepted as the earth has to face.
In line with these, recently escalated discussions on the size and form of cities'
growth seemed to prove the compact city arguments that are in the opposite direction
with urban sprawl on the scale of urban form. Therefore, while having sprawling
settlements on hand, the proposals for compact cities and sustainable transportation
modes would result in significant changes in how the cities operate. Thus, planning
for the gties according to the emerging facts and policies requires a better
understanding of the processes and the analysis of the cities in detail. While sprawl
versus compact city discussion could be considered as a larger (even in regional)
scale debate, thenpacts of those on the built environment could be better analyzed

at lower scales such as neighborhoods or population blocks (in the U.S. case).

2.2.1 Urban built environment

As given in the previous section, cities' growth pattern (compact or sprawling) is well
suited in the sustainability debate. Albeit urban growth patterns could be
conceptualized at smaller scales such as neighborhoods, the discussion about the
growth patterns (and city form) is generally regional. While considering community
levels or doingsmaller scale and localized analyses, urban areas are usually referred

to as the built environment.
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2.2.1.1 Dimensions of the built environment

In order to analyze the built environment, it should be operationaltazdero and
Kockelman (1997jirstly mentioned Ds of the built environment as density, design,
and diversity to define the built em@hment. These three Ds are expanded to five
Ds with the addition of destination accessibility and distance to tré@asing &
Cervero, 2010Q)in addition to these five main dimensions/characteristics of the built
environment, two more dimensions could be used as built environment
characteristics and better formulatee built environment analyses. One is
demographic and socioeconomic properties, and the other is travel demand
managemengwing and Cervero (201@yroposedtiese two dimensions as the sixth
and seventh DgNote: these are the built environment dimensions/characteristics
put forward by the authors favoring compact cities rather than sprawling ones;
however, wide usage of these dimensions/characteristics in the literature enabled
them to be the objective basis). Albeit those dimensions/characteristics are not

strictly sepaated, they could be defined as follows:

1 Density: It is the most commonly used variable describing the built
environmen{Merlin et al., 2020)It is the quantity of the variable of interest
(e.g., population, employment, or dwelling units) per ohdrea, which can
be gross or nefEwing & Cervero, 2010)Houshold and employment
densities(P. Chen & Zhou, 2016)population, jobs, and housing densities
(Ouyang & Bejleri, 2014) and population, household caremployment
densitiegLord & Mannering, 2010are used as built environment indicators.

1 Diversity: The measures under diversity depend on the number of varying
land uses in a specific area ahe extent to which they are represented in
land area, floor area, or employment. In many studies, diversity is measured
by entropy, where lower values indicate single (homogenous) uses of land,
and higher values indicate varied (heterogenous/mixed) usasd{Ewing
& Cervero, 2010)In P. Chen and Shen (2016, 2019); Ouyang and Bejleri

(2014) land use mix (entropy of different land uses) whereas proportion of
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varying land uses such as industrial land use, open land alseprmmercial
land use proportions are used as indicatoksrmand Yamashit§2002) and
different land uses are used to distinguish crash frequend{és jiPant and
Yamashita (2010)

Design: It is related to street network features in an area. Sdntbeo
measures could be listed as average block size, the ratio -atéyyor three

way) intersections, and the density of intersections (e.g., the number of
intersections per square mil@wing & Cervero, 2010)For exampleKim

and Yamashita (2002jses number of allvay stop intersections, signalized
intersections, number of threey intersectionsDuyang and Bejleri (2014)

uses street length, number of street segments, and number of intersections,
andC.-Y. Yu (2014)uses number of intersections and number of -chat$

as independent variables. Depending on the focus of the study, it can also be
measured using sidewalk coverage, average street widths, or the number of
pedestrian crossings, other physical elements that distinguish pedestrian
focused environments from adftocused environment&Ewing & Cervero,

2010) For example, irMilton and Mannering (1998)long with roadway

and intersection densities, sidewalk completeness, and bike lane

completeness are used as built environment indicators.

Distance to transit: It is the ease of accessing public transportation
alternatives from home or work (e.g., bus stop or rail station within a quarter
to half a mile of trip origin). It can be measured as the mean of the shortest
street routes from the residences or workplates area to the nearest bus
stop or rail station. Likewise, it can be measured by transit route density (e.qg.,
the distance between transit stops, or the number of stops per unit area)
(Ewing & Cervero, 2010)The number of bus stops@-Y. Yu (2014) the
number of bus stops and distance to bus stoPsiyang and Bejleri (2014)

and the number ofus stops and the number of subway statioriéinm and

Yamashita (2002&re used as the indicators of the built environment.
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1 Destination accessibilitytt is the measure of the ease of accessibility to trip
destinations/attraction points (central business district or other centers). It is
often measured at the zonal levelenms of distance or time. If it is measured
at the regional level, it is the travel distance or time to the central business
district (Ewing & Cervero, 2010)In Khattak, Wang and Zhang (2010)
distance to school, distance to supercenter and distance to/tonchge are
used whereas irDuyang and Bejleri (20143¥listance to commercial area is

used.

1 Demographic andsocioeconomic propertiesThose are the indicators
related to demographics such as population, age, gender, household size, and
socioeconomic statuses such as the number of people employed in a
household, median income, or educational attainment. Thesatndg are
not directly part of the built environment bate related to the built
environment since they reflect the composition of the population living or
working at a geographical unit. Many studies analyzing the built environment
considered those vables (at least for controlling demographic and
socioeconomic influences). For examgtadayeghi, Shalaby, and Persaud
(2003)used total population, the numhkarhouseholds, fultime employed
people, partime employed people, and the number of vehicésbin Li,

Wang, Liu, Bigham and Ragland (20133ed the percentage of the male
population, percentage of under 18 population, percentage of 65 and over age

population, and percent of the population belowptbeerty line.

1 Travel demand managementAs discussed previously, supplying more
infrastructure to match transportation demand is both not feasible and
sustainable. Therefore, the supplgde should be constrained concerning
increasing travel demand. Thedicators under this dimension could be
related tahe supplyside such as parking supgg. Guo, 2013pr demane
side such as trip frequency or vehicle miles travéleding & Cervero,
2010)
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2.2.2 Urban transportation

Transportation (international, national, and urban), as being one of the most polluting
sectors along with energy production, industry, and housing, also takes part in the
sustainability discussion. Sustainable transportation is one of the basics oirachiev
sustainable developme(Bustainable Mobility for All, 2017)According to EPA
(EPA, n.d.) based on 2010 global emissiontajaransportation had a significant

share with 14% (electricity and heat production had 25% share).

Not only the increase in the international and national transportation (freight and
passenger) volumes, urban transportation volumes are also significiamdyily
private cars as an unsustainable mode of transport. Moreover, 72% of transportation
emissions are related to road transporta@fR5 Climate Change 2014: Mitigation

of Climate Changé IPCC, n.d.) Increased car ownership (initially was seen as an
advantage for congested cities to alleviate traffic problems) became a significant
problem. Cars are the most polluting vehicles considering per capita emissions.
Moreover, cities dispersed in an untrotied manner with the mobility potential of
automobiles. Mobility is an essential element that should not be reduced (considering
equity and accessibility components of social sustainability); however, the benefits
must be considered without neglectimg tadverse impacts. Increased mobility by
cars would, in turn, yield increased traffic congestion, pollution, and urban sprawl.
Considering the environmental and traffedated adverse impacts of transportation,
satisfying the mobility needs of all to aetie social sustainability is challenging but

fundamental to achieve sustainable development.

Reducing greenhouse gas emissions of transportation, reducing externalities of
transportation (such as congestion, accidents, environmental impacts), using clean
vehicles and alternative fuels (such as electric cars), increasing multimodal
transportation (to integrate a greater percentage of sustainable modes) are the goals
of European Commission to achieve sustainability in transportgEomopean

Commission, n.d.)Moreover, Eurostat provides indicators to operationalize and
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measure Sustainable Development Goals; which has transporetted ones such

as(Gerike & Koszowski, 201 7Andicators- Eurostat n.d.)
1 fenergy consumption of transport relative to @DP
1 fmodal split of freight and passenger transport
1 fvolume of freight and passenger transport relative to&DP
1 fAgreenhouse gas emissions from trangport
1 fpeople killed in road acciderits
1 faverageCO2-emissions per kilometer from new passengeracars

Therefore, reducing travel demand for unsustainable modes and reducing road
accidents are essential factors for sustainable transportation and sustainable
development. Operational indicators of travehded and traffic safety will be given

next.

2.2.2.1 Travel demand

As discussed previously, the increase in car ownership has changed how the cities
developed and travel behavior (modal choice in favor of private cars). Sprawling
cities had to provide more infrastructure to deal with increasing demand; resulting
problemssuch as air pollution and congestion took considerable attention that states
and localities have been trying to implement planning and design principles to reduce
car dependence. It was impossible to match automobiles' travel demand by supplying
more roadsand curbing the demand to match supply was the plausible alternative
(Ewing & Cervero, 2001)Constraining the demand rather than supplying more
roads is in line with the sustainability principles, e.g., reducing emissioogal

split in favor of sustainable modes (public transportation, biking, walking), and
increasing multimodal transportation to integrate those sustainable modes. Ergo, the
focus here is the travel demand of automobile users, and the aim is to define

altematives to reduce this travel demand. Accordingwong and Cervero (2010)
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some indicators used to operationalize travel demand (travel) for analyses are vehicle
miles traveled (VMT), vehicle hours traveled (VHT), mode choice, trip frequency,
and trip length. Moreover, annual average daily traffic (AADT), person miles
traveled, merage delay, and traffic volume are other indicators used to measure
travel demandFederal Hitpway Administration, n.da).

2.2.2.2 Traffic safety

Each year, 1.35 million people are killed on roadways around the world, and about
3,700 people are killed in traffic accidents every day. Besides, road traffic injuries
are estimated to be the eighth leadoayise of death (see Table 2.3) for all age
segments and number one for the children and younger adults between th@%ges 5
in 2016(WHO, 2018)

Table2.3 Leading causes of death, all ages, 204610, 2018)

Rank | Cause % of total deaths
1 Ischaemic heart disease 16.6
2 Stroke 10.2
3 | Chronic obstructive pulmonary diseas( 5.4
4 | Lower respiratory infections 5.2
5 Al zhei mer 6 s déenediag 3.5
6 | Trachea, bronchus, lung cancers 3.0
7 Diabetes mellitus 2.8
8 Road traffic injuries 2.5
9 Diarrhoeal diseases 2.4
10 | Tuberculosis 2.3

Moreover, traffic accidents and fatalities have substantial economic costs. For

example, according tBlincoe, Miller, Zaloshnja andawrence (2015)the total
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economic cost of roadway crashes in the U.S. is about $242 billion in 2010, 1.6% of
GDP (32,999 fatalities, which is 34,439 in 2016). As being one of the primary
sources of human deaths, traffic accidents, a higher percefidag® of those
accidents occur in urban areas glob&WHO, 2018) The U.S. has a pattern slari

to the global one, as in 2017, most of the fatalities occurred on urban roads. In 2017,
44% of deaths occurred on urban roads, while 40% on rural roads and 15% on
highways/motorways. According to the International Transport F@ITR 2018)

rural roads were the deadliest in the U.S. case. However, this pattern has changed as
urban vehicle miles traveled increased by 13%, wisem@@l vehicle miles traveled
decreased by 3% since 20B8ghway Traffic Safety Administration & Department

of Transportation, 2019)Thus, urban road casualties should be considered in
particular. For analyzing traffic safety, there are classifications of atcs@eerity.

For the United Kingdom case, accidents are reportékiléed,o fiserious injuryo or

fislight injurydo (Department of Transport, 2012jor the United States case,
classifications vary, but the common ones &f&al0 fincgpacitating injuryp
finonincapacitating injury, fipossible injuryy and fino injuryo (Federal Highway
Administration, n.db).

2.23 Background on the relationships between travel, built environment

and traffic safety

This section reviews the studies focusing on theiogishipshetweertheurban built
environment and urban transportation. Traffic safety and travel demand are the two
separate urban transportation topics associated with the urban built environment.
Moreover, studies examining the relationship betweeretrdemand and traffic

safety are also reviewed.
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2.2.3.1 Built environment and travel

In this section, the studies investigating the relationship between the built
environment and travel demand are presented (see Table 2.4). As the discussion
mainly originated fromthe developed countifjterature, most reviewed articles
studied developed country cases (most from the United States). Some studies are
from developing countries such as China (Guan & Wang, 2019; L. Yu, Xie, & Chan,
2019), Chile (Zegras, 2010), and Viain (Chi Nguyen et al., 2020)Among the
reviewed articles, most studies directly mention the tébmilt environmend;
however, some other studies embedded built environment in growth scenarios (as
discussed in previous sections) (Bartholomew & Ewing, 2008), land use typology
(Boarnet, Nesamani, & Smith, 2003), urban form (Bento, Cropper, Mobarak, &
Vinha, 2M5), or neighborhood characteristics (X. Cao, Mokhtarian, & Handy,
2007). For this review, it is not convenient to directly mention all the variables
because there are numerous variations of each dimension's indicators. Thus, if
variables falling into a dnension/category exist in a study, f@o is used and left

blank otherwise. For example, population density, employment density, and housing
density are different density variables. The critical information provided in Table 2.4
is that whether any densitariables are used or not in a study. So, either one, two,
or three variables are used; they are reflected by the same sphbdlhe most
common dimension is demographic and socioeconomic, almost all studies employed
demographic and socioeconomic valésbin their analysis. Diversity and density

are the other two common dimensions. Transit/distance to transit is the least

employed dimension.

It could be seen from Table 2.4 that all of the studies have variable(s) of the
fiDemographic and Socioeconomicategory. Moreover, most studies focused on
individual/household level analyses; that is to say, they investigated the relationship
between link/zonal/regional levblilt environment factors and person/household
level travel outcomes (VMT, number of tripspde choice). Some studies structured
their analyses at the community level, such as traffic zones (Choi, 2018) or at the
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regional level (Bartholomew & Ewing, 2008). From the methodological perspective,
varying approaches were employed, e.g., negativentiad regressiorfChaman,
2008, 2009; Shay et al., 2006; Shay & Khattak, 208)ictural equation modeling
(Bagley & Mokhtarian, 2002; X. Cao et al., 2007;¥Mu et al., 2019) multilevel
regressiorfPark et al., 2013 logistic regressio(Boer et al., 2007; Gehrke & Wang,
2020) and geographitlg weighted regression(Nkeki & Asikhia, 2019;

Nowrouzian & Srinivasan, 201.3)

The relationship between travel and the buiiti;Ebonment was extensively reviewed

by Ewing and Cervero (2001, 201jheir findings supported that each variable was
not elastic enough to imply a significant change in the VMT, with the highest
absolute weighted average elasticity, which was 0.39. Though the sole elasticities
were not highcombined effects would make a differerfEsving & Cervero, 2010)

This finding would be a direction for integrated transportation and urban planning
perspective. Moreover, the main finding 8&lon (2015)was that the relations
between the built environment dimensions and VMT depend on nelgidubtype

(e.g., central city, urban, suburb, and rural) and the purpose of travel (e-morion
VMT, oneway commute VMT). Thus, the patterns should be analyzed within their
contexts; and the geographic unit would play an important role in the analysis
considering that the majority of the studies are based on the individual/household

scale.
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Table2.4 Review on Built Environment and Travel

Study Case Study Aim Dependent Unit of
Location Variable(s) Analysis
(Bagley & UNITED Examining the relationshig VMT Individual
Mokhtarian, STATES/ between residential
2002) CALIFORNIA/ neighborhood type and
San Francisco travel behavior
(Bartholomew UNITED Determining how much Percentage of Region |
& Ewing, STATES compact growth scenario§  difference in Scenaio
2008) are estimated to reduce| VMT between the (scenarios
travel below current trendg planning scenario] nested within
and the trend regions)
scenario
(Bento et al., UNITED Examining the effects of Mode choice | Urban area
2005) STATES /114 urban form and public Vehicle choice |
Urban areas transit supply on commutg Driving decision |
mode choices and annua| VMT
VMTs of households
(Boarnet & UNITED Examining the relationshig Household VMT Household
Wang, 2019) STATES / between urban spatial
CALIFORNIA/ structure and driving
Los Angeles,
Orange, Ventura,
San Bernardino,
Riverside
counties
(Boarnet et al. | UNITED Examining the health Walking distance Individual
2008) STATES / benefits from urban desigr
OREGON// characteristics that are
Portland related to increased
walking
(Boarnet et al., UNITED Examining whether land Number of Individual
2003) STATES/ use matters more for trip| nonwork trips |
OREGON / generation or vehicle miley Total nonwork
Portland traveled (VMT) for an VMT
individual
(Boer et al., UNITED Investigating to whether Odds ratio to Household
2007) STATES design guidelines stimulat: walk
walking
(X. (Jason) UNITED Investigating the relation Frequency of Individual
Cao et al., STATES / between the residential homebased
2009) CALIFORNIA environment and nonwork nonwork trip by
travel frequencies by auto auto | by
transit, and walk/bicycle | walking/biking |
modes transit
(X. Cao et al., UNITED Examining whether Change in auto Individual
2007) STATES/ changes in neighborhood ownership |
CALIFORNIA characteristics trigger | Change in driving

changes inraivel behavior

behavior | Changg
in accessibility |
Change in

spaciousness
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Table 2.4 (continued)

(Cervero, UNITED Examining mode choice Mode choice Individual
2002) STATES/ around a model that
MARYLAND / considers the influences o
Montgomery built environments factors
county and generalized cost relat¢
factors angdg
socioeconomic attributes
(Cervero & UNITED Examining whether jobs | Daily work tour Household
Duncan, B06) STATES/ housing balance or locatin VMT | Daily
CALIFORNIA retail and services closer t| work tour VHT |
residential areas leads Daily shopping
greater traveteduction services VMT |
Daily shopping
services VHT
(Cervero & UNITED Examining the effects of | Daily personal Individual
Kockelman, STATES / 3Ds' on trip raés and modg VMT | Proportion
1997) CALIFORNIA / choice of trips
San Francisco
(Cervero & UNITED Examining the effects of | VMT per capita Urban area
Murakami, STATES /370 built environments on
2010) Urban areas VMT
(Chatman, UNITED Examining how density | VMT on personal Individual
2003) STATES and mixed uses of commercial trips
workplace impact persong
commercial travel and
commuting mode choice
(Chatman, UNITED Examining how density | Auto speed | Non Individual
2008) STATES/ impacts travel work activities |
CALIFORNIA / VMT
Alameda, San
Francisco, Santa
Clara counties
(Chatman, UNITED Examining the impact of | Number of work Household
2009) STATES/ built environment on trips by auto | by
CALIFORNIA/ nonwork travel transit | by
San Diego, San walk/bike
Francisco,
Oakland, San Jos
(Chi Nguyen VIETNAM / Examining the relation Travel mode Individual
et al., 2020) HANOI between the built choice
environment and travel
behavior
(Choi, 2018) CANADA / Investgating how land usg Household daily TZ
CALGARY and transportation factors auto travel
influence household distance | Transit
vehicle travel travel distance |
Active (walking,
cycling) travel
distance
(Chowdhury CANADA / Examining whether the | Worker personal Individual
& Scott, 2020) HALIFAX built environment impacts| vehicle kilometers

total distance traveled by
auto

traveled (PKT) |
Non-worker

personal vehicle
kilometers

traveled (PKT)
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Table 2.4 (continued)

examining several travel
outcomes

(Diao & UNITED Examining the link VMT per vehicle | Grid
Ferreira, STATES/ between household vehicl VMT per
2014) MASSACHUSET | use and their residential | household | VMT
TS / Boston locations per capita
(Gehrke & UNITED Examining the difference Mode choice BG | CT| Grid
Wang, 2029 STATES / in the relationship betweer
OREGON/ travel and the built
Portland environment while
measuring the land
development model, urbar
design, and transportatior
system features at variou
scales
(Greenwald & UNITED Examining nonwork Number of Individual
Boarnet, STATES / pedestrian travel regardin¢  nonwork trips
2001) OREGON// the built environment as
Portland decisive
(Guan & CHINA / Beijing Examining the built Share of travel byl  Household
Wang, 2019) environment impacts on | car |Travel time
travel with a household | by nonmotorized
based viewpoint modes
(Guzman & COLOMBIA / Examining the part of the| Travel distance Household
al., 2020) BOGOTA built environment and
sociodemographic
characteristics on walking
distances
(Khattak & UNITED Investigating whether the| Household tripsini  Household
Rodriguez, STATES / residents of netraditional a day | Trip
2005) NORTH neighborhoods replace distance | Trip
CAROLINA walking for driving trips or duration
do they make more trips
overall
(Kitamura et UNITED Examiningthe effects of | Total number of Individual
al., 1997) STATES/ land-use and attitudinal person trips |
CALIFORNIA features on travel behavio| Number of transit
trips | Number of
non-motorized
trips
(Nkeki & NIGERIA / Analyzing the spatial Travel mode Neighborhood
Asikhia, 2019) BENIN differerce in the choice
interactions between trave
behavior and built
environment
(Nowrouzian UNITED Evaluating the effect of Person miles Individual
& Srinivasan, STATES/ land-use on person miles| traveled (PMT)
2013) FLORIDA / traveled (PMT)
Broward, Palm
Beach, Miami
Dade counties
(Park et al., UNITED Considering the rolef Auto trips | VMT | Region | Station
2018) STATES /8 neighborhoodevel built | Transit trips | Area |
Metropolitan environment characteristic Walk trips Household
areas of rail station areas by
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Table 2.4 (continued)

(Rodriguez & UNITED Examining the relation Mode choice Individual
Joo, 2004) STATES/ between the local phigzal
NORTH environment and nen
CAROLINA/ motorized mode choice
Chapel Hill,
Carrboro
(Shay & UNITED Exploring the distinctions| Number of trips | Household
Khattak, STATES / in automobile ownership Travel time |
2005 NORTH and use between Travel distance
CAROLINA/ conventional and
Chapel Hill, neotraditional
Carrboro neighborhoods
(Shay et al., UNITED Analyzing utilitarian trip Number of total Individual
2006) STATES/ making behavior within a trips
NORTH neotraditional
CAROLINA/ neighborhood and
Chapel Hill comparing total trips to
modespecific trips
(Thao & SWITZERLAND | Examining the impacts of| Distance traveled Household
Ohnmacht, the built enviroment on | Number of trips
2019) travel behavior
(Vance & GERMANY Examining to what extent| Car usage | Trave Individual
Hedel, 2007) does urban form influenceq distance
the dependence on auto
travel
(L. Yuetal, CHINA/ Exploring the impacts of Transit mode Neighborhood
2019) SHENZHEN the built environment on choice | Travel | unit| Individual
transit travel distance | Travel
time
(Zegras, 2010) CHILE / Analyzing the relationshipg  Motor vehicle Household
SANTIAGO between the built choice | VKT
environment and motor
vehicle ownership and usg

Table 2.4(Continued)

Study Independent Variable(s) Method / Modeling Approach
(%]
2
< c
Slal2 g
15| 2|5|8|s
552|888
a|la|a|ao|rF|AO
(Bagley & Mokhtarian, 2002)] X Structural Equation ModelinSEM)
(Bartholomew & Ewing, X | X | X Multilevel MetaAnalysis
2008)
(Bento et al., 2005) X | X | X X Multinomial Logt Model | OLS
Model
(Boarnet & Wang, 2019) X | X Two-stage Tobit Model
(Boarnet et al., 2008) X | X[ X | X[ X ]|X Tobit Regression
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Table 2.4 (continued)

(Boarnetetal., 2003] X | X | X X Ordered Probit Model | Ordinabeast Squares
Regression
(Boer et al., 2007) X[ X Logistic Regression
(X. (Jason) Cao et al{ X X Seaningly Unrelated Regression (SURE)
2009)
(X. Cao et al., 2007)| X X Structural Equations Modeling (SEM)
(Cervero,2002) | X | X | X Logit Models
(Cervero & Duncan,| X X Log-linear Regression
2006)
(Cervero & X | X | X X Multiple Regression | Binomial Logit Model | Facto
Kockelman, 1997) Analysis
(Cervero & X | X | X Structural Equation Modeling (SEM)
Murakami, 2010)
(Chatman, 2003) | X | X | X Joint Logit Tobit Model
(Chatman, 2008) | X | X | X X Negative Binomial Regression | Tobit Regressio
(Chatman, 2009) | X X X Negative BinomiaRegression
(Chi Nguyen etal.,, | X | X | X X Multinomial Logit Regression
2020)
(Choi, 2018) X | X|X X Segmented Regression
(Chowdhury & Scott,| X X Ordinary Least Squares | Spatial Lag Model

2020)

(Diao & Ferreira, | X | X | X X Factor analysis | Ordinary Least Squares (OLS)
2014) Regression

(Gehrke & Wang, X | X Multinomial Logistic Regression
2020)

(Greenwald & X | X|X Ordered Probit Model

Boarnet, 2001)

(Guan & Wang, X X Principal Component Analysis | Factor Analysis

2019)
(Guzman etal., 2020l X | X | X X Log-linear Model
(Khattak & X Logit Model | Negative Binomial Regression | Line
Rodriguez, 2005) Regression
(Kitamura et al., X X Linear Regression
1997)
(Nkeki & Asikhia, | X | X | X X Factor Analysis | Global Logistic Regression (GLR
2019) Geographically Weighted Logistic Regression
(GWLR)

(Nowrouzian & X | X | X Linear Regression | Geographically Weighted
Srinivasan, 2013) Regression (GWR)
(Parketal.,2018) | X [ X | X X Multilevel Modeling
(Rodriguez & Joo, | X | X Logit Model | Nested Logit Model | Heteroscedast

2004) Extreme Value (HEV) Model
(Shay & Khattak, | X Negative Binomial Regression | OLS Regressior|
2005)
(Shay et al., 2006) | X X Negative Binomial Regression
(Thao &Ohnmacht, | X | X | X X Linear Regression
2019)
(Vance & Hedel, | X | X | X X Probit Model | OLS Regression
2007)
(L.Yuetal,2019) | X | X | X X StructuralEquation Modeling (SEM)
(Zegras, 2010) X[ X X Multinomial Logit Model | OLS Regression
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2.2.3.2 Travel and traffic safety

This section presents a review of the studies investigating the relationship between
travel and traffic safety. Those studies examined this relationship by assuming traffic
safety and travel variables as dependent and independentesyiaspectively. The
former reviewing structures presented in the last two sections are also valid for this
section (Table 2.5). The crash categories are TC (total crashes), V-(shgike
crashes), W (multiple-vehicle crashes), MC (motorcycle crash€V (pedestrian
vehicle crashes), and¥ (bicycle-vehicle crashes). Crash severity, crash count, and

crash rate properties are also presented in Table 2.5.

Most of the studies analyzed the US cadésA. AbdelAty & Radwan, 2000; C.
Chen & Xie, 2016; Clark & Cushing, 2004; Jovanis & Chang, 1986; Liu & Sharma,
2017; Stimpson et al., 2014; Yeo et al., 2015; Zheng, 20d#)e there are studies
with cases from European Countries (Roma@eqar, Boitor, & Dumitrescu, 2017
FranceMartin, 2003, Spain;Santamarifid&Rubio, Pérez, Olabarria, & Novoa, 2014
and Czech Republi& | i u p a)sThe aBaly€isQunit varies from the intersection
(C. Chen & Xie, 2016) to state (Clark & Cushing, 2004)

The modeling approach also varies from neg
20009) to structural equation modeling (Stimpson, Wilson, Araz, & Pagan, 2014). The
number of studies analyzing the relationship between travel and traffic safety is less
than he number of studies analyzing the relationship between the built environment

and travel and the built environment and traffic safety.

Though there are exceptions (for exampdeng et al., 2014found a negative
relation between DVMT and total crashes and explaineadshtisgher DVMT would

be related to higher traffic density which would result in lower speeds and so lower
crash rates.), there is a generalizable relation: as the travel amount increases, the
number of crashes would increase since travel is stated ap@suex factor in the
literature, and the increase in exposure increases the crash risk (Merlin et al., 2020).

Ewing and Dumbaugh (20D%ut the relation in a different fashion. Compact
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developments ardense and require less VMT per capita. The increased density
results in congestion and lower speeds. Property damage only accidents would be
more in number in those settings, but fatal crashes would be lower than the sprawled
settings where the speeds dmgher than compact settlements. Moreover, the
strength of the relationship between VMT and traffic safety would vary by location
(Liu & Sharma, 2017). Therefore, analyzing the impacts of locatpatific factors

such as the built environment charactarss(as in the previous section) would better

explain the variations in crash occurrences.
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Table2.5 Review on Travel and Traffic Safety

Study Case Study Aim Unit of
Location Analysis
(M. A. AbdelAty & | UNITED STATES | Modeling the frequency of Roadway
Radwan 2000) / FLORIDA accident occurrence and segment
involvement
(Cadar et al., 2017) | ROMANIA Examining the impact of traffic | Road
volumes on accident occurrence
(C. Chen & Xie, UNITED STATES | Modeling theeffects of annual Intersection
2016) / average daily traffic (AADT) on
MASSACHUSET | predicting multiplevehicle
TS crashes
(Clark & Cushing, | UNITED STATES | Analyzing the effect of populatiol State
2004) / 13 States density on the motor vehicle
mortality rates in rural and urban
areas
(Jovanis & Chang, | UNITED STATES | Modeling the relation of accident{ Roadway
1986) / INDIANA to vehicle miles traveled segment
(Liu & Sharma, UNITED STATES | Examiningspatial and temporal | County
2017) / IOWA impacts in traffic crash trend
analysis
(Martin, 2002) FRANCE Examining the relationship Motorway
between crash rates and hourly | section
traffic volume
(SantamarifidRubio | SPAIN / Examining gender differences in| Region
et al., 2014) CATALONIA the rate of road traffic injury
(Genk & A|CZECH Quantification of the safety Roundabout
2011) REPUBLIC performance of roundabouts in
terms of accident frequency
considering their traffic and
geometric characteristics
(Stimpson et al., UNITED STATES | Investigating whether an Urban area
2014) /100 Urban areas | increasing share of mass transit
use, comparetb vehicle miles
traveled on public roads, did
associate with decreased motor
vehicle fatalities
(Yeo et al., 2015) UNITED STATES | Examining the effects of urban | Urban area

/ 147 Urbanized
areas

sprawland VMT on traffic
fatalities

(Zheng, 2012)

UNITED STATES
/ CALIFORNIA

Examining the relation between
traffic conditions and the crash
occurrence possibility

Data collection
point
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Table 2.5continued)

Study Dependent Variable(s) Independent Method /
Variable(s) Modeling
Crash Crash Crash Crash for Travel Approach
Type Severity | Count Rate
(M. A TC XX AADT Negative
AbdelAty & Binomial
Radwan, Modeling
2000)
(Cadar et al., TC XX AADT Linear Regression
2017) | Crash Prediction
Models (CPN
(C.Chen & V-V XX AADT Generalized
Xie, 2016) Additive Models
(GAMSs) |
Piecewise Linear
Negative
Binomial (PLNB)
Regression
Models
(Clark & TC X XX VMT Linear Regression
Cushing, Crash/
2004) pop.
(Jovanis & TC XX VMT Poisson
Chang, 1986) Regression
(Liu & TC X XX VMT Bayesian Spatio
Sharma, temporal Models
2017) with Poisson and
Zero Inflated
Poisson Models
(Martin, TC XX XX Hourly traffic | Poisson
2002) Crash/ flow Regression |
Road Negative
length Binomial
Regression |
Logistic
Regression
(Santamarifia TC X XX Person hours| Poisson
Rubio et al., traveled Regression
2014)
( Genk TC XX AADT Negative
Ambros, Binomial
2011) Regression
(Stimpson et V-V XX Share of Structural
al., 2014) annual mass | Equation
transit miles | Modeling (SEM)
traveled per
capita
(Yeo et al., TC X XX VMT Path Analysis
2015)
(Zheng, TC X Speed, Binary Logistic
2012) Crash Congestion | Model
OCCUF
rence: 1
O/W: 0
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2.2.3.3 Built environment and traffic safety

There is considerable literature examining the spatial relationships of traffic safety.
Many studies in the literatureither focused on or referred to the relationship
between traffic safety and the urban built environment since many accidents happen
in urban areas. Those studies could be classified based on three main dimensions:

1 the spatial unit of analysis categoriesare individual spot level (e.g., road
intersection or segment), zonal level (e.g., neighborhood, block group, traffic
analysis zone or census tract) regional level (e.g., urban cluster, county or

metropolitan area)Ouyang & Bejleri, 2014; Ziakopoulos & Yannis, 2020)

1 the methodology applied(e.g., Poisson regression oryBaian modeling)
(Lord & Mannering, 2010; Ziakopoulos & Yannis, 2028hd

1 the built environment characteristicsused(those measures could be single
such as density, land uses, or street network configuration or a composite

such as urban spraw{Ylerlin et al., 2020)

The literature review organization was adapted from the classificationmeche
presented in idkopoulos and Yannis (2020), in which the spatial unit of anallysis
the primary dimension of classification. Thus, the studies were clustered into three
major groups: intersection/link level studies, zonal (community) level studies, and
regional level sudies. The review tables in this section were also based on this

classification:
1 Table 2.6: intersection/link level studies
1 Table 2.7: zone level studies
1 Table 2.8: regional level studies

In all of the following review tables, standard fields are useuceSihis section is
dedicated to reviewing the relationship between the built environment and traffic

safety, the primary dependent variable of interestftiaffic crashes The
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fiDependent Variable(8)section consisted ofiCrash Type) fiCrash Severity,
fiCrash Coung and fiCrash Rate subclasses (this typology is also offered by
Ziakopoulos & Yannis, 2020). Thécrash type section defined the crash

participants in the reviewed studies. The alternatives are as follows:
1 TC refers to total crashes (all typef crashes)
1V refers to singlevehicle crashes
1 V-V refers to multiplevehicle crashes
1 MC refers to motorcycle crashes
1 P-V refers to pedestrianehicle crashes
1 B-V refers to bicyclevehicle crashes

The ficrash severity section provides information about the dependent variable in
terms of severity level. If the crash severity (e.g., fatal, incapacitating,
nonincapacitating, and property damage only) was estimated, it is represented by
fiXX.0 (e.g., the outcome of the apsis is the crash severitBarua, E{Basyouny,

& Islam, 2014. However, if used as a filter, it is representedfi¥y (e.g, the
dependent variable is fatal and injury total crash&sygisiz, Senbil, & Yildiz,

2017). The same notation is valid for therash courtandficrash raté sections. If

crash counts/frequencies or crash rates were estimated in a #{xdyjs used,

whereadiX 0 represents a filtering process in these categories.

The independent variable$ those studies are given under the built environment
dimensions/characteristics section withiibemographic and Socioeconondic,
fiDensityp fiDiversity0 fiDesignd fiDistance to Transi, fDestination
Accessibilityp andfiTraveb categories.

Intersection/likk level studies analyze the crash occurrences at the junctions or road
segments, which requires a fewer amount of aggregation of crashes than zonal and
regional studies. The immediate built environment characteristics of the road

segments or intersectioase usually analyzed. The most common built environment
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dimension that was considered all of the studies ex2aipiTaquechel, Steward, and
Strasser (2010js travel, particularly annual average daily traffieflecting the
traffic volume for a road segment. Since the unit of analysis is related to the roads,
one of the most common built environment characteristicBdéesigno which
includes the geometric features of roads and intersections. For ex&apk, al.
(2010), S. Q. Xie, Dong, Wong, Huang, and Xu (20&8hsidered roadvidth,
Alarifi, Abdel-Aty, Lee, and Park (2017), Alarifi, Abdélty, Lee, and Wang (2018),
Barua, EiBasyouny, and Islam (2016), and Chiou and (20,13) considered the
number of lanesChiou and Fu (2013), and Dai and Jaworski (20fhé&yle use of
road curvature, anid. Huang, Zhou, Wang, Chang, and Ma (2017), and Lee, Abdel
Aty, and Cai, (2017ronsidered the number of legs as independent factors in the
analyses. The other common built environment characterisiiessdy, the diverse
types of land uses in close proximi§arua, E{Basyouny, and Islam (2@}, and
Barua et al. (2016), and-Blasyouny and Sayed (200%9ed business land usBsi

and Jaworski (201&onsidered the number of stores/restaurants and thbearwof
drinking places in a similar fashiodaygisiz, SenbilandYildiz (2017) consicered
distinct land uses such as light industry, mixed, residential, industry angrbam,
andCai, AbdelAty, Lee, Wang, and Wang (2018), F. Guo, Wang, and ABtel
(2010), Lee et al. (2017), and Lee, Abdd¢y, Huang, and Cai (201%onsidered

urban-rural distinction in their analyses.

At the zonal level, there are more types than the segment/intersection level. For the
United States case, the common spatial units are block groups (BG), traffic analysis
zones (TAZ), and census tracts (CT),-equletabulation area (ZCTA), and traffic
analysis districts (TAD) in the hierarchical order. In this order, block groups consist
of census blocks, the smallest unit of census data. The average population of census
blocks is 85 peopl@_ee et al., 2017)There are no studies in this review at this unit.

On average, 39 blocks obtablock groups. Ondifth of the reviewed studies
employed this geographic uiiiél. AbdelAty et al., 2013; Clifton & Kreamekults,

2007; Dumbaugh & Li, 2011; Y. Huang et al., 2018; Jermprapai & Srimy&2€§4.4;
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Marshall & Garrick, 2011; Ouyang & Bejleri, 2014; Saha et al., 2020; P. Xu et al.,
2018; C:Y. Yu & Xu, 2018; Zhai et al., 2019)

USCB defines traffic analysis zones as the geographic units used, especially for
transportation statistics gentgd from the decennial cens{i$SCB, 1994) TAZ is

the most common (in almost half of theviewed studies) used geographic (it
AbdelAty et al., 2013; Bao et al., 2017; Cai et al., 2016; P. Chen, 2015; Ding, Wang,
et al., 2018; Dong et al., 2014, 2015; Gomes et28l1,7; Q. Guo et al., 2017;
Hadayeghi et al., 2007, 2010, 2003; Jang et al., 2017; Jiang et al., 2016; Ladrén de
Guevara et al., 2004, Lee et al., 2017; Lee, Alédg| & Jiang, 2015; G. Lovegrove

et al., 2010; G. R. Lovegrove & Sayed, 2007; G. Lovegroszaged, 2006; Osama

& Sayed, 2017; Pirdavani et al., 2014; Rhee et al., 2016; Wei & Lovegrove, 2013;
P.Xu etal., 2017; P. Xu & Huang, 2015; Yasmin & Eluru, 20leYe that the TAZ

level and definition are not unique to the US case. Other countsessé traffic
analysis zones in their data creation processes; in this review, Belgium, Brazil,

Canada, China, and South Korea have this geographic unit in common.

The Block group is a subdivision of tracts. Census tracts are somewhat homogeneous
geograpit units in terms of demographics, socioeconomic status, and living
conditions, usually having 2,500 to 8,000 inhabitddSCB, 1994) Similar to block
groups, around ongfth of the studies employed census tract as the unit of analysis
(Cai, AbdelAty, Lee, et al., 2017; Cottrill & Thakuriah, 2010; LaScala et al., 2000;
LoukaitouSideris et al., 2007; Morency et al., 2012; Narayanamoorthy et al., 2013;
Ukkusuri et al., 2012; Y. Wang Kockelman, 2013; Wier et al., 2009; K. Xie et al.,
2019; C:Y. Yu, 2014)

Zip-code tabulation area (ZCTA) is not an actual geographic unit but an assemblage
of mail delivery routes. This unit is rarely used; among the studies reviewed, only
Bao, Liu, Qin, & Zhou (2018¢mployed ZCT areas.

Traffic analysis zone (TAZ) is a subdivision of traffic analysis districts (TAD). This
unit of analysis is also rarely appliedai, AbdetAty, and Lee (2017); Cai, Abdel
Aty, Lee, et al. (2017), and Cai, Abdaty, Lee, and Huang (2019)sed traffic
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analysis districtsThere are also other geographic units used for staskes from
countries other than the United States. For example, for the United Kingdom, census
wards and enumeration districts are used as the geographic unit of afiNdyeil

& Quddus, 2004a, 2005For the case of Australia, statistical area level 1 (SA1),
statistical area level 2 (SA2), state electoral division (SED), postal areas (POA) are

alternative unit4{Amoh-Gyimah et al., 2017)

In terms of the dependent variables, a higher portion of studies used the crash count
of a single crash type as thetoome variable. Also, the severity level of crashes is
used as a filtering feature in more than half of the studies. For exabuoies et al.
(2017)modeled the number of injury (fatal and Afatal) total crashes, ar@. Guo

et al. (2017)modeled kiled and seriously injured pedestraghicle crashes. The

most common built environment dimensions are demographic and socioeconomic,
density, and travel dimensions in terms of independent variables. Then, the design
characteristics were extensively consétk in studies examining the spatial
relationships of traffic accidents. The least considered dimensions were the transit

service and destination accessibility dimensions.

For the regional level studies listed in Table 2.8, larger geographic units thaln zon
level units are used. Some regional units used in those studies are (Ewinty,
Hamidi, & Grace, 2016; Ewing, Schieberaét 2003; Flask & Schneider, 2013; Han

et al., 2018; H. Huang et al., 2010; Zhenning Li et al., 2019; Zhibin Li et al., 2013;
Noland & Oh, 2004)urban areéNajaf et al., 2018)and metropolitan argaee et

al., 2018; Lee, Abdehty, Huang, ¢ al., 2019; Renne & Tolford, 2018) the US
case, cityfJang et al.2017; Moeinaddini et al., 201#) general, province in Turkish
case(Erdogan, 2009)and provincia in Italian cagéee, AbdelAty, de Blasiis, et

al., 2019)In the studies reviewed at the regional level, the most common outcome
variable is crash count/frequency. In all studies, cesterity is used either as a
filter (in most cases) to define the outcome variable or as one of the outcome
variables. For example, idang et al. (2017)severe total crashes were modeled,
whereas, inEwing, Hamidi, and Grace (2016both crash frequency and crash

severity are considered endogenous variables. The built environment dimensions
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used are similar to the zonal levdemographic and socioeconomic, design, and

travel dimensions are the most common ones.

According to the literature review presented in Table28 most of the studies are

at the zonalevel (compared to link/segmead regional level studies). One reason

for this is the availability of built environment variables at the zonal level, increasing
the possibility of providing insight into the impacts of the built environment factors

on traffic crashe§Ouyang & Bejleri, 2014; Ukkusust al., 2011)For the regional

level studies, a higher level of aggregation of the crash and built environment data
than the link and zonal levels is used. Thus, the other reason is that crash analysis
would be more appropriate for poligyiented, maro-level, longterm, or indirect
impacts at the regional level. Moreover, though the intersection/link level crash
analysis is also considerably studied since the accidents usually happen at road
segments, it is hard to assign built environment charatitsri At the zonal level,

traffic accidents are aggregated, and a degree of aggregation is better for analysis to
tackle with randomness. For example, when the crash type is considered, this level
is better for pedestrian and cyclist crashes because @dvthoccurrencéMerlin et

al., 2020) This is also valid when the crash severity is considered. Fatal and
incapacitating injury crashes are rare in nature, so accidents' aggregation would give

better insight.

Albeit the unit of analysis was the primary dimension, the methodological dimension
should be mentioned. Ibord and Mannering (201Q)tatistical methodsised in
crash frequency data are revieweasd accordingly, some of the most common
approaches are as follows: Poisson mof(i¢hattak et al., 2010) negative
binomial/Poissorgamma modellDumbaugh & Li, 2011; Gomes et al., 2017,
Hadayeghi et al., 2003; Jermprapai & Srinivasan, 2014; Khattak et al., 2010; K. Kim
et al., 2006; Zhibin Li et al., 2013; Marshall & Garrick, 2011; Noland & Quddus,
2004a; Ouyang & Bejleri, 2014; Ukkusuri et al., 2QZ&rcinflated model (ordered
logit model) (Cai et al., 2016; P. Chen & Shen, 2016, 2019; Khattak et al., 2010;
Ukkusuriet al., 2012)generalized additive mod@P. Chen & Shen, 2016; Tasic et
al., 2017) andmultivariate modelgM. Abdel-Aty et al., 2013; Aguer¥/alverde &
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Jovanis, 2010)The Poisson regression model is the most straightforward technique
to model the crash frequency. Since crash frequency data carfsigts-negative
integer values, discrete modeling such as Poisson regression is required rather than

the methods assuming continuous variables.

Although the Poisson model is the most basic one, it has a particular drawback: it
cannot handle undeand overdispersion, which is very common in crash data.
negative binomial/Poissegamma models are extensions to the Poisson model to
overcome the overdispersion problem. Though wddsgrersed data cannot be
modeled using a negative binomial model, it is thetreagployed to model crash
frequencies. Other approaches, such as-ipflaied models to handle a large
number of zero crash counts frequently used in crash data analysis, would create
theoretical inconsistencies such as having zercternrg means (Lord 8annering,

2010). The generalized additive models could handle nonlinear relationships and
bring a flexible, functional form involving smoothing functions for the explanatory
variables. However, having more parameters, the approach is complex both to
process and interpret than the previous count models. Multivariate models are useful
to model the specific types of crash categories (e.g., property damage only, non
incapacitating injury, or fatal crash counts) jointly (not independent from each other).
Thatis to saythe multivariate approach is adopted to model the counts of more than
one type of crash while evaluating the correlation between these different crash types
if they are dependent. Those models' drawback is their complexity and requirement
of forming a correlation matrix for those crash types that are dependent (Lord &
Mannering, 2010).

Moreover, there is a tendency to employ Bayesian techniques in-retasid
research, as Bayesian approaches often perform better than thddayesian
counter@rts(Ziakopoulos & Yannis, 2020A quarter of the studies in this review
applied Bayesian techniqu@d. AbdelAty et al, 2013; Alarifi et al., 2018; Barua
et al., 2014, 2016; Dong et al., 2014:Edsyouny & Sayed, 2009; F. Guo et al.,
2010; Lee et al., 2017; Lee & AbdAty, 2018; Saha et al., 2020; P. Xu et al., 2018;
P. Xu & Huang, 2015)
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Table2.6 Review on Built Environment and Traffic Safetiink Level

Study Case Study Aim Dependent Variable(s)
Location
Crash Crash Crash | Crash
Type Severity | Count Rate
(Alarifi et al., UNITED STATES / Examining traffic safety TC XX
2017) FLORIDA / Orange,| considering corridefevel
Broward counties variables
(Alarifi et al., UNITED STATES / | Examining the impacts off TC XX
2018) FLORIDA / Orange, various neighboring
Broward counties structures orfispatial
hierarchical joint crash
frequency modefs
(Barua et al., CANADA / Examining the addition of| TC XX XX
2014) BRITISH spatial correlation in
COLUMBIA/ multivariate countlata
Richmond, models for crash severity)|
Vancouver
(Barua et al., CANADA / Examining the effects of TC XX XX
2016) BRITISH introducing spatia
COLUMBIA/ heterogeneity in
Vancouver multivariate random
parameters models and
their influence on various
crash severity levels
(Cai, Abdet UNITED STATES / Linking micro-level and TC XX
Aty, Lee, et al., | FLORIDA / Orlando | macrelevel safety analyse
2019) based on spatial correlatiol
(Cai et al., UNITED STATES / | Analyzing the zonal effecty TC XX
2018) FLORIDA / Orange, on traffic safety for
Seminole, Osceola| segments and intersect®rn
counties
(Chiou & Fu, TAIWAN Examining crash frequenc] TC XX XX XX
2013) and crash sesrity
simultaneously
(Dai & UNITED STATES /| Examining the impacts of| P-V X
Jaworski, 2016)| GEORGIA / DeKalb| the built environment on
county pedestrian crashes
(Dai et al., UNITED STATES / Examining the relation P-v
2010) GEORGIA/ between specific built
Georgia State environment features and
University campus pedestrian crashes
(El-Basyouny & CANADA / Examining the TC XX
Sayed, 2009) BRITISH incorporation of spatial
COLUMBIA / effects in mdels of
Vancouver accident prediction
(Flahaut, 2004) BELGIUM Analyzing the impact of TC XX XX
road features and local
spatial environment othe
roadway safety
(Guerraetal., | UNITED STATES/ Examining the TC; XX XX
2019) PHILADELPHIA relationships aman P-v
neighborhood socio
demographic factors, urba
form, roadway features,
and traffic crashes
(F. Guoetal., | UNITED STATES/ Examining the safety TC XX XX
2010) FLORIDA / impacts of risk factors
Hillsborough, (e.g., geometric design
Orange counties characteristics, traffic
control, and traffic flow
features)

47




Table 2.6 (continued)

(H. Huang et | UNITED STATES /| Examining motor vehicle,| TC; XX
al., 2017) FLORIDA / bicycle, and pedestrian | V-V;
Hillsborough county| crash occurrences atban P-V;
intersections B-V
(Kaygisiz et al., TURKEY / Examining the effects of | TC; V- X XX
2017) ESKISEHIR the built environment on | V; P-V
traffic crashes in the
developing country contex|
(J. K. Kim et UNITED STATES /| Analyzing injury severity P-v XX X
al., 2010) NORTH of pedestriarvehicle
CAROLINA crashes
(Lee et al., UNITED STATES / | Modeling intersetion level TC; X XX
2017) FLORIDA crashes with diverse P-v;
macrolevel geographic B-V
unit data
(Miranda CANADA / Analyzing the influence of| P-V X XX
Moreno et al., QUEBEC/ built environment on
2011) Montreal pedestrian activity and
pedestriarvehicle crash
occurrence
(Morency et al., CANADA / Examining the impacts of| V-V; X XX
2012) QUEBEC / traffic volume and road V-M;
Montreal geometry on traffic injurieg  P-V;
concerning social B-V
inequality
(Moudon et al., | UNITED STATES / Examining the risk of pP-v XX
2008) WASHINGTON/ | occurrence of a pedestria
King county motor vehicle crash at a
specific point on a state
route
(Quistberget UNITED STATES / Evaluating the risk of pP-v XX
al., 2015) WASHINGTON / pedestrian crashes at
Seattle intersections and mid
blocks
(L. Wang et al.,,| UNITED STATES/ | Examining reatime crash TC X
2019) FLORIDA risk concerning
expressway ramps
(K. Xie et al., CHINA/ Examining corridoflevel TC XX
2013) SHANGHAI signalized intersection
safety
(K. Xie et al., CHINA/ Modeling crash frequencyy TC XX
2014) SHANGHAI considering the hierarchy
and spatial correlation of
close intersections
(S. Q. Xie etal,| CHINA/HONG Determining the potential| P-V XX
2018) KONG factors contributing to the
pedestrian crash
occurrences at signalized
intersections
(C-Y. Y. Yu, UNITED STATES / Analyzing multilevel P-v XX X
2015) TEXAS / Austin (road environment and
census tract) built
environmentstoncerning
severe injuries for
pedestrians
(C-Y.Yu & UNITED STATES / Examining school siting | V-V; XX
Zhu, 2016) TEXAS / Austin and surrounding built P-v

environments' impact on

moatorist and pedestrian

crash rates around publig
schools
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Table 2.6(Continued)

Study

Independent Variable(s)

Unit of

Analysis

Method / Modeling
Approach

Demographics

Density

Diversity

Design

Transit

Destination
Travel

(Alarifi et al.,
2017)

Corridor; Road
segments;

Intersections

Multilevel Poisson
Lognormal Joint Model (i)
with Corridor and Sub
Corridor Random Effects (ii)
with Corridor and Sub

Corridor Random Parametel

(Alarifi et al.,
2018)

Road segments

Intersections

13 Bayesian Hierarchical
PoissorLognormal Joint
Spatial Modelswith
AdjacencyBased,
AdjacencyRoute, Distance
Order, and DistaneBased

Spatial Weight Features

(Barua et al.,
2014)

Urban road

segments

Full Bayesian Poisson
Lognormal Univariate and
Multivariate Random
Parameters Models (i) with
Heterogenous Effects (ii)
with CAR Priors for Spatial
Heterogeneity (iii) with both

(Barua et al.,
2016)

Urban road

segments

Full Bayesian Poisson
Lognormal Multivariate
Randan Parameters Modelg
(i) with Heterogenous Effect:
(i) with CAR Priors for
Spatial Heterogeneity (iii)
with both

(Cai, AbdelAty,
Lee, et al.,, 2019)

Road segments

Intersections

Bayesian Spatial Crash

Frequency Model (i) &lon-

integrated Model for the
Macro-Level, (i) a Non

integrated Model for the
Micro-Level, and (iii) an

Integrated Model for both

Levels
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Table 2.6 (continued)

(Caietal, 2018)| X X

Road segments

Intersections

PoissorLognormalModels:
(i) Fixed Parameter
Univariate Model; (ii)
Grouped Random Paramete
Univariate Spatial Model;
(iif) Grouped Random
Parameter Univariate Spatig
Model with Zonal Factors;
(iv) Grouped Random
Parameter Multivariate
Spatial Model with Zonal
Factors

(Chiou & Fu,
2013)

Highway

segments

Multinomial Generalized
Poisson (MGPModel with
or without Error

Components; Nested

Generalized Poisson Model;

(Dai & Jaworski,
2016)

Road segments|

Network Kernel Density
Estimation (NKDE);
Bivariate Analysis and
Negative Binomial Modsl

(Dai et al., 2010)

Road segments

Intersections

Network-Based Kernel
Density Estimation (NKDE);
Network-Based KFunction

(El-Basyouny &
Sayed, 2009)

Urban road

segments

Full Bayesian Multivariate
Poisson Lognormal with ang
without CAR Prior; Full
Bayesian Multiple
Membership Model; Full
Bayesian Extended Multiple
Membership Model

(Flahaut, 2004)

Rural &
Highway

segments

Logistic Regression with ang
without Spatial
Autocorrelation

(Guerra et al.,
2019)

Road segment

Multilevel Negative

Binomial Models

(F. Guo et al.,
2010)

Intersections

Fixed Effects Bayesian
Poisson Regression; Fixed
and Mixed Effects Bayesian
Negative Bnomial
Regression; Spatial CAR
Prior Extended Poisson ang

Negative Binomial Models
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Table 2.6 (continued)

(H. Huang et aJ

Poisson Regression

(Univariate, Multivariate

X X Intersections )
2017) Lognormal and Spatial
Random Effects Models)
Binary Logit Models; Count
Data Regression Models
(Poisson Regression, Zero
(Kaygisiz et al., Inflated Poisson Regressior
Road segments o )
2017) NegativeBinomial
Regression, Zero Inflated
Negative Binomial
Regression)
(J. K. Kim et al., Individual . .
X Mixed Logit Model
2010) based
Mixed effects Negative
Binomial Models with
Micro-level Variables, with
. Micro-level and Macrdevel
(Lee et al., 2017)| X X Intersections ) . )
Variables and with Micro
level and Macrdevel
Variables with Random
Effects
Negative Binomial
Regression; Generalized
(MirandaMoreno . Negative Binomial
X Intersections .
etal., 2011) Regression; Latent Class
Negative Binomial
Regression
(Morency et al., . Multilevel Poisson
X X Intersections .
2012) Regression
(Moudon et al., ) . ) )
X X Points Binomial Logit Model
2008)
) Intersections ) )
(Quistberget al., ) Multilevel Mixed Effects
X X and midblock )
2015) . Poisson Models
locations
(L. Wang et al., ) o )
X X Ramps Bayesian Logistic Regssion
2019)
Hierarchical Bayesian
(K. Xie et al., Intersections; Negative Binomial
2013) Urban segmenty Regression (Basic, Randon

Parameterierarchical)
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Table 2.6 (continued)

Bayesian Negative Binomial
) ) Regression (Basic, Randon
(K. Xie et al., Intersections;
X X X Effect, Random Parameter,
2014) Urban segments . . ) .
Hierarchical, Hierarchical
CAR)
) Poisson Lognormal Model;
(S. Q. Xie etal., . )
2018) X X X Intersections Bayesian Measurement
Errors Model
(C-Y.Y. Yy, Multilevel Binomial Logistic
X X X X X X Road segment
2015) Model
(C-Y. Yu & Zhu, School parcel ) )
X X X X X X . Log-linear Regression
2016) location

Table2.7 Review on Built Environment antraffic Safety- Zonal Level

Study Case Study Aim Dependent Variable(s)
Location
Crash Crash Crash Crash
Type Severity | Count Rate
(M. AbdelAty UNITED Examining the impact of TC; XX XX
et al., 2013) STATES/ variables on crashes at P-v
FLORIDA / different geographic units
Hillsborough and
Pinellas counties
(Amoh-Gyimah AUSTRALIA / Examiring the effects of TC X XX
etal., 2017) MELBOURNE differences in spatial unitg
on unobserved
heterogeneity
(Bao et al., UNITED Examining the contribution TC XX XX
2018) STATES / NEW of the extraction of
YORK / variables from taxi GPS
Manhattan, the | data to spatially aggregate
Bronx, Brooklyn crashes in urban areas
and Queens
(Bao et al., UNITED Examining how to TC; XX
2017) STATES/LOS | consolidate human activity  V-V;
ANGELES information in spatial P-v
analysis of crashes in urbg
areas
(Cai, Abdel UNITED Examining exogenous TC; XX
Aty, & Lee, STATES/ factors that affect P-v;
2017) FLORIDA pedestrian and bicyclist B-V
crashes at the macroscop
level
(Cai, Abdet UNITED Identifying the best zonal TC; XX
Aty, Lee, et al., STATES/ system for macroscopic P-v;
2017) FLORIDA crash modeling B-V
(considering census tracts
statewide traffic analysis
zones, and traffic analysis|
districts)
(Cai, Abdel UNITED Examining the associatiof  TC XX
Aty, Lee, et al., STATES/ between the crash countd
2019) FLORIDA / of macrelevel and micre
Orlando level based on spatial
interaction
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Table 2.7 (continued)

(Cai, Abdet UNITED Developing a deep learnin TC XX
Aty, Sun, et al., STATES/ approach for predicting
2019) FLORIDA crasies with the high
resolution data
(Cai et al., UNITED Developing duaktate P-v; XX
2016) STATES/ models for pedestrian anq  B-V
FLORIDA bicycle crash frequency
analysis
(Chen, 2015) UNITED Analyzing the relationship| B-V XX
STATES / between built environmen
WASHINGTON/ | factors and motor vehicles
Seattle involved bicycle crashes
(Chen & Shen, UNITED Examining the effects of B-V XX XX
2016) STATES/ built environment factors
WASHINGTON / on automobilé@nvolved
Sedtle bicycle crashes considerin|
possible spatial
dependence among cras|
locations
(Chen & Shen, UNITED Examining the association| B-V XX XX
2019) STATES/ between the built
FLORIDA/ environment features and
Orlando, cyclist injury severity and
WASHINGTON / the spatial variabn of
Seattle, these associations amon
MINNESOTA / cities
Minneapolis
(Cho et al., UNITED Analyzing how perceived P-V; X XX
2009) STATES/ and actual crashrisk are| B-V
WASHINGTON associated with each othe
D.C./ considering the built
Montgomery environmental
county charactestics
(Clifton & UNITED Examining the reféon P-v XX XX
KreamerFults, STATES/ between the physical and
2007) MARYLAND / social attributes and the
Baltimore City pedestriarvehicle crashes
around the schools
(Clifton et al., UNITED Examining the effects of P-v XX
2009) STATES/ personal and
MARYLAND / environmental
Baltimore City characteristics on injury
severity of pedestridn
vehicle crashes
(Cottrill & UNITED Examining the relationshig  P-V X XX XX
Thakuriah, STATES/ between pedestriavehicle
2010) ILLINOIS / crashes and the aspects
Chicago areas with high minority
populations and lower
income
(Ding, Chen, et UNITED Analyzing the comparativg ~ P-V XX
al., 2018) STATES/ importance of built
WASHINGTON / | environment characteristic|
Seattle on automobilé@nvolved
pedestrian crashes by
considering their mutual
interaction and their nen
linear effects
(Dong et al., UNITED Evaluating the spatial TC XX
2015) STATES/ proximity effects by using
FLORIDA / complex and multi
Hillsborough dimensional spatial data i
county crash prediction
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Table 2.7 (continued)

(Dong et al., UNITED Evaluatng crash prediction TC XX
2014) STATES / models at traffic analysis
FLORIDA/ zones level with different
Hillsborough spatiatproximity structures
county
(Dumbaugh & UNITED Analyzing whether urban| V-V, XX
Li, 2011) STATES / crashes are the products P-v;
TEXAS / Bexar random error or whether B-V
county / San characteristics of the built
Antonio environment maynfluence
it
(Gomes et al., BRAZIL / Comparing local spatial TC X XX
2017) FORTALEZA models and global nen
spatial crash prediction
models
(Guerra et al., UNITED Examining the relation TC; XX XX
2019) STATES/ between neighborhood P-v
PHILADELPHIA characteristics (soai
demographics, urban form
roadway) and traffic safety
outcomes (traffic
collisions, injuries, and
fatalities)
(Q.Guoetal, | CHINA/HONG Examining the impacts of P-v X XX
2017) KONG road network patterns on
pedestrian safety
(Hadayeghi et CANADA / Predicting the number of TC X XX
al., 2003) ONTARIO / accidents in planning zong
Toronto as a function of zonal
features
(Hadayeghi et CANADA / Developing pnatlevel TC X XX
al., 2007) ONTARIO / crash prediction models
Toronto
(Hadayeghi et CANADA / Examining the spatial TC X XX
al., 2010) ONTARIO / variations in the
Toronto as®ciation between the
number of zonal crashes
and possible transportatio
planning predictors
(Huang, Wang, UNITED Examining the relationshig  TC XX
& Patton, 2018) STATES/ between the built
MICHIGAN / environment and vehicle
Wayne, Oakland crashes
and Macomb
counties
(Jang et al., UNITED Examining the relationshig  TC X XX
2017) STATES/ between the urban built
CALIFORNIA/ environment ad traffic
San Diego county| crash occurrences
(Jermprapai & UNITED Developing macroscopico|  P-V X XX
Srinivasan, STATES / planninglevel pedestrian
2014) FLORIDA safety models
(Jiang et al., UNITED Analyzing the feasibility of|  TC; X XX
2016) STATES / employing a random fores| P-V;
FLORIDA/ model for hot zone B-V
Orange, Seminole| identification at macro
Osceola counties level
(Ladrén de UNITED Forecasting crashes at th TC X XX
Guevara et al., STATES/ planning level
2004) ARIZONA/
Tucson
(LaScala et al., UNITED Investigating geographic P-v X X XX
2000) STATES/ correlates of pedestrian
CALIFORNIA / injury crashes through

San Francisco

spatal analysis
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Table 2.7 (continued)

(LaScala esl., UNITED Analyzing annual child P-v; XX
2004) STATES / pedestrian injury rates witl B-V
CALIFORNIA a focus on the contributior]
of schools to injury risk
(Lee & Abdel UNITED Analyzing bicycle safety aj B-V XX
Aty, 2018) STATES/ macrolevel
FLORIDA
(Lee et al., UNITED Developing a zonsystem TC XX
2014) STATES for traffic safety analysis a
macrolevel
(Lee, Abdel UNITED Developing multivariate V-V; XX
Aty, & Jiang, STATES crashmodels at the P-V;
2015) macroscopic level for B-V
crashes by different
transportation modes
(Lee, Abdel UNITED Determining hot zones for; V-V, XX
Aty, Choi, et STATES/ pedestrian safety P-V;
al,, 2015) FLORIDA B-V
(Loukaitow UNITED Examining the impacts of| P-V X XX
Sideris et al., STATES/LOS sociedemographic, urban
2007) ANGELES form, land use, density,
and traffic characteristics
on pedestrian crash rateg
(Lovegrove & CANADA / Developing a safety TC XX
Sayed, 2006) BRITISH planning decisiorsupport
COLUMBIA/ tool to faciltate a proactive
Greater approach to community
Vancouver planning
Regional District
(Lovegrove & CANADA / Analyzing the use of TC XX
Sayed, 2007) BRITISH macrolevel collision
COLUMBIA/ prediction models in a
Greater reactive safetgpplication
Vancouver
Regional District
(Lovegrove & CANADA / Employing macrdevel TC XX
Sayed, 2006) BRITISH collision prediction modelg
COLUMBIA/ in road safety planning
Greater applications
Vancouver
Regional District
(Lovegrove, CANADA / Developing and testing TC XX
Lim, & Sayed, BRITISH macrelevel collision
2010) COLUMBIA/ prediction models in a
Greater regional road safety
Vancouver planning application
Regional District
(Marshall & UNITED Examining the effect of TC XX
Garrick, 2011) STATES/ street and street network|
CALIFORNIA features on various crash
types
(Morency et al., CANADA / Examining the impacts of| V-V, XX
2012) QUEBEC / traffic volume and road V-M;
Montreal geometry on traffic injurieg  P-V;
concerning social B-V
inequality
(Narayanamoort UNITED Analyzing the traffic crash P-v; XX
hy et al., 2013) | STATES/NEW | related counts of bicyclist§ B-V
YORK/ and pedestrians by injury|
Manhattain severity
(Nashad et al., UNITED Macrolevel modelig of P-v; XX
2016) STATES / pedestrian and bicycle B-V
FLORIDA crashes
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Table 2.7 (continued)

(Noland & UNITED Examining the relations TC XX
Quddus, 2004a) KINGDOM / between areaide factors
ALL WARDS with traffic fatalities,
serious injuries, and slight
injuries
(Noland & UNITED Examining the impacts of| TC; XX
Quddus, 2005) KINGDOM / congestion on traffic safety P-V
LONDON
DISTRICTS
(Osama & CANADA / Examining the associatior]  P-V XX
Sayed, 2017) VANCOUVER between pedestriamehicle
crashes and several zong
characteristics
(Ouyang & UNITED Examining tke impacts of TC; XX
Bejleri, 2014) STATES/ built environment on P-V;
FLORIDA/ traffic crashes B-V
Miami-Dade
County
(Pirdavani et BELGIUM / Analyzing fatal and injury TC XX
al., 2014) FLANDERS crashes spatily by
employing geographically
weighted regression
(Rhee et al., SOUTH KOREA | Examining the distribution TC XX
2016) / SEOUL of traffic crash frequency
(Rothmaret al., CANADA/ Analyzing the influence of P-v XX
2014) TORONTO the built environment on
walking to school and chilg
pedestrian collisions
(Sahaetal., UNITED Examining the association =~ TC XX
2020) STATES / between built environmen
NORTH variables and crash
CAROLINA/ frequency, considering
Mecklenburg environmental mediating
county factors
(Ukkusuri et al., UNITED Analyzing the relation of P-v XX
2012) STATES / NEW land use and road design
YORK on pedestriasafety, and
the impacts of the spatial
aggregation level on
pedestrian crash frequenc|
(Y. Wang & UNITED Spatial analysis of P-v XX
Kockelman, STATES / pedestrian crash counts
2013) TEXAS / Travis across neighborhoods
county / Austin
(Wei & CANADA / Assessing the safety of B-V XX
Lovegrove, BRITISH cyclists by community
2013) COLUMBIA/ based, macrtevel
Central Okanagan| collision prediction models
Regional District
(Wier et al., UNITED Developing an arekevel P-v XX
2009) STATES/ regression modébr
CALIFORNIA/ vehiclepedestrian injury
San Francisco crashes
(Xie, Ozbay, & UNITED Analyzing the spatial TC XX
Yang, 2019) STATES /INEW autocorrelation of
YORK/ neighboring sites and the|
Manhattan correlation across differen
crash types
(P. Xu & UNITED Examining spatial TC XX
Huang, 2015) STATES/ heterogeneity in regional
FLORIDA / safety modeling
Hillsborough
county
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Table 2.7 (continued)

(P. Xu et al., UNITED Addressing the modifiable| TC XX
2018) STATES / areal unit problem
FLORIDA/ (MAUP) in safety analysis
Hillsborough
county
(P. Xu et al., UNITED Examining the spatially TC X XX
2017) STATES / differing relationships
FLORIDA / between crash frequency|
Hillsborough and risk factors
county
(Yasmin & CANADA / Examining factors B-V XX
Eluru, 2016) MONTREAL, affecting bicycle crashes g
TORONTO the Traffic Analysis Zone
(TAZ) level
(Yu & Xu, UNITED Investigating the influence  TC X XX
2018) STATES / of the built environment on
TEXAS / Austin crashes with different
injury severity levels
(Yu, 2014) UNITED Examining the influence of  P-V; XX
STATES/ income, ethnicity, and builf  B-V
TEXAS / Austin environmental features or|
the proportions of workers
who walk/bke and on
pedestrian/cyclist crash
rates
(Zhai et al., UNITED Examining the effects of TC X XX
2019) STATES/ zonal configurations on
FLORIDA / macrelevel traffic safety
Hillsborough analysis for crashes of
county various severityevels
Table 2.7(Continued)
Study Independent Variable(s) Unit of Analysis Method / Modeling
Approach
8
|,
g1 2|2 |5|%8|=2|%
E1 5|51 8| | 8=
[a} a} a [a} = a [
(M. Abdet X X X X TAZ; CT; BG Bayesian Multivariate
Aty et al., Poisson Lognormal
2013) Regression
(Amoh- X X X X X SA1; SA2; TAZ; | Randm Parameter Negative
Gyimah et al., SED; POA,; Binomial Model; Semi
2017) GRID parametric Poisson GWR
(Bao et al., X X X X X X ZIP Code Geographically Weighted
2018) Tabulation Areas| Poisson Regression (GWPR
(ZCTA) Latent Dirichlet Allocation
(Bao et al., X X X X X TAZ Geographically Weighted
2017) Regression (GWR)
(Cai, Abdet X X X | X X X Traffic Analysis | BayesiarNegative Binomial
Aty, & Lee, Districts (TAD) Regression; Bayesian Logif]
2017) Regression Model; Bayesial
Joint Mode] Elasticity
Analysis
(Cai, Abdet X X X X X CT; TAZ;, TAD PoissoAlognormal Models;
Aty, Lee, et with and without
al., 2017) Consideration of Spatial
Autocorrelation
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Table 2.7 (continued)

(Cai, Abdet X X X X TAD Bayesian Spatial Crash
Aty, Lee, et Frequency Model (i) Non
al., 2019) integrated Models for the
Macro-and Microlevel, (i)
an Integrated Model for botH
Macro and Micrelevels
(Cai, Abdet X X X GRID Deep Learnindirchitecture
Aty, Sun, et of a Convolutional Neural
al., 2019) Network (CNN)
(Cai et al., X X X X TAZ Negative Binomial Spatial
2016) and Nonspatial Models
(Basic, Zereinflated, and
Hurdle)
(Chen, 2015)| X X X X TAZ Poisson Lognormal Randon
Effects Model Using
Hierarchal Bayesian
Estimation
(Chen & X X X TAZ (crash Generalized Ordered Logit
Shen, 2016) based analysis, Model and a Generalized
but the BE Additive Model
factors of
associated TAZ
are used)
(Chen & X X X X BG (crashbased | Generalized Ordered Logit
Shen, 2019) analysis, but the Model
BE factors of
associated BG
are used)
(Cho et al., X X Community Exploratory Factor Analysis;
2009) Analysis Zones Path Analysis
(CAZs)
(Clifton & X X X BG Multivariate Regression
Kreamer
Fults, 2007)
(Clifton etal., | X X X BG (crashbased | Generalized Ordered Probit
2009) analysis, but the Model
BE factors of
associated BG
are used)
(Cottrill & X X X Environmental Poisson Regression with
Thakuriah, Justice Areas Heterogeneity
2010) (EJ); CT
(Ding, Chen, X X X TAZ Multiple Additive Poisson
etal., 2018) Regression Trees (MAPRT
Model
(Dongetal, | X X X TAZ Support Vector Machine with
2015) Correlationbased Feature
Selector; Bayesian
Multivariate Poisson
Lognormal with CARPrior
(Dongetal, | X X X TAZ Bayesian Multivariate
2014) Poisson Lognormal with
CAR Prior Regression for
Boundary and Notboundary
Area Models
(Dumbaugh X X X X BG Negative Binomial
& Li, 2011) Regression
(Gomes etal.,,| X X X TAZ Negative Binomial
2017) Regression; Poisson GWR
Negative Binomial GWR
(Guerraetal.,| X X X X CT Multilevel Negative
2019) Binomial Models
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Table 2.7 (continued)

(Q. Guo et X X X X TAZ Poisson Lognormal
al., 2017) Regression; Bayesian
Poisson Lognormal with
CAR Prior Regression with
Contiguity, Geometry
Centroid Distancend Road
Network Connectivity
(Hadayeghi et| X X X TAZ GWR; Negative Binomial
al., 2003) Regression
(Hadayeghi et| X X X X TAZ Generalized Linear Modeling
al., 2007) (GLM)
(Hadayeghi et| X X X X TAZ Geographically Weighted
al., 2010) Poisson Regression (GWPR|
Negative Binomial
Regression; Poisson
Regression
(Huang, X X X BG Geographically Weighted
Wang, & Regression (GWR)
Patton, 2018)
(Jangetal., | X X X X TAZ Multi-level Poisson
2017) Regression
(Jermprapai | X X X BG Negative Binomial
& Srinivasan, Regression
2014)
(Jiangetal,, | X X X X TAZ Random Forest Models
2016) (CART trees); Wilcoxon
Tests
(Ladrén de X X X X TAZ Negative Binomial
Guevara et Regression; Simultaneous
al., 2004) Equation Estimation
(LaScalaet | X X X CT Spatial Autocorrelation
al., 2000) Regression Lodinear Model
(LaScalaet | X X X Geographic units|  Linear Regression Models
al., 2004)
(Lee & X X X X ZIP Bayesian Poisson Lognorma
Abdel-Aty, CAR Models
2018)
(Leeetal., X X X X TSAZ; TAZ Bayesian Multivariate
2014) Poisson Lognormal
Regression
(Lee, Abdel X X X X TAZ Univariate and Multivariate
Aty, & Jiang, Bayesian Paison Lognormal
2015) with CAR Prior Regression
(Lee, Abdel X X X X ZIP Bayesian Poisson Lognorma
Aty, Choi, et Simultaneous Equations
al,, 2015) Spatial Error Model
(Loukaitow X X X X CT OLS regression
Sideris et al.,
2007)
(Lovegrove & | X X X Neighborhood Groups of Macrolevel Crash
Sayed, 2006) TAZ Prediction Models using
GLMs (Negative Binomial
Error Structure)
(Lovegrove & | X X X Neighborhood Groups of Macrolevel Crash
Sayed, 2007) TAZ Prediction Models using
GLMs
(Lovegrove & | X X X Neighborhood Groups of Macrolevel Crash
Sayed, 2006) TAZ Prediction Models using
GLMs; Beforeafteranalysis
(Lovegrove, X X X TAZ Groups of Collision
Lim, & Prediction GLMs; Modified

Sayed, 2010)

T-Tests
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Table 2.7 (continued)

(Marshall & X X X X BG Negative Binomial
Garrick, Regression
2011)
(Morency et | X X X CT Multilevel Poisson
al., 2012) Regression
(Narayanamo| X X X X CT Customized Generalized
orthy et al., OrderedResponse Spatial
2013) Multivariate Count Model
(Nashad et | X X X statewide TAZ Negative Binomial
al., 2016) Regression (Copulbased)
(Noland& X X X X Census Ward Negative Binomial
Quddus, Regression
2004a)
(Noland & X X Enumeration Negative Binomial
Quddus, District Regression; ANOVA
2005)
(Osama & X X X TAZ Negative Binomial
Sayed, 2017) Generalized Linear
Regression; Full Bayes with
Spatial Effects
(Ouyang & X X BG Negative Binomial
Bejleri, 2014) Regression
(Pirdavaniet | X X X TAZ Moran's I; Geographically
al., 2014) Weighted GLM; Negative
Binomial Regression
(Rheeetal, | X X X TAZ OLS Regression; Spatitdg
2016) Regressin; Spatial Error
Regression; Poisson GWR
(Rothmanet | X X X School NegativeBinomial
al., 2014) attendance Regression
boundaries
(Sahaetal., | X X X BG Bayesian CAR Modeling
2020)
(Ukkusuriet | X X CT| zIP Negative Binomial
al., 2012) Regression; Negative
Binomial Regression with
Heterogeneity in Dispersn
Parameter; Zerinflated
Negative Binomial
Regression
(Y. Wang & X X X X CT; Thiessen Multivariate Poisson
Kockelman, polygons Lognormal Regression with
2013) and without CAR Priors
(Wei & X X X TAZ Negative Binomial
Lovegrove, Macrolevel Crash Predictior]
2013) Models
(Wier et al., X X X CT Log-linear Multivariate OLS
2009) Regression Model
(Xie, Ozlay, X X X CT PoissorRGamma (PG)
& Yang, Model; Univariate
2019) Conditional Autoregressive
(UCAR) Model; Multivariate
Conditional Autoregressive
(MVCAR) Model
(P. Xu & X X X TAZ Negative Binomial
Huang, 2015) Regression; Bayesian
Negative Binomial Model
with CAR Prior; Random
Parameter Negative Binomig
Model; SemiParametric
Poisson GWR
(P.Xuetal, | X X X BG; CT,; TAZ; Bayesian Negative Binomial
2018) ZIP Model with CAR Prior
(P.Xuetal, | X X X TAZ Bayesian Spatially Varying
2017) Coefficients Model
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Table 2.7 (continued)

(Yasmin & X X X | X X X TAZ Poisson Regression; Negati
Eluru, 2016) Binomial Regression (Basic|
and Latent Segmentation)
(Yu & Xu, X X X X | X X X BG; CT; TAZ Negative Binomial
2018) Regression; Geographically
Weighted Negative Binomial
Regression (GWNBR)
(Yu, 2014) X X X X | X X CT Path Models
(Zhai et al., X X X X BG; TAZ; CT,; Bayesian Poissehognormal
2019) ZIP Models with Multivariate
CAR Priors

Table2.8 Review on Built Environment and Traffic SafetiRegional Level

Study Case Study Aim Dependent Variable(s)
Location
Crash Crash Crash Crash
Type Severity Count Rate
(Bishai et al., 41 Investigating the reasons forthg TC XX XX
2006) COUNTRIES | increasen traffic fatalities with
GDP per capita in lowencome
countries and decrease with GD|
per capita in higheincome
countries
(Erdogan, 2009)) TURKEY Analyzing the provincial TC XX XX
differences in traffic accidents
and roadway mortality
(Ewing, UNITED Evaluating the relationship TC XX XX
Hamidi, & STATES/ between urban sprawl and the
Grace, 2016) ALL rates of trafft crashes
STATES
(Ewing, UNITED Analyzing the relation between| TC; P X X XX
Schieber, et al.,,| STATES/ urban sprawl and traffic fatalites VvV
2003) 448 US
Counties
(Flask & UNITED Examining he multilevel spatial MC X XX
Schneider, STATES/ correlation in motorcycle crashe
2013) OHIO
(Han et al., UNITED Analyzing the variations in the TC X XX
2018) STATES/ impact of roadevel factors on
FLORIDA crash frequency for diverse
regions
(H. Huang et UNITED Estimating countyevel crash risk| TC X XX X
al., 2010) STATES/ differences by controlling for
FLORIDA exposure variables, i.e., daily
vehicle miles traveled (DVMT)
and population
(Jang et al., UNITED Examining the relation between  TC X XX
2017) STATES/ urban built environment and
CALIFORNI traffic crashes
A/ San Diego
county
(LaScala et al., UNITED Examining the relationship P-v X X XX
2001) STATES / between neighborhood
CALIFORNI characteristics (including alcoho
A availability and alcohol
corsumption patterns) and
pedestrian injury crashes
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Table 2.8 (continued)

(Lee et al., UNITED Modeling intersection crashes | TC; P X XX
2017) STATES / V; B-V
FLORIDA
(Lee et al., UNITED Generating trip and safety mode| P-V; X XX
2018) STATES in one structure at the same tim| B-V
(Lee, Abdel ITALY, Examining the international TC;, P X XX
Aty, de Blasiis, UNITED transferability of safety V; B-V
et al., 2019) STATES performance functions (SPFs) fq
theUSA and for Iltaly
(Lee, Abdel UNITED Combining the walking exposurg  P-V X XX
Aty, Huang, et | STATES / US analysis and pedestrian crash
al., 2019) Metropolitan analysis
Areas
(Zhenning Li et UNITED Distinguishing unobserved TC X XX
al., 2019) STATES/ heterogeneity generated from
IDAHO multiple sources for impaired
driving crashes
(Zhibin Li et al., UNITED Examiningthe spatial TC X XX
2013) STATES/ heterogeneity in the relationshiy
CALIFORNI between crash counts and
A explanatory variables across
counties
(Moeinaddini et| 20 CITIES Analyzing the association TC X XX
al., 2014) WORLDWID between streatetwork factors
E with traffic crashes and fatalitieg
at city level
(Najaf et al., UNITED Examining the impacts of urban TC; V- X XX
2018) STATES/ form on traffic safety at city level V; P-V
100 Major
Urban Areas
(Noland & Oh, UNITED Examining whether several TC X XX
2004) STATES/ changes in road network
ILLINOIS infrastructure and geometric
design can be related to change
in road fatalities and accidents
(Noland & UNITED Analyzing pedestrian and bicycl{ P-V; X XX
Quddus, 2004b)| KINGDOM / casualties at the regional level| B-V
11
STATISTICA
L REGIONS
(Renne & UNITED Analyzing possible changesinth  TC X XX
Tolford, 2018) STATES/ growth of vehicle miles traveled
LOUISIANA (VMT) and related traffic safety
/ Baton outcomes
Rouge, New
Orleans
Table 2.8(Continued)
Study IndependentVariable(s) Unit of Method / Modeling Approach
Analysis
8
g 5
> > 2 c = fs —
Sl | 5| 2|2|&5|¢C
| | 2|8| 8| 8| &
a|lo|la|laol|lr|aolr
(Bishaietal.,, | X X Country OLS; Fixed Effects Model; Random
2006) Effects Model
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Table 2.8 (continued)

(Erdogan, X X Provinces Moran's | and Geary's ¢ Values, Z and G
2009) statistics; Geographically Weighted
Regression (GWR)
(Ewing, X County Structural Equation Modeling (SEM)
Hamidi, &
Grace, 2016)
(Ewing, X County Principal Component Analysis; Regressior]
Schieber, et al., Analysis
2003)
(Flask & X X County; Bayesian Negative Binomial Regression wit
Schneider, Township Mixed Effects
2013)
(Han et al., X County Bayesian Hierarchical Random Paramete
2018) Model; Bayesian Hierarchical Random
Intercept Model; Bayesian Poisson Lognorrm|
Model
(H.Huanget | X X County Bayesian Spatial CAR Priors Regression
al., 2010)
(Jangetal., | X X City Multi-level Poisson Regression
2017)
(LaScalaetal.,| X Communities | Spatial Autocorrelation Regression L-tigear
2001) Model
(Lee et al., X X County; Mixed Effects Negative Binomial Models
2017) County with: (i) Micro-level Variables, (ii) Micre
Division Macro-level Variables (iii) Micre and Macre
level Variables with Randof&ffects
(Lee et al., X X Metropolitan Bayesian Integrated and Namtegrated
2018) areas Bivariate Models
(Lee, Abdel X County; Negative Binomial Regression; Calibration
Aty, de Blasiis, Provincia factors; Transferability Indices
et al., 209)
(Lee, Abdel X Metropolitan Multiple Linear Regression Model Integrate
Aty, Huang, et areas in a Poisson Lognormal Model
al., 2019)
(Zhenning Liet| X X County Hierarchical Bayesian Random Parameter|
al,, 2019) Models
(Zhibin Li et X X County Negative Binomial Regression;
al., 2013) Geographically Weighted Poisson Regressi
GWPR
(Moeinaddini et X City Gammadistributed GLM
al., 2014)
(Najafetal.,, | X X Urban Areas Factor Analysis (FA); Structural Equation
2018) Modeling (SEM)
(Noland & Oh, | X X County Negative Binomial Panel Regression
2004)
(Noland & X X Statistical Fixed Effects Negative Binomial Regressio
Quddus, regions
2004b)
(Renne & X X Metropolitan Structural Equation Modeling (SEM)

Tolford, 2018)

Area
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2.3 Summary

According to this review, most studiexamined the relationship between traffic
safety and the urban built environment. Definition of the built environment is not
crystal clear, and the variables defining the built environmentfram one study

to another. Even in the broadest built envirentrdefinition (by using Evariables),
related variables may change. Therefore, selecting the built environment variables is

a paramount concern, which is one of this study's aims.

In terms of the unit of analysis, most studies considered zonal levdilearralated

to data availability and aims of those studies. The majority of the studies examined
cases from developed countries (especially from the US), mainly due to the
mentioned data availability issue, compared to the developing countries. Thus,
studying developed country cases would be desirable due to the data concerns and
the availability of comparable results. On the other hand, there is more to do for
developing countries. The contribution of developing country cases would be
valuable in terms oflata availability. Data collection and sharing are expensive
processes. With limited resources, it is essential to know which data is more critical
and should be collected. Thus, an evaluation scheme would be developed using
developed and developing conntases. For this purpose, the examination of the
relation between the built environme(BE) and traffic safety(TS) would be

informative.

In terms of traffic safety variables (the dependent variables), several studies analyzed
alternative types of crash, but most of the studies analyzed a single crash type, e.g.,
total crashes. A few studies directly estimated severity level in their asalys
severity was usually employed as a filter to select the crashetypefatal vulnerable

road user involvedrashesTherefore, examining the crashes by severity would be a

viable alternative.

To conclude, due to the mentioned aspects throughelitdrature review chapter,

this study focuses on determining the essential built environment factors associated
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with traffic safety (defined by varying crash typologies) at a macroscopic Teeel.
crashes are categorized according to severity and involvement. In addition to the
factor significance determined by regression models, factor consistency is
considered impdant. Thus, an iterative algorithm is proposed to trace factor
behavior throughout the solutiofihe cases are mainly from the developed county
context (i.e., the United States). In determining the value of information, a Turkish

case is used as a devalapcountry context.

In the next chapter, the methodology of this study is presented in detail.
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CHAPTER 3

METHODOLOGY

This section presents the methodology applied in this study in detail. Firstly, the aim
and research objectives gmesented. Then the methodological frame is introduced.

Finally, the case study areas are presented.

3.1  Aim of the Study and Research Questions

In the previous chapters, three salient and widely studied relationships were
presented:

1 The relationship betweehe built environment and travel (BB
1 The relationship between travel and traffic safetf §)

1 The relationship between the built environment and traffic safety
(BE-TS)

The relationship between travel and traffic safety is the most straightforwardl Trave
increases the exposure for all types of road users. High exposure bears a higher risk
of traffic crashes, even in the safest urban environment and modes. The other
relationships are not as straightforward as theTBHhere are mixed results
regarding tle impacts of the built environment on travel (demand) and traffic safety.
The built environment impacts the travel demand, and both travel demand and built
environment impact traffic safety. Therefore, this study focuses on the relationship
between the bitienvironment and traffic safety (BES) since the travel variables

could also be evaluated under the built environment dimensions, and more variables

could be considered together.

67



Depending on this context, the main aim of this study is to analyzeldtiemship
between the built environment and traffic safety. The following objectives are

organized according to this aim:

The first objective is trying to figure out which built environment factors have
significant associations with traffic crashes. Theahd objective is to contribute to

the literature regarding the findings of the stated relationship. Thirdly, while
analyzing the relationship between the built environment and traffic safety, this study
seeks to develop a generalizable methodology ttuateadifferent relationships in
various contexts. The final objective is to provide an evaluation scheme for the value
of information (data) available in some cases but not in others (i.e., developed

country cases vs. developing country cases).

Dependingn the presented objectives of this study, the following research questions

are formulated to reach a conclusive frame:
RQ1) Which built environment factors are related to traffic crashes?

RQ2) Are the relationships between the built environment factors and
varying types of crashes consistent (e.g., are the factors associated
with fatal crashes similar to the aspects related to property damage
only [PDO] crashes)?

RQ3) Do the built environment factors affect varying types of crashes in the
same way (e.g., whether the asations are consistently positive or

negative)?
RQ4) Are there any similarities or differences among varying study areas?

RQ5) Are there any similarities or differences between the findings of this

study and the findings in the literature?

RQ6) Could there be generalizable relationship pattern among the built

environment factors and traffic safety?
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3.2  Methodology

As stated in the aims, while analyzing the relationship between the built environment

and traffic safety, this study tries to propose a generalizableooh@bgy as follows:
o Extraction and classification of geospatial data

0 Reducing the number of variables/dimensions through statistical

analyses to reach a core set of variables/dimensions

0 Applying a metaheuristics method (tabsearch) to come up with the
best subset of variables/dimensions explaining the variability in

dependenvariables

o Evaluation of the results and comparing them with the findings of the

similar studies

The general scheme of this methodological process is given in Figure 3.1.

4 N N N/ )
DATA
EXTRACTION DIMENSION SUBSET EVALUATION OF
AND REDUCTION SELECTION THE RESULTS
CLASSIFICATION
\ N\ AN ANG /

Figure3.1. Proposed Methodological Process
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3.2.1 Extraction and classification of geospatial data

MerriamWebster dictionary defines geospatial @sonsisting of, derived from, or
relating to data that is directly linkéaol specific geographical locatian@iGeospatial

| Definition of Geospatial by MerriasWebsterp n.d.). Thus, geospatial data has a
geographic component, providing information about the location such as
coordinates, address, postal code, city, and couififyhat is the Difference

Between GIS and Geospatial&IS Loungepn.d.).

Both crash and built environment data are geospatial. While doing a spatial analysis
for crashes, it is essential to know where those accidents happen. For example,
crashes usuallpccur at intersections or road segments, and the determination of
crashfhot spoté on a given road requires spatial information about the accidents.
Having spatial information is also valid for the built environment
features/characteristics. Since most of the built environment data is geospatial, this
data is prepared with spatial refaces or geocoded later on and presented
concerning the geographic unit such as census blocks, block groups, tracts, counties,

or states in the US, and neighborhoods, districts, provinces, or regions in Turkey.

The spatial references are required in getslpdata analysis. This requirement is
twofold first; as mentioned above, the data must be related to a geographic unit; thus,
the first requirement is related to the data generation. The second part is associated
with the analysis. In spatial studiescBlas examining the relationship between the
built environment and traffic safety, it is central to decide on the unit of analysis,
e.g., household, road segment, zone, or region. For example, a block group's office
space density can be calculated by digdhe total office space in that block group

by this block group's surface area. The resulting density profile is then assigned to
the respective block group and its spatial reference. If all the data is available in the
same unit of analysis, and this the desired unit of analysis, it is convenient to

proceed based on this analysis unit.
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However, if all the data is not available in the same unit of analysis or the desired
unit of analysis is not available, some conversion/assignment is required. This
conversion would be an aggregation or a disaggregation method according to the
spatial features of the data. For example, in terms of aggregation, the individual
crashes aggregated to intersections for intersection level study. In Figure 3.2,

possible levetlifferences and conversion types are exemplified.

s N s N
CRASH DATA [ uNITOFANALYSIS | BUILT ENVIRONMENT
DATA
\ J N J
‘/—‘\ Va
CRASH LEVEL ‘ N—
e CRASH LEVEL
. \.
- N
INTERSECTION / INTERSECTION /
ROAD SEGMENT ROAD SEGMENT
LEVEL LEVEL DATA
£ B
|
S ZONAL LEVEL
ZONAL LEVEL ALL
N J
7 ~

— Same level

\}
REGIONAL LEVEL

- Aggregation AT

= = = =» Disaggregation

Figure3.2. Possible Geographic Unit of Analyses and Conversion

For example, for an intersection/road segriEged analysis, the built environment
features around the intersections/road segments should be assigned to the respective
intersections/road segments. This assignment could be done by applying a buffer

zone aound each intersection/road segment or directly assigning the neighboring
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units (area, neighborhood, block group). For exam@leen and Shen (2016)
assigned the related TAZ's employment density and the land use mix within 50 m
buffers of crash site€hen and Shen (2018¥ssigned population and employment
densities of the related block groups and the length of bike lanes within a buffer of
50 feet to the crashes, a@tifton et al. (2009used a quartemile buffer to assign

block group propertieotcrashes (see Figure 3.3). Moreover, for any study, except
crashbased ones, crash data should be extracted systematically, e.g., counting the
number of crashes within a buffer zone of an intersection would be a method for an
intersection level analysisTwo main crash data extraction techniques, crash
frequency calculation and crash density estimation technignésheir assignments

to spatial units, will be discussed next.

Figure3.3. ¥ Mile BufferZone Defined for Each Crash (Clifton et al. [2009])
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3.2.1.1 Crash frequency

AiSubstantive safedys the term used for the actual or expected traffic safety. It could
be quantified and operationalized by i) crash frequency, ii) crash rate, iii) crash type
(e.g., véicle, pedestrian, motorcycle), and iv) crash severity (e.g., fatal,
incapacitating, nonincapacitating, and property damage only). Crash frequency is the
count of crashes at a given intersection or road segment for a specified period of
time. The crash ratis the normalized frequency to take exposure into account, where
measures of exposure could be vehicle miles traveled (VMT), average daily traffic
(ADT), or annual average daily traffic (AADTJederal Highway Administration,
n.d-b).

Crash frequency is a simpteetric to operate with, while there are other methods to
guantify crashes, such as determining property damage only equivalent to each more
severe crash. Additionally, if the aim is to differentiate severity levels or crash types,
frequency is proper. Aceding to the review section presented in Chapter 2, crash
frequency is the most common traffic safety indicator.

After determining the indicator to use, this indicator should be assigned to the
geographic unit of analysis. For example, suppose the uanalsis is the road
segment. In that case, the number of crashes that happened at each road segment
during a specific time period is summed and assigned to the respective segment.
Most crashes happen at roads, so it is easier to assign crashes to selgmemt
assignment method should be developed for areal units. This assignment method is
required because the boundaries of most geographic units are roads. It is
straightforward to assign the crashes within the geographic units and calculate the
crash fequencies (i.e., by summing up), but the boundaries' crashes should also be
assigned. The most common method is proposing a buffer zone around the
geographic unit and assigning the crashes according to the buffer zones. There are
two decisions to make fainis method: i) the depth of the buffer zone and ii) whether

to assign an occurrence to a single or several geographic units.
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For the first decision, there is no valid for all value used in all studiestt 20@
shared buffer depth used Bymbaugh and Li (2011), Dumbaugh and Rae (2009),
Dumbaugh, Rae and Wunneberger (2011), Ouyang and Bejleri (&x18)ock
groups and Zhai, Huang, Xu and Sze (2018)r TAZs. Other studies employed
different buffer depths, e.gqjuang, Wang, and Patton (2018)ed a 50 m buffer
around each block group, a@di, AbdelAty, Lee, and Huang (2019)sed a 250 ft
buffer around traffic analysis districts (TADAn example is given in Figure 3.4, in
which a 200 ft buffer is applied to a block group border in Leon County, Florida.
The crashes within the buffer zone are assigned to this block groupashée

crashes out of the buffer zone (encircled with red) are not assigned.
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© OpenSteethitap fand) contritutors CCBY-S

Figure3.4. Crash Assignment by Applying a Buffer Zone (produced by the author)
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For the second decision, either the crashiisdanto conflicting buffer zones are
counted for each conflicting zonal urfDumbaugh et al., 2011; Y. Huang et al.,
2018; Ouyang & Bejleri, 2014dr eaclcrash is assigned to a single zonal (®&ha

et al., 2020) Though all the studies considered that adjacent areal units influence

crashes, the latter approach was mainly proposed to eliminate overcounting crashes.

This study's approach is to apply a 125m buffer around block groups and assign each
crash to all mdck groups within the buffer distandeaving abuffer distancehatis

higher than the interstate road widihd countingthe crashes fomultiple block
groupsareselectedo keep all the block groups nearby responsible for each crash.
These assumptiongould inflate the crashes at the city centers due to the smaller
block groupsizes; however, those parts of the cities are more problematic in terms
of the activity concentration and the number of crashes. Thus, the mentioned

emphasis is kept on purpose.

3.2.1.2 Crash density

Other than the crash frequency/rate, crash density is a measure of crashes that could
be employed in crash analysis. Crash density is the crash count during a period per
unit area and is mostly used to determine crésbtspot Identification of
concentrations or hotspots is salient in the detection ofisgHocations at which

some incidents such as crimes, diseases, and crashes frequently octinots@ot
analysi® has been widely employed in criffimcused studies for directing the
security forces and focusing police patrol routes around the specific locations
determined in these analyses, in similar fashion addressing issues related to public
health(Deepika & Saradha, 2014; Hart & Zandbergen, 2014; Kloog et al., 2009)

In the crash frequency case, the crashes were assigned to respective geographic units.
A similar methodology could be applied to the crash density case. After the crash
assignment, the geographic unit area could be used to calculate crash densities per

unit area. There is another method to employ; creation of particular boundaries,
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calculating densities to those boundaries and then assigning to the geographic units.
There are two standatmbundary creation techniques: creating Thiessen Polygons
(Voronoi diggram/tessellations) and the other is creating grid cells. According to
Bolstad (2012 cited irQuistberg etal., 2017, the Voronoi diagram is a spatial
interpolation technique that allocates spatial areas around a given set of points
proportionally, such that all possible locations in a cell is nearer to that cell than the
other cells. For exampl&Vang and Kockelman (2013juilt Thiessen Polygons
around each census tract centroids (see Figura)3.5

The grid cell structure is another method to distribute and analyze crashes. The grid
system can also be used as a geographic unit of analysis (other than the zonal and
regiond units described in the previous chapter). Various studies have been
conducted based on grids. For exampgle), Made Brunner, Yamashita, Brunner

and Yamashita (2006)eveloped a uniform grid structure consisting of 0.1 mile
squared grids texplore the impact of built environment characteristics such as land
use and demographics on crashé@m, Pant, and Yamashita (20103ed a similar

grid structure to examine thmpact of land use and demographics on crashes and
accessibility.Cai, AbdelAty, Lee, and Eluru (2017eveloped various grids sizes
from 1 milesquare to 100 milesquare and compared thewmith zonal systems
(census tract, traffic analysis zones, and traffic analysis districts) for crash prediction
(see Figure 3-b).
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:] Travis Tracls

i Thiessens

Figure3.5. (a) Thiessen Polygons Applied to Census Traciti©gl in Travis
County(Y. Wang & Kockelman, 2013)) 10x10 miles Grid Structure Applied to
Florida(Cai, AbdetAty, Lee, et al., 2017)

For density calculation purposes, the grid structure is preferred to create a uniform
base. This base is used in Kernel Density Estimation (KDE), which is & non
parametric method to estimate the probability density function (pdf) of a random
variable, whit is incidence points (crash points in this study). Thus, spatially
distributed point data is used to create density surfaces usingBtDiEsdon, 1995)

KDE analysis creates a density network having high anediemsity spotgUlak et

al., 2017)

The purpose of implementing KDE is to estimate the shape of the density function
of an independent and identically distributed sample from an unknown distribution.
The kernel density estimator of this density function is giveeqgumation (1) as

follows:
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Where"Q w is density estimation at positi@n € is the number of observatiori€

is the bandwidth or smoothing parameter8 is the kernel functione is the
position of the ' observation. There are various kernel functions, such as uniform
and normal, for estimating kernel densities. However, the kernel function's choice
does not significantly affect the density estimation compared to the effect of
bandwidh selection. The density function's shape is essentially defined by the
bandwidth selection rather than the kernel funcfldiak, 2018)

For an urban network, bandwidths between 50 meters to 300 meters are considered
appropriatgSteenberghen et al., 2010; Z. Xie & Yan, 2048 cited in Ulak et al.

2017. For rural regions, a bandwidth of 1000 meters is appropitdéequez &

Celis, 2013)In this study, a bandwidth of 300 meters \applied, which was cited

as appropriate in Bmrmer studywith a similar context. In this former studspatial
analysis of aging population involved crastvesre done for case studies from
Escambia, Leonand Bay counties, Florida, the YBlak et al., 2017)The study

also mentioned that ontenth of the bandwidth is appropriate for the weildith

(Okabe and Sugihara, 20185 cited in Ulak et al2017) Therefore, the cell width

is selected as 30 metefsnetenth of 300 meters)After the density surface is
created, density values could be assigned to the desired spatial unit, such as block
groups.Moreover, as in the casé crashfrequency ¢oun) assignment, to generate
emphasized crash estimatastal kernel density figures are usiedthe regression

modelsas dependent variables

After the preparation of independent and dependent variables, dimension reduction,
subsetelection and evaluation stages follow, depicted in Figure 3.6 and described

in thefollowing sections.
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3.2.2 Dimension reduction

In statistical analyses, each variable in the model constitutes a dimension in the
solution space. For the studies considering many variables, thus many dimensions,
there would be problematic instances due to those variables' relations. For example,
in a regression analysis, the main aims are to develop the best relational model whose
independent variables can explain the maximum variability in the dependent variable
and estimate the outcomes for unobserved instances with minimum error. If the
independent ariables are correlated, their contributions are disputable. In some
cases, variables become redundant since these variables are linear combinations of
other variables, known as singularity; and in some other cases, they are strongly

correlated, known as uiticollinearity (Tabachnick & Fidell, 2007)

Tabachnick and Fidel (2007) define correlationiitee measure of the size and
direction of the linear relationship between the two variablss, it is used to
guantify the association between variables. Suppose there is a positive correlation
between two variables; an increase in one variable's values is associated with an
increasen the other variable's values. However, if there is a negative correlation
between two variables, an increase in one variable associate with a decrease in the
other variable. The mostly used correlation coefficient, Pearson prouument
correlation cofficient, can be calculated by the following equat{@abachnick &

Fidell, 2007)

OUBOw Bw Bw

0Bw Bw O0Bw Bw

Where N is the number of observations, X is the vector of one variable, Y is the other
variable vector. The value of r is in the interval -df, 1], where 1 is associated with
perfect positive correlation, antl isassociated with the perfect negative correlation,

while O represents no correlation.
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If the correlation between variables is too strong, the problem of multicollinearity
occurs. According t®ohoo, Ducrot, Fourichon, Donald, and Hurnik (19@nd
Tabachnick and Fidel (2007), for the cases with absolute correlation coefficients over
0.9, multicollinearity is almost undisputed to be a problem. However, there is no
definite minimum level to consider multicollinearity. For examplé/Nang, Abdel

Aty, Lee and Shi (20)%eliminated one of the two variables that have an absolute
correlation coefficient higher than Q8moh-Gyimah, Saberi, and Sarvi (2016), and
Wen, Sun, Zeng, Zhang and Yuan (2048} the threshold to 0.&ao, Kamphuis,
Helbich, and Ettema (202@)sed 0.8 as the maximum absolute correlation level to
have both variables in the model. Since there is no consensus on the minimum value,
the researchers determine their own levels considettiey severity of the
multicollinearity problem and the variables that have very important in the study.

In this study, more than 200 variables were considered. Since the number of variables
was too much, and some of the variables were derived asdomaainations of each

other (having singularity problem), the number of variables was reduced. One
method of dimension reduction is correlation analysis, as discussed above. Most of
the available built environment variables are complementary and corrdrated.
example, the number of people employed in an area is related to the employment
opportunities in the same area. Auto ownership is closely related to the amount of
income dedicated to car maintenance. The strongly correlated variabtes
eliminated in this study by settingthe absolute maximum value of tolerable

correlationas0.75.

3.2.3 Subset selection

After creating datasets, the proposed methodology focused on selecting the best
subset of independent variables. There is a large amount of data abouilthe
environment and its main dimensions, depending on the geographic unit of analysis
and the case arelais very intriguing to make a model using all available variables.

However, this creates a variety of data analysis prob{Bnosdhurst et al., 1997)
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1 Some variables may be entirely unrelated to the model's goals and may blur

any significant relationshigsetween other variables.

1 To obtainconsistenestimates of the parameters, each variable's number of

observations should be significantly more than the number of variables.

i Variables can be associatad which case the duplicate information is

unnecessary

1 The signalto-noise ratio of certain variables may be so low that their
incorporation into the model is questionable, especially if ofbkraned

correlated variables are present.

1 When model parameters are optimized using iterative methods, more
paraméers can result in a more complex error surface to optimize. This

complexity can affect the model's overall convergence time.

Thus, using a subset would increase the model's accuracy by eliminating the
redundant variables, describing the dataset parsimsiyio and estimating
regression coefficients with smaller standard errors (which is more serious when

correlated variables exigtililler, 1984)

This study aims to develoghe best subset of a comprehensive set of built
environment variables while examining their relationships with traffic accidents. The
evaluation criteria would depend on the model; for example, the best subset in a
multiple linear regression model wouldmmize errordChung et al., 202Q)r keep

the minimum set of explanatory variables without compromising the @odel
explanatory power(Orkcii, 2013) Moreover, the built environment variabies
associations with the traffic safety variablsBould be evaluated in terms of
consistency or dependability. For example, it is important to observe whether a
variable has consistentlypositive or negative relatishipwith traffic crashes or its
relaion is affected by other variablés varyin direction. Thereforerather than
solving a regression model once with all variakdesiterative procedbat considers

a subset of variables each timeuld be preferred.
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Subset selection is a combinatorial optimization problem. Stepwise regression,
forward selection, and backward elimination are widely usedative greedy
methodgBroadhurst et al., 1997However, since those algorithms are greedy, they
proceed with the highest increases or decreases, which would stack at a local
minimum or maximum. Thus, other heuristic algorithewg;h as genetic algorithms
(Orkcli, 2013)or Tabu search, are viable alternatiyBse et al., 2016)yielding

better solutions and perniitg the tracing of th&ehavior of thevariablesthroughout

the solution process

3.2.3.1 Tabu-search based subset selection

In this study, the tabaearch algorithm proposedkouskakisandDraper(2002)is

utilized to determine the best set of independent variables that optimize various
multiple regression models' objective value. Tabu search (TS), initially proposed by
Glover (1986)is a meteheuristic approach for solving optimization problems. Tabu
search is a stepwise local search procedure during which some moves are enlisted in
a tabulist, so being restricted/prohibited as the nditabuw refers. Thus, rather than
applying a &bu move, the algorithm would proceed to an inferior solution until a
termination criterion is satisfied. This tabu search property could prevent the
algorithm from being trapped in a local optimum, which is the main distinction from

the greedy and improwgent type searching algorithr(i3rezner et al., 1999)

The TS procedure needs some definitions and parameters. These are the evaluation
criteria of the solutions (e.g., the objective function value), the initial solution, the
termination citeria (e.g., the number of iterations), the aspiration criterion (e.g.,
comparison of the solution to the best objective function value) and thésbsiae.

Accordingly, the generalized pseudocode of the TS algoritlgivés in Figures3.7.
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Begin with an initial solution and an empty tabu-ist, and set the solution as the

best solution (set the solution value as the aspiration value).
While (any termination criterion is not met) Do:

1. Obtain the neighbors of the current solution.

2. Select the best neighbor that is not in the tabu-list or satisfies the
aspiration criterion (if defined). Set this neighbor as the current solution.

3. Update the tabu-list, the aspiration value (if changed), and the best
solution (if changed).

Return the best solution.

Figure 3.7. Tabusearch Beudocode

Tabu search algorithm has been employed as a solution procedure in numerous
optimization problems such as crew schedu{®argut et al., 2017yehicle routing
problem(H. Kim et al., 2009)traffic forecastingHong et al., 2006)Thoudh not
commonly utilized, the selection of regression variables is one of those problems for
which the tabtsearch algorithm could be employed.Drezner et al. (1999) and
Hage, Hage, Ghnatios, andaiade (2018)tabusearch is used to determine the
optimal set of independent variables of multiple linear regression models by
minimizing the significance level; iDrezner et al. (1999})heresults are compared

to stepwise regression results, andHage et al(2018)the results are compared to

the benchmarked ones. Pacheco, Casado, and Nufiez (20G8pusearch is
utilized to select a subset of variables for logistic regression models, and the results
are compared to the classical methods (stepwise, foresdtion, and backward
elimination). In Ghnatios, Hage, and Hage (201%busearch is employed to

optimize the éastsquares regression kernel (functions of independent variables).

As given in Fouskakis and Draper (2002Zhe algorithm begins witlan initial

solution and proceeds stepwise with the evaluation of the neighbors. The moves
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taken are kept in a limited tathigt (of sizes) for a number of iterations unless the
aspiration criterion (yielding a better solution than the best solutiomebitab far)

is satisfied. Accordingly, a move kept in the list leaves the list either it satisfies the
aspiration criterion or the list is fullefirst in-first out rule applies). The algorithm
consists of three main stages: preliminary, intensificatao diversification. All

the moves described above are applied in the preliminary search stage until a
termination criterion (either time limit or the number of iterations) is satisfied. The
intensification stage starts with the best solution obtainddeipreliminary search
stage with an empty taHist. In this stage, the same preliminary search is applied,
and if a better solution is obtained, it restarts. The number of restarts is defined by
the user. Finally, the diversification stage starts wittbalist consisting of the most
frequently useds moves and a random state. Thus, this stage gives the chance to
search in the infrequently visited solution space. After a termination criterion for this
stage is satisfied, the overall algorithm's besitgm is returned. The pseudocode

of the tabu search algorithm employedhis study is given in Figure 3.8.
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Inifialization:

Begin with aninitial solution and an empty tabu-list, set the solution as the best solution, and so
the aspiration value.

EBody:

While (the maximum number of restarts for the whole algorithm is not reached) Do:

Preliminary Search:
While (the maximum number of iterations for the preliminary search stage is not
reached) Do:
1. Ewaluate the objective valuesof the nei zhbors of the cutrent solution and keep
them in the available neighbors set
2. Select the neighbor with the best objective value from the available neighbors
set
2. 1. Ifthe move is not in the tabu-list, set it as the current move;
211 If the current solution value is better than the aspiration value,
update the aspiration value as the current solufion value;
212, Else donotupdate the aspiration value.
Else (current move is in the tabu-list),
221 If the current solution is better than the aspiration value, rem ove
the move from the tabu-list. and update the aspiration value.
222 Else (the current solution is not better than the aspiration value),
remove the neighbor from the available neighbors set, and go to
step 2.
2.3, Addthe selected move to the end of the tabu-list.
3. Go to Intensification with the best solution found

(B
(B

Intensification
4. While (maximum number of restarts for the intensification is not reached)
Da:

41 Empty the tabulist.

4.2, Repeat Preliminary Search (1-3) Until a better solufion value than the
aspiration value is found OR the maximum number of iterations is
reached

5 Go to Diversification.

Diversificafion
6. Empty the abu-list
7. Add the most frequent 5 moves to the tabu-list.
8. Begin with a random state.
0. Repeat Preliminary Search (1-3) Until the m sximum mmmber of iterafions for

the diversification is reached.
End:
Return the best solution.

Figure3.8. Tabusearch Pesudocode in this Study
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In heuristic algorithms such as tabearch, parameter selection is essential since
selecting different parameters can yield very different results. Thus, thedabzh
algorithm requires parameters to be determined in advance. If benchmarked
parameters do not exist, they should be cakordty applying the algorithm on the

same or a sample dataset. Several combinations of parameters should be tested to
determine the best setting for the dataset. According to the proposed algorithm, the
following parameters should be calibrated, the nurabeeighbors, the list size, the
termination criteria (the number of iterations), the number of restarts, and the

objective function.

3.2.3.2  Fitting statistical distributions

In this study, there are too many explanatory variables available, and the set of
varialdes used vary for each study in the literature. This study aims to select the best
set of variables to explain the relationship between the built environment and traffic
crashes at a specific time and place and try to discuss the generalizability of the
results. This problem is embedded i proposed tabu search algorithm, an iterative
tool for solving optimization problems. Ergo, the problemsaving multiple
regression modslmany timesn which various statistical distributior=ould be

fitted to cone up with the best set of explanatory variables for each setting.

Among the alternatives, negative binomial modeling was chosen. Poisson and
negative binomial modeling are widely used in traffic safety data analysis, while tabu

search implementation is tihevel part.

Since crash frequencies on a specific analysis unit (e.g., a highway segment,
population block group, census tract, or a city) take-megative integer values
during a specific period of time. Thus, coulata modeling techniques (e.g., Porss

and negative binomial regression) are solid alternat{iiton & Mannering,

1998) The following equation (3) defines the Poisson regression model:
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where,0 & is the probability of having exacttp (a nonnegative integer) crashes
at uniti (population block group in this study), ahdis the expected crash frequency
at uniti (i.e.,’ 'O w)). The expected crash frequency at the urdbuld be
represented by the equation (4), whérés a vector of explanatory variables (built
environment variables) arid is a vector of parameters to be estimated (noting that

the variance is equal to the expected value in Poisson regression):

Since accident frequency date averdispersed by having a variance that exceeds
the mean, the negative binomial model is more appropriate than the Poisson model,
in which variance is assumed to be equal to the expected value. The following
equation (5) defines theegative binomial madel:

Wheres is the gamma function, is the mean value of unitand is the dispersion
parameter|( ). Thus, as the variance formula (6) shows, the variance could be
higher than the mean to capture dispersion (Whesonverges to 0, the model
approximates to the Poisson mod&fjaou, 1994)
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Poisson and Poiss@ammanhegativebinomial distributions are applied to discrete
data with no negative values. Since crash frequency is discrete, these distributions
are proper; however, due to the overdispersion of crash data and its property of
having positive outliers, Poissagammanegdive binomial distribution is more

suitable(fStatistical Distributiong,n.d.)

For the continuous nonnegative data case, Poisson nagdtive binomial
distributions are not appropriate. For continuous, nonnegative;sighted data,
Gamma, Lognormal and Weibull distributions are appropriéiStatistical
Distributionsp n.d.) The properties of Gamma, Lognormal and Weibull
distributions are givem Table 3.1(Siswadi & Quesenberry, 198Zjhese were the

distributions applied to fit crash density data in this study.

Table3.1 Applied Statistical Distributions and Their Parameters

Distribution Probability Density Function (PDF)  Parameters

Gamma Tp o Q° th—
3 Q—
p I
Lognormal — h,
W ,MNg"
Weibull —Q(—D Q TQVL

As Gamma, Lognormal and Weibull distributions are appropriate for nonnegative
continuous crash data, these three distributions are employed for the regression fits

for crash densities.
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3.24 Evaluation of the results

The results are evaluated according to #eearch questions formulated in this
chapter. First of all, for each case and each setting, the model fit evaluations are done.
The goodness of fit statistics, given in Table 3.2, are (Ser & Snell, 1998; de

Graft Acquah, 2010; Nagelkerke, 199 For Akaike information criterion and
Bayesian information criterichased comparisons, smaller values are better,
whereas, for Rbased comparisons, higher values are bdtteugh the fit statistics

are provided, the model selection is basedhe®kaike information criterion (the

models that minimize AIC value are selected).

Table3.2 Fit Statistics for Regression Models

Statistic Name Formula
Akaike Information 006 ¢l «¢n L: log-likelihood estimate
Criterion (AIC) p: number of parameters
Bayesian Information | 6 '06 ¢l 1, nfl L: log-likelihood estimate
Criterion (BIC) p: number of parameters
n: number of observations
Likelihood-ratio based | S Lo: likelihood of the null mode
R? (iCox & Snell Ro) Yoo P b L1 likelihood of the full model
n: number of observations
Corrected R? e 7 Lo: likelihood of thenull model
(fiNagelkerke RO/ Y z% L1: likelihood of the full model
iCr agg &0 Uh n: number of observations

The bestegressiommodels (with minimum AIC value) obtained by the tabu search
procedure are then evaluated at the variable level. The proposeobsdnl subset

selection algorithnyields the best subset of independent variafiteseach BETS
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model) and theconsistencyf each variable could be traced iteration by iteration.
During the tabu search procedure, the number of times a variable is in the model is
an indicator ofconsigency Not only being in the model but also the significance
level is important. Suppes variable consistently selected to be in the model with
the desired significance level with the same relation type (positive or negative). In
that case, this variablmould be consideredonsistenin terms of the specific built
environment (BE) and traffic safety (TS) relationship. On the contrary, if a variable
is not selected consistently or its significance level is not high, that variable would
not beconsistentaccording to this evaluation frame. For each BEmodel, each

BE variable is traced accordingly.

There are thresholds to be determined; for example, the minimum percentage of the
iterations in which a variable is bagiselected to be in the model at aesific
iteration)could be considered consistent. In this study, considering the preliminary
search (since the algorithm starts with a random set, approximately 10% of the
iterations are required to reach a good solution) and diversification (sinceatfes st
starts with restricted moves, again approximately 10% of the iterations are required
to reach a good solution) stages, 80% was selected as a threshold value (note these
percentages are based on the observations specific to this study). Since there is n
predetermined value for that type of argument, the process is flexible and could be
reconfigured for different settingMoreover, for consistency, the variables should
have a dependable relation (positive or negative) with the dependent variables.
Therdore, of thebasic variables in more than 80% of the iterations, the ones with
the same relation type (positive or negative) in at least 90% of the iterations are
assumed to be consistent. This assumpti@inidar to theminimum significance

level assuma in the regression models of this studywgbue should be less than

0.1).

One other aspect abnsistencys the support from the literature. The results of each
case are also compared to the literature findings to evaluate the similarities and

dissimilaities obtained.
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The key BE variables are determined in terms of the generalizability of the results

and the evaluation of the selected subsets. This determination is done by comparing

each mo d e |

comparing the results casgse. Then the model performance of each-TBE
relationship is evaluated when the key BE variables are Uibedsame procedures

are done for both frequency and density estimates of TS variables. For eBéh TS
model, whenhe TS variables are formulated as kernel densities, Gamma regression,
Lognormal regression, and Weibull regression models are solved, and the results are
compared according to the fit statistics presented in Table 3.2 and the additional fit
statistics presnted in Table 3.3 D6 Agosti no &.ASdrdimghoethes ,
comparisons, one distribution is selected to be employed in further msdetas

measuring the key BE variables' performance and modeling other case studies.

0 s censigentvafiablesawithin each c¢tase ariden

Table3.3 Additional Goodness of Fit Statistics

standard deviation)

Statistic Formula Parameters
Root mean squared O dyalue of the'f observation
error* 5 O ‘Od,expected value for the™i
YU YO _ observation
€ n: sample size (number ¢
observations)
Mean absolute error* U dyalue of the'? observation
B ¢ O©s Od,expected value for thetj
0060 _ observation
& n: sample size (number (
observations
Mean absolute O dyalue of the'f observation
percentage error* L Os ‘Od,expected value for theti
v v observation
Louv o z n: sample size (number
observations)
Normalized roomean YO "Yfdot mean squared erro
squared error* (by YD YO .. Standard deviation of th
0 YO "YIOQ

observations

*Lower values indicate better model fit
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3.2.5

The general frame of the methodology introduced in this study is summarized in
Table 3.4.The frst three of the objectives are related to the review chapher.
following two objectives are related to the methodology introduced in this chapter,

The frame of the methodology

and the thers are related to tlvase studwypplications.

Table3.4 Research Frame (adapted froviang, 2010

data. Application of GIS
operations to assign BE and TS
data to respective analysis zone

Research Objectives Research Method Chapter #
Identifying the factors to define Review of TS indicators used in | Chapter 2
traffic safety (TS) previous studies
Identifying various built environmen Review of BE factors used in Chapter 2
(BE) factors associated with traffic | previous studies
safety (TS)

Identifying various mathematical Review of relevant literature for | Chapter 2
models to analyze the relationship | mathematical models

between the built environment and

traffic safety

Preparing the data for analysis Classification of the TS and BE | Chapter 3

for devdoped county cases

selection

Reducing the variable dimensions f| Correlations analysis Chapter 3
analysis
Developing the BET'S relationship | Tabusearch based subset Chapter 4

Evaluating the practical implicationg
of the models

Comparison of the results with th
literature and discussion of the
findings

Chapter 4

developing county case to developg

county cases

correctedbased scheme

Determining the key BE variables | Significance andonsistency Chapter 4
based comparison

Investigating the BH'S relationship | Tabusearch based subset Chapter 5

for a developing country case selection

Comparing the findings of Regression models and-R Chapter 5
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3.3  Study Area

The proposed methodology is applied to case studies in the State of Florida, the
United States. The case studies' selection from a developed country is twofold: the
first is related to the data (both availalyiland reliability of data). Since this study's
focus is not collecting primary data but rather researching secondary data, data
availability and reliability are significant concerns. The second is related to the
accumulated literature. According to thengprehensive literature review presented

in the previous chapter, both the theories about urban growth patterns are structured
depending on the developed country context (especially in the U.S. case), and the
majority of the case studies analyzing thetrefeship between the built environment

and traffic safety were developed country cases. Thus, to create a generalizable
methodology and compare the findings with the ones in the literature, the United

States cases are selected.

The first case study aredliallahassee, Florida's capital city, located in Leon County
in the northwestern part of Florida. According to the U.S. Census 2010, the total

population of Leon county is 275,487 (see Table 3.5).

Table3.5 Information on the Case Study Areas

SINGLE TRI-COUNTY
COUNTY
Leon Broward Miami - Palm Overall
Dade Beach

Population in 2010 275,487| 1,748,066 2,496,435 1,320,134| 5,564,635
Population in 2019 293,582| 1,952,778| 2,716,940, 1,496,770| 6,166,488
Total area (mi?) 667 1,210 1,898 1,970 5,077
Population density in 413 1,445 1,315 670 1096
2010 (person per )
Number of population 177 939 1,593 884 3,416
block groups
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The study area (with county borders of Florida), the urban areas in Leon county, and

block group borders are given in Figure 3.9.

Figure3.9. Population Block Groups and Urban Region in Leon County

The second case study area consists of the three most populous counties of the State
of Florida. Palm Beach, Miantbade, and Broward counties are considered together

as an extended urban agglomeration in this case (see Figure 3.10).
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Figure3.10. Population Block Groups and Urban Region inCounty Case
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The cumulative population of these three counties in 2010 is 5,564,635 (see Table
3.5). This tricounty structure is the largest urban agglomeration in the State of
Florida.

The selection of these two particular cases is related to one ofth®fthis study

as coming up with a generalizable methodology and research questions of
determining the common factors that explain the relationship between the built
environment and traffic safety. Accordingly, the selected cases have different
structues. Leon county is relatively small and has a single urban center. As being
the capital city and having three international universities, Tallahassee inhabits many
students and public employees. In contrast, theouinty case is a large and extended
urban structure with multiple urban centers in each county. These are coastal
counties and attractive touristic centers. Thus, analyzing these two distinct structures

would give insight into the commonalities and differences in varying settings.

3.4  Data Extraction and Classification for the Study Area

In this section, the extraction and preparation of the datasets are presented. Traffic
safety variables are the dependent variables, and the built environment variables are
the independent variables of this studye Pineparation processes for both dependent

and independent variable sets are explained in detail.

3.4.1 Traffic safety dataset

The dataset mainly consisted of the crash records for Leon County, Broward County,
Miami-Dade County, and Palm Beach County betweer®28@d 2011. It was
gathered from the Florida Department of TransportafeidOT, 2015) In Figure

3.11a and Figure 3.11b, crashes according to the crash typologies presented for the

single county case.
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Figure3.11. Crashes According to Involvement and Severity for the Single County
Case
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Similarly, in Figure 3.12a and Figure 3.12b, crashes according to the crash typologies

presented for the tGounty case are presented.
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Figure3.12. Crashes According to Involvement and Severity of theCbrinty
Case

According to the crash distributions presented in Figure 3.11a and Figure 3.12a, it
could be observed that vulnerable road user involved crashes are densified around

the city centers relative to the motor vehicle crashes. According to tbhedsec
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typology presented in Figure 3.11b and Figure 3.12b, it could be observed that,
though the number of fatal crashes is quite smaller than the number of slight injury
crashes and no injury crashes in general, fatal crashes are reasonably equally
distribued around the peripheral parts in both the single county acalnty cases.

The increased speeds could explain this at the higider roads with a higher share

of the peripheral parts.

The next section will elaborate on the crash frequency calontatind the spatial

distribution of the crashes.

3.4.1.1 Crashfrequency

The crash data were classified according to severity and involvement. In Téable 3.
crash typology and respective crash frequencies are given for the single county and
tri-county cases, respiévely. The total crash counts for each category are presented
under thdoriginalo column. This is the cumulative number of crashes distributed to
counties as defined in the dataset originéithy the 2009201 1period.

Table3.6 Crash Frequencies in the Study Areas

SINGLE COUNTY TRI-COUNTY
Crash count Crash count
CRASH TYPE original | assigned| assigned /| original | assigned| assigned /
original original
S1-Property damage 7,706| 17,106 2.22| 167,944| 422,934 2.56
only (PDO) crashes
S2-Possible injury or 5,891| 13,474 2.29| 92,992| 232,721 2.58
non-incapacitating
injury crashes
S3Incapacitating 601 1,270 2.11| 12,423| 30,400 251
injury or fatal crashes
ALL - Motorized and 14,198| 31,870 2.24| 273,359| 686,294 2.56
non-motorized
MOT -Motor -vehicle 13,695| 30,767 2.25| 262,313| 658,868 2.56
crashes only
VRU-Vulnerable road 503 1,103 2.19| 11,046| 27,426 2.58
user crashes
Average: 2.22 Average: 2.56
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Under t he s e keerare three severitydevetsgSi, 52, and S3 stand
for crashes with no injury, crashes with possible or-imoapacitating injury, and

crashes with incapacitating injuoy fatality within 30 days.

Therinvolvemenbtypology is about the parts influendegthe crashes. It all stands

for all types of crashes. The other two classes are motorized vehicle crashes and
vulnerable road user crashes (involving pedestrian and bicycle user crashes). As
expected, the highest number of crashes are of no injuryfoagkes first typology,

and the lowest number of crashes are of the highest severity level. For the second
typology, very few of the accidents are about vulnerable road users. Additionally,

these patterns are valid for both cases.

In Table 3.6, the numbgpresented under thassigned column are the cumulative
number of crashes assigned to population block groups according to the assignment
method introduced in this chaptdie crash counts fahe 20092011 period are
assigned to the census block grsupthin a 125m buffer zonend each crash is
assigned to all block groups within the buffer distance. Siach erash is assigned

to more than one population block groufpt is within the buffer distance of more

than one block group, the number adisiies under th@assigned heading is always

higher than théoriginald number of crashes.

For this assignmena normalization technique is not applied since the dependent
variable is assumed to bHeecrash count for a specific geographic unit (censoskbl

group in this caseAs dependent variablerash rate (e.g., crash count per year per
road segment, crash count per daily vehicle miles traveled) is also common, but in
this studythe assigned crash counts are used as in some former $@ayeng &

Bejleri, 2014; Y Wang & Kockelman, 2013)rhe assigned crash counts are used as
dependent variables because the normalizing variables such as population, area, or

traffic volume are used as explanatory variables.

One other aspect related to the dependent variables and the assignment technique is
that the multiple counting of each crash exaggerates the counts due to the mentioned

buffer zone assignment technique. However, this is aimed in this study because the
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surrunding block groups within a reasonable distance would be responsible for each
crash. This reservation is particularly valid for the smaller block groups usually
situated around the citi@sentral parts. Built environment features such as density
or empbyment density of a neighboring geographic unit would influence the

exposure by generating more activity.

Concerning the assignment rates, the average crash assignment in the single county
case is less than the average crash assignment in-tloeitity cae, 2.22 and 2.56,
respectively(note that the ratios and the average assignment rates are presented to
discuss the behavior of the buffer zone assignment technithig)is due to the
number and sizes of block groups. When compared (Figure 3.9 vs. BigOje

there are more smadized block groups in the {fcounty case, so on average, each
crash is assigned to more block groups by using the same buffer distance. This ratio
is the smallest (2.11 and 2.51 for the single county atmtmty cases, resptively)

for the fatal crashes (S3), which would be due to the spatial distribution of the crashes
presented at the block group level in Figure 3.11.

According to the distribution of crashes, fatal crash frequencies are higher at
peripheral block groupslatively. This would be related to the increased speeds at
the periphery (compared to the congested center) and the block groups' size, which
tend to increase from center to periphery, covering more surface area with primary
roads. The highest rate (2.28d 2.58 for the single county and-dgunty cases)
belongs to the second severity level (possible injury orinca&pacitating injury).

This is probably due to the intensification at and around the city center, where the

block group sizes are smaller.

The spatial distributionscrash frequencierashcountsfor 20092011 periodl of

block groups of all crash types of both the single county andg€dunty cases are
given in Figure 3.13 and Figure 3.14, respectively. It could be observed that while
thereare similarities in the spatial distribution of crash types, there are also apparent

differences in some types in both cases.

102



S FQALL- ——r
[ Motorized & 4
No injury \ VRU \
[] 7 l' } [ ] s \' 1
] o0 [ X [ sa-ver \
B e B e :
| RO | )
[ | 297“—.552 W e vor

sk

FQ S2- ay  __ammwm— FQMOT-
slight ] y 7 f [ Motorized
j ‘/{ "‘A [ zem
- - | W\J [ ] s2m
- 7 y | \'q‘ [ RE

B s
R

FQ VRU-
Vulnerable
Road
Users

Note: All the numbers in the legends are in terms of assigned crash counts.

Figure3.13. Spatial Distribution of Different Types of Crashes in Single Cpunt
Case

103



Miami-Dade
County

FQ s2-
Slight
Injury

[ ] o-m
[ s
[ ve-z2
B e
s L

/,l
4'/

| |

Palm Beach ‘Palm Beach
County . County -

—

\

| Broward

- County

Miami-Dade

Miami-Dade
County

Miami-Dade
County

) County
FQALL-
Motorized

& VRU

I

FQ VRU-
FQMOT-

Vulnerable
Motorized ‘ Road Users

] o-rer [] o-nar e - []as

L [ 1se-3e [ 1e8-3e3 (\ [ 6-12

[ ECRC [ R [ =2

MW e R J ) Nk

oo RN R . e . ey o

i T Ve
Note: All the numbers in the legends are in terms of assigned crash counts.

Figure3.14. Spatial Distribution of Different Types of Crashes inCdunty Case

104



The similarity in the distribution of overall crashes (Figure 3.13a and Figure 3.14a)
with the motor vehiclerashes (Figure 3.13b and Figure 3.14b) anthjupy crashes

(Figure 3.13d and Figure 3.14d) is obvious. The reason is that their frequencies are
close. As usual, most of the crashes are vehicle crashes, 13,695 of 14,198 crashes
(30,767 of 31,870 assignemtashes) in the single county case, and 262,313 of
273,359 crashes (658,868 of 686,294 assigned crashes) in-toairity case.
Moreover, more than half are PDO crashes, 17,106 and 422,934 assigned crashes in

single and tAcounty cases, respectively.

Vulnerable road user (pedestrian and bicycle useolvedcrashes also happen but

less frequently. They are clustered around the city center, as expected, since
pedestrian movement is maximum at city centers (Figure 3.13c and Figure 3.14c).
On the other had, fatal crashes usually happen at the block groups at the fringe and
close to the rural areas (Figure 3.13f and Figure 3.14f). This is also compatible with
the emerging theory bfEwing & Dumbaugh, 2009)which states that city centers
(especidly compact ones) have lesser vehicle miles compared to thelepemdent
suburban (especially sprawling) developments. Though fewer vehicle miles are
observedand lower speed limits are applied, the number of crashes is imgher

city centers sincehere are more cars, pedestrians, and conflict zones. However,
among those crashes, PDOs have the highest share. When both speeds and vehicle

miles increase (risk and exposure factors, respectively), the crashes would be fatal.

3.4.1.2 Crash density

The crash datéhat were classified according to seve(gyoperty damage only, nen
incapacitating injury, fatal or incapacitating injury cragreesd involvementtotal,

motor vehicle involvedand vulnerable road user involved crashess also used to
compute crash densities (as of Kernel Density) bykimel Density Estimation

method presented in this chapter.
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The mints in the original case represented crashes. These points were used to
calculate kernel densitfigures and transforrad into asmoothedraster image,
consising of cells of a specific size (30 meters x 30 meteis3. defined in the
respective section, the cell widttas set tanetenth of the bandwidthwhich is
assumed to be 300 meters. These figures are also defideded in a similar study
(Ulak et al., 2017)Therefore the pointsrepresenting the crash@sith geographic
coordinatesyvereused to calculatthe density figure foreachcell by kernel density
estimation in ArcGISJESRI, 2011)

The calculated raster images are represented in the figures Figueiuid 3.18.

In Figure 3.15, kernel density estimates for the single county case ccisdwed
according to seerity types are presented. In Figure 3.16, kernel density estimates for
the single county case crashes classified according to involvement types are depicted.
In Figure 3.17, kernel density estimates for thecttinty case crashes classified
according teseverity types are presented. In Figure 3.18, kernel density estimates for
the tricounty case crashes classified according to involvement types are given.

Finally, for the modeling purposehdse crash density figures for each cell were
assigned to popation block groups by spatially joining the cells intersecting block
group polygons (note that the final crash kernel density figure of a population block

group is the sum of the density figures of the cells that are intersecting that block

group).
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3.4.2 Built environment dataset

Other than the crash dataset, there are several other datasets usetlidythidese

datasets were used to construct the independent variables dataset.

Traffic volume (annual average daily traffic) and street network data were gathered
from the Florida Department of Transportation. A similar assignment procedure for
crashes waapplied to traffic volume assignments. The averages of 2013, 2014, and
2015 traffic volumes were assigned to block groups. Moreover, the total roadway
length for each block group was calculated by summing the respective roadway
assignments, where the dsawere classified into three major categories in the U.S.
Tiger Roads dataiPrimary Road) iiSecondary Road,and fiLocal neighborhood

road, rural road, city streetln road length and road density calculations, this
classification is employed. FaiPrimay Roadp fiSecondary Road,and fiLocal
neighborhood road, rural road, city streétffer distances of 48 meters, 24 meters,
and 12 meters were used, respectively (note: these distances are the standard road
widths for each categoryyor each roadategory, total road length and road surface
density for each population block group were calculated. Additionally, a similar
procedure was applied to calculate the total sidewalk length for each population

block group using the Florida Department of Traorsation's sidewalk data.

Built environment data were mainly gathered from the smart location database
(ASmart Location Mapping | Smart Growth | US E®Ad.) and the housing and
transportation affordability index databd&elousing + Transportation Affordability
Index | Center for Neighborhood Technolagy,d.). The smart location database's
organizational structure was used in this study to gathdreadiXplanatory variables
gathered from different sources. We classified variables under the five main built
environment characteristics, density, design, diversity, destination accessibility,
transit, and two additional dimensions, demographic and sociosto properties,

and travel. The definitions of the-{ariables are not strict, and those vary from one
study to another. In this study, density, diversity, design, and destination accessibility

categories are usd&wing & Cewero, 2010; Ouyang & Bejleri, 20L4however,

111



under the transit category, transit usage in general and transit mode choice for
commuting are provided rather than distance to transit to consider the direct ridership
rather than the proximity of transirwice. Under the transit category, in addition to

the mentioned variables, the number of transit stops was used. The GIS data of the
transit stops was gathered from the Florida Department of Transpo(fdiorida
Transit Data ExchangeFTIS: Florida Transit Information Systedm.d.). Dai and
Jaworski (2016)mention half a mile as buffer distance for transit stops since this
distance was mentioned as fireasonable walking distancefor leisure and
commuting (Boone, Buckleyrove, & Sister, 2009; Cho et al., 2009 cited®ai &
Jaworski, 2016)In this study, bus stops were assigned to block groups by a radius
of 415 m (5 minutes of walkindistance), and metro stops were assigned to block
groups by a radius of 1250 m (15 minutes of walking distance).

Moreover, the 2010 U.S. census block group data having the demographic,
economic, and land use informatifn.S. Census Bureau, 201das considered to
provide insight to the analysis. Travel mode choice (except public transportation)
and traffic volume vadbles were considered under the travel dimension, which
would have direct relationships with crash occurrences. The increase in any travel
mode choice and traffic volume would increase the exposure in the respective mode
and the whole system, respectivaelyhich would increase crashédlerlin et al.,

2020)

The primary datasets and their classifications are given in FigudeThé& Census,

HTI, and SLD variables were already at the population block group level, so they
were assigned to populatiorobk groups directly. Crash data, traffic volume, road
length, and density variables were processed according to the procedures detailed

above to assign to the population block groups.
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Figure3.19. Data Sotces and Classification

In Table 371 Table 3.B, the built environment data is presented according to the
built environment dimension. In Table 73.demographic and socioeconomic
variables, in Table 8.density variables, in Table Bdiversity variables, in Table

3.10 design variables, in Table 3.Xransit variables, in Table 2ldestination
accessibility variables, and Table 3.1ravel variables are presented. Most of these
variables were directly assigned to block groups, aadtihers were processed. The

(*) sign near the variables indicated that the respective variable was calculated by
using the data source presented in the final column the respective table. There are 34
demographic and socioeconomic variables, 12 densitiablas, 14 diversity
variables, 19 design variables, 8 accessibility variables, 6 transit variables, and 7
travel variables, so 100 variables in total. These variables are the reduced set of 354
variables from the mentioned sources. A qualitativeppoeessing was applied to

these variables. The repetitive variables, similar variables, and variables with

missing observations were eliminated to develop this set of 100 variables.
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Table3.7 Demographic and Sameéconomic Variables

Variable Code | Variable Explanation Source
DOA* Urban indicator (0 or 1) Census
(1 Urban: pop. density 500persons pesq. milei
0 Rural: pop. density 500 persons pesg. mile
DOB Total population(x1000 persons) Census
DOB W P White % of populatiorf0-100) Census
DOB B P Black % of populatiorf0-100) Census
DOB H P Hispanic % of populatiof0-100) Census
DOB U5 P % of population under the age of&100) Census
DOB U18 P | % of population under the age of (8100) Census
DOB 065 P | % of population above the age of @100) Census
DOB 085 P | % of population above the age of @100) Census
DOB_M_P* Male % of populatiorf0-100) Census
DOC HHS Average household sifpersons) Census
DOC_HU Number of housinginits (x1000housing unity Census
DOC_OC P % of occupied housing unif§-100 Census
DOC B90 P* | % of housing units built before 1990-100 Census
DOC_CO2_HH| Annual CQ emission per househo{tbnne$ HTI
DOC_CO2_A | Annual CQ emission per acréonne3 HTI
DOC A HH Number of automobiles per househéditomobiles) HTI
DOC_A0 P % of households with zero automobil@100) SLD
DOC Al P % of households with one automoh(100) SLD
DOC _A2P P | % of households with two or more automobil@sL00) SLD
DOD_L9 % of population 25 years and more with no schooling completq Census
(0-100)
DOD_CE % of population 25 years and more with at least bachelor's deq Census
(0-100)
DOE Total number of workeré«1000 workers) Census
DOE_HI Medianhousehold incom&$1000) Census
DOE_LWH % of low wage (less than $1250/month) workers (home locatio| Census
(0-100)
DOE_LWW % of low wage (less than $1250/month) workers (work locatior Census
(0-100)
DOE_BP % of households with income below povelgyel (0-100) Census
DOE H P % of income spent for housir{§-100) HTI
DOE T P % of income spent for travéd-100) HTI
DOE A P % of income spent for auto ownersligp100) HTI
DOE H C Housing cost (annua(x$100Q HTI
DOE T C Transportation cognnual)(x$1000Q HTI
DOE A C Auto ownership cost (annugh)$1000 HTI
DOE_R Median gross monthly reiix$1000 HTI
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Table3.8 Density Variables

Variable Code | Variable Explanation Source
D1A LA Land aregx1000acres) Census
D1A BS Average block size (acres) Census
D1A Gross residential density on unprotected land SLD
(total housing unitfand arei
D1B Gross population density on unprotected land SLD
(total populatiofiand area
DiC Gross employmerdensity on unprotected land SLD
(totalnumber ofiobsland aren
D1C 5 ENT | Gross entertainment employment density SLD
(number ofentertainment jobkind area
D1C_5 IND Gross industrial employment density SLD
(number ofindustrial jobdand area
D1C 5 OFF | Gross office employment density SLD
(number ofoffice jobsland aren
D1C_5 RET | Gross retail employment density SLD
(number ofretail jobsfand area
D1C 5 SVC | Gross service employment density SLD
(number ofservice jobdand area
D1D Grossactivity density on unprotected land SLD
[(total employmentt+ total housing units)and areh
D1E Compact Neighborhood Scof@ 10) (1L0: the most compac] HTI
Table3.9 Diversity Variables
Variable Code Variable Explanation Source
D2A _EP_HH_ MX| Employment and household entropy SLD
D2A JP_HH Jobs per household SLD
(total employmenthiumber ofhousehold)
D2A R Ranking all of the block groups by D2A_EP_HH_MX SLD
(employment and household entroj$)20)
D2A_WRK_EMP | Workers per job SLD
(number ofworkers/total employment)
D2B_E5 MX Employment entropy (fivdier employment entropy) SLD
D2B_R Ranking all of the block groups by their D2B_E5_MX valy SLD
(employment mix)1-20)
D2C TRIP_EQ Trip productionsand trip attractions equilibrium indg¢®-1) | SLD
D2C_TRIP_MX Employment and household trip entropy SLD
(based on vehicle trip production and trip attractions)
D2C_WRK_MX | Workers per job equilibrium inde0-1) SLD
D2D Total employmen{x1000 jobs) SLD
D2D ONDX Job access scof#-10) HTI
D2D_GRVT Employment access ind¢@-100) HTI
D2D_NDX Employment mix index0-100) HTI
D2E Household intensity HTI

(sum of thefinumber of households/squared distance
valuesof the block groups

115




Table3.10 Design Variables

Variable Code | Variable Explanation Source

D3A Total road network density SLD
(miles per square mile)

D3A _AO Network density of aut@riented links per square mile SLD
(miles per squarmile)

D3A MM Network density of multmodal links per square mile SLD
(miles per square mile)

D3A_PO Network density of pedestriaoriented miles of multmodal links| SLD
per square mile
(miles per square mile)

D3B_G Gross intersection density HTI
(total number of intersections/area)

D3B_W Street intersection density (auto oriented intersections eliming SLD
(number of street intersections/area)

D3B_AO Intersection density of autoriented intersections per square mi SLD
(number of auteriented intersections/area)

D3B_MM3 Intersection density of multhodal intersections having SLD
three legs per square mile
(number of 3eg intersections/area)

D3B_MM4 Intersection density of multhodal intersections having SLD
four or more legs pesquare mile
(number of 4leg intersections/area)

D3B_PO3 Intersection density of pedestrianiented intersections having | SLD
three legs per square mile
(number of pedestriaariented 3leg intersections/area)

D3B_PO4 Intersection density of pedeistn-oriented intersections having | SLD
four or more legs per square mile
(number of pedestriaariented 4leg intersections/area)

D3B R Street intersection density rankgd20) SLD

D3D_R1 P* % of primary road$0-100) FDOT

D3D R2 P* % of secondaryoads(0-100) FDOT

D3D R3 P* % of local road€0-100) FDOT

D3D_R1_D* | Density of primary roads FDOT
(miles per square mie

D3D_R2_D* | Density of secondary roads FDOT
(miles per squarmile)

D3D_R3_D* | Density of local roads FDOT
(miles per square mile

D3E* Total sidewalk lengtkimiles) FDOT
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Table3.11 Transit Variables

Variable Variable Explanation Source

Code

D4A Proximity to transit stops (from populatiaveighted centroid of censy SLD
block groupto nearest transit stofineters)

D4A R Ranking all of the block groups by their D4A val{de20) SLD

D4B_025 Proportion of census block group employment within ¥ mile of fiy SLD
guideway transit stofD-1)

D4B_050 Proportion of census block grogmployment within % mile of fixed| SLD
guideway transit stofD-1)

D4C W_P Transit ridership % of workers HTI

D4C_T HH | Transit trips per household (annu@) 000 trips) HTI

D4C C HH | Transit cost per household (annux$1000) HTI

D4D* Number of bustops(stops) FDOT

Table3.12 Destination Accessibility Variables

Variable Variable Explanation Source

Code

D5A E Working-age population within 45 minutes auto travel ti(&000 | SLD
people)

D5A R Jobswithin 45 minutes auto travel tin{&1000 jobs) SLD

D5B Walking index(1-20) SLD

D5C_El Regional centrality indek accessibility of working age population | SLD
(1-100)

D5C R Accessibility to regional destinations SLD

D5C RI Regional centrality indek job accessibility by trans{tl-100) SLD

Table3.13 Travel Variables

Variable Variable Explanation Source

Code

D6A M P* % of motorized modes for commuting (excluding tran@it100) Census

D6A NM P* | % of nonmotorized modes for commutir{§-100) Census

D6B_AA* Annual average daily traffic (average of 3 years) for all m@xte800 | FDOT
vehicles)

D6B_AT* Annual average daily traffic (average of 3 years) for trugld€900 | FDOT
trucks)

D6C T Annualvehicle miles traveled (VMT) per househ@d 000 miles) HTI

D6C _LNT* Natural Logarithm of VMT per household HTI

D6C _C Annual vehicle miles traveled (VMT) cost per houseHakiL000) HTI
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3.4.3 Dimension reduction for the built environment dataset

The previously introduced built environment dataset was reduced tespaséic
datasets by employing the dimension reduction procedure defined earlier in this
chapter. Therefore, for each specific case, the full dataset (100 variables) was
reduced. For redurg the dataset to eliminate severe multicollinearity problems,
correlation analysis was used. In this analysis, the threshold values were chosen as
0.75 and 0.75. Moreover, the literature review is used to decide on the variables to
be selected. This alyais was done in three main stages. In the first stage, variables
under each built environment dimension were analyzed. Correlation tables were
created, and the variables that had strong correlation coefficients were filtered. At
the end of this stage, f@ach built environment dimension, the full set of variables
were reduced to a set of variables that did not have correlation problems. In the
second stage, all the reduced dimensions were evaluated together by the same
process. At the end of the seconage, the reduced set of variables that would be
used in the subset selection procedure was obtained. These two stages were applied
to both the single county case dataset and theotmty dataset. At the end of the
three stages, for each case, two distohatasets were obtained. Those datasets are

used in the subset selection procedure separately.

The resulting datasets are presented in the following tables. For the single county
case, the reduced set of variables are given in TableBlikereas, for thtri-county

case, the reduced set of variables are given in Tale 3.1
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Table3.14 Descriptive Statistics of the Single County Case Dataset

Category Variable Name Min Max Mean | Variance
Traffic safety FQ S1 7 592| 96.64| 5390.12
(Dependent FQ S2 5 489 | 76.12| 3990.54
Variables) FQ_S3 0 26| 7.8 29.86
FQ ALL 13 1107| 180.06| 19332.95
FQ_MOT 12 1058| 173.82| 17596.51
FQ_VRU 0 49 6.23 64.75
KERNEL _S1 T 2.51| 568.09| 47.38]| 2627.05
KERNEL_S2 T 2.19| 459.17| 36.18 1771.44
KERNEL_S3 T 0.00 23.36| 3.46 10.06
KERNEL_ALL T 5.49| 1061.05| 87.96| 9170.45
KERNEL MOT T| 5.37]1013.52| 84.81| 8355.14
KERNEL VRU T | 0.00 46.50| 2.97 23.53
Demographic &| DOA 0 1 0.79 0.17
socioeconomic | DOB 0 5 1.56 0.57
DOB B P 1.13 98.11| 31.51 668.13
DOB H P 0.60 30.83| 5.64 15.48
DOB U5 P 0.00 16.36] 5.63 7.39
DOB_065 P 0.00 59.06| 10.20 55.42
DOB_M_P 6.74 70.94| 47.61 29.64
DOC_HHS 0 3 2.31 0.35
DOC _OC P 0.00| 100.00| 87.80 188.88
DOC B90 P 0.00| 100.00| 63.36 593.43
DOC_A0 P 0.00 49.14| 6.81 84.20
DOC_Al P 0.00 88.17| 36.80 289.07
DOD L9 0.00 23.88| 2.95 17.91
DOD_CE 0.00 87.81| 38.70 441.40
DOE 0 2 0.64 0.11
DOE_HI 0 137 | 49.83 957.49
DOE_LWH 15.36| 52.88| 28.09 73.37
DOE_LWW 0.00 85.00| 34.59 313.94
DOE_R 0 2 0.81 0.20
Density D1A_ LA 0.04 81.25| 241 60.78
D1B 0.03 37.43| 4.65 25.18
D1C 5 ENT 0.00 3.21 0.31 0.36
D1C 5 IND 0.00 2.51 0.13 0.10
D1C 5 OFF 0.00 43.11| 0.70 11.58
D1C 5 RET 0.00 7.73 0.30 0.71
Diversity D2A JP _HH 0.00| 6792.00| 47.97| 266193.27
D2A WRK_EMP | 0.00| 240.00{ 8.76 478.35
D2B_E5 MX 0.00 0.97 0.53 0.10
D2C _TRIP_EQ 0.00 0.98 0.36 0.09
D2C_WRK_MX 0.00 0.99 0.30 0.09
D2D_ONDX 0.00 9.10 5.96 5.14
D2D_NDX 0 91| 84.77 174.37
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Table 3.14 (continued)

Design D3A_AO 0.00 7.18 0.95 1.44
D3A_MM 0.00| 11.26 2.07 4.01
D3B_G 0 436 | 115.60| 7466.30
D3B_MM3 | 0.00| 73.36] 11.41| 159.26
D3B_MM4 | 0.00| 47.70| 4.29 50.72
D3B_PO3 0.7| 149.7| 39.04| 855.43
D3B_PO4 | 0.00| 156.21| 7.98| 263.60
D3D_R1 _P| 0.00| 39.61 3.25 69.27
D3D_R2_P| 0.00| 47.27| 17.49| 140.86
D3D_R2 D| 0.00| 39.38 8.09 50.76

D3E 0 38 6.36 39.25
Transit DAC_W_P 0 7 1.99 3.95
D4D 0 80| 17.13| 269.38
Destination| D5A_R 0.03| 74.72| 43.80] 210.52
D5B 1.33] 12.33 7.01 4.98
Travel D6A M _P 0 100| 89.89| 239.66
D6B_AA 0 605 | 117.96| 9220.77
D6C_T 0 25| 20.00 17.92

Table3.15 Descriptive Statistics of the F@ounty Case Dataset

Category Variable Name Min Max Mean | Variance
Traffic safety FQ S1 0.0 2749| 123.81| 25674.23
(Dependent FQ S2 0.0 1226| 68.13] 5289.15
Variables) FQ _S3 0.0 112 8.90 106.16
FQ ALL 0.0 3871| 200.91| 52132.90
FQ_MOT 0.0 3830| 192.88| 50135.92
FQ VRU 0.0 58 8.03 60.57

KERNEL_S1 T 0.0] 1959.48| 54.22| 6974.07
KERNEL_S2 T 0.0| 739.37| 29.87| 1559.10
KERNEL_S3 T 0.0 65.48 3.84 28.13
KERNEL_ALL_T 0.0| 2654.86] 88.48| 14855.78
KERNEL_MOT_T| 0.0| 2622.81] 84.90| 14331.98
KERNEL VRU_T| 0.0 38.12 3.42 13.92

Demographic & DOA 0.0 1 0.97 0.03
socioeconomic | DOB 0.0 15 1.63 0.81
DOB B P 0.0 98.99| 19.93 685.77
DOB H P 0.0| 100.00| 39.62 899.58
DOB U5 P 0.0 33.33 5.49 6.21
DOB 065 P 0.0 99.58| 17.79 259.45
DOB M P 0.0| 100.00| 48.32 31.48
DOC HHS 0.0 6 2.67 0.52
DOC OC P 0.0| 100.00| 86.54 170.19
DOC B90 P 0.0| 100.00| 74.46 890.94
DOC CO2 HH 0.0 13.20 7.49 7.31
DOC A0 P 0.0| 100.00 8.60 129.29
DOC A1 P 0.0| 100.00| 39.64 321.25
DOD L9 0.0 80.75 8.23 92.43
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Table 3.15 (continued)

DOD_L9 0.0 80.75 8.23 92.43
DOD_CE 0.0| 100.00 29.03 351.40
DOE_HI 0.0 250 56.08 1079.89
DOE_LWH 0.0| 100.00 24.33 28.44
DOE_LWW 0.0| 100.00 32.42 247.84
DOE_BP 0.0| 100.00 14.33 166.02
DOE_R 0.0 4 1.04 0.46
Density D1A_LA 0.0| 573.45 0.95 287.73
D1A_BS 0.0 1792 13.48 1602.63
D1B 0.0| 406.28 13.94 260.24
DiC 0.0| 527.85 4.23 249.53
D1C_5_ENT 0.0 88.96 0.74 13.09
D1C_5_IND 0.0] 183.11 0.49 11.79
D1C_5_OFF 0.0] 254.01 0.75 33.28
D1C_5_RET 0.0 22.33 0.48 1.63
D1C_5_SVC 0.0 118.39 0.89 17.07
Diversity D2A JP_HH 0.0 | 9540.00 14.73| 65714.43
D2A_WRK_EMP 0.0| 708.00 13.62 1642.34
D2B_E5 MX 0.0 0.99 0.50 0.11
D2C_TRIP_EQ 0.0 1.00 0.36 0.10
D2C_WRK_MX 0.0 1.00 0.28 0.09
D2D 0.0 57 0.62 4.48
D2D_ONDX 0.0 9.90 6.75 4.31
D2D_NDX 0.0 94 88.53 81.16
Design D3A 0.0 70.01 21.63 53.42
D3A_AO 0.0 30.68 1.77 8.86
D3A_MM 0.0 37.53 2.64 8.48
D3B_G 0.0 1251| 215.52| 15655.02
D3B_MM3 0.0| 356.96 11.92 389.69
D3B_MM4 0.0 162.19 8.34 160.87
D3B_PO3 0.0 17615 79.79 5165.17
D3B_PO4 0.0 730.23 28.49 1187.00
D3D_R1 P 0.0 79.89 3.90 87.81
D3D_R2 P 0.0| 100.00 12.69 216.63
D3E 0.0 21 2.59 8.03
Transit D4B_025 0.0 1.00 0.02 0.01
D4C_W_P 0.0 40 7.03 35.25
D4D 0.0 199 20.72 263.37
Destination D5A R 0.0 296.40| 149.79| 3497.59
D5B 1.0 19.83 12.02 15.05
Travel D6A M_P 0.0 100 86.36 223.23
D6A_NM_P 0.0 88 2.68 39.54
D6B_AA 0.0 2218| 141.18] 25840.80
D6C_T 0.0 27 18.99 13.01
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In these tables, descriptive statistics of both independent variables of each built
environment dimension (e.g., design and diversity) and the dependent variables
representing traffic safety (e.g., frequency of severe cramhe&ernel density of
vulnerable road user crashes) are presented.

In both tables (for both single county anddounty cases), it could be observed that

all the dependent variables have variance figures that are far larger than their mean
values, which raans that the data of each dependent variable is overdispersed.
Therefore, the selection of the statistical distribwgi@megativebinomial) for the

count models and (Gamma, Lognormal, Weibull) for the density models are

appropriate

The variables presesd are the remaining ones after the dimension reduction
process; thus, they are used in the subset selection pr&ressof ths study's
objectivess to determine the factors best to explain the traffic safety varjalies

the variables presented infla 3.14 and Table 3.15 are the ones from which the
subsets are selected. There are more variables in Table 3.15 (57 variables) than in
Table 3.14 (50 variables), so the set of alternative variables for-tmutity case is
larger than the set of altetha variables for the single county case. In terms of
combinatorial optimization, that means the total number of combinations is far
higher. Since there are 7 more variables, there are 127 times rhgja(rnatives

in the tricounty case. Since evé& variables case is not easy to handi®) @y
complete enumeration, it is not feasible to enumeratealfernatives. In those
combinatorial optimization problems, heuristic algorithms are cffective and

tabusearch, as a meteeuristics algorithmis employed in this study.

3.4.4 Subset selectiortabu-search calibration

As mentioned in the previous sections, to apply a-tsdauch algorithm, its
parameters should be determined, and its criterion should be decided. In this section,

the calibration of théabusearch process is described in detail.
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For the calibration part, two instances from the single county case (irsfaand

2) and two instances from the-tunty case were randomly selected (insta3ce

and 4). For the tabsearch algorithm proped in this study, the parametetke
number of neighbors, list size, the number of restarts, the number of iterations, and
the model evaluation criteriemwere preoptimized. For the number of neighbors {15,

30, total number of independent variables}, thoe list size {5, 10, 15, 20}, for the
number of iterations {20, 50, 75}, and for the number of restarts {3, 5, 10, 15} were
the candidates. Those parameters were tested with regression settings of 4 different
dependent variables, so in total, there w&@different settings. The results of those

preliminary experiments are summarized in Table 3.16.

Table3.16 Results of Preliminary Experiments

# of # of # of # of # of # of List # of
iterations optimal restarts | optimal neighbors | optimal size optimal
results results results results
20 32 3 39 15 28 5 36
E 50 48 5 39 30 64 10 40
é 75 32 10 39 50 64 15 40
= 15 39 20 40
20 0 3 3 15 0 5 12
P 50 4 5 3 30 4| 10 0
é 75 4 10 3 50 8 15 0
= 15 3 20 0
20 32 3 41 15 36 5 44
E 50 48 5 41 30 64 10 40
é 75 36 10 41 58 64 15 40
= 15 41 20 40
20 16 3 16 15 0 5 16
; 50 16 5 16 30 0 10 16
é 75 16 10 16 58 64 15 16
= 15 16 20 16
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For each instance, the best solution was selected as a benchmark score, and the result
obtained at each combination was compared to that benchmarked result. If the best
solution was obtained at that specific combination, that combination was assigned 1
andO otherwise. Then, for each parameter, the sums of those assigned values are
presented in Table 3.16, as the numbers given ifi¢tlod optimal resultscolumn.

For example, in instance 1, 32 of all combinations with 20 iterations reached the
benchmarkedesult, whereas the number 48 of the combinations with 50 iterations
reached the benchmarked result. For each parameter, the total number of iterations
that reached the benchmarked result is presented under the respectiveédcileamn
higher the number, theetter the parameter for the process. For the same number of
optimal results, the smaller parameter was selected. For example, all alternatives for
thefinumber of restarésparameter yielded the same number of optimal results, so 3
as the smallest altermas is selected. According to the results presented in Table

3.16, the following values were assigned to the parameters:

1 Number of neighbors It is set to be the total number of independent

variables.
7 Listsize (): Itis setto 5.

1 Termination criteria: For each stage (preliminary, intensification, and
diversification) the number of iterations is set to 50 (Due to the number of

restartsatthe intensification stage, ttietal number of iterationsayvary).

1 Number of restarts: The number of restarts of tirgensification stage is set

to 3, while the number of restarts of the whole algorithm is set to 1.

For selecting the objective function value, preliminary testing was done. An example
is presented in Table 3.17. The same setting was solved by optimizuifferent
objective functiongreviously introduced in Table 3.2e., likelihoodbased R R*-
corrected (NegalkerkeR?), Akaike Information Criterion (AIC), Bayesian
Information Criterion (BIC), Logdikelihood, and residual deviance. For the

objectivefunctions of likelihooedbased R and R-corrected (Negalkerk&?), the
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algorithm tried to maximize the objective; whereas, for the objective functions of
AIC, BIC, Loglikelihood, and residual deviance, the algorithm tried to minimize the
objective (note that the pseud&? estimates used in this study are preferred in
generalized linear models).

In Table 3.17theindependentariablesin the example are presentetihe models

with the same set of dependent and independent variables are twiveatch

objective function separately. The results according to each objective function are
presented in Table 3.17. For each solytthere are two columns. The firgblumn

i's named fABasico &rmd gt hkhevieB @s ddEpictsc o B mmd
whetherav ar i abl e was selected to We singnt,heitn
means that that variable was in the model at the optimum iteration of the respective
model otherwiset he variable was not basic. The
significancelevel of the respective variable at that optimum iteration. For example,

for the tabusearch based subset selection model with BIC as the objective function,

DOB variable was in the optimum subset with the highest significance level.

In this preliminary ¢sting, it was observed that the AIC as the objective function
returns the best results so that the number of significant variables is optimized. That
is to say, at the optimum iteration, the number of independent variables used is lower
when AIC and BIC wre the objective function values. In the results obtained by
employing objective functions other than AIC and BIC, more variables were
selected; however, not all of these independent variables were significant. The
independent variables selected by AI@ &1C functions turn out to be significant

in almost all cases. When AIC and BIC values are compared on this stance, the
variables selected by BIC value are more parsimonious in number than the variables
selected by AIC. In the BIC case, almost all of the variables have the highest
significance level (pvalue<0.01). However, by AIC value, variables with lesser
significancelevels could be captured while mostly avoiding insignificant variables.
Thus tabesearch in this study employs AIC as the objective function to evaluate

regression models.
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Table3.17 Test Results for Objecté/Function

OBJECTIVE FUNCTION

R Likelihood
ratio based

R?-Corrected

AIC

BIC

Loglikelihood

Residual
deviance

VARIABLE

Sig.
level

g
[
3]

Sig.

Basic | level

Sig.
level

Basic

Sig.
level

Sig.

Basic | level

Sig.

Basic | level

Intercept

*kk

*kk

*kk

\

kkk

kkk

DOA

*k

*k

*kk

\

kkk

*k

DOB

*k

DOB B_P

< <I<I<

DOB H P

DOB_U5 P

DOB_O65 P

DOB_M_P

DOC_HHS

DOC_OC P

DOC _B90 P

DOC_AO0_P

DOC Al P

DOD_L9

DOD_CE

DOE

DOE_HI

DOE_LWH

DOE_LWW

DOE_R

DIA LA

<L

D1B

D1C_5_ENT

D1C_5_IND

D1C_5_OFF

<<

D1C_5_RET

D2A JP_HH

D2A_WRK_EMP

*k

*k

**

D2B_E5_MX

D2C TRIP_EQ

D2C_WRK_MX

*%

*k

*k

D2D_ONDX

*%

*k

*k

*k

D2D_NDX

<IL<I<

< KKK KKKLKIKIK

D3A_AO

D3A_MM

D3B_G

D3B_MM3

D3B_MM4

D3B_PO3

D3B_PO4

D3D_R1_P

*%

D3D_R2_P

D3D_R2_D

D3E

D4C_W_P

D4D

*%

*%

*k

D5A_R

*%

*%

*k

D5B

D6A _M_P

*%

*%

*k

D6B_AA

D6C T

< LK KK KKKKKLKKKKLKIKK KKK KK KKK KKK KKK KK KKK K K K K K K K KKK LK K K K KK

<K KKK K KKKKKKLKKKKKK KKK KK K K K KIKIKIKI KK KK K K K K K K LK K KKK K K K K KKK

<LK KKK KKKKKLKLKIKLKKLKIKK KKK KK K KKK KIKIKIKIKIKIK LK K K K K K K K K K KK LK K K K K K K<

Significancecodes0 6 * * *06001 6 * * 6.01 6 * 8.05 6 .

Vari abl\e:

Rboans i ¢

A A
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3.5 Summary

In this chapter, the methodological framework was presented, including the aims and
related research questions. In this framework, dataset preparation is followed by
creating a reduced set of variables and then selecting the key built enviroBEent (
variables associated with traffic safety (TS). Different data extraction methods and
statistical distributions are recommended depending on the traffic safety variables
(frequency or kernel density). Though the extraction methods vary, the main
procedue to determine critical factors is the same: tabarchbased subset

selection (statistical distribution to fit also varies as mentioned).

In addition to the methodological framework, this chapter has introduced the dataset
to be employed in the followig chapterfiSmart Location Databagefi2010 US
Censug) andfiHousing and Transportation Affordability Indegata are the main

data sources. The case studies have been selected from Florida, the US. Two
particular cases, one as a single urban structwwen(ICounty) and the other as an
urban agglomeration (Broward, MiaibBiade, and Palm Beach Counties), have been
selected. The crash data for those counties have been classified into two typologies:

crash severity and involvement.

According to the methodologynd dataset introduced in this chapter, built
environmerttraffic safety models are analyzed for single andarinty cases. The
experimental design for the single county case (the same design is also valid for the
tri-county case) is presented in Fig®€0. There are two cases (single and tri
county), two types of crash representation (frequency and density), four different
distributions fiegativebinomial for frequency estimation and Gamma, Lognormal
and Weibull for density estimation), and two crash typologies (severity and
involvement) each having three saaitegories. Therefore, there are 48 different BE

TS formulations. The results will be presed and discussed in the next chapter.
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Figure3.20. Experimental Design for the Single County Case
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Finally, the software programs used for applying the proposed methodology are as
follows. Data preparation processas performed by MS Excel, ArcGIS (version
10.7)(ESRI, 2011) SPSS (version 2g)BM Corp, 2019) and R softwaréR Core
Team, 202Q) The overall algorithnis coded in R softwar€R Core Team, 2020)

For tabu searcprocessabuSearcipackaggDomijan, 2018)for generalized linear
regression mel solutionsMASS(Ripley et al., 2020; Venables & Ripley0@2)

and GAMLSS packages(Rigby & Stasinopoulos, 2005are used. All the
computations are performed on a personal computer wigh(R) Core 152320

3.00GHzprocessor and 8 GB ram.
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CHAPTER 4

RESULTS FROM ACCIDENT FREQUENCY AND DENSITY MODELS,
DEVELOPED COUNTRY CONTEXT

This chapter presents the results of the {sdmrch based subset selection

methodology applied to the case studies introduced in the previousrchapte

4.1  Background

The relationship between the built environment and traffic safety has been
investigated. This relationship was analyzed in two distinct settings, one was-a small
sized single county case, and the other wasa@tmty urban agglomeration. Ia&r

than this setting, there were two crash typologies used; one considers a crash
classification based on the severity, and the other considers the occupants (involving
parts) of those crashes. Moreover, each crash type was estimated in two forms,

frequerty (crash countsand kernel densitftotal density estimates)

The effect of the urban built environment on the crash frequency and crash density
has been examined using the accident frequency models described in Chapter 3. In
the following sectiog thetabusearchbased algorithm resultsgill be presented in

detail on two sample models.

Following this introductory part, the model estimation results and findings are
presented in this chapter. The organization of the settings is given in Tablea.1 (in
total of 48 settings). This chapter is organized as follows: first, the results from the
single county case are presented. The results of tbeunty case follow this. Then,

the predictive performances of these models are tested. Finally, a detailagidiscu

of the findings is presented. Note that, for the frequency method, negative binomial
distribution was used, so the results presented in this chapter are based on negative

binomial regression. However, for the density method, three different stdtistic
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distributions were used. Gamma distribution had a better fit, so only the Gamma
regression results are presented in this chapter (Note that all the remaining results
are presented in Appendix A and Appendix B for the single county case and tri

county cae, respectively).

Table4.1 Organization of the Settings

Case DV-extraction method Distribution Crash typology

Frequency Negative Binomiall Severity | Involvement*

) Gamma Severity | Involvement
Single county ] -

Density Lognormal Severity | Involvement

Weibull Severity | Involvement

Frequency Negative Binomiall Severity | Involvement

) Gamma Severity | Involvement
Tri-county ] -

Density Lognormal Severity | Involvement

Weibull Severity | Involvement

*Severitylevels are: SPDO, S2nonrincapacitating injury, S3atal or incapacitating injury
**Involvement types are: ALL, MOT (motorized vehicles), VRU (vulnerable road users)

4.2  Tabu-Search Based Solution Algorithm Overview

Before introducing the results of the tabearchbased subseklection method, the
general scheme of this method is described in this section. As introduced in the
methodology section, taksearch is an iterative technique. Through several
iterations the algorithm searchef®r the optimum result. The overall algorithm
proposed in this study is presented in Figure 4.1. In this studys&syahwasused

to determine the best set of built environment factors that has the minimum AIC

value when modeled wiittraffic safety variables.
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For all BE-TS models

For each BE-TS model

Tabu-Search

3 sections (150 iterations in total):
-preliminary search (50 iterations)
-intensification (50 iterations)
-diversification (50 iterations)

: S
. et of the best
The Best Iteration I .

: iterations
among_the 150 iterations: ]
-return the iteration with the I
minimum AIC value :

I

. I Set of the
All Iterations |} . A,
iteration records

for each of the 150 iterations:
for each of the variables:
-record whether the variable
1s in the model or not & if so
the significance level

Key factors

for each variable:
-if significant & consistent

Factor Consistency NS

For each variable:

-compare consistency among all
BE-TS models (basic in at least
80% of iterations & have the same
sign 1n at least 90% of iterations)

Factor Significance +

for each variable:
-compare significance among all
BE-TS models

Figure4.1. TabuSearch Based Setting

The proposed BH'S model settings are presented both in Figure 3.20 and Table 4.1.
For eachsetting, built environmentraffic safety relationship model (e.g., built
environment variables andilnerable road user involved crashes in single county
case, the tabesearch process was applied. Theexethree sections, preliminary
search, intensification, drdiversification, 50 iterations each. The algorithm pemp

after solving 150 iterations (note tithe number of iterations at the intensification
stage so the total number of iterations would vary if the algorithm requires restarts).

Then the best itation (with the minimum AIC value) of those 150 iteratioves
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returned. The variables thatere basic at that best iteration and the significance
levels of those variablegererecorded. Moreover, all 150 iteratiowsretraced for

each variable. For eacfariable,the number of iterations (among 150 iterations) in
which that specific variable was basic (selected to be in the model) and its association
with the dependent variable (positive or negative) were recorded. This process was
applied to each BHS model in each case. The best iterations were collected to
generate the set of best iterations that will be used to discuss factor significance. The
information about all iterationsagcollected to generate the set of iteration records
that will be used tadiscuss factor consistency. Factor significance and factor
consistency will be used to identify the key built environment factors that will be

discussed later in this chapter.

4.3 Tabu-Search Based Solution Algorithm Examples

In Figure 42, tabusearch rests for the single county fatal or incapacitating injury
crashes case (S3) are givé&here are 150 iterations in total (50 iterations for each
section: preliminary search, intensification, and diversificati6agh major iteration

(in which all neighborig iterations are solved) is presented inlibdy ofthegraph.

Each iteration was a recurrent solution of multiple regression models with the subset
of variables determined at that iteratidie algorithm starts with a random set of
independent variableand proceeds by selecting the best possible combination of
independent variables to minimize the Akaike Information Criterion (AIC) value.
For each iterationhe AIC value and the number of variables are preseaitéiie

bottom partThese two values asbout the model behavior during iterations.

Moreover,BE variable behavior was also tracear feach variable, the number of
iterations in which that specific variable was basic is presented by the chart at the
figure's righthand skl The significancevalue of each variable in the model at a
specific iteration is represented via color code, e.g., the highest significance level of
99% (p<0.01) is depicted by red, 95% significance |ered 90% significance levels

are depicted by orange and yellow respety.
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Figure4.2. Tabusearch Results Single County FQ_S3
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As mentioned,iie number of times each variable was selected to be in the subset is
given on the same figuierighthand sie. It is possible to observe which variables
are preferred mostly and what are their significance levels while they are in the
model. As an example, for this case, the most preferred variablesaual average

daily traffic (D6B_AA), walking index (D5B)number of bus stops (D4D), transit
ridership percentage of workers (D4C_W_P), the density of secondary roads
(D3D_R2_D), percentage of secondary roads (D3D_R2_P), percentage of primary
roads (D3D_R1_P), intersection density in terms of pedestriantal intersections
having three legs per square mile (D3B_P0O3), employment mix index (D2D_NDX),
job access score (D2D_ONDX), gross entertainment employment density
(D1C_5 ENT), land area in acres (D1A_LA), average household size (DOC, HHS)
total population (DB). These are the most frequently selected variables, but they do

not have the same level of significance overall.

Among them percentage of secondary roads (D3D_R2_P), percentage of primary
roads (D3D_R1_P), intersection density in terms of pedestrianted intersections
having three legs per square mile (D3B_P0O3), employment mix index (D2D_NDX),
job access score (D2D_ONDX), gross entertainment employment density
(D1C_5 ENT), land area in acres (D1A_LA), aotlal population (DOB) are the
ones that cagistently had high significance levels (p<0.01). The others usually had
lower significance valueg\lthough those variables' significance levels are usually
high or low when they are in the model, their level would change from one iteration
to another. Foexample, thevalking index (D5B) was always in the selected subset,
but its significance level fluctuates from one iteration to the other from 90% to 99%.
The variables that were consistently in the model and having stable significance

levels (preferablyigher than 99%) would be the built environment's critical factors.

The optimal objective value (minimum AIC value) obtained by this procedure for
the model estimating S3 crashes v&&s8.18 (note that the optimum iteration is
depicted with black lines; anflthere were multiple iterations with the minimum
AIC value, they are all represented on the graphis value was obtained at the33
and 5% iterations with the same subset of independent variables. The subthets of
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BE variables in the model atdke optimum iterations and their significance levels

are given in the next section.

In Figure 43, tabusearch results of the single county case for the ALL (motorized
and vulnerable road user) crashes are given. Each major iteration (in which all

neighbomg iterationswveresolved) is presented in the graph.

For this case, the most preferred variables wamaual average daily traffic
(D6B_AA), percentage of motorized modes for commuting (D6A_M_P), jobs within
45 minutes auto travel time (D5A_R), numhlérbus stops (D4D), percentage of
primary roads (D3D_R1_P), job access score (D2D_ONDX), employment entropy
(D2B_E5_MX), household workers per job (D2A_WRK_EMP), gross industrial
employment density (D1C_5 IND), land area in acres (D1A_LA), median gross
morthly rent (DOE_R), percentage of low wage workers (work location)
(DOE_LWW), percentage of low wage workers (home location) (DOE_LWH),
percentage of housing units built before 1990 (DOC_B90_P), Hispanic % of the
population (DOB_H_P), total population (DQRirban indicator (DOA).

The listed variables were frequently selected to be in the subset and had high
significance levels (p<0.01). Other variables were frequently used, such as
household workers per job equilibrium index (D2C_WRK_MX) and percentage of
population 25 years and more with at least bachelor's degree (DOD_CE); however,
the significance levels of those variables were lower than the first set of variables.

The optimal objective value (minimum AIC value) obtained by this procedure for
the modekstimating ALL crashes wds798.52 This value was obtained at thé™7

and 5% iterations with the same subset of independent variables. The subsets of
variables in the model at those optimum iterations and their significance levels are

given in the nexsection with the results of other cases.
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4.4  Results of the Single County Case

In this section, the results of the single county case (Leon Couatg)esented. The
presentation ordes as follows: firstly, the results of the crash frequency models are
presented. For each model, one of the crash types (e.g., frequency of fatal or
incapacitating injury FQ_S3) was used as the dependent variableintiependent
variable set was the same for all models. For these crash frequency models;the tabu
based subset selection algorithm employed negative binomial regression at each
iteration. Akaike Information Criterion (AIC) was used as the objective funciiwh

the algorithms tried to minimize the AIC value. At the end of the-ta®sed subset
selection, the algorithm returns the subset of independent variables with the best
(minimum) AIC value obtained. Secondly, the results of the crash density models
aregiven. Three different statistical distributions were used in those models to fit the
data: Gamma, Lognormal, and Weibull (only the Gamma regression results are
presented in this chapter). The same procedure with the frequency models was
applied. AIC vales were minimized for the models, and the subsets of independent
variables obtained at the optimum iteration are presented.

4.4.1 Single countycrash frequency modeling results

Table 4.2 shows the results of crash frequency models for severity types, an@in Tabl
4.3, the results of crash frequency models for involvement (occupancy) are
presentedIn terms of BE variables, for each crash category, there were significant

variables for different models.

Five variables were significant for all six TS variables (craategories): total
population (DOB), land area (D1A_LA), industrial employment density
(D1C_5 IND), number of bus stops (D4D), and annual average daily traffic
(D6B_AA). Among those five variables, industrial employment density had negative
relationshipswith all crash types, whereas the other four variables had positive
relationships with all crash types.
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Table4.2 Optimal BETS Models for Single Couni@ase(FQ severity)

DV FQ S1 FQ S2 FQ S3
\Y} Beta SE. | Beta SE. | Beta SE.
Intercept 3.65| *** | 0.31] (2.99) 2.06| (9.11)| *** | 2.72
DOA (0.27)| *** |1 0.09] (0.21)| ** | 0.09
DOB 0.13|*** | 0.04| 0.13|**>* | 0.05| 0.20| *** | 0.05
DOB H P 0.02|* |0.01| 0.03]|** |0.01
DOC HHS --1(0.129)| ** ]0.09
DOC B90 P 0.00| ** | 0.00| 0.00|*** | 0.00
DOC A0 P
DOD_CE 0.00| * 0.00
DOE LWH - | 0.02] ** | 0.01
DOE LWW 0.00| *** | 0.01| 0.00|** | 0.00
DOE R 0.24| *** | 0.06| 0.18| *** | 0.06
D1A LA 0.01| *** | 0.00| 0.01|** | 0.00| 0.02|*** | 0.00
D1B
D1C 5 ENT -—| 0.11|* 0.06| 0.32] ** | 0.07
D1C 5 IND (0.25)| *** | 0.09| (0.31)| *** | 0.09]| (0.27)| ** | 0.13
D1C 5 RET
D2A JP HH --- 1 (0.01)| ** | 0.01] (0.01) 0.01
D2A WRK_EMP/| (0.01)| ** | 0.00| (0.01)| *** | 0.00
D2B E5 MX 0.36| *** | 0.10| 0.26| *** | 0.10
D2C WRK_MX 0.29| *** | 0.10
D2D ONDX (0.08)| *** | 0.03| (0.05)| ** | 0.02] (0.21)| *** | 0.03
D2D NDX -—-| 0.08] ** | 0.02| 0.13|** | 0.03
D3B MM3 0.00| * 0.00
D3B PO3 --- | (0.01) | *** | 0.00
D3D R1 P 0.01|* |0.00| 0.01|** |0.00| 0.01|** | 0.00
D3D R2 P -—-| 0.01|** | 0.00| 0.03|** |0.01
D3D R2 D --1(0.02)| ** |0.01
D3E --- --- --- --- ---
DAC W P -- | (0.07)| ** | 0.03
D4D 0.01| *** | 0.00| 0.01|*>* |0.00| 0.01|* | 0.00
D5A R 0.01| *** | 0.00
D5B -—-| 0.09] *** | 0.03
D6A M P (0.01)| *** | 0.00| (0.01)| *** | 0.00
D6B AA 0.00| *** | 0.00| 0.00|** | 0.00| 0.00|* | 0.00
*p<0.1,*p<0.05 ** p<0.01
Goodness of Fit

AIC 1605.35 1513.28 853.18
R2- Corrected 0.83 0.85 0.68
(Nagelkerke)
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Table4.3 Optimal BETS Models for Single Count@ase(FQ involvement)

DV FQ ALL FQ MOT FQ VRU
\Y Beta SE | Beta SE | Beta SE
Intercept 4,09 ** | 0.30] 4.03|** | 0.30] 0.52 0.35
DOA (0.24)| *** | 0.08| (0.24)| *** | 0.09| (0.30)| ** | 0.15
DOB 0.15| *** | 0.04| 0.13|** | 0.04| 0.20|*** | 0.07
DOB H P 0.02| *** | 0.01| 0.02|** |0.01| 0.03|* |0.01
DOC HHS
DOC B90 P 0.00| *** | 0.00| 0.00|** | 0.00| 0.01|** | 0.00
DOC A0 P -—-| 0.01]** | 0.00
DOD_CE ---| 0.00 0.00
DOE LWH - | 0.02] ** | 0.01
DOE LWW 0.00| *** | 0.00| 0.01|*** | 0.00
DOE R 0.21| ** | 0.06| 0.21|** | 0.06
D1A LA 0.01| *** | 0.00| 0.01|** |0.00| 0.01|* |O0.01
D1B -—-| 0.03] *** | 0.01
D1C 5 ENT - | 0.12|* 0.06
D1C 5 IND (0.32)| *** | 0.09| (0.31)| *** | 0.09]| (0.46) | *** | 0.12
D1C 5 RET -—-| 0.07|* |0.03
D2A JP HH
D2A WRK_EMP/| (0.01)| ** | 0.00| (0.01)| ** | 0.00]| (0.01) 0.00
D2B E5 MX 0.32| *** | 0.10| 0.31|** |0.10| 0.37|** |0.16
D2C WRK_MX 0.24| * |0.10| 0.24|* |0.10| 0.50|** | 0.14
D2D ONDX (0.09) | *** | 0.03| (0.09)| *** | 0.03
D2D NDX
D3B MM3 0.00 0.00| 0.00 0.00| 0.01]|** | 0.00
D3B PO3
D3D R1 P 0.01| *** | 0.00| 0.01|*** | 0.00
D3D R2 P 0.00 0.00| 0.00/| * 0.00
D3D R2 D
D3E - | 0.01|* 0.01
DAC W P
D4D 0.01| *** | 0.00| 0.01|** |0.00| 0.01|* | 0.00
D5A R 0.02| *** | 0.00| 0.02]|*** | 0.00
D5B
D6A M P (0.01)| *** | 0.00] (0.01)| *** | 0.00] (0.02)| *** | 0.00
D6B AA 0.00| *** | 0.00| 0.00|*** | 0.00| 0.00|*** | 0.00
*p<0.1,*p<0.05, ** p<0.01
Goodness of Fit

AIC 1798.52 1793.07 729.05
R2- Corrected 0.84 0.84 0.82
(Nagelkerke)
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Urban indicator (DOA), the percentage of the Hispanic populdb@B H P), the
percentage of the housing units built before 1990 (DOC_B90 riRpJogment
entropy (D2B_E5_MX), and percentage of motorized modes for commuting
(D6A_M_P) had significant associations with all crash types except fatal or
incapacitating injurycrashes. Among those variables, urban indicator and the
percentage of motorized modes for commuting had negative associations, while the

others had positive associations.

Job access score (D2D_ONDX) and the percentage of primary roads (D3D_R1 P)
were the ther variables that have significant associations with most crash types (all
except the crashes involving vulnerable road users). Job access score had negative
associations with crashes, but the percentage of primary roads had positive

associations.

The pecentage of low wage workers living in the block group (DOE_LWH), median
gross monthly rent (DOE_R), and household workers per job (D2A_WRK_EMP)
were found to have significant associations with crash types other than the fatal or
incapacitating injury crdges and the crashes that involve vulnerable road users.
Household workers per job variable had a negative association, whereas the
percentage of low wage workers and median gross monthly rent had positive
associations. Moreover, household workers per jobuilierium index
(D2C_WRK_MX) had positive associations with PDO crashes, ALL crashes, motor

vehicle, and vulnerable road user involved crashes.

4.4.2 Single countycrash density modeling results

In Table 4.4 and Table 4.5, the results of crash density modélseawerity types
and the results of crash density models with involvement (occupancy) are presented,

respectively.
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Table4.4 Optimal BETS Models for Single County Cad€ld severity)

DV KD S1 KD S2 KD S3
\Y} Beta SE | Beta SE | Beta SE
Intercept 2.95|** 10.38| 2.32|** |0.37| 0.01 0.48
DOA (0.22)| ** |0.09| (0.28)| *** | 0.09
DOB 0.18| *** | 0.05| 0.14|** | 0.05
DOB B P ---| 0.00|* | 0.00
DOB H P - | 0.02]** | 0.01
DOB U5 P (0.02)| ** |0.01| (0.02)| * 0.01
DOC B90 P -—-| 0.00| *** | 0.00
DOC A0 P 0.01| * 0.00
DOD L9 (0.01) 0.01
DOE_HI
DOE LWH 0.01|* |0.01 -—-| 0.04] ** | 0.01
DOE LWW 0.01| *** | 0.00| 0.00|*** | 0.00
DOE R 0.22|** | 0.07| 0.16|* | 0.06
D1A LA 0.01|** | 0.00| 0.02|** |0.00| 0.02 0.02
D1B (0.03)| *** | 0.01
D1C 5 IND (0.24)| *** | 0.09| (0.32)| *** | 0.09
D2A WRK_EMP/| (0.01)| *** | 0.00| (0.01)| *** | 0.00
D2B E5 MX 0.31|** | 0.11| 0.42|** |0.10
D2C WRK MX 0.24| ** |0.11
D2D ONDX (0.10)| *** | 0.03]| (0.120)| *** | 0.03]| (0.16) | ** | 0.07
D3B PO3 --- | (0.00) | * 0.00]| (0.02)| *** | 0.01
D3D R1 P 0.01|* | 0.00| 0.01]** |0.00
D4D 0.02| *** | 0.00| 0.01|** | 0.00
D5A R 0.02| *** | 0.01| 0.02|** | 0.01
D5B -—-| 0.14]|* |0.06
D6A M P (0.01)| *»** | 0.00| (0.01)| * |0.00
D6B AA 0.00| *** | 0.00| 0.00|** | (0.00| 0.00|*** | 0.00
*p<0.1, *p<0.05 **p<0.01
Goodness of Fit

AlIC 1367.38 1250.17 681.55
R2- Corrected 0.84 0.87 0.26
(Nagelkerke)
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Table4.5 Optimal BETS Models for Single County Cad€ld involvement)

DV KD ALL KD MOT KD VRU
\Y} Beta SE | Beta SE | Beta SE
Intercept 3.44|** 10.36| 3.36|*** |0.37| 3.32|* |1.33
DOA (0.28) | *** | 0.09] (0.28)| *** | 0.09
DOB 0.18| *** | 0.05| 0.17|*>* | 0.05| 0.33|* 0.19
DOB B P
DOB H P
DOB U5 P (0.02) | * 0.01] (0.02)| * 0.01
DOC B90 P 0.00| * 0.00| 0.00]|* 0.00
DOC A0 P
DOD L9
DOE_HI --- | (0.02) | *** | 0.00
DOE LWH 0.01|* |0.00| 0.01]|* |0.00
DOE LWW 0.01| *** | 0.00| 0.01|** | 0.00
DOE R 0.17| *** | 0.06| 0.17|** | 0.06
D1A LA 0.02| *** | 0.00| 0.02] *** | 0.00
D1B (0.02)| ** |0.01| (0.02)| ** | 0.01
D1C 5 IND (0.26) | *** | 0.08| (0.26) | *** | 0.08
D2A WRK_EMP/| (0.01)| ** | 0.00| (0.01)| *** | 0.00| (0.01)| * 0.01
D2B E5 MX 0.31|** | 0.10| 0.32|** | 0.10
D2C WRK MX 0.22|* |0.10| 0.22|* |0.10
D2D ONDX (0.12)| *** | 0.03| (0.12)| *** | 0.03
D3B PO3
D3D R1 P 0.01| *** | 0.00| 0.01]** | 0.00
D4D 0.02| *** | 0.00| 0.02| *** | 0.00
D5A R 0.02| *** | 0.01| 0.02|** | 0.01
D5B
D6A M P (0.01)| *** | 0.00| (0.01)| *** | 0.00| (0.03)| * ]0.01
D6B AA 0.00| *** | 0.00| 0.00|*** | 0.00| 0.01|*** | 0.00
*p<0.1, *p<0.05 **p<0.01
Goodness of Fit

AlIC 1549.47 1542.01 325.25
R2- Corrected 0.86 0.86 0.31
(Nagelkerke)

144



According to the results, fewer BE variables were found to be significant for the
density models than the frequency models. According terdmh density models,
when Table t533 and Table t534 are considered together, annual average daily traffic
(D6B_AA) was positively associated with all crash types as expected. Other than the
traffic volume, total population (DOB), household workers per job
(D2A_WRK_EMP), job access score (D2D_ONDX), and the percentage of
motorized modes for commuting (D6A_M_P) were the common BE variables found
to be significantly associated with all TS variables (crash types). The total population
was positively associatedlith all crash types except fatal or incapacitating injury
crashes. Household workers per job and percentage of motorized modes for
commuting were also associated with the same crash types but negatively. On the
other hand, job access score was negatagdypciated with all the crash types except

the crashes involving vulnerable road users.

The other common BE variables and their associations are as follows: urban indicator
(DOA), the percentage of population under the age of 5 (DOB_U5_P), and gross
indudrial employment density (D1C_5 IND) were negatively associated with PDO
crashes, noincapacitating injury crashes, ALL crashes and motor vehicle involved
crashes. Whereas the percentage of low wage workers working in the block group
(DOE_LWW), median gres monthly rent (DOE_R), land area (D1A_LA),
employment entropy (D2B_E5 MX), the percentage of primary roads (D3D_R1_P),
the number of bus stops (D4D) and the number of jobs within 45 minutes auto travel
time (D5A_R) were positively associated with the sazrash types. Moreover, the
percentage of lovwage workers living in the block group (DOE_LWH) was
positively associated with PDO crashes, fatal or incapacitating injury crashes, ALL

crashes, and motorized vehicle involved crashes.

4.4.3 Discussion of the sintp county crash modeling outcomes

In this section, the results of crash frequency and crash density models are discussed.

In Table 4.6, for each crash category (PDO as Slimmapacitating injury as S2,
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fatal or capacitating injury as S3, total crashes as ALL, motor vehicle involved
crashes as MOT, and vulnerable road user involved crashes as VRU) both frequency
(crash counts for 2002011 period)and density(total kernel density of crashes)
modelingresults are depicted.

Table4.6 Comparison of the IVs for Single County Case

\Y 3232‘ DV |NB GA|[NB GA|NB GA|NB GA|NB GA|NB GA
DOA

DOB
DOC_B90_P
DOE_LWW
DOE_R

D1A LA
D1C_5_IND
D2A_WRK_EMP
D2B_E5_MX
D2D_ONDX
D3D_R1_P
D4D

D5A_R
D6A_M_P
D6B_AA

For each crash category, the first column is dedicated to frequency modeling
(negative binomial regression), and the seconducmn is dedicated to density
modeling gamma regression). The table's rows are dedicated to the BE variables for

which a significant association (higher than 90%) was found at least in one model.
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The color code represents both the significance levels @08099%) and the
direction of association (positive or negative). For example, the urban indicator
(DOA) was found to be negatively associated with PDO crashes with a significance
level of 99% in the frequency model (NB) and a significance level of 90&tein
density model (GA); whereas, the total population (DOB) was found to be positively
associated with the same crash type with 99% significance for both models. While
presenting the results, the most common variables that were significant in at least
four of the crash types were selected.

According to the results, urban identification was negatively associated with PDO
crashes, noincapacitating injury crashes, ALL crashes, and motor vehicle involved
crashes significantly. In the former studiBdistanceo the nearest urban ateaas

found to be negatively associated with total cragizs, AbdelAty, Lee, et al.,

2017) and with vulnerable road user crast{€ai, AbdetAty, Lee, et al., 2017,

2019) so, urbanized areas are prone to increased crash frequencies. Similarly, urban
areas were linked positively to totdermprapai & Srinivasan, 201d)d bke crash
frequencieqSiddiqui et al., 2012)Whereas fatal crashes were generally linked to
rural areas since driver speeds laigher in rural areas, and as speeds increase, the
severity of the crashes incregSermprapai & Srinivasan, 2014; Zhibin Li et al.,
2013; Noland & Quddus, 2004alherefore, the findings in this study contradicted

the ones in the literature. Since population and traffic densities are higheuntémn

areas, it is expected to have increased crash rates in the urban areas. However, the
block groups' size gets larger while approaching the fringe, so urban block groups
are smaller than rural and suburban block groups. One explanation for theenegati
association with urban identification could be this @#fect. Though the crash
densities increase at the urban core, the total number of crashes could be higher at
the larger block groups, supported by the positive and significant association of the
land area with all crastypesexcept vulnerable road user involved crashes. VRU
crashes would be more likely to happen in urban areas where block groups are

smallerthan the rural block groupand there are more attraction points.
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Under the demographicnd socioeconomic properties dimension, the total
population was found to be positively associated with all crash types, as expected.
The total population was considered a surrogate for exposure and was positively
related to total crash€émoh-Gyimah et &, 2017; H. Huang et al., 2016; K. Kim

et al., 2006; P. Xu et al., 201As exposure increasethe likelihood of crashes
increases.Furthermore, total population and pedestrian crashes had a positive
associatiorsincea higher population would gendeamore mobility and exposure

(K. Kim et al., 2006; Nashad et al., 2016; Noland & Quddus, 2004b; Quistberg et al.,
2015; Siddiqui & AbdelAty, 2012) Therefore, as the population increases, all crash

types' frequency (and densitikely to increase.

The studies thatonsidered the relationship between household income and traffic
crashes found negative associations with total cragtrash-Gyimah et al., 2017,
Noland & Quddus, 2004a; Pirdavani et al., 2013; Rhee.e2@l6; K. Xie et al.,

2019; C. Xu et al., 2017R similar negative relation was found between income and
pedestrian crashg8ao et al., 2017; Cottrill & Thakiah, 2010; Siddiqui et al.,
2012) The percentage of lowage workers was also found to be significantly
positive with PDO, nofincapacitating injury crashes, all and motor vehicle involved
crashes. On the other hand, median gross rent as a suofgateame had a different
picture with the same crash types. Here, the findings are the complete opposite: as
the amount of rent paid increases (so the wealth indirectly), the crash frequency (and
density) increases. One explanation for this result isptssible increase in car
ownership. As wealth increases, car ownership and usage would increase, so the

exposure. Thus, wealth could also be negatively associated with traffic safety.

Industrial employment density was negatively associated with PDO; non
incapacitating injury, total, motor vehicle involved, and vulnerable road user
involved crashes. The findings in the literature about industrial employment are
mixed. Some studies found a negative association between vulnerable read user
involved crashes anddustrial employmen(iCai et al., 2016; P. Chen & Zhou, 2016;
Ding, Chen, et al., 2018)The negative association was explained by the low
likelihood of pedestrian activities in those sites ttoose crashés. Howeversome
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studies found a positive associatidtirandaMoreno et al., 2011; Ukkusuri et al.,
2012)for the vulnerable road user involved crashes by increased traffic volumes in
those sitedn this study, the relationship was negative, supporting the commonsense
that those areas experience lower levels of vulnerable road user involved crashes.
For the other crash types, the findings are also mixed. Some studies found negative
associationgKaygisiz et al., 2017; Pulugurtha et al., 2Q18hd some found a
positive associatiofChiou & Fu, 2013) The negative associations of industrial
employment density with all crash types in this study were mostly due to the
monotonous structure of the industrial districts compared to office and retailing
employment. This is alssupported by the employment entropy, which was
positively associated with PDO, namcapacitating injury, total, and motorized
vehicle crashes. That is to say, as the heterogeneity of employment increases, the
likelihood of crashes increases due to theoskpe, and as the employment becomes

homogenous, the likelihood decreases.

The household workers per job variable was found to have negative associations with
PDO, nonincapacitating, all, and motor vehicle involved crashes. As household
workers per job iareases, employment density decreases (not a work zone). Those
block groups would have residential characteristics that are also homogenous. Job
access score was also found to be negatively associated with PDO, non
incapacitating, fatal crashes, all, andtor vehicle involved crashes. Higher values

of job access score indicate higher access to a variety of jobs. Therefore, the negative

relationship would be due to both better accessibility and alternative jobs.

According to the results, the percentage loé fprimary roads was positively
associated with PDO, ndncapacitating injury, fatal, all, and motor vehicle
involved crashes. Most of the former studies came up with similar results that
primary roads were positively associated with crash risk and fnegué&he road
density of majorroads was positively associated with total cragBes et al., 2017,
2018; C:Y. Yu & Xu, 2018) Road density is also positively assoeth with
pedestrian crashg®sama & Sayed, 2017; Ukkusuri et al., 2011; Y. Wang &
Kockelman, 2013; Wier et al., 2009)
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According to the single aunty modeling results, the number of bus stops was
positively associated with all types of crashes in the frequency models and all crashes
except vulnerable road user crashes and fatal crashes. The findings in the literature
support the positive assocm@tis. The number of bus stops found to be positively
related not only to the total crasi{€ai, AbdelAty, & Lee, 2017; Ouyang & Bejleri,

2014) but also the motor vehicle involved crasfi€aygisiz et al., 2017; Ouyang &
Bejleri, 2014) and pedestrian crash@3. Chen & Zhou, 2016; Ouyang & Bejleri,
2014; Ukkusuri et al., 2012; Y. Wang & Kockelman, 201Byus stops are the
conflict points for all types of road users and vehicles. Vehicles may have conflicts
with busegCai, AbdelAty, & Lee, 2017) or the buses block pedestrians' sight while
crossing(P. Chen & Zhou, 2016)Thus, increased conflict points increase the

likelihood of crashes.

The percentage of maired modes (excluding transit) was negatively associated
with property damage only crashes, fainoapacitating injury crashes, total crashes,
and motor vehicle involved crashes. It was surprising to have that association since
it was expected to observigher rates of crashes of any type as motor vehicle usage
increases. Those block groupghnhigher car ownership rates and relatively higher
income levels werdocated at thaurban periphery Those properties, especially
income level, were associated withwer crash rates in former studi@dmoh-
Gyimah et al., 2017; Bao et al., 2017; Pirdavani et al., 20t@&refore, rather than

the exposurempact by car ownership, the deprivation level would surpass the
positive impact for the deprived communities who use transit anemuborized
modes primarily. One other indirect impact would be due to the positive association
between education level anttome. Income is positively associated with education
level, and education level is negatively associated with crash rates, so there would
be a latent impact of income through the level of education. Additiopaitiestrian

and bicycist activities are epected to béower at the block groups close to the fringe
thantheblock groups close to thaty center. Moreover, on the other side, in a recent
study, it was found that nemotorized modes and transit positively associated with
crashes in Floridd_ee, AbdelAty, de Blasiis, et al., 2019)
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Finally, as an indicator of traffic volume and exposure, annual average daily traffic
(AADT) waspositively associated with all types of crashes. The result is evident
since increasing traffic volume would result in maeposure and increased
likelihood ofcrashes, which complies with the former stud@si, AbdetAty, Lee,

et al., 2019; H. Huang et al., 21 oukaitouSideris et al., 2007; J. Wang & Huang,
2016; Zeng & Huang, 2014)

4.4.4 Consistencyof the single county crash modeling results

The consistencyof the selected BE variables for the single county case will be
discussed in this section. In the previous sections, the best nithedbest iteration

in the tabusearch based solution procedure for each madelthe BE variables at

the optimum soluons were presented. It is also essential to determine the
consistency so the BE variablesnsistencyoncerning the TS variables. Since the
algorithm is an iterative process with approximately 7500 trials, the selected
variables often vary. Moreover, tihelation (positive, negativ@r none) between a

BE variable and a TS variable would also vary due to the model's varathbdes
specific iteration. A variable would have a positive association at an iteration and a
negative association at another iteyatiThis variability would imply that the other

variables would play a rola the association of thiBE variablewith the TS variable

A scheme was developed to detectdbmsistencyevels of the BE variables, which

is depicted in Table 4.7. In thisteeme, the tabu search iterations were used. For
each BE variable during each BES model solution process, four statistics were
kept. The number of times the variable was in the subset, the number of times that
specific variable was negative, the numbetimies the variable was positive, and

the number of times was zero when it is in the model.

Then the BE variables were classified into five categories depending on two
dimensions. The first dimension was about the percentage of iterations that variable
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wasin the subsefbasic). That dimension hdbree sukcategories: less than 80%,

80% or more, anchore tharf0%.

The second dimension was abthé type of association of the BE variable with the
TS variable. That dimension also hawb subcategories: posive (+) and negative
(). For this dimension, 90% was ttieesholdvalue To be evaluated as positiy@
negative) a BE variable should have a posit(ee negative) associatian at least
90% of the iterations it was selectedbe in the model

Therefore, four categorieswere defined and depicted dependiog these two
dimensionsAs the fifth categorythe variableshatappearedh less than 80% of the
iterationsand the variables that appeared in at least 80% of the iterations with no
associationvere considered together and identified as inconsistent. This category
was representedby white color. As an example, the urban indicator (DOA)
consistently had a negative relationship with PDO crashest@dl)crashes (ALL),

and motor vehicle involvedrashes (MOTjor both frequency and density models

The association's existence and type were less consistent fancapacitating
crashes (S2) for the same modeling frames. The urban indicator variable was
inconsistent for the fatal or incapacitatimguiry crashes (S3), and vulnerable road

user involved crashes (VRU).
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Table4.7 Consistencyf the IVs for Single County Case

S2 S3 VRU

>80%

v >l DV [NB GA |NB GA|NB GA|NB GA|NB GA|NB GA

DOA

DOB
DOB_B_P
DOB_H_P
DOB_U5_P
DOC_HHS
DOC_OC_P
DOC_B90_P
DOC_A0_P
DOD_CE
DOE_HI
DOE_LWH
DOE_LWW
DOE_R

D1A LA
D1C_5 ENT
D1C_5 IND
D2A_JP_HH
D2A_WRK_EMP
D2B_E5 MX
D2C_WRK_MX
D2D_ONDX
D2D_NDX
D3A_MM
D3B_PO3
D3D_R1_P
D3D_R2_P
D3D_R2 D
DAC_W_P
D4D

D5A_R

D5B

D6A M_P
D6B_AA
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One of the main aims of this study was to determine the generalizable built

environment factors affecting traffic safety. Thus, the BE variables that were

consideredconsistentconcerning at least four TS variables were considered

consistentin this scheme According to thisconsistencyscheme, the following

variables were foundonsistentn their associations with TS variables:

T

1
1

Urban indicator (DOA)

Total population (DOB)

Hispanic % of population (DOB_H_P)

% of housing units built before 199DOC_B90_P)

% of low wage (less than $1250/month) workers (work location)
(DOE_LWW)

Median gross monthly rent (DOE_R)

Land area in acres (D1A_LA)

Gross industrial employment density (D1C 5 IND)

Household workers per job (D2A_WRK_EMP)

Employment entropy (D2B_E5 MX)

Jobaccess score (D2D_ONDX)

% of primary roads (D3D_R1_P)

Number of bus stops (D4D)

% of motorized modes for commuting (excluding transit) (D6A_M_P)

Annual average daily traffic (average of 3 years) for all modes (D6B_AA)

Finally, the BE variables were filted depending on the significance and

consistencyThe BE variables' significance levels presented in the previous section
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and theconsistencyevaluations presented in this section were amalgamated. Thus,

the variables that were both significant at the raptn iterations andonsistent

during the process were determined by comparison. Among the variables presented

asconsistentthe Hispanic percentage of population (DOB_H_P) was not significant

in most BETS models for the single county case. Among theifsogmt variables

in Table 4.6, jobs within 45 minutes auto travel time (D5AwWR¥ not consistent

Therefore, the remaining variables were evaluated as the key factors (both significant

andconsistentfor the single county case.

1

T

Urban indicator (DOA)
Total population (DOB)
% of housing units built before 199D0OC_B90_P)

% of low wage (less than $1250/month) workers (work location)
(DOE_LWW)

Median gross monthly rent (DOE_R)

Land area in acres (D1A_LA)

Gross industrial employment density (D1C_5 IND)

Housdénold workers per job (D2A_WRK_EMP)

Employment entropy (D2B_E5 MX)

Job access score (D2D_ONDX)

% of primary roads (D3D_R1 _P)

Number of bus stops (D4D)

% of motorized modes for commuting (excluding transit) (D6A_M_P)

Annual average daily traffic (averagedjears) for all modes (D6B_AA)
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4.5 Results of the TriCounty Case

This section presents the -tounty (Broward, MiamDade, and Palm Beach
counties). BETS modeling results. Firstly, the crash frequency modeling results,
then the crash density modeling fiésarepresented.

4.5.1 Tri -county-crash frequency modeling results

This section presents the-tdunty crash frequency modeling results Table 4.8
shows the results of crash frequency models concerning severity types, and in Table
4.9, the results of crash freency models concerning involvement are presented.

According to the results, among the BE variables, total population (DOB), gross
entertainment employment density (D1C_5_ENT), gross retail employment density
(D1C_5 RET), the percentage of secondary rd@BD R2 P), total sidewalk
length (D3E), transit ridership percentage of workers (D4C_W_P), the number of
bus stops (D4D), walking index (D5B), the percentage ofmotorized modes for
commuting (D6A_NM_P) and annual average daily traffic (D6B_AA) wermd

to be positively related to all crash types. The proportion of total employment within
a quartemile of a fixedguideway transit stop (D4B_025) and gross population

density (D1B) were negatively related to all crash types.

Three BE variables had n&d relations with crash types though being significantly
related to all crash types. Hispanic percentage of the population (DOB_H_P) and the
number of jobs within 45 minutes auto travel time (D5A R) were found to be
negatively related to fatal or incapatihg injury crashes and vulnerable road user
involved crashes; while positively related to other crash types. Additionally, the
percentage of primary roads (D3D_R1_P) was positively associated with all crash

types except vulnerable road user involvedloeas
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Table4.8 Optimal BETS Models for THCounty CaseRQ severity)

DV FQ S1 FQ S2 FQ S3
v Beta SE Beta SE Beta SE
Intercept 151 * | 0.16| 0.97|** | 0.20| 0.23 0.33
DOA (0.27) | *** | 0.07 -- | (0.19) | *» 0.08
DOB 0.14| *~* | 0.01| 0.13|** | 0.01| 0.19]| *** | 0.02
DOB B P 0.00 | ** 0.00 | (0.00) | *** | 0.00
DOB H P 0.01|** | 0.00] 0.00|** | 0.00]| (0.01)]| *** | 0.00
DOB U5 P (0.02) | *** ] 0.01
D0OB_065_P (0.01) | *** ] 0.00
DOB M P 0.00 0.00| 0.01]| * 0.00
DOC_HHS 0.10| *** | 0.03
DOC OC P 0.00| *** | 0.00| 0.01|** |0.00| 0.01|** | 0.00
DOC B90 P 0.00 | ** 0.00| 0.00] * 0.00| 0.00 0.00
DOC_CO2 HH 0.02| *** | 0.01| 0.01 0.01| 0.02]| * 0.01
DOC A0 P 0.00 | *** | 0.00
DOC Al P 0.00 | ** 0.00 | (0.00) | ** 0.00
DOD L9 --- 1 (0.00) | * 0.00
DOD CE 0.00 | ** | 0.00]| (0.00) | *** | 0.00| (0.01) | *** | 0.00
DOE_HI --- | (0.00) | ** 0.00
DOE LWH 0.00]| * 0.00
DOE LWW 0.00 0.00| 0.00| *** | 0.00
DOE R 0.03] * 0.02
D1A LA 0.00| ** | 0.00] 0.00|** | 0.00] 0.00|** | 0.00
D1A BS
D1B (0.01) | *** | 0.00| (0.01) | *** | 0.00| (0.01) | *=* | 0.00
D1C 5 ENT 0.02| *** | 0.00| 0.02|** |0.00| 0.01|*=* | 0.00
D1C 5 IND -- | (0.02) | * 0.01
D1C 5 RET 0.02 | * 0.01| 0.02|* 0.01| 0.02]* 0.01
D1C 5 SVC --1(0.00) | * 0.00
D2A JP HH 0.00]| * 0.00
D2A WRK EMP | 0.00 0.00
D2B E5 MX 0.18| *** | 0.04| 0.15| *** | 0.04
D2C TRIP_EQ 0.07 | * 0.04| 0.18| *** | 0.04
D2C WRK_MX 0.15| *** | 0.04| 0.14| *** | 0.04
D2D_ ONDX (0.05) | *** | 0.01 --- | (0.03) | ** 0.01
D2D NDX 0.01 | ** 0.00
D3A (0.01) | ** | 0.00| (0.01) | *** | 0.00| (0.01) | *** | 0.00
D3A AO 0.02| *** | 0.00| 0.02|** | 0.01
D3A MM 0.01 | ** 0.01| 0.03| *** | 0.01
D3B G --- | (0.00) | ** | 0.00
D3B MM3 --- | (0.00) | ** 0.00| (0.00) | ** | 0.00
D3B MM4 --- 1 (0.00) | * 0.00| (0.00) | * 0.00
D3B_PO3 (0.00) | * 0.00 | (0.00) 0.00
D3B P04 0.00 | ** 0.00
D3D R1 P 0.01|** | 0.00| 0.01|** |0.00| 0.01|*=* | 0.00
D3D R2 P 0.01|** | 0.00| 0.01|** |0.00| 0.01|*=* | 0.00
D3E 0.02| *** | 0.00| 0.03|** |0.00] 0.01]* 0.00
D4B_025 (0.96) | *** | 0.14 | (0.37) | *** | 0.12| (0.52) | *** | 0.17
DAC W P 0.03| *** | 0.00| 0.01]|* 0.00| 0.02| ** | 0.01
D4D 0.01|** | 0.00| 0.01|** |0.00| 0.01|*=* | 0.00
D5A R 0.01|** | 0.00| 0.00|** | 0.00] (0.00) | *** | 0.00
D5B 0.05| *** | 0.01| 0.03|** |0.00| 0.04]|** | 0.01
D6A M P 0.00]| * 0.00| 0.00]| ** 0.00
D6A NM P 0.01|** | 0.00| 0.01|** |0.00| 0.01|*=* | 0.00
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Table 4.8 (continued)

D6B AA 0.00| *** | 0.00| 0.00| *** | 0.00 0.00| *** | 0.00
D6C T --- --- --- --- | (0.06) | *** | 0.01
*p<0.1,*p<0.05 **p<0.01

Goodness of Fit

AlC 35048.37 31526.06 19411.84
R2- Corrected 0.73 0.68 0.53
(Nagelkerke)

Table4.9 Optimal BETS Models for THCounty CaseRQ involvement)

DV FQ ALL FQ MOT FQ VRU
\Y Beta SE Beta SE Beta SE
Intercept 226 | *** | 0.15| 211 |** | 0.14| (1.04)| ** | 0.33
DOA (0.18) | *** | 0.06 | (0.17) | *** | 0.06 | (0.24) | * 0.07
DOB 0.14| *~* |1 0.01| 0.14|** | 0.01| 0.12]|** | 0.01
DOB B P 0.00 0.00| (0.00) | ** 0.00
DOB H P 0.00| ** | 0.00| 0.01|** | 0.00| (0.00)| ** | 0.00
DOB U5 P (0.0 | * 0.01] (0.01) | ** 0.01| 0.01 0.01
DOB 065 P (0.00) | *** | 0.00| (0.00) | ** 0.00| (0.00) | * 0.00
DOB M P 0.02 | *** | 0.00
DOC_HHS 0.05 | ** 0.03
DOC OC P 0.01| ** | 0.00| 0.01|** | 0.00
DOC B90 P 0.00]| * 0.00| 0.00] * 0.00| 0.00| *** | 0.00
DOC _CO2 HH 0.02| *** | 0.01| 0.02|** |0.01| 0.01]* 0.01
DOC A0 P 0.00 | ** 0.00| 0.00]| ** 0.00| 0.00| *** | 0.00
DOC Al P
DOD L9
DOD CE --- | (0.00) | *** | 0.00
DOE_HI (0.00) 0.00 --- | (0.00) | ** 0.00
DOE LWH 0.01| *** | 0.00
DOE LWW 0.00 0.00
DOE R 0.03] * 0.02| 0.03]* 0.02| 0.04]|* 0.02
D1A LA 0.00| ** | 0.00| 0.00| *** | 0.00
D1A BS --- 1 (0.00) | * 0.00
D1B (0.01) | *** | 0.00| (0.01) | *** | 0.00| (0.01) | *»** | 0.00
D1C 5 ENT 0.02| *** | 0.00| 0.02|** | 0.00| 0.02]|*=* | 0.00
D1C 5 IND
D1C 5 RET 0.02 | ** 0.01| 0.02] ** 0.01| 0.03| ** | 0.01
D1C 5 SvC
D2A JP HH 0.00 0.00| 0.00 0.00
D2A WRK EMP| 0.00]| * 0.00| 0.00] * 0.00
D2B E5 MX 0.18| *** | 0.04| 0.17|** | 0.04| 0.27| ** | 0.05
D2C _TRIP_EQ 0.08 | * 0.04| 0.07 0.04| 0.11]|* 0.04
D2C WRK MX 0.13| *** | 0.04| 0.14| ** | 0.04
D2D ONDX (0.03) | *** |1 0.01| (0.03)| *** | 0.01| 0.03|** | 0.01
D2D NDX 0.01 | ** 0.00
D3A (0.01) | *** | 0.00| (0.01) | *** | 0.00
D3A _AO 0.01| *** | 0.00| 0.02|** | 0.00
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Table 4.9 (continued)

D3A MM --- --- --- --- ---
D3B_G --- [ (0.00) | * 0.00
D3B_MM3
D3B_MM4
D3B_PO3 (0.00) | ** 0.00 | (0.00) 0.00| (0.00) | *** | 0.00
D3B PO4 0.00| * 0.00 0.00]| * 0.00 ---
D3D R1 P 0.01| *** | 0.00 0.01| ** | 0.00]| (0.01) | *** | 0.00
D3D R2 P 0.00| *** | 0.00| 0.00|** | 0.00| 0.01|** | 0.00
D3E 0.03| *** | 0.00| 0.03|** | 0.00| 0.03| ** | 0.00
D4B_025 (0.78) | *** | 0.12| (0.78)| ** | 0.12] (0.80) | *** | 0.12
D4C W P 0.03| *** | 0.00 0.03| *»** | 0.00 0.03| *** | 0.00
D4D 0.01| *** | 0.00 0.01| *»** | 0.00 0.01| *** | 0.00
D5A R 0.00| ** | 0.00| 0.00| *** | 0.00| (0.00) | *** | 0.00
D5B 0.03| *** | 0.01| 0.03|** | 0.01| 0.04|** | 0.01
D6A M P
D6A NM P 0.01|** | 0.00f 0.01|** | 0.00| 0.01|** | 0.00
D6B_AA 0.00| *** | 0.00| 0.00| ** | 0.00| 0.00| *** | 0.00
D6C T --- | (0.04) | =+ ] 0.01
*p<0.1,*p<0.05 **p<0.01
Goodness of Fit

AIC 38436.07 38200.96 18364.52
R2- Corrected 0.72 0.72 0.58
(Nagelkerke)

The percentage of occupied housing units (DOC_OC_P) and total land area
(D1A_LA) were positively associated with all crash types other than vulnerable road
user involved crashes. The percentage of housing units built before 1990
(DOC_B90_P) and employmeantropy (D2B_E5 MX) were positively associated
with all crash types except fatal and incapacitating injury crashes. Annual CO2
emission per household (DOC_CO2_HH) was found to be positively associated with
all crashes except nancapacitating injury cragls. In contrast, the urban indicator
(DOA) and job access score (D2D_ONDX) were negatively associated with the same
crashes. Also, the total road network density (D3A) had negasiseciations with

all crashes other than those involving vulnerable roadsus

Some other BE variables that commonly have significant associations with TS
variables, and their associations are as follows: the percentage of households with
zero automobiles (DOC_AO_P) was positively related to PDO crashes, ALL crashes,

moto vehice involved crashes, and vulnerable road user involved crashes. Median
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gross monthly rent (DOE_R) was positively associated with-incepacitating
injury crashes, ALL crashes, moto vehicle involved crashes, and vulnerable road

user involved crashes.

Trip productions and trip attractions equilibrium index (D2C_TRIP_EQ) was
positively related to noeincapacitating and incapacitating injury crashes, ALL
crashes, and vulnerable road user involved crashes. Employment and household
entropy (D2C_TRIP_MX) was fourtd be positively associated with PDO andnhon
incapacitating injury crashes, ALL, and motor vehicle involved crashes. Network
density in terms of facility miles of awariented links per square mile (D3A_AO)

had positive associations with norcapacitatng injury and incapacitating injury
crashes, ALL and motor vehicle involved crashes. The percentage of the population
above the age of 65 (DOB_065_P) had negative relations with PDO crashes, ALL,
motor vehicle involved, and vulnerable road user involvediees. Furthermore, the
percentage of the population with at least a bachelor's degree (DOD_CE) had mixed
associations. It was positively associated with PDO crdzsiteegatively associated

with nonincapacitating anthcapacitating injury crashes andiverable road user

involved crashes.

4.5.2 Tri -county-crash density modeling results

In this part, the results of the-tounty case in terms of crash density models are
presented. Table 4.10 results from crash density models for severity types, and in
Table 411, the results of crash density models for involvement are presented. When

considered together, the following results are obtained.
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Table4.10 Optimal BETS Models for TrCounty CaseKD severity)

DV KD S1 KD _S2 KD _S3
v Beta SE Beta SE Beta SE
Intercept 0.64 | * 0.31| 0.10 0.22 | (0.33) 0.49
DOA (0.49) | ** | 0.08] (0.26)| =+ [ 0.07 [ (0.610] ** [ 0.15
DOB 0.21 | * | 0.02| 0.19]| * | 0.02 0.25| ** | 0.03
DOB B P 0.00 | ** 0.00 | (0.00) | * 0.00
DOB H P 0.01| * | 0.00| 0.00|** | 0.00]| (0.01)| ** | 0.00
DOB U5 P (0.02) | *** 0.01 --- ---
DOB_ 065 P (0.01) | *** 0.00 --- ---
DOB M P 0.01| * 0.00| 0.01] ** | 0.00 0.02 | = | 0.01
DOC_HHS 0.06 | ** 0.03 --- ---
DOC OC P 0.01 | ** | 0.00 0.01] ** | 0.00
DOC B90 P 0.00 | *** 0.00 0.00 | ** 0.00 ---
DOC_CO2 HH 0.02 | *** 0.01 0.01|* 0.01 0.03] * 0.01
DOC A0 P 0.01| ** | 0.00
DOC A1 P 0.00 | ** 0.00
DOD CE 0.00 | ** | 0.00| (0.00) | ** ] 0.00| (0.01) | ** | 0.00
DOE_HI --- | (0.00) | ** 0.00
DOE_LWH 0.01| * | 0.00| 0.01]** | 0.00
DOE_LWW 0.00 0.00 0.00 | ** 0.00
DOE_BP 0.00 0.00 --- ---
DOE R 0.03 0.02
D1A LA 0.00 | ** | 0.00| 0.00| ** | 0.00 0.00 | ** 0.00
D1B (0.01) | ** ] 0.00] (0.01) | * | 0.00| (0.01) | * | 0.00
D1C 5 ENT 0.02 | * | 0.00| 0.02| ** | 0.00 0.03 | ** | 0.01
D1C 5 IND --- -- | (0.02) | ** 0.01
D1C 5 RET 0.03| ** | 0.01| 0.02]| * 0.01
D2B E5 MX 0.16 | *** 0.05 0.18 | *** 0.05 -
D2C TRIP_EQ 0.21 | * 0.09
D2C WRK_MX 0.11 | ** 0.05 0.15 | *** 0.04 -
D2D 0.01| * 0.01| 0.02] * 0.01
D2D_ONDX (0.04)| = | 0.01
D2D_NDX (0.00) 0.00 0 0
D3A (0.01) | ** | 0.00| (0.01) | ** 0.00
D3A_AO 0.02| * | 0.01| 0.04|* | 0.01 0.03 | ** | 0.01
D3A MM 0.01| * | 0.01]| 0.01]* | 0.01 0.02 0.01
D3B_G (0.00) | *** | 0.00| (0.00) | ** | 0.00| (0.00) | *** | 0.00
D3B_PO3 -- 1 (0.00) | * 0.00 | (0.00) | ** 0.00
D3B_PO4 0.00| ** | 0.00| 0.00]| * 0.00
D3D R1 P 0.02| * | 0.00| 0.01]| ** | 0.00 0.01] * 0.00
D3D R2 P 0.00| ** | 0.00| 0.00| ** | 0.00 0.01] ** | 0.00
D3E 0.03| ** | 0.00| 0.04| ** | 0.00 0.02 | ** 0.01
D4B_025 (0.90) | ** | 0.15] (0.33) | *** | 0.13
D4C W P 0.03 | *** | 0.00
D4D 0.01| * | 0.00| 0.01]|** | 0.00 0.01 ] ** | 0.00
D5A R 0.01 | * | 0.00] 0.00|*=* | 0.00| (0.00)| ** | 0.00
D5B 0.06| * | 0.01| 0.04|* | 0.01 0.05| ** | 0.01
D6A NM_P 0.01| » | 0.00| 0.01]** | 0.00 0.01] * 0.00
D6B_AA 0.00| ** | 0.00| 0.00| ** | 0.00 0.00 | ** | 0.00
D6C T -- | (0.05)| = | 0.01
*p<0.1,*p<0.05 ** p<0.01

Goodness of Fit

AIC 29281.29 25990.17 12582.69
R?- Corrected 0.73 0.68 0.31
(Nagelkerke)

161



Table4.11 Optimal BETS Models for TrCounty CaseKD involvement)

DV KD _ALL KD _MOT KD _VRU
v Beta SE Beta SE Beta SE
Intercept 1.28 | ** | 0.25 1.25| = | 0.27 | (2.26) | ** | 0.45
DOA (041 [ * 1 0.06] (0.40)| = [ 0.07] (032 [~ [o0.14
DOB 020 * |1 0.01] 020|** | 0.01| 0.20]| ** | 0.03
DOB B P
DOB H P 0.01|* | 0.00] 001]|** | 0.00| (0.00)| ** | 0.00
DOB U5 P (0.02) | ** 0.01 | (0.02) | **=* 0.01 0.02 | ** 0.01
DOB_ 065 P (0.00) | *** 0.00 | (0.00) | **=* 0.00 0 0
DOB M P 0.01| * | 0.00]| 0.01]* 0.00| 0.04| * | 0.01
DOC_HHS 0.05 | ** 0.02 0.04 | * 0.02
DOC OC P 0.01|* | 0.00]| 0.01]|** | 0.00
DOC B90 P 0.00 | *** 0.00 0.00 | ** 0.00 0.00 | ** 0.00
DOC_CO2 HH 0.02 | *** 0.01 0.02 | *** 0.01
DOC A0 P 0.00 | *» ] 0.00| 0.00]| * | 0.00
DOC A1 P 0.00 | * 0.00| 0.00] * 0.00
DOD CE --- | (0.00) | * 0.00
DOE_HI
DOE_LWH 0.01|* | 0.00| 001|** |0.00| 0.01]* 0.01
DOE_LWW
DOE_BP 0.00 | * 0.00
DOE R 0.03 | * 0.02| 0.03] * 0.02| 0.05 0.04
D1A LA 0.00 | * | 0.00| 0.00| * | 0.00
D1B (0.01) | ** | 0.00| (0.01) | ** | 0.00| (0.01) | ** | 0.00
D1C 5 ENT 0.03| *» | 0.00| 0.02]|** | 0.00| 0.03]|*= | 0.01
D1C 5 IND
D1C 5 RET 0.03| * | 0.01| 003|** |0.01| 0.05]* 0.02
D2B E5 MX 0.19 | ** 0.04 0.18 | *** 0.04 0.32 | *** 0.09
D2C TRIP_EQ 0.16 | * 0.09
D2C WRK_MX 0.13 | *** 0.04 0.14 | *** 0.04
D2D 0.01 ] * 0.01| 0.01]* 0.01
D2D ONDX (0.02) | =+ | 0.01| (0.03) | ** | 0.01
D2D_NDX (0.00) 0.00 | (0.00) 0.00
D3A (0.01) | =+ | 0.00| (0.01) | ** | 0.00
D3A_AO 0.02 | * | 0.01]| 0.03]|** | 0.01
D3A MM 0.01|* | 0.00| 002|** | 0.00| 0.02]* 0.01
D3B_G (0.00) | *** | 0.00 | (0.00) | *** | 0.00
D3B_PO3 (0.00) | * 0.00
D3B_PO4 0.00 | ** | 0.00| 0.00| * | 0.00
D3D R1 P 0.01|* | 0.00| 001|=** | 0.00| (0.01) | *= | 0.00
D3D R2 P 0.00 | * | 0.00|] 0.00]|** | 0.00| 0.00] * 0.00
D3E 0.03| *» | 0.00| 0.03|** | 0.00| 0.04]|* | 0.01
D4B_025 (0.68) | *** | 0.12| (0.69) | *=* | 0.13 | (0.82) | *** | 0.28
D4C W P 0.02 | * ] 0.00|] 0.02]|** | 0.00| 0.02] * 0.01
D4D 0.01|* | 0.00| 001|** |0.00| 0.01]** | 0.00
D5A R 0.00 | *» | 0.00| 0.00]| * | 0.00
D5B 0.04 | *** 0.01 0.04 | *** 0.01 0.04 | *** 0.01
D6A NM_P 0.01|* | 0.00] 001|** | 0.00| 0.01]* | 0.00
D6B_AA 0.00 | *» ] 0.00] 0.00]|** | 0.00| 0.00]|** | 0.00
D6C T --1(0.02) | * 0.01
*p<0.1,*p<0.05 ** p<0.01

Goodness of Fit

AIC 32363.52 32197.77 12281.33
R?- Corrected 0.76 0.75 0.27
(Nagelkerke)
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Among the 57 BE variables tried in tabu search based subset selection algorithm,
total population (DOB), male percentage of thepulation (DOB_M_P), gross
entertainment employment density (D1C_5 ENT), the percentage of secondary
roads (D3D_R2_P), total sidewalk length (D3E), the number of bus stops (D4D),
walking index (D5B), the percentage nomtorized modes for commuting
(D6A_NM_P) and annual average daily traffic (D6B_AA) were found to be
positively associated with all the six TS variables (crash types). Urban indicator
(DOA) and gross population density (D1B), on the other hand, were negatively
related to all TS variables. €Hispanic percentage of the population (DOB_H_P)
and the percentage of primary roads (D3D_R1 P) had mixed associations. Both BE
variables were positively associated with PDO and-inoapacitating injury
crashes, all and motor vehicle involved crashesp alegatively associated with
vulnerable road user crashes. However, while the Hispanic percentage was
negatively related to fatal or incapacitating injury crashes, the percentage of primary

roads had a positive relation.

The percentage of housing units built before 1990 (DOC_B90_P), the percentage of
low wage workers living in the block group (DOE_LWH), retail employment density
(D1C_5_RET), employment entropy (D2B_E5_MX), and the network density in
terms of facility milesof multi-modal links (D3A_MM) were the BE variables
having positive associations with all TS variables except fatal or incapacitating
injury crashes. Similarly, annual CO2 emission per household (DOC_CO2_ HH),
land area (D1A_LA), and network density innter of facility miles of auteriented

links (D3A_AO) were positively related to all TS variables other than crashes
involving vulnerable road users. Gross intersection density (D3B_G) was also

associated with the same set of TS variables but negatively.

Another negatively related BE variable was employment proportion within a guarter
mile of a fixedguideway transit stop (D4B_025). This relation was not significant,
just with fatal or incapacitating injury crashes. The other common BE variable was
the numbe of jobs within 45 minutes of auto travel time (D5A_R). It had mixed

associations, positive with PDO and rAanapacitating injury crashes, ALL and
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motor vehicle involved crashes, but negative with fatal or incapacitating injury

crashes.

Household workerper job equilibrium index (D2C_WRK_MX), total employment
(D2D), and intersection density in terms of pedestoaented intersections having
four or more legs (D3B_PO4) were positively related to PDO andnuapacitating
injury crashes, ALL and motomzl vehicle involved crashes.

Transit ridership percentage of workers (D4C_W_P) was found to be positively
associated with PDO crashes, ALL, motor vehicle, and vulnerable road user involved
crashes. The percentage of occupied housing units (DOC_OC_P) sitigsepo
related to noxincapacitating and incapacitating injury, ALL, and motor vehicle
involved crashes. Total road network density (D3A) had negative associations with
PDO and nosincapacitating injury crashes, ALL, and motorized vehicle involved
crashs.

Finally, two BE variablesthe percentage of the population with at least a bachelor's
degree (DOD_CE) and the percentage of population under the age of 5 (DOB- U5_P)
had mixed relations. As in the crash frequency models, the percentage of the
population with at least a bachelor's degree was positively associated with PDO
crashes and negatively associated with-im@apacitating and capacitating injury
crashesand vulnerable road user involved crashes. The percentdwpopulation

under the age of was positively related to vulnerable road user involved crashes

but negatively related to PDO, ALL, and motorized vehicle involved crashes.

4.5.3 Discussion of the tricounty crash modeling outcomes

In this section, the results of crash frequency and crashtylemsdels for the tri

county case are discussed. In Table 4.12, for each crash category (PDO as S1, non
incapacitating injury as S2, fatal or capacitating injury as S3, total crashes as ALL,
motor vehicle involved crashes as MOT, and vulnerable roadnws®ved crashes

as VRU) both frequency and density modeling results are depicted. While
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presenting the results, the most common variables that were significant in at least

four of the crash types were selected as in the single county case.

Table4.12 Comparison of the IVs for THCounty Case

+ - S1 S2 S3 ALL MOT VRU

90%

\% 99%‘ DV | NB GA|NB GA|NB GA|NB GA | NB GA|NB GA

DOA

DOB
DOB_H_P
DOC_OC_P
DOC_B90_P
DOC_CO2_HH
DOD_CE
D1A LA
D1B

D1C_5 ENT
D1C_5 RET
D2B_E5_MX
D2C_WRK_MX
D3A
D3A_AO
D3D_R1_P
D3D_R2_P
D3E
D4B_025
D4C_W_P
D4D

D5A_R

D5B
D6A_NM_P
D6B_AA
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According to the results, urban identification was negatively associated with PDO,
fatal or incapacitating injury crashes, ALL crashes, the motor vehicleviesdodnd
vulnerable road user crashes significantly. These negative associations were similar
to those in the single county case, so contradicting the former studies. Additionally,
the negative association with the vulnerable user involved crashes iir¢barity

case also contradicts the former studies' positive associéfanst al., 2016; Cai,
Abdel-Aty, Lee, et al., 2017; Siddiqui et al., 201d)ese associationsould be
related to the smialr block group sizes in the urban areas and slower driving speeds

in the urban areas.

The total population was positively associated with all crash types as in the single
county case. In this case, all the associations were at the highest significahce lev
Total population is related to activity and exposure, so positive associations were

expected.

The Hispanic percentage of the population found to be positively associated with
PDO, nonincapacitating injury, all and motorized vehicle involved crashédew
negatively associated with fatal or incapacitating injury and vulnerable road user
involved crashes. The percentage of the Hispanic population was usually positively
associated with total crashg@hang et al., 2016nd pedestrian crash@se et al.,

2018; Lee, AbdeAty, & Jiang, 2015; Ukkusuri et al., 2011;-€. Yu, 2014) The
positive associations were explained by the generally lower income levels of
Hispanic populations. As mentioned in the single county case, income level is
usually negatively associated withasheg§Amoh-Gyimah et al., 2017; Noland &
Quddus, 2004a; Pirdavani et al., 2013; Rhee et al., 2016; K. Xie et al., 2019; C. Xu
et al.,, 2017) However, the average percentage of plogulation block grops'
Hispanic populationwvas almost 40%; thus, Hispanic populations were not the
minority populations; however, they would be among the deprived segments with
the black people. The uncommon negative associations with fatal crashes could be
explained by again income and deprivatidhe fatal crashes usually happen at the
block groups with digherpercentage of primary roads, which could be related to

car usage and ownership. Therefore, the higher income levels and fatal crashes were
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negatively associated with the Hispanic peragatof the population. The negative
association of vulnerable road users could also be related to the Hispanic populations'
lower car ownership. Moreoveais a touristic centgthere are many entertainment

and commercial facilities at the shore and unbare where the vulnerable road user
involved crashes me likely to happen. Those parts accommodate highesme
populations; thus, a negative association with Hispanic percentage was expected.
One last factor is the spatial concentrabbpopulation sgments within the region
Hispanic populations are mostlyilng in Miami-Dade County compared to the other

two counties. Therefore, the vulnerable road user involved crashes occurring in the
other two counties have negative associations with Hiepanic population
percentage becaugbe Hispanic population percentage is lowerthese two

counties. These would explain the very uncommon negative association.

The percentage of the occupied housing units could be a surrobatear activity
Those block goups high in occupancy rate would be preferred sites by respective
segments of the population. Therefore, the positive associations found are plausible.

The old housing stock (the percentage of housing units built before 1990) could be
associated with dewed communities, having negative associations with income
and education (the percentage of the population with at least a bachelor's degree).
Therefore, there was a positive association of the old housing stock with PDO
crashes. On the other hand, thecpatage of the population with at least a bachelor's
degree was negatively associated with-marapacitating, fatal, and vulnerable road
user involved crashes. This could be explained not only by income but also education
level. Thesafety status couldebworse for the deprived areas with lower income and
educational level; moreovepegople with higher education level are more probably
obey the traffic rules and drive saf@Bao et al., 2017; H. Huang et al., 2010;
Zhenning Li et al., 2019; Narayanamoorthy et al., 2013; Ukkusuri et al., .2011)
However,the positive association between the education level and PDO crashes is
not common. That would be related to increased car ownership and usage. Likewise,
the annual C@emission per househaisla surrogate of car ownership and exposure.

Therefore, as themission amount per household increases, the crash occurrences
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would also increase. Thus, PDQO, all, and motor vehicle involved crashes were found
to have positive associations with £€nissions, significantly in both frequency and

density models.

According to the results, the population density was negatively associated with all
crash types significantly in both frequency and density models. The results were
contradicting the former studies in which population density was found to be
positively related tdotal crasheg¢Cai, AbdelAty, & Lee, 2017; Cai, AbdeAty,

Lee, et al., 2017; Khondakar et al., 2040f pedestrian crash@Sai et al., 2016;

Cai, AbdelAty, Lee, et al., 2017; Loukaite8ideris et al., 2007; Siddiqui et al.,
2012) and bike crashegOuyang & Bejleri, 2014; Siddiqui et al., 201ZJhe
population densytwas accepted as a surrogate to exposure, so the number of crashes
was higher. However, the findings supported the negative associations in other
studies that found PDO crashes, total crashes, and pedestriarcyeid driashes
negatively associated witlesidential densityM. AbdelAty et al., 2013; Osama &
Sayed, 2017)The negative association in the vulnerable road user crashes could be
explained byisafety in numbetswhere the drivers could better perceive people and
their movements when they are higher in number, so they drive more carefully. The
findings of the land area also supported the results of the other types of crashes. The
land area was positively associated with PDO,-imeapacitating, fatal, all, and
motor vehite involved crashes. This is similar to the results of the single county
case. As land area increases, the total number of crashes increases but the population
density decreases. One other explanation could be that the comp#deresty

being one of therimary factors of compactness) is negatively related to vehicle
miles traveled since origins and destinations are closer in a compact block group
(Ewing, Hamidi, & Grace, 2016As vehicle miles traveled (VMT) is most likely

less in a compact block group, the crash rate would be lower.

As opposed to population densityt@mainment employment density was positively
associated with all crash types. Retail employment density was positively associated
with PDO, norincapacitating injury, all, motor vehicle involved, and vulnerable
road usemvolvedcrashes (with lower sigficance levels). These findings supported
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the findings of former studigBao et al., 2017; Hadayeghi et al., 2003; Khondakar
et al., 2010; Noland & Quddus, 2004kicreased employment density means high
activities and exposure, so the findsngre not surprising. The employment entropy
was also corroborated, which was found to have positive associations with all crash
types except fatal or incapacitating injury crashes. As in the single county case,
heterogeneity of employment increases tkelilhood of crashes increases due to the

exposure.

The density of auteriented links, the percentage of the primary roads, and the
percentage of secondary roads had significant implications about the design
dimension. The density of roads is a surrogdtexposure. Increased road density
increases the likelihood of crashes. The density of-auaémted links (mainly
freeways and arterials with a minimum speed of 41 mph) had a positive association
with nonincapacitating injury, fatal, all and motor vel@i@éhvolved crashes, as found

in the former studie¢Bao et al., 2017, 2018; Q.. Yu & Xu, 2018) Also, the
percentage of the primary roads was positively associatéd RDO, non
incapacitating injury, fatal, all, and motor vehicle involved crashes as in the single
county case, while having a negative association with vulnerable road user crashes,
since pedestrians and bicyclists are not so active on those roadsoBthe f
secondary roads, vulnerable road users were also positively associated with crash

occurrences.

Albeit being safely designed, sidewalks would have negative associations with
pedestrian crashd¥. Wang & Kockelman, 2013)n most of the former studies,
sidewalk length was found to be positively related to total cra€teis AbdetAty,

& Lee, 2017; Cai, AbdehAty, Lee, et al., 2017; €. Yu & Zhu, 2016) and
pedestrian crash€B. Chen & Zhou, 2016; Nashad et al., 2016YCYu, 2014; C-

Y. Yu & Zhu, 2016) Sidewalks could be the surrogates of pedestrian activity and so
exposureso the conflict points and crash risk increassidewalks' lengtincreass.

It was not surprising to come up with significant positive associations with all crash

types.
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According to the trcounty modeling results, the number of bus stops was pdgitive
associated with all types of crashes in the frequency and density models and all crash
types. As mentioned in the single county case, the findings of the former studies
support the positive associatiofai, AbdetAty, & Lee, 2017; P. Chen & Zhou,

2016; Kaygisiz et al., 2017; Ouyang & Bejleri, 2014; Ukkusuri et al., 2012; Y. Wang

& Kockelman, 2013)The number of bus stopssrelated to increases in transit mode,
walking mode, and increased conflict points for both vulnerable road users and

motorized vehicles.

The jobs within 45 minutes of auto travel time positively associated with property
dama@ only crashes, nemcapacitating injury crashes, total, and motor vehicle
involved crashes, whereas negatively associated with fatal and incapacitating and
vulnerable road user involved crashes. Fatal crashes usually happen on primary roads
at the peripbry, and employment opportunities are usually clustered at the city
centers where itis less likely to have fatal crashes. However, the negative association
between the vulnerable road user involved crashes and job locations requires another
association. @e reason for this would be the metro rail serving the city center. Jobs
are concentrated at the urban core of Mi@ade County, and the core is served by

the metro system, which is safer for vulnerable road users. The metro service also
explains the negae association of employment proportion within a quameée of

a fixedguideway stop and all types of crashes. This variable was valid for the block
groups served by the metro service. Those block groups had lower crash rates

compared to the neservedblock groups.

The walkability index is a surrogate for exposure since it could be a meashee of
attractiveness of the walking mode. As exposure increases, the likelihood of crashes
increases. Moreover, it was found to be positively related to all typsls. Total
crashes were positively associated with walki@gi, AbdetAty, Lee, et al., 2017,

Dong et al., 208; Lee, AbdelAty, de Blasiis, et al., 2019Also, pedestrian crashes'
frequency has a positive association with walKipgChen & Zhou, 2016; Lest al.,

2017; Lee, AbdeAty, Huang, et al., 2019)The transit ridership percentage of
workers and the percentage of raptorized modes had positive relationships with

170



all types of crashes. In parallel to these findings, transit usage was positively
associated with pedestrian crashes in former stidesprapai & Srinivasan, 2014;

Lee et al., 2017, 2018; Narayanamoorthy et al., 2013; Nashad et al.| BBL6ri

et al., 2012)A similar relation was found between transit usage and total crashes
(M. AbdelAty et al., 2013Cai, AbdelAty, & Lee, 2017; Cai, AbdeAty, Lee, et

al., 2017; Lee et al., 2017; Lee, Abdly, de Blasiis, et al., 2019Dne explanation

for that is related to household income: for economically deprived people, public
transportation, walking, angcling are the affordable alternatives.

Lastly, the annual average daily traffic was positively associated with all types of
crashes. This result was consistent for all settings and cases and supported the former
study findings both for total crash@3ai, AbdelAty, Lee, et al., 2019; Guerra et,al.

2019; H. Huang et al., 2016; LoukaitQideris et al., 2007; Rhee et al., 2016; J.
Wang & Huang, 2016; C. Xu et al., 2017; P. Xu & Huang, 2015Y.CYu & Xu,

2018; Zeng & Huang, 2014)nd vulnerable road user involved cras{t&s, Abdet

Aty, & Lee, 2017; LoukaitotSideris et al., 2007; Miranddgoreno et al., 2011; Wier

et al., 2009) As the traffic volume increases, the likelihood of all types of crashes
increases. Traffic volume is the most definitive fadtotraffic crashes. Even in the

safely designed built environments, the crash occurrences would increase with

increased traffic volume, so increased exposure.

4.5.4 Consistencyof the tri-county crash modeling results

Theconsistencycheme presented for the single county case was also applied to the
tri-county case. The results are depicted in Table 4.13. The variables that were
consistent in most of the talsg@arch based BES modeling processes were as

follows:
1 Total population (DB)
1 Hispanic % othepopulation (DOB_H_P)

1 % of occupied housing units (DOC_OC_P)
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% of housing units built before 1990 (DOC_B90_P)

% of population 25 years and more with at least bachelor's degree (DOD_CE)
Land area in acres (D1A_LA)

Gross population dengi{people/acre) on unprotected land (D1B)

Gross entertainment employment density (D1C_5 ENT)

Gross retail employment density (D1C_5 RET)

Employment entropy (D2B_E5 MX)

Household workers per job equilibrium index (D2C_WRK_MX)

Network density in terms of fdity miles of auteoriented links per square
mile (D3A_AO)

% of primary roads (D3D_R1_P)
% of secondary roads (D3D_R2_P)
Total sidewalk length (D3E)

Proportion of CBG employment within ¥ mile of fixgdiideway transit stop
(D4B_025)

Transit ridership peentage of workers (D4C_W_P)
Number of bus stops (D4D)

Jobs within 45 minutes auto travel time (D5A_R)
Walking index (D5B)

% of normotorized modes for commuting (D6A_NM_P)

Annual average daily traffic (average of 3 years) for all modes (D6B_AA)
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Table4.13 Consistencyf the IVs for TriCounty Case

>80%
v >90%

S1 S2 S3 ALL MOT VRU

NB GA|[NB GA | NB GA|NB GA|NB GA | NB GA

DOA

DOB
DOB_B_P
DOB_H_P
DOB_U5_P
DOB_065_P
DOB_M_P
DOC_OC_P
DOC_B90_P
DOC_CO2HH
DOC_A0_P
DOD_CE
DOE_HI
DOE_LWH
DOE_LWW
DOE_R

D1A LA
D1B
D1C_5_ENT
D1C_5_IND
D1C_5 OFF
D1C_5 RET
D2B_E5 MX
D2C_TRIP_EQ
D2C_WRK_MX
D2D
D2D_ONDX
D3A
D3A_AO
D3A_MM
D3B_G
D3B_MM3
D3B_PO3
D3B_PO4
D3D_R1 P
D3D _R2 P
D3E
D4B_025
DAC_W_P
D4D

D5A_R

D5B

D6A_ M_P
D6A_NM_P
D6B_AA

el
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When those variables were evaluated with the significant variables presented in the
previous section, the urban indicator (DOA), annual CO2 emission perhutdise
(DOC_CO2_HH), and total road network density (D3A) were significant variables
but were notconsistent However, the variables presentedcasisistentwere all
significant. Therefore, the BE variables listed above were both significant and

consistent

4.6  The Key Built Environment Variables and Urban Development

Finally, significant anadtonsistenBE variables for both single and-tounty cases
were compared to detect the shared variables. The following variables were

determined as the key BE variables:

1 Total population (DOB)

1 % of housing units built before 199D0C_B90 P)

1 Land areain acres (D1A_LA)

f Gross employment denstty
0 Gross industrial employment density (D1C_5 IND)
o Gross entertainment employment density (D1C_5 ENT)
0 Gross retail employment dens{iy1C_5 RET)

1 Employment entropy (D2B_E5 MX)

1 % of primary roads (D3D_R1 _P)

1 Number of bus stops (D4D)

2 Industrial employment was significant for the single county case, whereas, entertainment and retail employment densities
were significant for tricounty case. The type of employment would be distinguished according to the case study area.
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1 Mode choicé

0 % of motorized modes for commuting (excluding transit)
(D6A_M_P)

o % of nonmotorized modes for commuting (D6A_NM_P)
1 Annual average daily traffi@verage of 3 years) for all modes (D6B_AA)

The percentage of housing units built before 1990, the number of bus stops, and
mode choice would be related to TS by the populations' economic status. Deprived
communities are captive transit and fraptorized node users in general. On the
other hand, wealth and higher income are usually associated with lower crash rates.
Total population, employment density, percent of primary roads, and traffic volume
are surrogates of exposure. The increases in those vaiiatiesase the likelihood

of crashes of any type. Total population, employment density, employment entropy,
number of bus stops, and mode choice indicate movement and activity, especially
for vulnerable road users. Likewise, those variables also indiggtterhmotorized
vehicle trip volumes and entropy. Thus, these variables were identified as the key
built environment variables to understand traffic safety variability from a macro
level perspective. From a dimensiaise perspective, all the-Bategories xcept
distance to transit were represented by the selected key variables. For the
demographic and socioeconomic dimension total population and the percentage of
housing units built before 1990; for the density dimension land area and the sectoral
employmendensity; for the diversity dimension employment entropy; for the design
dimensionthe percentage of the primary roads, for transit dimengiemumber of

bus stops, and for the travel dimension mode choice and the traffic volume were the

representativesdn order to measure the performance of these key BE variables, an

3 Mode choice wald be the general definition. In one case motorized mode composition was significant and in the ether non
motorized composition was significant.
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evaluation scheme is proposed in the next chagtare follows an evaluen of the

findings within the compactness vs. sprawl! debate.

As introduced in the background section, urban development could be discussed
under sustainability and sustainable development contexts. Urban sprawl was seen
as an unsustainable urban develepiform in many studieEwing & Cervero,

2010; Ewing & Hamidi, 2014yet still being discussed since some scholars found
compact development contributions relatively sni@tevens, 2017)Nevertheless,

the conpact development was associated with lower combined transportation and
housing expenses, higher alternative transportation modes and higher walking rates,
and so healthier lives in former stud{&wing & Hamidi, 2014) It was mentioned

that the sprawl vscompactness debate is a regional level discussion in essence, but
the implications and impacts could be quantified and discussed at lower levels. This
studydés main aim is to discuss the associ at
traffic crashes. Therban development paradigm frames the built environment, so
how the city grows has close connections with the built environment. The traffic
crashes are the resulting negative externalities of both the development and travel
behavior. Therefore, the implitans of the key BE variables identified in this

chapter should be evaluated within the sprawl vs. compactness debate frame.

In order to discuss the findings within the sprawimpactness frame, the general

situation of the case studies is presentefainle 4.14Ewing & Hamidi, 2014)

Table4.14 Sprawl Score of Some Counties in the US

Density | Land use | Activity Street Composite

score mix centering | connectivity (total)

score score score score
New York 654.01 144.57 400.25 230.33 425.15
Leon 102.05 106.83 149.96 99.11 118.31
Miami-Dade 137.38 132.85 131.33 156.48 149.93
Broward 120.61 133.24 95.43 148.86 131.01
Palm Beach 107.77 125.08 107.06 118.32 118.40
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These scores were calculated by considering four factadidessity score, fland

use mix scor@,fiactivity centering score andfistreet connectivity scoodEwing &

Hamidi, 2014) Under each factorthe related built environment variables were
consideed. For example, to calculaliand use mix scorejob population balance,
themix of jobs withintmi | e of bl ock groups, and wal k
center were used. After calculating each main factor, a composite score for each
metropolitan eea and each county was computed. The composite sprawl index
scores given in the table were evaluated according to the spoawgactness
continuum by having the smallest value as the highest sprawl level. The threshold
was determined to be 100. Higherwesd were on the compactness side, and lower
values were on the sprawling sid@ving & Hamidi, 2014)According to the values
presented, New York County has the highest compactness score of 425.15 in the US.
Miami-Dade County was among the counties haviiglp compactness scores with

a score of 149.93, and the other three counties considered in this study were above

the average (being fairly on the compactness side).

Along with the sprawl! index scores, transit index scores are presented in Table 4.15
(Center for Neighborhood Technology, rad. These index scores are betweetD0

and consider four main dimensiorf§ransit trips per week within a hatfile,0

fitransit routeswithin a halfmile,0 fjobs accessible in 3Minute trip, and
fipercentage of commuters who use transits seen from the table, the most
compact US county, New York, also had the highest transit score. The four counties
in this study had transit scoresparallel to their compactness scores. Midrade

had the highest transit score of 6.5, and Leon and Palm Beach Counties had a transit
score of 3.3. Compared to the New York case, only Midade had a moderate
transit score (with the contribution of theetro system)other counties seemed to

be very poor on transit service and usage rates. In Leon County (single county case),
only 1.7% of commuters use public transp

5.51% of MiamiDade is also insignificant compared63.74% in New York.
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Table4.15 Transit Score of Some Counties in the US

Transit | Transit Jobs % of commuters | Transit

trips routes accessible using transit score
New York 22,918 41 2,599,093 63.74 9.9
Leon 773 4 54,342 1.70 3.3
Miami-Dade 1,841 6 169,478 5.51 6.5
Broward 979 NA 116,570 2.94 5.0
Palm Beach 457 2 42,790 2.01 3.3

So, the compactness and transit service seem to corroborate each other in New York,
which would be the desirable case. In comparison, the somm@ge compactness
scores of Leon, Palf@each and Broward Counties seem to fall apart by the transit
usage. Thugh MiamiDade was one of the compact counties in the US, the transit
score is moderate, and the % of commuters using transit is far less than the rate in

the best case; thus, there is room for improvement in transit service.

These figures are importanhile evaluating the built environment variables. Among

the key built environment variables, the total population, the percentage of the old
housing stock, and the land area would not be directly structured on the-sprawl

compactness continuum. Neverthelggsgulation density (total population divided

by the land area) should be higher in compact block groups. The population density
was not among the key built environment factors, but it was a key built environment
factor for the tricount case. The populati density was negatively associated with

all crash types, a supporting variable for the compactness.

The employment density figures were significant for both the single county and tri
county cases. Employment density should also be higher in compaahesis, but

the key aspect is that there should be a balance among land uses. The higher densities
of employment would attract trips from other census block groups and increase the
likelihood of crashes. As in the4tbunty case, retail employment andegtdinment

employment densities were positively associated with all crash types. The urban
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center and the shore side had higher employment and retail employment and higher
crash rates as expected. In the compactness continuum, the balance of employment
andresidential units are favored in general. For trip attraction centers to decrease the
likelihood of crashes, integrated transportation plans are required. From the
sustainability (and compactness) perspective, reduced car dependency increased
norrmotorized, and transit mode shares are favorable and equitable. For example,
the number of bus stops a key built environment factor associated with all crash
types positively. This association would be reversed by improving the transit service
and safety. Theate of transit commuters was very low in both cases, and in some of
the former studies, transit usage or the number of bus stops were associated with
increased crash raté€ai, AbdetAty, & Lee, 2017 Cai, AbdelAty, Lee, et al.,

2017; Nashad et al., 2016; Ouyang & Bejleri, 2014; Ukkusuri et al., 26ilgher

quality, safer, equitable, and integrated (with imootorized modes) transit service
should be provided to reverse the positive associbgbmeen traffic crashes and the

number of bus stops and rorotorized mode percentage.

Employment entropy was positively related to all crash types except the fatal crashes.
Entropy represents the mixture of employment types. The highest value of one (1)
represents the evenest distribution of employment, and the lowest value of zero (0)
represents the homogeneity as the domination of one type of employment. In terms
of compactness, it is desired to have a balanced employment structure, but it was
found to & positively associated with traffic crashes. This negative association
would be due to accessibility issues. For example, the job access score (higher values
represent higher access to a variety of jobs) had negative associations with traffic
crashes. Thefore, if evenly distributed employment opportunities are also

accessible, they would lower crash rates from the compactness point of view.

The percentage of the primary roads was positively associated with all crash types
except the vulnerable road usevolved crashes. Since those roads are generally

highways and arterials where pedestrian and cyclist activities are minimal, the results
were not surprising. However, those roads are surrogates of volume. In the

compactness continuum, compact settlemeotdd be walkable and well served by
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local roads; thus, having lower percentages of primary roads. Since primary roads
were positively associated with crashes, compactness would be negatively related to

crashes regarding the primary road percentage.

Finally, the traffic volume would be lower in compact settlements. Having mixed

land usesiearly that requires less travel and less automobile are the properties of
compact settlements in the definition. As traffic volume had a positive association
with all crashes in all cases and compact settlements require less traffic volume,

compactness and exposure would be negatively associated.
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CHAPTER 5

RESULTS FROM ACCIDENTS FREQUENCY AND DENSITY MODELS,
DEVELOPING COUNTRY CONTEXT

This chapterpresents the results of the tafearch based subset selection

methodology applied to the case study from the developing country context.

51 Introduction

In the previous chapter, the built environmeéntaffic safety (BETS) relationship

was investigated itwo case studies in the US. Some generalizable relationships
were evaluated, and the key factors were determined depending on these two
developed county cases.

As mentioned in the review section, most former studies also considered developed
country cases the lack of developing country cases mostly due to data concerns. A
similar situation is valid for Turkey as a developing country. There are very few
openaccess transportation data, especially at the neighborhood level. For this study,
one of the main ais was providing an evaluation scheme for the value of
information (data) available in some cases but not in others (i.e., developed country
cases vs. developing country cases).

Depending on this context, in this chapter, firstly, a case study from Twikedye
introduced. Then, the BES relationship will be evaluated by using the takbarch
based methodology. Lastly, the resulting models will be compared with the two

developed country cases introduced in the previous chapter.
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5.2  Case Study Area, Konya

Konya is the largest with its land area (38,257 square kilometers) and I8 rines?
populated (2,232,374 as of 2019) city in Turkey (see Table 5.1), located in the
Central Anatolia RegiorfTurkish Statistics Institute, n.d.[Figure 5.1 shows the

provincial border and the traffic analysis zones of Kohygo j a z i - i

Table5.1 Information on Konya Case

Total Population in 2019 2,232,374
Total area (km?) 38,257
Population in TAZ 2020 1,934,503
Total TAZ area considered (kn?) 1,081
Number of TAZs considered 237

Afy onk arahisar

Sandkl)

Legend

D Konya Province Bordervgat

Traffic Analysis Zones

0 20 40 80 Kilometers “Afsnys

Ankara

Kaman

Figure5.1. Traffic Analysis Zones and the Provincial Border of Konya

182

. Proje,

202



5.3 Data Extraction and Classification for Konya

In this section, the extraction and preparation of the built environment and traffic

safety dataset are presented.

5.3.1 Traffic safety dataset

The crash dataset mainly consisted of the records for Konya provincial region
between 2017 ah2019. It was gathered from the Traffic Department of the General
Directorate of SecurityTraffic Department, n.d.)The data consisted of fatal and
injury crashes. There were neither property damage only (PDO) crash records nor a
distinction between injury sevigy. Therefore, the classification presented in the

previous chapters was revised as:
1 S2:injury crashes
1 S3: fatal crashes

1 ALL: total crashes (motor vehicle involved and vulnerable road user

involved)
1 MOT: motor vehicle involved crashes
1 VRU: vulnerable rod user involved crashes

In Figure 5.2a and Figure 5.2b, crashes according to the crash typologies presented

for the Konya case.
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Figure5.2. Crashes According to Involvement and Severity of the Konya Case

According to the crash distributions presented in Figure 5.2a, it is observed that the
number of fatal crashes is smaller than the numkiejury crashesand fatal crashes

are around the peripheral parts since the increased spesdsociated wittiatal
crashes. According to the second typology presented in Figure 5.2b, it is observed
that as in the developed country cases, vulnerable road user involved crashes were

densified around the city centers relative to the motor vehicle crashes.

The crash dta were classified according to severity and involvement as mentioned.

In Table 5.2, crash typology and respective crash frequencies are given for the Konya
case. Each crash was assigned to the TAZs that were within 125m buffer distance.
As in the previos crash assignment procedure, there were more crashes assigned to

the traffic analysis zones than the original number of crashes due to the multiple
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