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ABSTRACT

Geographic and Demographic Patterns of Alcoholtedl&atal Traffic Crashes: A
Spatial-Temporal Analysis in Texas, 1996-20(ecember 2008)
Gabriel A. Rolland, B.S., Texas A&M University

Chair of Advisory Committee: Dr. Daniel Sui

This thesis analyzes aggregated county-level diatatal alcohol related traffic
crashes where a driver was killed in the stateesfa® during 1996 to 2005. Alcohol has
constantly threatened drivers and passengers atilecontinues to be a major cause of
fatal crashes in Texas. Specifically, this pamegdts those drivers that were killed
while driving under the influence (0.01+ BAC). Wian increase in manageable data
and the ease of availability of aggregated crasbrds, accident analysis can provide a
closer look into trends such as spatial-temporéiepas, clustering and correlations to
various factors. Furthermore, Geographic InfororatBystems (GIS) have enabled
researchers to more efficiently interpret and stadiarge amount of datasets using
techniques that were previously difficult or inags®le in applications related to traffic
safety and transportation. Loose-coupling of Glighwther spatial analysis programs
and/or statistical software packages can now peoingportant results that in turn relate
vital information which can be used towards unagerding and potentially alleviating
problems in the transportation domain. The follogvisections concluded that

aggregated datasets at the county level are clyiecbmplete and do not provide the



level of detail necessary to formulate a solid ¢asion regarding relationships between
the chosen factors and the crash dataset. Thdughrdsearch was successful in
mapping spatial variations and clusters, linkingialdles such as age, gender, location
and population to the aggregated crash dataseiresquore detailed information about
the crash than was available. However, the dbgstwere successful in representing
spatial-temporal patterns across the study peoodif designated variables. This was
an important step and solid contribution towards rigpresentation of large datasets and

their impact on policy, traffic safety, and trangation geography.
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CHAPTER |
INTRODUCTION: TRAFFIC SAFETY

1.1 TRAFFIC SAFETY OVERVIEW

We have all experienced the horrors of alcohatesl traffic accidents. Some of
us have been unfortunate witnesses to mingled atehbroken glass, while others have
had the inopportune mishap of becoming a part efpifysical, mental, and sometimes
fatal event. We live in an era where employing @denof transportation is seldom a
choice, but often an obligation to fulfill the impant needs of an increasingly mobile
society. Unfortunately, though the detrimentakef§ alcohol imposes on drivers and
passengers are proven, fatalities and crashesspdrsi occur at alarming rates.
Transportation systems, researchers, and orgammgatre continually searching for
ways to improve transportation while reducing aeoid by employing an extensive
range of approaches and available resources. t&itua the literature and context of
traffic safety, this paper provides a study conedrnwith the extent particular
demographics affect fatal alcohol related traffiashies at the county-level for the state
of Texas. Through the use of GIS, spatial aut@tation techniques, and aggregated
datasets at the state and county level, the fatigvgections will study interpolation
results as well as spatial clustering, graphsetbhd choropleth maps in an attempt to

identify problematic areas and possible correlation

This thesis follows the style dburnal of Transport Geography



The U.S. Department of Transportation has repatted alcohol-related traffic
crashes for the state of Texas have been declishmgying a significant decrease from
52.34% of total crashes resulting in fatalities 1896 to 45.07% in 2005 (see Table 1).
In order to try and reduce crash rates and occoegraccident analysts and researchers
from a variety of fields and backgrounds have aptiexth to study and relate many
variables connected to transportation datasetsprdaductively understand these events,
analysts typically look at five major factors thend to influence traffic crashes: Driver
behavior, vehicle types, roadway conditions, tcaffharacteristics, and environmental
factors (Li et al., 2007). From these five majactors, this paper will focus on driver

behavior and performance; specifically gender, pgpulation, and location.

Table 1. Total Fatal Crashes in Texas. Note thereiase in alcohol related crashes and high, averag
low values respectively of 96’, 00’, and 05'.

1996 | 1997 | 1998 | 1999 | 2000 | 2001 | 2002 | 2003 | 2004 | 2005 | Avg. Total

Total
Crashes 3249 3084 3167 3108 3254 3316 3389 3368 3266 3095 | 3229.6 | 32296
Crashes
+BAC 1701 1503 1546 1511 1585 1596 1602 1554 1519 1395 | 1551.2 | 15512

% +BAC 5234 | 48.72 | 4882 48.62 | 48.72 ( 48.13 | 47.27 | 46.15( 46.52 | 45.07 48.03-

Researchers involved in accident analysis haventigcbegun to successfully
integrate and apply Geographic Information Systemss a means of evaluating,
processing, and displaying crash datasets (Pawiati@l., 1998; Thill, 2000; Li et al.,
2007; Loo, 2006). Today, several procedures dgdrithms can be implemented

within a GIS to produce several different typesresults including interpolation of



location-based point data, clustering through umit@ and bivariate local indicators of
spatial autocorrelation (LISA & BILISA), and hotwpanalysis. The loose-coupling
between a GIS with well-established statistical cplures and standalone spatial
statistics software packages is a promising advaane for accident analysis and the
hopeful prevention of future traffic crashes.

Geography plays a major role in contributing itievance and contributions to
traffic safety. Nearly every aspect of transpaotatis linked through space and time.
This is not only important as a basic element affitr safety, but also as a crucial study
area in geography whereby complex spatial systeapsine an understanding about the
movement of goods, people and goods across spatdirae. The geography of
transportation is especially important to publiangportation where spatial constraints
and attributes with the origin, the destinatiore #xtent, and the nature and purpose of
the transport are directly linked. This reseam@isfinto the sub discipline of transport
geography, which basically strives to understared 9patial relationships of particular
events as they relate to transport systems. HEabgnigeographical knowledge is
imperative to traffic safety.

1.2 OBJECTIVES AND AIMS

This paper explores several methods related td @asnt and rate analysis in an
attempt to eventually fill-in or explore severalpgadound in the related literature. The
knowledge gaps are empirical since this particd&taset coupled with GIS and spatial
statistics research has not been conducted ataimetyclevel for the state of Texas.

Moreover, there is no apparent attempt at correjatie specified independent variables



and their characteristics to alcohol-related drivatalities at this designated scale
(county level) and location. This research wilbyade information on whether or not
these independent variables can be connected tohaMeelated traffic crashes
temporally, statistically, and spatially by spewfly focusing on Texas county level
data.

The purpose of this research is to relate geogecapformation about the extent
to which different demographic variables can relaefatal alcohol related traffic
crashes where a driver was killed with either a B&iC> 0.01% or 0.00%. Table 2
provides a basic layout as to how the format oke¢hebjectives will be carried out.
Specifically, these objectives will be accomplishgdevaluating an extensive collection
of aggregated data compiled from several sourde@®ubh graphs, tables, and statistical
relationships, specifically spatial autocorrelatonsing Moran's | & LISA, factors
including age, gender, location and population wél evaluated for any patterns and
correlations. A GIS will then be employed as a nsetwards the identification and
production of the following: trend overtime and 8ala patterns from 1996-2005,
choropleth maps, and interpolated county centrofdsependent/independent variables.
Finally, the results will be discussed in both tleatext of this paper as well as how they
relate to previous studies discussed in the lileeateview chapter.

The results are predicted to demonstrate that ageder, location, and
population have an impact on fatal alcohol relateabhes which can be identified and
visually interpreted using a GIS and spatial autieation at that level of aggregation.

However, the extent to which these variables candeel to explain fatal crashes without



knowing who was involved in the dataset may pravéé challenging and difficult to

relate. Also, trends may provide some insight ediding crash rates in Texas. If these
variables are found to be informative or of goo@ @as$ highly aggregated levels, the
methodology could be beneficial as a backgroundemreral study of county trends in
Texas. Ultimately, this research attempts to mtevanother exploratory analysis to be
used towards taking more refined precautionary oress or at the very least, provide

information regarding crash rates and trends ira$ex

Table 2. Summary of Research Objectives.

Objectives:
1. Evaluate crash, demographic, and population data using tables and graphs

Explore Local Indicators of Spatial Autocorrelation using GeoDa on the same
2. dataset

Investigate spatial and temporal patterns using GIS through Interpolation and
3. Choropleth mapping




CHAPTER I
LITERATURE REVIEW
2.1 TRAFFIC SAFETY AND ALCOHOL RESEARCH
Traffic analysts have studied a vast range of wp&lated to transportation
systems in general. The heterogeneous natureaffictcrashes have lead scientists
towards various matrices of research concernedtetiporal, environmental, locational
and maneuvering circumstances (McGwin and BrowA919To name a few, these have
included studies relating traffic safety to drugeu$ocio-economic or demographic
characteristics, alcohol or drunk-driving, and ggdair temporal patterns. This research
not only attempts to improve the safety of Ameridainers and others around the world,
but also strives to assist or persuade transpomtagingineers, policy makers, and
government organizations dealing with transportatissues to make efficient and
positive changes. Furthermore, the conclusionsolvev around the common
understanding and general acceptance that reduiggnumber of these degrading
variables or implementing and enforcing approprlates may alleviate traffic crashes
and improve safety. The broad range of topicdistlunder the common title of crash,
accident, or traffic analysis gives significant damce that crashes are a complex and
multifaceted topic. Typically, traffic analysts elop methodologies and basic principles
from physics, engineering, medicine, psychologyaworal science, law, mathematics,
logic, and philosophy (Evans, 2004). Though crasdre one subject of concern in the
transportation domain, they are one of the mordlycas terms of capital and personal

losses, which makes analyzing their patterns, facend complexity an integral part of



transportation studies. As population and roadvagds continue to grow to meet
strenuous demands, so too will the likelihood @fsbtr occurrences unless researchers
and engineers maintain and improve their push faremefficient systems and
preventative measures.

Correct terminology in traffic analysis and trafafety is imperative as terms
are sometime misused or ambiguous by nature. ®hewing section will define
important key terms, from Leonard Evan’s book dtl@raffic Safety” (2004), which
have been or will be discussed throughout thisarebe First and foremost, crashes are
often defined as any vehicle with an engine stgkemything along public roads.
Amongst total crashes (fatal & non-fatal), fatahsites are few in numbers and vary
accordingly when dealing with multiple deaths withsingle vehicle, multi-vehicle
crashes, and total distance traveled. Crasheseftme further broken down by single,
multi-vehicle, driver, passenger, gender, age, @atfledover incidences, to name just a
few. In turn, records kept, such as those aval&iom the FARS database, are explicit
by default so that proper factors may be acquidainy given study. The term
accident, though popular and more commonly emplagedngst the general public
when referring to a definition similar to that o€eash, is harder to define and frequently
misused since it conveys a sense of fate and uigpabdity. Fatal crashes or fatalities,
frequently defined as crashes directly resultingeath within 30 days of the event, are
more often employed in research than injuries onalges as they are straightforward
(loss of life) and commonly well-documented. Naal injuries, which comprise a

wide range of definitions ranging from non to neaath, are numerically categorized



and harder to define compared to the ‘yes or nbhide determination of fatal crashes.
Employing the word ‘factor’ instead of ‘cause’ i@ important in traffic analysis as
‘cause’ often appeals to a singular reason as tp avhevent may have happened. In
reality, crashes commonly come as a result of sévactors which typically work with
or against one another, resulting in a specifimev&s Table 3 portrays, even just a few
factors grouped under one table can often be cogfumisleading, or even of similar

definition to unfamiliar eyes.

Table 3. US Fatal Crashes in 2002. Displaying &#hces Between Crashes, Fatalities, Survivors, and
Involvement (Evans, 2004).

S fatal crashes in 2002
Ciuantity MNumhber Ratio

Fafal crashes 38,3049

Fatalifies 42 815

Fatalities per fatal crash 1.12
fnyolved vehicles 28,113

\'ehicles per fatal crash 1.52
Tofal involved peoole 101,195

Survors of fatal crashes a8,380

Surivors per fatal crash 1.82

The following chapter will review the literatureremerned with the wide range of
topics relevant to traffic analysis and pertainiaghis particular research. The review
is situated across various fields and topics carmiegr health, alcohol, safety,
transportation, statistics, and behavioral studi€@mmonly, these topics are found in
journals including Accident Analysis and Preventidournal of Transport Geography,

Journal of Safety Research, Journal of Studiesloah®l, Computers, Environment and



Urban Systems; these topics are also the subjestvairal proceedings, conferences, and
reports.

The use and abuse of alcohol is well documente@dsactime as being
detrimental when consumed with little regard to eration. Though debatable, it is
possible that one of the very first fatal crasleorded might have been related to some
alcohol consumption. The crash occurred in Harmear London, on the #5of
February 1899, and it was believed that the drwko died on impact had consumed
alcohol prior to the crash (Evans, 2004). Althoadtohol was believed to have been a
factor, it was concluded that the breaks had uligafailed to stop the vehicle.
Witnesses reported that the breaks had causedesgaerage to the tires, which in turn
led to a violent deceleration and eventual ejectibtine driver.

A major problem with alcohol lies in the intertwioheuse of intoxicating
beverages and the unreasonable decision to opeenatetor vehicle before attaining a
more appropriate BAC or finding a safer mode ohsggortation. Though the dangers of
drinking and driving are understood by most, theiglen can vary greatly across certain
populations based on several factors. Certaihby gffects of alcohol on drivers are well
established in the literature as being highly iefitial in promoting increased crash rates
as opposed to sober drivers, with estimates tllatvar with a BAC in excess of 0.08 %
could be 50 times more costly on the road. (Mikeral., 1999; Smink et al., 2005).
These statements are backed by the simple factithdaealing with traffic safety and
alcohol, no single factor has led to more researghtroversy, passion, and papers being

produced (Evans, 2004). Nonetheless, even thduighalso commonly known by the
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general public that alcohol consumption and abugedfivers has been found to
dramatically increase accident likelihood and siyesome drivers continuously make
the decision to drink and drive (Holubowycz et 8894).

Alcohol-related studies in the transportation dombave attempted to link
various independent variables to crash data inmati® to better understand factors for
hopeful prevention. Some of these studies havglgdo relate alcohol outlet locations
to accident sites (Stevenson et al., 1998), BAGl&wnd their effect on drivers,
passengers, and pedestrians (Holubowycz et al.4)198nd demographic/socio-
economic characteristics ranging from gender antnigty, to poverty and
unemployment, and the increase or decrease in @ladnsumption (Mercer, 1987;
Holubowycz et al., 1994). All of these studies &aeported a variety of results
commonly concluding and accepting that there isedrto reduce alcohol-related traffic
crashes by further studying, understanding, andiatahg the aforementioned variables
and methodologies. The independent variables wéem at various geographic scales,
which are discussed with more detail in forthconpagagraphs, more often than not can
be related to alcohol crashes and fatalities inesasauy.

Alcohol consumption specifically affects both a vers behavior and
performance in ways which can drastically increareindividual’s risk on the road,
while decreasing the likelihood of survival in @asin. Specifically, it has been estimated
and accepted that alcohol-impaired drivers are 8r8&s more likely than sober drivers
to die in crashes of comparable severity (Evan8420Of course, the type of behavior

and the decrease in performance varies accordiag tadividual’'s weight, experience,
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gender, gastrointestinal content, comportment anakral other factors. Commonly,
drivers will express decreases in performance tilroreduced reaction times, vision,
and other cognitive ailments. These decreasgsiformance are well-documented
through various tests and studies where quanitatata has been produced as scientific
evidence. Alongside performance, and equally gorant although harder to quantify,
behavior becomes problematic when normal decisarasinhibited (decision to drive
after drinking), judgment is altered, and aggre=sess is increased, to name just a few
(Evans, 2004). For further details entailing almoconsumption and the resulting

effects on performance and behavior, see Table 4.

Table 4. BAC and Effects on Behavior and Performregvans, 2004)
BAC % Performance and Behavior Changes

0.01% | Normal actions, hardly influenced

Changes in social behavior, mild euphoria, relaxation, increased

0.02% .
gregariousness

0.05% | Feeling good, less inhibited, altered judgment, lowered alertness

Judgment impaired, likely to take risks and actions not taken when sober,
release of inhibitions, impulsive behavior, slight decrease in fine motor

0.07% . i ) .
> skills, more bravado, and less restraint for other behaviors such as eating,
smoking, gambling, and drugs. Mood tends to shift from positive to negative
0.10% Slower reaction times and impaired motor functions, less caution, slightly

slurred speech, increased aggressiveness

0.20% | Major memory impairment -- "blackout" a possibility

0.27% | Confusion, staggering, slurred speech

Double vision may occur, most drinkers become unconscious or fall asleep at

0.30% ) -
. this level and are difficult to awaken

0.40% | Barely conscious
0.45% | Death very likely
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According to the Fatality Analysis Reporting Syst¢FARS), alcohol related
traffic accidents have generally been decliningrdlie past several years, starting from
1982 (see Table 5). Though these numbers areurgggsnd perhaps demonstrate that
safety measures, vehicle safety, education, andl irdeastructures are becoming more
efficient, Texas consistently remains a top congendor alcohol-related traffic
incidences. In March of 2008, the National Highwknaffic Safety Administration’s
National Center for Statistics and Analysis (NHTSA)eased its 2006 Traffic Safety
Facts focusing on Alcohol-Impaired Driving. Natadly, it was reported that 13,470
people were killed in alcohol-impaired-driving dnas (BAC> 0.08%), or 32% of total
motor vehicle traffic fatalities. According to tidHTSA review, Texas accounted for
nearly 10% of all traffic fatalities which involveahy alcohol (1544/15827=9.76%), and
reported higher percentages of alcohol-relatedidrédtalities than the national average
for BAC categories of .01% (45% versus 37%}, .08% (39% versus 32%), and

.15% (26% versus 21%).
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Table5. Traffic Fatalities in Texas which were Alcolitdlated (FARS).
Fatalities in Texas

Y ear Tot Alc-Rel %

1982 4,213 2,801 66
1983 3,823 2,503 65
1984 3,912 2,457 63
1985 3,678 2,271 62
1986 3,567 2,206 62
1987 3,260 1,951 60
1988 3,392 2,011 59
1989 3,370 1,927 57
1990 3,250 1,989 61
1991 3,078 1,814 59
1992 3,059 1,818 59
1993 3,043 1,748 57
1994 3,187 1,725 54
1995 3,183 1,739 55
1996 3,742 1,967 53
1997 3,513 1,710 49
1998 3,586 1,745 49
1999 3,522 1,700 48
2000 3,779 1,841 49
2001 3,736 1,807 48
2002 3,823 1,810 a7
2003 3,675 1,709 a7
2004 3,583 1,642 46
2005 3,504 1,569 45
2006 3,466 1544 45

Successful reductions in alcohol related fatalitiese been attributed to the
enforcement of various laws, organizations, and peagming. As was discussed in
previous paragraphs, drunk drivers have plagueddhds since the introduction and
popularization of the automobile. As a result, soof the earliest known traffic laws
and punishments regarding drinking and driving $yn@nd often unsuccessfully,
involved enacting various criminal laws (Evans, 200 Until the 1930’s, traffic
violations involving alcohol were ambiguous by matas they often relied on an officers

judgment, which was frequently insufficient andmost cases hard to uphold in courts.
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Fortunately, the invention of the breathalyzer émdlofficers to better estimate and
document BACs which in turn produced new data agislations. In 1936, Norway
became the first country to uphgbér selaws stating that no individual with a BAC
greater than 0.05% could operate a motor vehiclear{fg, 2004). Other countries
followed quickly and evidence of this move is alimad well in the US where it is
considered illegal to operate a vehicle with a Bgt€ater than or equal to 0.08%.

The per selaws, which established thresholds where somean#d coe held
accountable were they recorded at or above a odBi@&C, were arguably successful at
reducing fatalities and infractions. An evaluatmfrthe 0.08% law in Texas by Gorman
et al. found no statistical evidence that the laduced alcohol-involved traffic crashes
or fatalities. Gorman et al. studied several gsounluding race, gender, age and
location (urban versus rural). They concluded thiate the law was introduced in
Texas on September® 11996, a clear reduction in alcohol involvementswa
inconclusive. Unfortunately drivers overtime be®&outesensitized by the notion that
police officers are often few and far on the roadsirthermore, word-of-mouth about
ways to act properly or drive correctly if sightedpulled over leads to questions about
whether this law is enough to deter drinking anglidg. In turn, it has been found that
the key to maintaining low numbers of infractionsuld be to increase the belief that
the probability of detection was high. Today, deudrivers have approximately a
1/2000 chances of getting pulled over (Evans, 2004)

Random testing, Alcohol Ignition Device installatjaero-tolerance, Wet versus

Dry counties, and several other laws were introdufm@lowing the aforementioned
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introduction of breathalyzers. Perhaps one of nmoportant laws was the introduction
of the minimum drinking age law, setting the minimwage at which a person could
purchase alcohol to 21. The minimum age law wasddy many to have significantly
reduced the various negative effects associatdd aemsuming alcohol and operating a
vehicle at the relatively immature, and more imanotty inexperienced, ages below 21
(Winn and Ciacopassi, 1993; Wagenaar et al., 2802ns, 2004). Another way that
public awareness has increased has been attriliatébde establishment of citizen
organizations in the 1980’s, such as Mothers Agdrsink Driving (MADD), which
have consistently and tirelessly helped to raigglipuawareness through, for example,
campaigning or even helping to persuade convictmidrunk drivers in court cases.
Citizen organizations, alongside laws and stridbex@ment, have positively helped to
increase public awareness and belief that drinkind driving is not worth taking the
risk.

Ultimately, reducing the various negative impacksolol imposes on traffic
safety comes from a synthesis of efforts from allels of government, organizations,
businesses and corporations, and the individugedri Though many of these efforts
have been in place and continue to be enforcede tleeroom for improvement in
regards to alcohol laws. According to Leonard Evé2004), a national decrease in
alcohol consumption would inarguably lead to fetvaffic deaths and related problems.
More specifically, a national decrease in consuomptiould be accomplished by
decreased advertising, increased prices and tdxesigh the Federal Excise Tax,

decreased availability, and increasing sobrietg lelmnecks and enforcement. Enforcing
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all of these, Evan argues, is not only possible raagonable, but also well in reach and
quite straightforward to attain and enforce.
2.2 GIS AND SPATIAL STATISTICS IN TRAFFIC SAFETY

Over the years, accident analysis has consistéatigformed itself into a more
technical and cutting-edge discipline in terms tatistical analysis and application, and
through the adoption of various Geographic InfoioratSystems that have become
widely available and accepted (Kim et al., 1996ilITR00O; Li et al., 2007; Loo, 2006).
Though GIS has been around since the early 198@&s not until the late 1980’s that
it became a popular tool for transportation redeared management (Thill, 2000). The
early 1990’s were critical in that the enactmentofide variety of federal legislations
were introduced in hopes of changing the outlookaofpreviously uniform and
homogeneous transportation domain, into a multigimary field involving
neighboring sciences and associated domains. Aspfained by Thill in a paper
written for Transportation Research regarding Gif &ansportation (2000), it can be
argued that the present adoption of GIS in trartapon brings the field to a full circle
as it is rediscovering the primacy of space andeglavo concepts that launched the
systematic study of transportation in GeographyRedional Science in the 1950’s.

In essence, the framework behind a GIS is not teethe transportation domain.
Database Management Systems (DBMS) had been endpsoyee time before GIS had
been introduced and accepted as an integral compémwards advancing research in
transportation. For the most part, these DBMS badn implemented to store,

reference, and carry out relatively simple studascollected transportation datasets.
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By contrast, GIS is all about the geographic desom of the earth’s surface, bringing
forth the important element of time and space whibrough analytical and modeling
capabilities (Thill, 2000). GIS in the transportati domain (GIS-T), as defined by
Michael Goodchild who is commonly accepted as ang®o in GIS literature,
implements three classes of models including fielccrete, and network models.
Though these are often used in other fields andicgpions, they are most important to
transportation for continuous variation over spand time, accurate locations of static
places (tolls, highway rest areas, traffic signads)d topologically connected and fixed
linear entities such as roads (Goodchild, 1992t/,T2000).

As a result, interest in GIS from transportatiorgierers and researchers has
paved the way towards the adoption and creatioseokral models, concepts, and
important methodologies. For example, analystge leuccessfully produced various
maps and projects depicting “hot-spots” or prodgciblack zone” analysis (Levine et
al., 1995; Flahaut et al., 2003). This combinabbmaps, statistics, and tables identify
clusters which are defined as a spatial patterndifi@rs in important respects from the
geographic variation expected in the absence ofsffaial processes that are being
investigated. These clusters are commonly linleddatial autocorrelation, namely
when an above-average value in a location is snded by neighbors whose values are
also above-average (high-high), or when a belowragee value is surrounded by
neighbors with bellow average values (low-low).eTdpposite combinations are defined
as negative spatial association, where a high @beerage) value is surrounded by low

neighbors and vice versa (Messner & Anselin, 2004)s will be discussed in more
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detail in the methodology chapter of this paperatighp autocorrelation and the
identification of clusters is important in attermgi to relate indirect independent
variables to crash datasets where correlationsa@m@ace and time are unknown.

Another reason the adoption of GIS and creationGés-T has flourished
amongst transportation researchers has stemmedtifi®fiood of spatial data available
today. More importantly, this spatial data hasrbé@aplemented, for example, in
validating crash locations, locating motor vehiclashes, modeling spatial-temporal
patterns of crashes, and modeling highway geonfetriraffic safety (Kim et al., 1996;
Levine et al., 1998; Loo, 2006; Li et al., 200As is discussed by Levine et al., 1998,
one of the more successful and primary uses of & iSlthe assigning of geographic
coordinates to features that are not directly esfeed by a geographic base map,
commonly referred to as Geocoding. Though thisufeais popular in domains other
than transportation, it has nonetheless been appe@ this field for several reasons
including representation of data, ease of calaujatiistances, buffers and the ability to
store and retrieve this same data efficiently.

Though the consequences brought on by the adoptiGhS to the transportation
domain have mostly been positive in nature, GIS fbashe most part been used as a
tool rather than treated as a science. In tuwerak papers and discussions have been
raised regarding the push for more comprehensiee o GlScience in transportation
(Goodchild, 2000). Furthermore, since GIS projemtsl results have been heavily
dependent on data availability, several issues emallenges have been raised in

discussing scale and accuracy. Concerning sda@dssue of the modifiable aerial unit
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problem (MAUP) has plagued studies dealing withraggted data and the use of
interchangeable boundaries. The problem lieserldabk of understanding that, although
every level of aggregation is important, issuesely related to the ecological fallacy
can arise if a background on scale and its effacspatial data are not well understood
(Fridstrom et al, 1991; Thomas, 1996). Simply auit,ecological fallacy is committed
when a relatively smaller aggregated dataset opsesms assumed to apply to a larger
population. As an example related to this studstireg that a county ‘X’ has more
drunks because of higher crash incidences woulanbecological fallacy. A relatively
high occurrence of fatal alcohol crashes does eoessarily extrapolate or reflect an
entire counties drinking behavior. Furthermofea isurvey was conducted on a few
individuals regarding their drinking and drivinghaior, their results could not account
or be applied to the rest of the population regjdinthe same county.

Accuracy has also been an issue in transportatimties that have relied on a
variety of spatial datasets (Kim et al., 1996; Blathet al., 2003; Loo, 2006). Despite the
fact that fatality datasets constitute some ofrttwest reliable safety data, there is a need
to be vigilant about any dataset which is brought a GIS (Evans 2004). Even as data
standards have been in place for some time, adcihathysts often rely on data collected
by several agencies which in turn may not reprodudesep up data that would be up to
a researcher’s standard of quality. Since crash, @xen data kept and maintained by
FARS, is often first recorded on forms by policéagrs who are not necessarily trained
or required to reproduce the necessary level dildee¢eded to most scientific studies,

analysts are often obliged to rely on aggregatdd dath limited variables. Until all
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vehicles are equipped with, for example, a systégolision detection that records the
time and location of first impact, crash data w#lve to mostly rely on incomplete and
often erroneous police records (Kim et al., 1996).

Overall, maps and associated results stemming fremadoption of GIS have
given a clearer insight to various statistics thatuld otherwise be difficult to
comprehend due to the nature of the copious dataseilable in accident analysis. In
summation, GIS enables researchers to link crashvd#h travel information, land use,
and social-economic information to better captune telationship between crash
occurrence and contributing factors (Li et al., 200

Although traffic fatality counts have, for the mgmrt, increased since the early
1900’s and had peaked by 1972 (54,589), Figurerttgys that their display in a table
with data appearing in its original format (courttap typically been difficult to interpret
and draw conclusions from. For this reason, tadfalysts have employed ratios and
normalized fatality counts to try and make senseagfious amounts of recorded data
(rates). As an example, Figure 2 represents tbase traffic fatality counts per billion
km since 1921. In comparison to Figure 1, thisetabearly indicates a downward trend
(3.5% a year) in overall fatalities for the US. oligh crash analysis is ultimately
dependent on a count of some sort, analysts am@ndsers commonly apply a wide
range of statistical and mathematical measurebdset same raw variables in order to

better understand the meaning of these events.
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Figure 1. Traffic Fatalities since 1921. Figure 2. Traffic Fatalities/éirlliohrléh si_na;921
(Evans, 2004) (Eva@804)

Aside from tables and graphs, traffic analysts hased various methods to
analyze a large variety of datasets available f&grdnt spatial scales. These statistical
methods range from the Bayesian analysis (Hau€32;1Ri et al., 2007) to Poisson
regression, Analysis of Variance (ANOVA), lineagression, LISA, Moran’s |, etc.
Commonly, authors working with multivariate statist such as demographics and
socio-economics, employ a regression or correlatn@thod to try and understand an
association between two or more different datagbtercer, 1987; Hauer, 1991;
Holubowycz et al., 1994; Pawlovich et al., 1998).

Spatial statistics have also played an importate m attempting to further
comprehend crash rates and imposing factors. &@patatistics differ from the
traditional practices and calculations in the agwptand intertwined use of formal
techniques with topological, geometric, or geogragiroperties. Common methods

include spatial autocorrelation, which was discdssethe GIS section of this literature
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review, spatial interpolation, and spatial regressi Although these techniques are
complicated and require extensive computation, @y commonly executed in GIS
software packages that can compute, manage, anplaylisesults efficiently.
Furthermore, several standalone software develdmers developed freeware packages
which can carry out several important spatial statl computations. Specifically,
GeoDa (developed at the Spatial Analysis Lab, Usite of lllinois) has become a
popular tool for visualization, exploration, andpnation of patterns in geographic data
(Messner & Anselin, 2004). GeoDa’s user-friendisaghical user interface (GUI)
assumes that the user is unfamiliar with GIS andnaintroductory level in regards to
more complex statistical procedures, making it appg to a wide variety of applicants
wishing to compute rigorous spatial statistics. gdiber, though still considered to be
loosely-coupled, the combination of these aforesaaftwares, techniques, and
methodologies help to validate, assess, and eeshgbvarious traffic issues.
2.3 LOCATION, GENDER, AND AGE RESEARCH IN TRAFFICAFETY

With a current population of just over 30 milliorgple and an estimated 1.9
vehicle per person, the US provides more trafftadhan any single nation. However,
researchers located in the accident analysis titeraand closely linked fields have
considered a wide variety of study sites in conitigctheir research. Some of these
studies have produced several projects in Austr@tialubowycz, 1994), Honolulu
(Levine et al, 1995), Hawaii (Kim et al., 1996),uitern Georgia (Stevenson et al.,
1998), French counties (Amoros et al, 2003), andisi&€ounty or the city of Houston

(Li et al, 2007). It was found that, for the mqgsrt, these authors chose the
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abovementioned locations for various reasons, thaugst were originally from those

locations or had access to familiar data. Othasaas for choosing specific study sites
included interests in Wet versus Dry County effemsalcohol-related vehicle crashes
(Stevenson et al., 1998), exclusion of looselyrdsfispatial boundaries resulting from a
study site being enclosed on an island (Levine lgt 1®95), and accurate spatial
distribution of crashes resulting from accurateorépg of crash occurrences at 100m
interval markers on highways (Thomas, 1993).

Although study sites are chosen for various matiwpecific results from these
studies and a variety of others have establisimkd between the locations of fatal crash
occurrences and other factors. For example, sesardies have concluded that the
severity of a crash can often be attributed tolotsation in an urban versus rural
environment, and to population density (Winn anc&dBpassi, 1993; Clark, 2003;
Evans, 2004). More specifically, a study on théeat of population density on
mortality after vehicle collisions found that, evafter correcting for age, speed, and
seatbelt-use, accidents outside of urbanized lmtstmore often resulted in deaths
(Clark, 2003). Reasons for attributing lower fatadshes in urban areas have been
correlated to lower speed limits, congestion, béitdting, better public transportation,
shorter distances being traveled, and more efficredical care or proximity to medical
services (Winn and Ciacopassi, 1993; Evans, 20@}).comparison, rural areas have
been shown to produce a greater number of fatshesadue to opposing parameters

relatively to those previously mentioned factors.
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When comparing males versus females, studies tentbdus primarily on
specific factors associated to behavior or perfoicea Instead of simplistically labeling
one group as being worst at driving than the otlaralysts examine complex
relationships between gender characteristics agid plotential effects on traffic safety.
Studies have researched gender issues in trafétysaoncerning influences on accident
frequency and severity (Mercer, 1987), gender wifiees amongst new adolescent
drivers (Farrow and Brissing, 1990), self-contrmotialcohol (Keane et al., 1993), BAC
of male and female drivers, riders, and passen@@adubowycz, 1994), risk and
involvement in alcohol-related driver fatalitiesa@r et al., 2000), and influence of
driver sex on road crashes (Al-Balbissi, 2003).e Tollowing section will review the
literature concerned with gender and traffic satefyinterpreting separately, for males
and females, distinct results which are discussedare detail for both groups.

Regarding males and traffic safety, the literatuse filled with various
conclusions concerning alarming rates tied to s#vactors. A study by Mercer (1987)
involving a correlation examination of 84 monthsdamemployment rates, alcohol
involvement, restraint use, and driver demographsescluded that increases in
unemployment levels resulted in the decrease ajrafisant percentage of male drivers
on the roads. In turn, Mercer found that this medlthe frequency of drunk drivers and
increased the proportion of seatbelt users. Im, tilme reduction of male drivers reduced
the frequency and severity of accidents. Reseenclducted by Farrow and Brissing
(1990) on adolescent drivers and gender charatitsrisoncluded that young males

involved in legal difficulties, lower academic aelhements, and high amounts of work
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hours per week were more likely to engage in dgwihile intoxicated. In addition, the
author found that males were more likely to be imed in racing and thrill seeking.
They concluded that the higher rates of adolesg®ié drivers in automobile crashes
was partially attributed to culture; commonly brbtigon by a ‘rite of passage’ to
‘manhood’ partially manifested by unnecessary taing whilst driving. Holubowycz
et al. (1994) established that, based on hospitalission after a fatal or injury crash,
males were more likely to have a BAC greater thad8% as both drivers and
passengers of single car crash vehicles (See BablEurthermore, among the fatalities,
the mean positive BAC of male drivers was signifibahigher. Studies by Zador et al.
(2000) also concluded that, on average, males bamgnually been involved in more
fatal crashes and have displayed greater relasie of crashing than females. Lastly, a
recent study by Al Balbissi (2003) examining annuedvel distance, economic
participation, and different income region accidestdords concluded that male crashes
were often more harmful, frequent, and dangeroas ttemale crashes. The author
concluded that perhaps males were more impatiegheh risk takers, and paid less
attention than their female counterparts. Int@ngt, the previous observation is
mentioned in several conclusions where it is maetibthat in general male deaths
generally exceed those of females, and males spabdit risky behavior, indulge in

violence, and anti-social behavior more than women.
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Table 6. BAC of Admitted Crash Victims (Holubowy€84).

Distribution of blood alcohol concentration by type of road user and sex: fatalities and hospital admissions aged
16 years or older

Fatalities Admissions
Drivers Passengers Riders Drivers Passengers Riders
BAC Males Females Males Females Males Total* Males Females Males Females Males Total*
Zero 49.8% 723 42.1 69.4 56.8 M3 518% 7.9 51.0 7318 67.3 63.2
001-.079 7.0 8.8 3.6 10.0 8.5 82 80 37 1.7 1.3 10.5 9.9
080149 93 34 19.1 1.9 113 1.5 154 10.9 219 83 10.3 13.0
150+ 339 13.5 30.1 8.8 235 260 188 1.5 153 6.5 1.9 13.9
Total known: % 100 100 100 1ao 100 100 10 100 100 100 100 100
Number 540 148 209 160 213 1292 415 192 196 168 370 1405
BAC unknown 37 9 19 17 14 97 34 2 41 13 31 168

*Includes all drivers, passengers, M/C riders and pillion passengers =16 years old.

Regarding females and traffic safety, the litematappears to indicate a lesser
degree of negative conclusions in many of the skice male related factors.
Interestingly, however, issues were noted in séwatecles which pointed out unique
harmful relationships between the females anditrafifety. A chapter dedicated to
gender risks in traffic safety by Evans (2004) doded that females were intrinsically
more likely to die from physical crash impacts engral. The author concluded that
this was due to a woman’s physical traits sucheaghlt, for example, being a factor in
airbag deployment accidents. A study by Massial.ef1997) concluded that, although
males had higher average annual mileage and higgtksrof crash involvement, females
had greater involvement rates when examining ntal-taashes. The authors concluded
that a higher non-fatal crash rate was attribueedhore women driving around urban
areas where crashes are often of a lesser degreems of injuries and fatalities. A
recent study by Nyberg and Gregersen (2007), caadus Sweden on 18 to 24 year old

novice drivers, concluded that although femalesestdigher on written driving tests,
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males often drove better and performed the samesuvans more correctly during
actual driving lessons. Nonetheless, the authongladed that males were more often
involved in crashes, due to similar abovementioreskons, and that driving schools
should restructure their lessons accordingly st mae crashes could be reduced and
female driving skills increased. Another study Bmel et al. (2006) explored
associations between heavy drinking episodes (HB&)sumption before injury, and
volume drank separately for each gender acceptediswiss emergency rooms. Like
many other studies, the researchers concludeditja¢r HDEs and volumes of alcohol
increased the overall risk of injury in any actitMore importantly, it was found that
low-volume drinking women without HDE experiencedhigh proportion of injuries.
For this reason, the authors advised that women fathan this category take special
precautions in risky circumstances such as drivihgstly, a study conducted in Finland
by Laapotti and Keskinen (2004), examining differesy between male and female
driving patterns in 1984 versus 2000, found thatdies were more often involved in
crashes connected to maneuvering, loss of comtnal,reversing (backing-up) accidents
while sober and not speeding.

Finally, it is important to state that not all fard mentioned in the literature point
towards one gender being any more significant tharother, in regards to traffic safety
and alcohol consumption. Keane’s (1993) artiatielrassing primarily with self-control
and DUI, concluded that convicted male and femaigets shared common traits
regarding self-control. Specifically, it was foutitht based on several tests, sampling,

and datasets, low self-control could commonly iathca relationship between drinking
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and driving for both genders. Thus, Keane disnlissgy common issue raised by other
analysts regarding separate laws for gendersrasitg that such legislation would be
unfitting and unnecessary. For this reason, itheen difficult to try reducing drinking
and driving by enforcing laws or programs on onedge and not the other, except for
increased insurance premiums for young males cardptr females. However, the
majority of the literature points towards genderbasng a significant determinant of
several factors involving traffic safety. Moreoyenales, especially young males, are
commonly seen as being more detrimental to traffifety when it comes to drinking
and driving.

Much like gender, age is often a strong determimaauak factor in understanding
and assessing traffic safety. Conversely howdkierage of a driver has been subject to
several laws, such as the zero tolerance law,gers under the age of 21 in the U.S.
According to the NHTSA, the 21 year old purchase &gs been responsible for a
significant decrease in fatal crashes, injuriesnicales, suicides, and other alcohol-
related problems under that age limit. Nonethel#ss drinking and driving problem
persists in different age brackets and fatal crasiomtinue to take the lives of mostly
young and healthy individuals, some of which do netessarily exhibit problematic
drinking behaviors. Although fatal alcohol-reldterashes are declining in general,
problems persist where the age of a driver astarfaontinues to produce discouraging
rates. Reinforcing the younger driver problem, i5/§2004) reports that young male
drivers have the highest fatality and crash rades, pose the greatest threats in traffic

safety.
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For these aforementioned reasons, the followingagraphs will explore age
specific factors related to traffic safety and a&lolo Firstly, young drivers will be
discussed (approximately < 30), followed older drs/(approximately > 55). Although
specific age brackets vary between different sgjdieash analysts commonly designate
ten year intervals in which studies can focus assiohs on individual groups with
similar characteristics. Older and younger drivamne the point of focus as a result of a
dominant amount literature relating their impaatstiaffic safety. Commonly, middle-
aged drivers (approximately 30 to 55) are consiildie contain lower rates when
considering overall crashes (see Figure 3). Theam why middle-aged drivers are at
the bottom of the curve on figure 3 lies in theuewsion to risk, strong judgments,
understanding of consequences, driving experiemegurity, and overall awareness of
traffic (McGwin and Brown, 1999). Additionally, viaus articles and research attempts
have concluded that, all other traffic factors lgeggual, younger and older drivers are
comparably hazardous per mile driven compared tidlmiaged drivers (McGwin and

Brown, 1999).
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Figure 3. Fatality Rates per 100 Million per-PersMiles of Travel (McGwin and Brown, 1999).

According to Figure 4 (NHTSA’s 2005 Traffic Safelacts report) drivers in
their early to late 20’s are problematic in ternfsatcohol consumption and their
decision to drink and drive. This is unfortunatsnsidering the fact that most drivers
killed in alcohol-related crashes are often headhg have much to give, considering
their relatively young ages. Perhaps more alarnaireg statements made by McGwin
and Brown (1999) that younger drivers incur the arij of fatal crashes and this is
likely to remain this way in the future. Accorditg a study by Dissanayake and Lu
(2002) performed on the severity of young drivesistres, high crash rates and poor
safety performance can be attributed to three nfajctors: inexperience, risk taking
behavior and immaturity, and greater risk exposuRegarding behavior, Farrow and
Brissing (1990) attempted to explore various faxtading up to an adolescent’s

decision to drink and drive. By assessing sevecalres acquired through written
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confidential questionnaires, the authors were dblegather useful resources which
helped to formulate several conclusions. The astfmund that certain factors present
prior to attaining a drivers license could giveigig towards predicting, or at the very
least understanding, why young drivers exhibiteghtgr rates in alcohol related crashes.
Some of these factors included the presence ofl ldifculties, lower academic
achievement, engaging in dangerous activities, disgg family dysfunction, and even
earlier dating. Research by Lam (2002) concernigldl aistractions inside and outside
of a vehicle found evidence of links between cartage groups and the ability to
overcome distractions. The author assimilated ghmette the recent efforts to assess cell
phone distractions and their effects on crash ratese attempts have been made
towards understanding distractions and their camseces on drivers of different ages.
Lam’s results related that young drivers, due tanaturity, developing cognitive
capacity, and greater attention and concentrag@mtson driving the vehicle, were at a
greater risk of crashing during distracting ever®incidentally, the state of California
recently (July 1, 2008) successfully implemented a cellular phave Which prohibits
drivers from using a cell phone while driving. Tlaes states that drivers over the age of
18 may employ a hands-free device only. Any usa céllular device for a reason other
than an emergency service call now results in aispe fine ranging from $ 20 to 50.
Another study by Yagil (1998) on a Northern Isragfhiversity using questionnaires
concluded that, regarding gender and age-relaféetetices in attitudes towards traffic
laws and violations, younger drivers expressedagetdevel of normative motivation to

comply and respect traffic laws. A paper by Milletr al. (1998) estimating 1993
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highway crash costs using several data sources sschmedical bills, police
enforcement, and per mile driven found severaiofacrelated to young drivers. The
authors concluded that novice drivers, designatedravers under the age of 18, were
overrepresented in crashes and had higher estinatesh costs per mile driven
compared to other drivers in different age brackdiven more alarming, the authors
found that an estimated 53% of all crash costsjusit5.5% of all vehicle miles, could

be related back to young drivers and drunk driving.
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Figure 4. Age Groups and Drivers Killed in 20058#C .08 g/dL or More.

Recently, there has been an increase in the anuafuattention paid to older
drivers. According to McGwin and Brown (1999),4Hittention shift has been partially
attributed to the numerical increase of aging dewan the road and a greater availability
of rates and studies regarding their impacts offidraafety. These authors enforce

those statements by pointing out that, by 2030ptieortion of US population aged 65
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and above will be nearly 22%, compared to about b3%k in 1996. In general older
drivers tend to refrain from consuming alcohol, #rttley do drink are more responsible
and deterred from driving. However, an aging papon generates several unique
factors, compared to those of younger and middéslatyivers that decrease their overall
traffic safety. According to Evans (2004), thesdgture has produced several strong
arguments revolving around the understanding andpaance that specific driving skills
decrease with age. Although older drivers are ¢éss safety concern than the younger
ones, Evans argues with an example that an 80ofdaroman driver is 7 times more
likely to be killed than a 45 year-old women irptriof equal distances. Moreover, aside
from being more fragile and thus more likely to diem severe crashes, the risk of
crashing increases steeply with age at the oldgss.a As discussed above in the
introductory paragraph of the ‘age’ section, agiogelates to risk aversion, though to a
certain extent. According to research by McGwid &mown (1999) on characteristics
of traffic crashes based on age, perceptual prablemd difficulty judging and
responding to traffic flow unfortunately can coubtdance risk aversion. Using police-
record crash data from 1996 in the state of Alahahesame authors found that older
drivers (55+) are more likely than middle-aged drs/to have crashes at intersections,
fail to yield or heed stop signs, strike unseeredtsj, and be at fault.
2.4 PLACE WITHIN THE LITERATURE

According to what has been recorded in the litemgtcounty-level research has
not been conducted in regards to the effects of ggeder, location and population on

alcohol-related crashes for the state of TexagthEumore, a spatial-temporal approach
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attempting to study driver fatalities where alcolas recorded at the county level in
Texas has not yet been conducted. The spatiat@uédation will be established at the
county level since data availability at finer ssale limited. It is important to state that,
regarding aggregated data, crash datasets avawdbilee county level have several
advantages over other types of scales; one of thet important ones is the availability
of transportation and socioeconomic data (Valvestdal., 2006). Furthermore Thomas
(1996) discusses that it is commonly accepted bplacs that all levels of aggregation
are meaningful in road safety analysis: The chesiceply depends on the aim of the
study. Finally, the use of a GIS and GeoDa for choropléhplethic mapping, and
statistical analysis varies within the literatuespecially in terms of map outputs and
analysis regarding various results. Thus, an esipha this research will be placed on
producing choropleth, cluster (spatial autocorretgt and isoplethic maps as
exploratory and explanatory mediums. In turn, theults will attempt to provide
insights on possible issues related to demograguidicsocio-economic characteristics as
factors as they may be associated to fatal alcaated crashes where a driver had a
BAC greater than or equal to 0.01%. Aside fronerafiting to fill these knowledge
gaps, this research attempts to provide anothaoapp and methodology in conducting

this type of research that can be used as a foondat further research.
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CHAPTER 1l
DATA AND METHODS
3.1 DATA AND STUDY AREA

This research places a greater part of its emplwmsianalyzing and drawing
spatial information from ongoing crash records cid@apbacross the 254 counties located
in the state of Texas. For this reason, most ef dhta discussed in the following
sections was typically acquired at the county letlebbugh several websites and
organizations. Firstly, Texas was chosen as theyssite for a few reasons including
practical and personal preferences related to ahéegt of this paper. Personal reasons
included familiarity, availability of data througharious local contacts, and experience
concerning several counties, cities, and locatammess the state.

Practical reasons revolved around the fact thatfathe research was conducted
on site at Texas A&M University where county levalash datasets were readily
available for further processing. Other decisifmschoosing Texas as the study region
included more specific or unique reasons includtegdistinctive spatial variability in
the context of population distribution, the Texasb&h Triangle, demographic and
socio-economic clusters, and the fact that Tex#dsesecond largest and populous state
in the U.S. Finally and perhaps most importantysidering the idea that traffic safety
aims to reduce and understand crash rates, Texasstantly reports higher traffic

fatality and alcohol related crash rates in conti@eationwide averages.
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Data was gathered from several sources includimg Fatality Analysis
Reporting System (FARS), Texas Commission on Alt@ma Drug Abuse, National
Center for Statistics and Analysis (NSCA), Texaat&tData Center (SDC), Texas
Department of State Health Services, and the Ueés@s Bureau. FARS is a popular
and often-employed compilation of various traffragh datasets covering a wide variety
of factors which mainly originate from police redsrand on-site documentations. Thus
far, through the collaboration of NHTSA and US Deeent of Transportation, the
online encyclopedia has kept a census of all USl faashes since thé' bf January
1975. For this study, FARS provided several désaseluding fatalities per age groups,
fatal alcohol crashes, and estimated licensed mrivé&kegarding fatal alcohol crashes,
the FARS database began to apply a Multiple Immnanethod in 2001. The Multiple
Imputation, which estimates missing BAC values gden imputed variables, employs
Rubin’s method of scalar estimands (Subramania®2R20 In comparison to the
Discriminant Analysis which was previously applié¢d BAC datasets to provide
estimates of missing variables, the Multiple Impota followed a similar trend
temporally, although some rates were up to 2% highesome years (See Figure 5).
Other data sources mentioned above either reliedcamsus data where counts or

averages were compiled for age, gender, populatmn
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Figure 5. Comparison of Imputation Methodologyne Bold Line Represents the Multiple Imputation
Method (Subramanian , 2002).

Once all of the necessary data was accounted ftamts per county were
compiled into several Excel files. Concerning alalp drivers who were killed in a fatal
crash with a recorded or estimated BA®.01% (any alcohol) were compiled within
Excel. Similarly, total drivers killed in fatal @shes, regardless of alcohol content, were
also compiled so that rates could be compared letwieoth definitions. The
independent datasets, or demographic factors, alece gathered and compiled from
various sources. For this particular study, thesen independent variables or factors

were gender (male versus female), age, and popnlatsimilarly to the crash dataset,



38

these variables were compiled into several Exceetshand arranged so that they were
matched to their appropriate crash rates at thatgdevel. The population data was
found on the U.S. Census website where estimatepoptilation by county were
available from 1996 to 2005. Gender and age dats gathered from the Texas
Department of Health Services website where it passible to select gender counts and
age counts for individual counties from 1996 to 20@or the age data, 10 year intervals
starting at 15 years of age and ending at 65+ wlgwsen to correlate to age distributions
studied in previous articles.

Finally, though a 10 year period of data is awdda 3 years were chosen to
reduce the amount of data being processed and m@ictmua greater range of change
over several years rather than comparing 10 sepaedrs. Of the ten years, 1996,
2000, and 2005 were chosen on the basis that tremyded five year intervals and
appropriate highs/lows respectively where: 1386ved to be the most severe year in
terms of alcohol-related fatal crashes and peroktudtal that were alcohol-related, 2000
delivered average or near-average values and wesnsus count year, and 2005
signified a steady and overall drop in percentleeasand alcohol crashes.

3.2 DESCRIPTIVE STATISTICS

In its original format, the data was presented hamisands of cells including
counts for factors which were displayed and sepdratithin excel for each individual
county. In order to make more sense of that detapus calculations and charts or
tables were carried out and created in Excel tesasthe overall trend and gather basic

information. These included percentages based apulation, normalization, and
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summations or averages. As an example, some tatdesed were used to represent
drivers killed per 100,000 licensed drivers wherny alcohol was either present or

absent. Rates were often chosen over raw coumisier to more appropriately account
for any underlying trends such as increases in lptipn, for example. Other tables

were used to represent rates where estimated dédedsvers by age groups were
compared to their corresponding fatality ratesaftkiiled in traffic accidents per county

totals) for 1996.

Since individual counties’ reports of total licedsdrivers was not available for
this study, licensed driver data from the Fedeinghi#ay Administration was extracted
for individual age groups and gender at the statellfor the according years. Once the
age groups were combined to match those of thel Eraeh dataset, the state level rates
were calculated with the county level populatiomge® 16 +) by multiplying the
percentage of the total licensed driving populatd@an individual age group or gender
by the total population of a county for the samadge or age group. For example, in
1996 there were 31,162 males (of all ages) in AsateriCounty. In order to estimate
licensed drivers or drivers 16 years of age andvabdhe population count was
multiplied by 67.59% (percent of total populationTiexas that is a male and licensed to
drive) to get an estimated 21065.51 male driverfAmiderson County. This same
methodology was applied to both gender totals] fmaulation per county, age groups,
and genders within age groups to account for egtdnarivers rather than total

populations.
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Fatality counts were calculated in the same fasiione normalized rates for
individual counties were not available from FARE&or example, in 1996 Anderson
County reported an estimated 15 drivers killedludimg 7 of which were found to have
had a positive BAC. In order to compare those totmestimated drivers in Anderson
County, each crash count was divided by the estthabtal estimated licensed
population and multiplied by 10,000. In other wardnderson County reported 4.39
((15/34189.57)*10,000)) drivers killed in traffic elated crashes, and 2.05
((7/34189.57)*10,000)) drivers killed and havingsfiive BAC per 10,000 licensed
drivers in that county.

3.3 GEODA DATA ANALYSIS

In order to assess spatial autocorrelation, silepefere created within ESRI's
ArcMap 9.2 GIS software so that they could be ingebrinto GeoDa. The shapefiles
were created by importing the 1996, 2000, and Zb¢&el tables as *.csv files (comma
separated values) into ArcMap. The selected yean® then linked to a premade
shapefile of Texas containing borders, bounda@es] county IDs by selecting two
similar attributes from both tables and linkingthas a single shapefile. Finally, the
newly created shapefiles were exported as individatasets where their projection and
coordinate systems were defined and projected icCatalog as a North American
Datum 1983 Texas Centric Mapping System Albers @5 North American 1983,
respectively.

The abovementioned shapefiles were then importenl GeoDa so that local

indicators of spatial autocorrelation could be sddacross the three selected years and
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their corresponding datasets. Firstly, GeoDa reguits users to create weights
dependent on the nature and spatial characterigtitse data and study area. Since
Texas counties are contiguous, two options werergithat could compute spatial
autocorrelation based on a Rook or Queen Contigudyrix and a desired order of
contiguity. As Figure 6 shows, Rook and Queen @aittes can be thought of as
matrices where two different orders of directionnche implemented to define
neighboring cells, or in this case a county. Fd&amk Contiguity, adjacent neighbors
located at cardinal intervals, in other words abdyaow, left, and right of the focus
cell, are considered. A Queen Contiguity consideose same neighbors as a Rook
Contiguity, and also includes cells located at eadtinal or intercardinal direction
(NW, SW, etc). The contiguity order determines éxéent of influence a spatial value
has at various different scales. Essentially®a@rtler considers those cells which are
adjacent to the focus or center cell. In otherdsaif considering a 3x3 matrix with
center cell A1, a i order will include adjacent cells or immediate ghdiors A2-A9
when implementing spatial autocorrelation. 8 @rder contiguity considers the spatial
values which neighbor the previous neighbors osé¢hcells adjacent to A2-A9 in the
previous example. Since the level or order chdesethe Rook or Queen Contiguity is
dependent on the spatial characteristics of thayséimd the nature of the data, a Queen

contiguity was implemented for this study with™d @rder including lower orders.
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Rook Contiguity Queen Contiguity

Figure 6. Rook versus Queen Contiguity.

Once the weights were created and saved, unigdtl®A was calculated for the
following variables: Total drivers killed, driveislled with positive BAC, normalized
total drivers killed (crash per 10,000 licensedvers), normalized drivers killed with
positive BAC, estimated licensed drivers, total ylagon, population density (people
per square miles), % males, % females, and % d¢f gpenders, and % of ages 16 to 24,
25 to 34, 35 to 44, 45 to 54, 55 to 64, and 65 abdve for individual counties.
Univariate LISA is related to Tobler’s first law geography which essentially states
that “everything is related to everything else, blaiser things are more related to each
other”. This phenomenon, which explores relatips in two-dimensional geographic
space, can be derived from Moran’'s | which attemfusfind departures from
randomness across space. In turn, these depaftoresrandomness are assessed
numerically to determine whether or not clustens ba determined in the context of a
designated dataset. Moran’s | is defined as:

___N ZiZj W (Xi —YXX]. _Y)
Zi Zj Wi Zi (Xi —Y)Z
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WhereN is the number of spatial units (in this case 28dnties) indexed by

andj; X is the variable of interest (population, crashiegnsed drivers etc...)X is the
mean of X ; and Wij is a matrix of spatial weights (as created in tf@eanentioned
paragraph).

Univariate LISA results are yielded in 3 sepa@iguts including a cluster map,
significance map, and Anselin’s Moran’s | scattlatp The cluster map displays any
significant findings within 4 unique categories &a®n the weighted characteristics and
variables chosen per county. The key elementdayisg in the cluster map revolve
around clustering where X equals a variable in ¢benty centroid, and Y equals a
variable surrounding a designated county centroldhe 4 unique results are color coded
so that positive spatial autocorrelation is repne=g either by a “high/high” or
“low/low” event where: “high/high” (red) equals &sificantly high value in X (center
of cluster or county) surrounded by a significarttigh values in Y (surrounding clusters
or counties). A “low/low” (blue) event equals grsificantly low value in X surrounded
by significantly low values in Y. Negative spatautocorrelation occurs both when
“high/low” (pink) represents a significantly higlale in X surrounded by significantly
low values in Y and “low/high” (light blue) equaks significantly low value in X
surrounded by significantly high values in Y. ig 7 displays a resulting cluster map

of total crash counts for Texas counties in 1996.
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Yyest Texas, for the most part, forms a cluster of
low-low crash rates.

Two Clusters with fairly high crash
rates. Counties harboring the cities
of Houston, Dallas, and Fort Warth
are "not significant” because they
contain extreme outliers.

i r EON ;
] - 2 2 : -High/High=High X in cnty surrounded by High ¥
. A in adjacent cnty (positive spatial autocarrelation).

-LowfLow=Low ¥ in cnty surrounded by Low Y
in adjacent cnty (positive spatial autocarrelation).

Vot Siguficant
MW sense
. Lwe-Low

Low-High

High-Lew

Figure 7. Fatal Crashes in Texas for the Year 3986ster Map from GeoDa.

The significance map and Anselin’s Moran’s | ssafplot display significant
values and negative or positive spatial autocaicglarespectively (see Figure 8). For
the significance map, the default p-value is 0 @%hait any value above that threshold is
designated as being insignificant (see figure &amsxample). Anselin’s Moran’s |
Scatter plot displays all of the county standardiizariables alongside the x-axis. The y-
axis represents the spatial lag of those same yga@tahdardized variables in order to
reflect the impacts neighboring counties have ah éadividual county centroids. If the
slope reported at the top of Anselin’s Moran'’s atser plot is positive there is evidence
that, based on the assigned weights and algorithutpug a positive spatial

autocorrelation is present (high/high, low/low).f the slope is negative, than the
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opposite is true where a negative spatial autolative exists within the clustered

results (high/low, low/high).

Percent of Population Aged 65 and above in Texas,
1996.

Moran's I=0.2262

Anselin’s Moran's |
Scatter Plot

2

Hot Sigruficant
M g i
Lew-Low
Leww-High
High-Low

0

W_BPER65 UP

BPER65_UP

Mot Significant
p=005

M ;-00
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M -o00

Figure 8. Example of Results from GeoDa.

3.4 GIS DATA ANALYSIS

The same shapefiles created from the Excel daeatshwhich were previously
used in GeoDa, were once more opened in ArcMagdd.#he creation of choropleth
and interpolated maps. Although GeoDa had alréady used to produce cluster maps
in the form of choropleth results, the GIS softwases used to depict the same datasets

from a different point of view. Choropleth mapsrev@roduced for nearly all of the
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variables present in the Excel data sheets bywnligp the necessary steps required in
the graphical user interface within ArcMap 9.2. wéwer, manual numeric classification

ramps were created for certain variables in ordeadcount for subtle changes and to
assure a constant scale throughout the three separe periods. When a manual

classification was not used, a Natural Breaks (ggmnihich is available as an option in

ArcMap and is typically the standard or defaultickpwas applied to represent the data.
The Natural Breaks classification scheme simplynm@ras all variables and determines
natural breaks by statistically investigating adjac pairs of values and assessing
whether or not there is a large difference betwbentwo. Figure 9 shows an example
of all of the 2005 Males per county percentagessifi@d under 6 unique categories in a
Natural Breaks (Jenks) classification ramp withresponding statistics. As can be seen
from the figure, when a large difference in valbesween a pair occurs, a classification

boundary is applied and a group is created.

25—

45.500000
45600000
51.000000
53.000000
56.700000
E5.900000

20—+

Count: 254
IMinimunn: 46, 00000
Mairnim: 65.200000
A4 Surn: 12786200000
Mean: 50.341732
Median: 49700000
0 Standard Deviation: 2.566101
| T T
46.900000 51.650000 a6.400000 61.150000 G5.900000

Figure 9. Example of Natural Breaks (Jenks) Gfasgion.
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Figure 10 represents a final output of estimateenised drivers in Texas for the
year 2000. As can be seen, the main focus oftibeopleth map was to create an easy-
to-read and comprehensible visual analysis of Terasties and their unique values in
contrast to studying numbers and tables compileBxcel. From a choropleth map,
spatial distribution and spatial patterns of chosanables can be visually assessed
rapidly, efficiently, and compared to other resuftund in GeoDa, tables, and
interpolated maps. As can be inferred from theemelgon the right hand side of the
graphic, the outputs are color coded so that dewiatfrom green towards the color red
indicate an increase in value within 6 distinctoesl(in this case licensed drivers). 6
categories were used for all of the choropleth maperder to minimize confusion
between color variances and to ensure that thec@Gdties were distinguishable from
one another without too much blending appearingithién information regarding
distances or spatial scale, map information, artd dacreation can be gathered from

other areas of the figure to improve and standarthie related information.



48

Estimated Licensed Drivers @

per Counties in Texas, =T
Estimated Licensed Drivers

o 43.26- 2500.00
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Projection: Albers
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- — Software: ArcMap 9.2

Figure 10. Example of Choropleth Map Output arsdMarious Map Elements.

Interpolation of variables across space is oftadun spatial sciences and GIS in
order to better understand and represent databdistm, or account for missing values
through various algorithms. Simply put, interpadattechniques take the set of known
variables in a raster dataset and compute missimgsobased on neighboring distances,
weights, and other spatial characteristics. Fidurajives an example of collected data
points (left) and their interpolated values (righfjer running a specified interpolation
procedure. Interpolation in the context of thisearch is useful as another approach
towards identifying areas and spatial distributioh high crash rates and related
variables. For example, an interpolated map aflcrates will color-code those areas
closer together in space under one defined coltiis is due to the fact that, in a raster
map generated from crash data, the creation amdifidation of points that are closer

together and weighted accordingly are grouped uoderdefined interval. The resulting
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map gives the reader insight on the predicted apdistribution of crashes over a
continuous surface. Since the crash data is cesdrito county boundaries in a
choropleth map, due to the level of data choserthisr research, an interpolated map
allows for the creation of a surface that liftstriesions which are otherwise apparent in

choropleth maps.

*30
13 | 14 | 16 | 20
"4 24
14 | 14 | 16 19
*16 18 |16 | 16 | 18
24 19 | 21
g 20 30 | 27 20 | 20

Figure 11. Example of Interpolated Values (GrapBaurce: ArcGIS 9.2 Desktop Help).

A commonly used interpolation method for isoplethhapping is Inverse
Distance Weighting or IDW. Isoplethic represematof data using IDW interpolation
determines cell values using a linearly weightechlzimation of a set of sample points.
The weight assigned to the set of points is a fanobdf inverse distance. The surface
being interpolated should be that of a locationdidpendent variable where points are
regularly and densely distributed in the contextheflocal variations. In essence, as the
distance between a scatterpoint and an interpolat#ot increases across space, the

weight of the scatterpoint decreases accordinghg tieducing the influence those two
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points have on one another. Although there akeraé variations of IDW, it is

commonly and more simply derived through:
F(X! y) = ZVVI fi
il

Where n is the number of sample points in thess#dtd, are the values assigned
to those individual sample points, amdire the assigned weight functions assigned to

the sample points in the dataset.

In order to run IDW on the shapefiles previousbgd in choropleth mapping and
GeoDa, several necessary steps were employedlyHihe county polygons which had
originally contained the individual variables wearenverted into points. Rather than
employing ArcGIS 9.2’s toolbox which contains varsorelated options, the shapefiles
were converted in GeoDa. This option was compgrahasier and less demanding than
those presented in ArcGIS 9.2 as it involved simplgning the ‘polygon to point’
option under the ‘tools’ drop-down menu in the GadBUl. The resulting maps (1996,
2000, and 2005) displayed 254 points located inr@pmated county centroids
containing those same variables that were prewastsidied. The newly created maps
were then imported into ArcGIS 9.2 where the ‘Iptdation’ submenu under the
‘Spatial Analyst Tools’ option in ArcToobox was d&n. Once IDW was chosen as the
interpolation technique, several parameters hadetalefined including: input point
features, Z value field, output raster, output setle, power, search radius, and input
barrier polyline feature. For point features anfield, the newly created point files and

individual variables were selected, respectiveljhe cell size was determined as the
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shorter of the width or the height of the extentha input point features divided by 250.
This value was automatically determined to be 4&52meters (top-bottom:

(1569425.524038 m— 431318.574639 m)/ 250) and wasnanually altered for any of
the 3 years. The power option, which determities significance of surrounding

variables or points on the interpolated values, ks 2. ArcGIS Desktop Help states
that a higher power results in less influence.ultter explains that most reasonable
results are gathered when values ranging from @.3.Q are selected as exponents of
distance. A variable search radius was chosenruhdesearch radius option. This was
selected on the basis that it was the default npiod was appropriate for this study.
The number of nearest input sample points was ®et2t also the default value,

considering the fact that for many counties thisluded all contiguous neighbors.

Figure 12 represents the general the 3 differemt oudputs.

Estimated Percentage of 16-24
Year Old Licensed Drivers in

Texas
Yo Walles Yo Values
Wi0-13 g mi0-13
[ 14-15 E e e [H14-15
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[ 17-18 | . vea s e ME17-18
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- - 11-\1‘_ a3 5 ' >
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b3 ﬁ?ﬁ,n R AN A
: R s
:i 2 Vgt & . &go w
gll 2 2 ‘ ] .
Choropleth Map Point Map Interpolated Map

Figure 12. Example of Choropleth to Point to Ipelated Map outputs.
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CHAPTER IV

RESULTS AND DISCUSSIONS

4.1 CRASHES
Table 7. Driver Statistics in Texas.
1996 12568000 2134 964 4517 16 .98 TET
1997 12834000 2013 834 4143 1568 5.5
1998 13323000 2083 867 42 58 1563 B.66
1999 13353000 2090 594 42 78 1564 B 69
2000 13462000 2229 956 47 89 1656 T
2001 13048000 2250 946 42 04 1725 725
2002 13185000 2331 975 4183 17 B8 7.39
2003 13498000 2369 965 4073 1755 715
2004 14544000 2193 8649 3963 1508 5497
2005 14658000 2107 892 42 34 14 37 608
Drivers_Killed (per 100,000 (Drivers_Alcohol (Per
Years Licensed Drivers |Drivers Killed |Drivers Alcohol |% Alcohol [licensed drivers) 100,000 licensed drivers)

Table 7 is a summary which was compiled from tbikected datasets concerned
with crashes starting in 1996 and ending in 200Be table represents all drivers killed
in fatal crashes having either no alcohol or angolabl (BAC > 0.01%) in their
bloodstream at the fatal event. The table alds lise total licensed drivers per year
(Licensed_Drivers), total drivers killed in fatabshes (Drivers_Killed), drivers killed in
fatal crashes with any alcohol (Drivers_Alcohol)jvdrs killed in fatal crashes per
100,000 licensed drivers, and drivers killed withsiive BACs per 100,000 licensed
drivers.  Licensed drivers increased by 14.26%2,091,000 drivers. Though this
overall increase of just over 2 million drivers was surprise, it was unexpected that in
2001 licensed drivers decreased by nearly 426,860ten slowly increased beyond the
year 2000 count by the year 2003. Similarly, disviélled per 100,000 licensed drivers
which recorded either no alcohol or any alcohohikited a particular above-average

trend for those 3 years starting in 2001 and ending003. Paradoxically, the total
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population in Texas consistently increased by al toit 17.11% during the study period,
thus not correlating with the unexpected decreasa 2001 to 2003. A closer look was
given at the different age groups in trying to gmal the decrease by nearly half a
million of the licensed drivers in 2001. The 202#% and 55+ year old groups increased
as expected while surprisingly the 16 to 54 year gloups decreased by a total of

416,296 licensed drivers (see Table 8).

Table 8. Difference in Licensed Drivers by Agerfr000 to 2001 (Federal Highway Administration).

Age Group 2000 2001 Change

16-19 771,147 721553 49594
20-24 1,267,322 1,290,591 33,269
25-29 1,438,847 1,324 647 -114 200
30-34 1,447 224 1,404 419 -42 304
35-39 1,687,237 1,403,207 -184 030
40-44 1,637,402 1427065 -110.347
45449 1,331,012 1,272,014 -58.993
A0-54 1,114,379 1,097,354 -17.0Z24
hh-59 826,880 8645350 35,470
B0-64 523,641 644 019 20,378
55-69 520,208 520,210 2
70-74 428 422 436,295 7,873
75-79 317,748 332 358 14,609
80-84 170,342 200334 29,992
85+ 90,211 106,321 16.110
Total 13 462 023 13.045 727 -416 295

Unfortunately, the number and rate of driversekilwith the presence of either
none or any alcohol also increased even thoughuh®er of licensed drivers decreased
sharply in 2001 and slowly increased up until 206&wever, that increase in fatalities
was first apparent in the year 2000 where the nurobelriver fatalities increased by
139 and 62, respectively, for sober drivers or @swwith any alcohol present in their

bloodstream. Fortunately for the State of Texas,percent of drivers killed with BACs
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> 0.01% decreased overall from 1996 to 2005. Furbes, by 2005 the rates and
numbers by both sober drivers and drivers with algphol present had somewnhat
decreased from previous years to lower values.

Drivers killed in fatal crashes (no alcohol pra$easults from GeoDa for 1996,
2000, and 2005 are shown in Figure 13. Generadlfthe Moran’s | value approaches +
1.0 or — 1.0, clustering or dispersion becomes i@gopand more significant. As can be
seen from Figure 13, the Moran’s | value was ne@rly2 for all significant values (p-
value< 0.05). For counts considering drivers killed watither none or any alcohol in
the bloodstream at the time of the crash, clustapanrelated similar information.
Likewise for the map categories, an east versus adent of clustering was apparent.
Counties in western and northwestern Texas repdowwdcrash counts surrounded by
counties with similar values. On the other hamaltof eastern Texas reported high
crash counts surrounded by counties with simildwesa Not surprisingly, these clusters
were nearly identical to cluster maps produced fg@iecting population or estimated

licensed drivers as the value of concern.
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Drivers Killed in Texas:
Spatial Autocorrelation
Analysis Results.

Not Sigruficant
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Figure 13. Spatial Autocorrelation Results for @#is Killed in Texas.

The spatial autocorrelation crash count resultsudno particular attention to
counties including and surrounding the cities ofubton, Dallas/Fort Worth, and San
Antonio. Although most of these high-populationuobes exhibited below average
crash rates considering their large populatiorstdp 20 counties in terms of fatal crash
counts concerned with drivers killed with any alobpresent in their system, accounted
for approximately 50 percent of all crashes in Befxa the three designated years (50.62
% in 1996, 49.69% in 2000, and 52.58% in 2005). rtifawmore, within those 20
counties, the counties harboring the cities of Hwus Dallas/Fort Worth, and San
Antonio (Harris, Dallas, and Bexar County) accodnter just over 20 percent of all
drivers killed in fatal crashes with a positive BAQ0 put that percentage in a broader

picture, 4 out of the 254 Counties in Texas accedirior more than 20 percent of all
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fatal crashes where a driver was killed with eitmeme or any alcohol in their
bloodstream. Those same 20 counties also repdrigd driver fatality counts
(accounting for 45.60%, 46.88%, and 46.65% of totashes in the state for 1996, 2000,
and 2005 respectively). Because those 20 couatiesunted for roughly 65% of the
population, any measure which could be appliedettuce fatality counts in particular
counties such as Harris, Dallas, and Bexar couddindtically reduce total counts and
overall state rates. Clustering was evident insilneounding counties of those 3 major
cities which happen to construct the outer edgeth®fTexas Urban Triangle. GeoDa
reported high counts of fatal crashes within andosunding those cities for both sober
drivers and drivers having any alcohol presenh@irtbloodstream. Since these counties
contain a large proportion of the population in dgxspecial attention should be given
to those urban areas in order to reduce statetyatalnts.

Figures 14, 15, and 16 compare the locations ofdpe&0 counties that reported
the highest numbers in terms of drivers killedraffic crashes with any alcohol present
in their bloodstream at the crash. The tablehé¢oleft of the maps represent the same
dataset which was introduced and discussed in fineraentioned paragraphs. The
headings represent drivers killed in fatal crasi@ed), drivers killed in fatal crashes
where a positive BAC was reported (Killed BAC),wdnis killed in fatal crashes per
10,000 estimated licensed drivers (killed Norm)yehs killed in fatal crashes where a
positive BAC was reported per 10,000 estimatednBed drivers (BAC Norm), and
estimated licensed population (pop). The chorbpteaps add an element of spatial

relationships and relate extra information whenpted with their original dataset. This
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visualization approach to understanding where tlostnerashes occur relates various
information including spatial patterns which wepparent in the similar outputs created
in GeoDa. For the most part, the maps show tleaséime counties are producing high
fatal counts for all three years. Also, the map®ssa clear distinction between east and
west Texas. The distinction is obvious enough ¢im&t could almost draw a vertical line
through central Texas separating the two halveseims of crashes involving any
alcohol. Furthermore, the Texas Urban Triangleléarly distinguishable in all three
choropleth maps. As for spatial variation betw#denthree years it appeared that, with
the exception of 1996 showing more counties wis lgaffic crashes than 2000 and

2005, the three years were similar regarding ftadhol crash distribution.

. . .
TR Total Drivers Killed in

CNTY Killed | Killed BAC | (Norm) (Norm) Pop. .

HARRIS 189 104 0.92 051 | 3117376 T[‘afﬁc Cl‘as hes Wlth

DALLAS 129 59 0.98 0.45 | 1999926 ..

al =] iw|  os| mwem Positive BACs

TARRANT 60 30 0.70 0.35 | 1306287

TRAVIS 48 27 1.07 0.6 680541 1996

EL PASO 40 22 0.90 0.5 673893

SMITH a4 19 3.79 1.76 164547

HIDALGO 43 18 1.32 0.55 496485

MONTGOMERY 41 17 2.58 1.07 241855

CAMERON 28 16 1.37 0.78 312064

DENTON 33 16 1.43 0.69 350905

COLLIN 34 15 1.39 0.61 373095

JEFFERSON 29 14 1.80 0.87 245849

MC LENNAN 27 14 2.03 1.05 202679

HILL 20 12 10.30 6.18 29538

FORT BEND 24 11 1.21 0.55 302017

GRAYSON 24 11 3.63 1.66 100611 :

NUECES 25 11 1.23 osa | awser| mooS P Ac)\,\

GALVESTON 25 10 1.57 0.63 241981 | N ©.00

KAUFMAN 22 10.00 5.43 2 61646 l ] ;22 - 10.00

Total 973 488 2.24 1.12 | 12530287 ;;'_z‘; - :‘;-:‘;

% total crashes | 45.60 50.62 65.51 | I 104 .00

Figure 14. 1996 Top 20 Counties with the Most BrévKilled with Any Alcohol.



Total Drivers Killed in

Killed Killed BAC
CNTY Killed | BAC (Norm) (Norm) Pop. .
HARRIS 219 108 1 0.49 | 3400578 T l'afﬁc C ras he S Wlth
DALLAS 152 66 1.06 0.46 2218899 P oto B ! C
BEXAR 81 40 0.9 0.44 1392931 OSl lve S
TARRANT 87 38 0.93 0.41 1446219 200 0
TRAVIS 73 28 1.39 0.53 812280
HIDALGO 46 22 1.25 0.6 569463
CAMERON 26 18 1.2 0.83 335227
BELL 33 16 2.15 1.04 237974
MONTGOMERY 37 15 1.95 0.79 293768
JEFFERSON 32 14 1.97 0.86 252051
NUECES 28 13 1.38 0.64 313645
BASTROP 23 12 6.17 3.22 57733
BRAZORIA 31 12 1.99 0.77 241767
SMITH 28 12 2.48 1.06 174706
KAUFMAN 25 11 5.43 2.39 71313
COLLIN 40 10 1.26 0.32 491675
DENTON 30 10 1.07 0.36 432976
2000
GALVESTON 18 10 1.11 0.62 250158 | Drivers Killed (+BAC)
N o.oo
HUNT 19 10 3.84 2.02 76596 —
PARKER 17 10 2.98 1.75 88495 2.00 - 10.00
11.00 - 30.00
Total 1045 475 2.08 0.98 | 13158454 I =5.00 - 80.00
% total crashes | 46.88 49.69 63 (N 10s.00

Figure 15. 2000 Top 20 Counties with the Most Br$vKilled with Any Alcohol.

Total Drivers Killed in

Killed | Killed BAC
CNTY Killed | BAC (Norm) (Norm) Pop. T ff C h b4 h
HARRIS 201 111 0.85 047 | 3693816 rainc rashes wit
DALLAS 103 51 0.7 0.35 | 2300359 POSitiVC B ACS
TARRANT 88 38 0.85 037 | 1621055
BEXAR 88 28 0.91 029 | 1510556 2005
TRAVIS 49 27 0.85 047 | 896753
HIDALGO 49 23 113 053 | 677902
MONTGOMERY 48 23 1.99 095 | 375689
COLLIN 36 18 0.86 043 | 655687
EL PASO 30 18 0.64 039 | 726006
SMITH 35 16 2.87 131 190019
DENTON 37 15 1.03 042 | 558450
GALVESTON 23 14 13 079 | 275338
LUBBOCK 21 12 131 075 | 250276
BRAZORIA 30 11 1.69 062 | 276956
CAMERON 2 11 1.07 045 | 378074
FORT BEND 22 11 0.75 038 | 455991
JEFFERSON 35 11 221 069 | 247322
MC LENNAN 24 1 1.68 077 | 222313 i?i?,‘:‘rs Killed (+EAC)
HARRISON 19 10 4.68 2.46 63315 | o.co
POTTER 19 10 2.48 131 | 110877 ,!‘ 1 ooo
Total 983 469 1.49 0.71 | 15495254 || | 11.00 - 30.00
% total crashes | 46.65 | 52.58 67.78 = 3800 8000

Figure 16. 2005 Top 20 Counties wi

ith the Most BrsvKilled with Any Alcohol.
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Although unique spatial patterns were clearlyidgtishable when looking at
crash counts, rates which were computed per estdrEd,000 licensed drivers yielded
very different results. Rates computed from Geo&ults of drivers killed per 10,000
estimated licensed drivers provided very littledevice in the context of significant
clustering. The Moran’s | results decreased fro84855 in 1996, to -.02560 and -0.0207
for 2000 and 2005. This signified that once nornagion by estimated licensed drivers
was applied to the crash counts, crashes becantomarevents with no apparent
influences from their surrounding county rates.otiner words, the clusters returned that
were significant were highly dispersed (Figure 17/lonetheless, there were a few
clusters which appeared to persist over the ye&histers of low-low and high-low
relationships were apparent in the western pankanfliTexas for all three years.
Specifically, counties in northwest Texas where Igeopulation counts and
corresponding low crash fatality rates were apgareturned significant low-low
clusters. In the southern tip of Texas, the ye#i80 and 2005 returned a cluster
comprised of several low-high clusters due to Heghl crash rates with positive BACs
for those years in Kenedy and Jim Hogg countiekinfortunately, these clusters were
difficult to interpret considering the fact that nyeof these counties which reflected high
crash rates had very low populations. For exampésf Davis County located in
western Texas returned a rate of 14.77 trafficlifes per 10,000 licensed drivers.
Though this was the highest rate for Texas in 19688,Davis County was found to have
had 2061 inhabitants with a total fatal crash caefrd and 2 respectively for crashes

recording none or any alcohol present for the drkiked. Thus, the 1996 cluster in
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west Texas of high-high fatal crash counts whepositive BAC was established was

solely due to Jeff Davis County having a much highée than surrounding counties.

Figure 17. LISA Results for Drivers Killed in TiiafCrashes with Positive BACs (per 10,000 Estimhate
Licensed Drivers).

Similarly to results gathered from GeoDa, mapanfrércMap 9.2 returned
comparable spatial-temporal outcomes when examirates over crashes. As Figure
18 shows, interpolated results showed similar apagiatterns for all three years.
Evidence of those same clusters depicted in théd&eesults is also apparent in Figure
18. For example, the same county in 1996 (Jeff §avhich returned high rates for fatal
crashes where a driver was killed and found to haveositive BAC is clearly
distinguishable by its orange color in western Bex&nfortunately, the same problem
was apparent in the interpolated maps where cauntith excessively high rates often

were attributed to low populations and relativebyvlcrash counts. However, the
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interpolated maps proved that for the most partstnoounties across Texas returned
average crash rates. This was especially truash Bexas and along the Texas Urban
Triangle where crash counts had been excessivgly ihithose areas where population

concentrations were much higher than average.
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Figure 18. IDW results for Drivers Killed in Fat&@lrashes. Displaying per 10,000 Licensed Drivers
where a Positive BAC was established for the Driver

4.2 AGE

As mentioned in the previous chapter, the ageibligion of estimated drivers

ranged across 6 groups (G1-G6). Each group wasaep by 10 year intervals, except
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for 16 to 24 (G1) and 65+ year olds (G6), starfrogn 16 years of age and ending with
G6 for ages 65 and above. Moreover, each groupveken down into three categories
explaining whether the results accounted for nfal@ale, or both sexes.

Figures 19, 20 and 21 represent total fataliieBaxas for 1996, 2000, and 2005.
Clearly, a disparity exists between the populatoants and the estimated fatality rates
recorded during all three years for those youngeusi aged 16 to 24. As is apparent by
the fatality trend line spanning across the 6 ageigs for all 3 years, younger and less
experienced drivers clearly pose a safety problemlas to what was referenced and
discussed in the literature. Although young disveepresent a relatively small
percentage of all drivers, they generate a majablpm in the sense that they
consistently produce above average crash ratesthésrivers mature, their numbers
increase while their fatality rates generally desee (G2, G3, and G4 for 2000 and
2005). Particularly, drivers aged 45 to 54, théybdoom generation, showed an
interesting trend across the three years wherelky tfotal populations increased
dramatically while their fatality rates decreased dll 3 years into 2005. Finally, G5
and G6 displayed an upwards movement along thétyatate line, also agreeing with
the literature about the fact older drivers oftéroweed an increase in crash rates in

proportion to their percentage of the total drivpapulation.
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Figure 19. 1996 Traffic Fatality Rates versus Plagion Counts for Age Groups.
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Figure 20. 2000 Traffic Fatality Rates versus Plagion Counts for Age Groups.
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2005 Traffic Fatalities in Texas
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Figure 21. 2005 Traffic Fatality Rates versus Plagion Counts for Age Group.

Similarly to the tables depicting the top 20 coestin term of crash counts,
tables listing the top counties with the 20 highpstcentages of estimated licensed
drivers aged 16 to 24 were created for all thremrsie Among those counties, Brazos
County, home of Texas A&M University which is onktlee most populous universities
in the nation, consistently reported the highestgmtage of estimated licensed drivers
for that age group. However, the crash rates tegpeither none or any alcohol present
in the driver killed were well below average congzhto the state averages (0.88, 0.71,
and 0.39 drivers killed with a +BAC per 10,000 hesed drivers). Walker County,
which is the home of Sam Houston State Universvigs similarly found within the top
3 counties for highest proportions of young drivehs 2000 Walker County returned an

estimated 2.01 drivers killed per 10,000 licensadeds who had a positive BAC and
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had similar fatal crash counts compared to Brazosin€ even though its total
population was just over 1#3of Brazos Counties’. Nacogdoches County alsortego
rates, where a positive BAC was established forkithed driver, which were worth of
attention (2.05 and 2.35 driver killed per 10,00€ehsed drivers). Interestingly,
Nacogdoches County, which is just shy of Walkerntims population, is the home of
Stephen F. Austin State University, coinciding wBtazos and Walker county in terms
of having a higher percentage of younger drivekslyi due to the large number of
students in state universities.

Figure 22 shows the spatial distribution of the @unties with the highest
percentage of estimated drivers aged 16 to 240 Wdted in that figure are the counties
which coincidentally have state universities. &pgpatterns concerning population
distribution indicated higher concentrations ofth624 year old licensed drivers along
the Texas-Mexico border. Although not exploredhils research, this was understood to
correlate to the higher percentages of Hispanialadions which tend to be younger, on
average, in comparison to counties in Central ashmortheastern Texas where the
percentages in that age group were much lower. il&@imesults were reported in the
interpolated maps which showed high concentratiming6 to 24 year olds along the
border and into west Texas, as well as those cesingar large universities (i.e., Brazos
and Walker County). According to the choroplethl amterpolated maps, the general
trend was a decrease in 16 to 24 year olds towthaelsipper central portions of west

Texas and along the northern border shared by Oklatand Texas.
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The Moran’s | results concerning 16 to 24 year dfdsn GeoDa ranged from
0.0718 in 1996, to 0.0692 in 2000 and, interesyin@l1315 in 2005. In agreement with
the results displayed by ArcMap, the significantstérs for 1996, 2000, and 2005 were
as follows: Low-low in northern Texas, high-higloand Brazos and Walker County as
well as along the Texas-Mexico border, and high-tmwow-high around Brazos and
Walker Counties. The GeoDa results for 2005, whieported a relatively strong
amount of clustering, showed 2 major areas of higjh- clustering and 2 areas of low-
low clustering located in west Texas and south $exand northeastern Texas,

respectively.

I Lubbock County,
/| Texas Tech University

2005 o 2000

Nacogdoches County,
Stephen F. Austin State University

Brazos County,
\ Texas A&M University

1996

Percent of County Population
Aged 16-24 {Estimated Drivers)

I voo- 400
I 401 -6.00 X
[ ]s01-1200
[]1201-16.00 Walker County,
i 16.01- 20.00 | Sam Houston State University
I 2001 - ‘

Figure 22. 1996 Estimated Driver Percentages Abedo 24..



67

Lastly, in order to try to better understand wieeth possible relationship existed
between the percentage of young drivers and theesmonding crash rates where a
positive BAC was established, an attribute queryg waried out. The query was similar
for all three years: it searched for results wherabove average crash rates AND high
percentages of young drivers aged 16 to 24 weratddcacross the choropleth maps.
The query was as follows for all three years: “NBnkDrv” >= (average crash rate for
‘X" year) AND “Bperl6_24" >= 16.01%. 16.01% waseaasas the above average value
since it signified a high concentration of youngkivers in the choropleth maps.
Interestingly, 1996 returned 23 counties which bhdve average crash rates as well as
high percentages of younger drivers. Of the 23nties, 12 were located along the
Texas-Mexico border, an area which was found tosisbently represent a higher
percentage of younger drivers. Nacogdoches Cowgpgrted the highest crash count
where any alcohol was found and represented theekigpercentage of estimated drivers
aged 16 to 24. As for the counties with the higltessh rates, they contained very low
populations to begin with and thus were overrepresk considering the fact that they
had very low crash counts. For example, Jeff D&asnty had an astounding crash rate
of 14.77 drivers killed per 10,000 licensed drivestere a positive BAC was
established. However, although that same countyll§a48% of the estimated driving
population aged 16 to 24, the estimated total §edrpopulation count was a mere 1355
people: this shows the limitation of the methodd ahe need to accommodate

population in the analysis.
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For the year 2000, 8 counties were returned utitierabovementioned query.
Nacogdoches once again was accountable for hakmduighest crash count where a
positive BAC was recorded for the deceased driwafith an estimated 23.82% of the
driving population being between the ages of 1B4oNacogdoches also reported a total
crash count of 21 drivers killed and rates of Sa4@l 2.35 for drivers killed with no
alcohol or any alcohol reported, respectively. Notfar behind was Walker County
with a similar population count, crash rates anaihts, and the similar situation whereby
a State University was located within the counfythough it is not possible to conclude
from the current data whether or not the locatiba aniversity is solely responsible for
the high rates and counts, the higher percentaiggsuager drivers and the implication
that some college students engage in destructin&idg behaviors should not be ruled
out.

For 2005, 5 counties were returned as contairetagively high crash rates and a
high percentage of drivers aged 16 to 24. Howeweth County was the only county
with a population above 10,000 estimated licenseds or even total population. The
other 4 counties had a combined crash count ofierdr killed with a positive BAC.
Fortunately for Texas though, the rates returnedewal high only because those
counties have relatively low populations.

The other age group of concern, G6 or estimatshdied drivers aged 65 +, was
studied in the same fashion as 16 to 24 year ditistan’s | results showed fairly strong
clustering indicated by high values correspondm@.2383 for 1996, 0.2558 for 2000,

and 0.2334 for 2005. Across those three yearsD@eaxbuster maps indicated a large
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area of counties with high-high clustering locatadthe central and northern Texas
Regions. Other areas of interest were those low-Idusters centered around
Dallas/Tarrant and Harris Counties, and countieatkd along the Texas-Mexico border
in the southern portion of Texas. From the Geo&3aults it was apparent that an east
versus west division of ages was occurring wherelypunger population was present
along the Texas-Mexico border and eastern regiamsle the west and northwest
portions were represented by a higher percentagt&lef drivers. This information was

summarized on Figure 23 where cluster map restdtdiaplayed for 1996 to 2005.

Moran’'s | =.2334

Figure 23. GeoDa Clusters and Moran’s | ValuestitBated Percent of Licensed Drivers Aged 65+ Per
Counties.

The interpolation and choropleth maps displayedoua interesting trends
regarding the population distribution of estimaliednsed drivers aged 65+. Firstly, the

number of estimated licensed drivers in this ageigincreased by 339,434 people over
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the 10 year period studied. This increase in oldievers was accompanied by a
decrease in crash rates for that age group fron6 1692005 (Baby Boomers with
driving experience joining this age group over fimeHowever, the rates remained
proportionally high considering the fact that agraup, the estimated number of drivers
aged 65+ represented themselves as a low perceotafpe total estimated licensed
drivers in Texas. This increase in the numberstimeated licensed older drivers was
apparent in the maps created in ArcMap for bothcti@opleth and interpolation maps.
In general, Counties including and surrounding l8ararrant, Dallas, Travis, Bexar
(Texas Urban Triangle), and those counties locatedg the Texas-Mexico border had
lower percentages of estimated licensed driverd &§e-. Counties centered within the
Texas Urban Triangle or located in central, westemmd northern Texas generally
represented higher percentages. In 1996, ArcMagldd 82 counties as having 20.01%
or more estimated licensed drivers in that samegagep. However, that number had
fallen to 66 by 2000 and had increased again irfb 2@fere 105 counties were returned.
In order to try to represent this situation in dumtext of crashes where a driver
was killed and reported to have had a positive BAGuery similar to the one employed
for estimated licensed drivers aged 16 to 24 wasdyn ArcMap. Furthermore, the 20
counties with the highest percentages of driveiG6nwere arranged in order to identify
any trends. Contrary to the results discussetenlt to 24 age groups where drinking
and driving was reported as a serious problem énliterature, the older drivers were
expected to show just the opposite assuming theydue@frain from being involved in

that type of destructive behavior. However, evesugh drivers aged 65+ represented a
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smaller percentage of both the total driving popafaand directly compared to drivers
aged 16 to 24, there were many more counties reduamder the query due to the fact
that most counties with high percentages of old&reds had fairly low population
counts. Also, the 16 to 24 group included 9 pdsesyears of age whilst the 65+ group
represented many more possible years. In othedsyaven if the query employed
20.01 % rather than 16.01 % under the percentagkiwdrs required by the query, a
larger number of counties were returned in conttasthe query applied for younger
drivers. For example, 23 counties were returnethaasng greater than 16% of their
population aged 16 to 24 and having an above ageregsh rate for 1996. In contrast,
62 counties were returned for the exact same cygpiied to drivers aged 65 and above.
However, of those 62 counties, more than half lo&al £stimated licensed driver counts
below 10,000.

For 1996, Hill County, with 22.32% of its estimatikcknsed drivers aged 65+,
topped the list with 12 fatalities in terms of fotounts for drivers killed where a
positive BAC was established. That same numbaresented a rate of 6.18 drivers
killed per 10,000 licensed drivers, although theénested licensed population was below
20,000. However Llano County, with an estimateenised driver population aged 65+
at 39%, had the highest percentage of that agegpgrdith an estimated total licensed
population of 8445, Llano County reported 4 faiaditwhere alcohol was reported for
the driver killed, and a rate of 4.74 drivers kdllper 10,000 licensed drivers. Besides
those two Counties, Grayson, Polk, Rusk, Whartord ®¥an Zandt Counties were

significant in terms of their high crash countgjesl driver percentages, and population
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being greater than 25,000 estimated licensed driv&he rest of the counties had both
significantly lower population counts and crash sy although their crash rates were
misleadingly high due to their lower population ntsi

For 2000, Van Zandt County reported the highest bmmin terms of crash
counts where a driver was killed and reported teehiaad a positive BAC. With an
estimated 19.48% of the Counties population beiggda65+ and having a driver’s
license, 7 fatalities representing a rate of 2.88eds killed per 10,000 licensed drivers
was recorded. Interestingly, the top 5 countiesenms of total crash counts where a
+BAC was recorded more than doubled when alcoha mat found in the deceased
drivers system. For example, Van Zandt County neplo16 drivers killed where no
alcohol was present versus 7 where a +BAC was dedor This trend was also apparent
in 1996 for several counties, as well as for sdva@e counties which were reported by
the query for 2000 and 2005.

For 2005, Llano County reported just below 40%t®fpopulation in the 65+ age
group estimated to have a driver’s license. Witireatimated total licensed population
of 11,908, Llano County reported a rate of 2.52ehs killed per 10,000 licensed drivers
where a +BAC was established. Gillespie County placed itself in the query with an
estimated 31.92% of its licensed population agetl 6mterestingly, Gillespie County
was another occurrence where more than twice #ghes recorded did not involve any
alcohol. In fact, crashes where no alcohol wasndsd amounted to 11 versus 2 for
crashes where a positive BAC was established. {fémsl was again apparent in Van

Zandt and Henderson Counties. Interestingly, $emsmed to correlate to the literature
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where it was explained that older drivers ofterraieéied from making poor decisions
before driving. Rather, older drivers were morenfinvolved in crashes due to causes
unrelated to having consumed alcohol prior to djpega a motor vehicle.
Unfortunately, this conclusion cannot be set imstgonsidering the fact that the data
did not specify any information concerning the drarexact age, gender, etc.

4.3 GENDER

Since gender was discussed as a subject undeh witdshes could be related to
or better understood, the same procedures emplalgede for the age and crash data
were applied to the estimated licensed drivers wieoe male or female. However,
interpreting gender as a possible connection tehcrates or crash counts was rather
difficult considering the fact that, once more, tpender of the driver killed was not
known. Furthermore, the percentages which reptedegender at the county level were
often so close to 50% that a possible connecticmade difficult to establish.

Firstly, the gender difference in Texas, as a g@raepresenting the total
population, displayed a 1% difference between males females for 1996. In other
words, the percentage of each gender for 1996 Was%e! for males and 50.5% for
females. By 2005, that percentage was nearly S#tiJar to 1996. Thus, in that
regard Texas was comparable to the national aveaageconsidering any kind of
conclusion regarding a potential correlation to ¢bant or rate of traffic crashes at this
level was not possible. Nonetheless, some diffe®mere established at the county

level.
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Regarding gender, GeoDa returned 6 possible difteresults where males and
females were analyzed for possible clusters anid sigmificance. However, since the
reciprocal results were true for females, only maee discussed in regard to the GeoDa
results. Males returned Moran’s | values of 0.0858357, and 0.0358 respectively for
1996, 2000, and 2005. Although those values ineiita fairly weak association of
clusters, a few specific clusters appeared over3tilseparate years. In 1996, a large
cluster of counties located along the Texas-Loosidorder indicated a low-low
percentage of males. In 2000, that same clustérdmainished in terms of county
counts although it was still discernable from thester map. By 2005, that same cluster
of low-low relationships had once more diminishatithough it was still comprised of
10 counties, down from 20 in 1996 and 12 in 208Mother notable cluster included a
high-high and low-high cluster of counties along @Gulf Coast. Specifically, those
counties surrounding Brazos and Anderson Countgwecerned as having high-high
percentages of males whilst counties included énZfi order of the Queens Contiguity
were comprised of low-high relationships with the@ighboring counties. By 2005, the
cluster of high-high and low-high relationships hdaninished in county counts.
Finally, a few scattered counties in west Texasewepresented as high-high, low-low,
high-low, and low-high. However, those last clustevere likely insignificant
considering the fact that they appeared as singlates, thus representing themselves
accordingly in contrast to the low Moran’s | values

In 1996, 3 counties had greater than 60% of teetrmated licensed driver

population as males. Hartley County, with an ested 62.3% male drivers, had
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approximately 2,060 males out of a total populatwdr#,895. Located in north Texas
near the town of Amarillo, Hartley County reportad fatal crashes for the 3 years
where a driver was killed and a positive BAC wasleisshed for the victim. Except for

Anderson County, the other counties either had \lew population counts or had

percentages so close to 50% that it did not makesesd¢o analyze them further.
However, Anderson County was worth noting due @ fifict that it had 60% of its

population listed as being male and licensed twedri Anderson County reported a
population of 52,301 people and 34,189 estimataehfied drivers. Anderson County
reported an above average crash rate of 4.39 &%df@r drivers per 10,000 licensed
drivers killed where either none or any alcohol waported, respectively. Those
numbers translated to 15 and 7 fatalities wheneedsiwere killed in traffic crashes with
either none or any alcohol reported.

In 2000, regarding high percentages of estimatede ndrivers per county, 6
counties had an estimated 60% or more percentatfeenflicensed population as being
male. Of those 6 counties, 3 were rural and 3 walairban. Of the rural counties, 2
had no fatalities where alcohol was recorded (Corafid Hartley counties). The third
one, Mitchell County, had 1 fatal crash, but itpplation was only 3,966 people so it
was not meaningful. The suburban counties with enttran 60% males included
Anderson, Walker, and Jones Counties. Walker Gouvith 60.2% males estimated to
be licensed drivers, reported above average cedsh of 4.26 and 2.01, for fatal crashes
with either none or any alcohol. Interestinglystbounty was also discussed as having a

high percentage of young drivers in previous sectiof this research. As for Anderson
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and Jones County, their crash rates were compatalilee state average for the year
2000.

In 2005, 4 counties were reported as having nae 60% of their population as
estimated males and licensed drivers. Andersonn@puwith 60.8% males, was
returned as being the only suburban county whiist ather 3 were rural with low
populations and a total of 1 fatal crash whereladtavas reported (for Mitchell County
with 9,576 total population). Though only slighipove the state of Texas’ average for
that year, Anderson County reported 14 and 6 ceasieewell as 3.9 and 1.67 drivers
killed per 10,000 licensed drivers where either enar any alcohol was reported,
respectively for counts and rates.

In trying to find trends with the female populatjocounties with high
percentages of estimated licensed females nevezedrd 53.8% of their estimated
licensed population across all 3 separate yealsis, Tattempting to explore their crash
rates, counts, and possible correlations to higbgpgages was not feasible. However, it
is worth noting that counties which were reportadba&ing in the top 20 for higher
proportions of female drivers across all three ydsad noticeably lower crash counts
and rates. Specifically, nearly 10 out of 20, éach of those separate years, had 0
crashes where a driver was killed and a positiveCBias reported. Nonetheless, the
percent difference between males and females wascltwse to make any kind of
conclusion or assumption.

Finally, since the state average was so clos@ts05across all three years, the

choropleth and interpolated maps showed littleiapahd temporal variation. This was
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especially true for estimated female drivers whgrebost of the counties were
represented by a single color definition. The opteth and interpolated maps for male
drivers were also similar in the sense that |ittiation was apparent across all three
years. These results can be seen in Figure 24ewhisr evident that, aside from a few
clusters discussed in the GeoDa results, the popualaistribution was quite simply

evenly distributed across all three years.
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Figure 24. Percent of Estimated Drivers by GendBop = Male, Bottom = Female.

4.4 DISCUSSIONS
This study clearly defines spatial patterns ofhbatash counts and crash rates
across the state of Texas. Through the incormoratf spatial statistics, choropleth

maps, and interpolated data, a clear understarafitiye spatial variation is discernable
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across both space and time. Concerning crash sothdre is clearly a difference
between the western and eastern half of the sthgrelby the eastern half of the state
accounted for over half of the driver fatalitiesAlso, counties along the Texas Urban
Triangle consistently report high crash counts s&rdhe entire study period.
Furthermore, the top 20 counties, in terms of casturrences where either none or any
alcohol was recorded, account for approximately 50%e state’s total driver fatalities.
That number may not seem surprising consideringdbethat most of the population
resides within those same counties. However, grepective that if 20 of those 254
counties made a greater effort to reduce crashtspiirnvould likely have a huge impact
on the state’s total outcome. After all, Texasassistently reported as being at or near
the top in terms of total fatalities on the roa&push for more stringent laws in those 20
counties could greatly reduce those fatalities.

Although the spatial variation was similar for difee years in regards to crash
counts where either none or any alcohol was repprg®me counties with low
population were represented as having particulaigjh crash rates in comparison to
those counties which had high counts due to highuladions. For example, in 1996
Hill County was reported as having had a crash, nateere a driver was killed and
alcohol present, of 6.18. In most cases, a rgt@fgiantly higher than the state average
of 1.35 drivers killed per 10,000 estimated licehdavers in 1996 might have been due
in fact to a low crash count being relative towa lmopulation count. Thus, Hill County,
which was the 18 highest ranked county in terms of drivers killeihna positive BAC

reported, had a total population of 29,538 peameypared to McLennan County which
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was 14" with a much greater population of 202,679 peogterthermore, Hill County
had a crash rate where no alcohol was reporte®.801 more than 3 times the average
for Texas that year. This special situation whgr@ county with a relatively low
population produced high crash counts and rates pwasent across the three years
studied for several different counties. A furtbardy of individual counties having high
rates across a greater number of individual yeavaldvbe useful in the sense that
possible spatial and temporal patterns may exdthanidentifiable. However, for this
study it was difficult to establish any patternsr@gards to individual counties since 3
separate years were studied at separated inteiatdler than every single year for a
specified amount of time. Overall, crash rateseappd less clustered and less
significant both statistically and visually througheoDa and ArcMap, relating the
information that although there were counties waktessive crash counts every year
(Harris County), their rates were often at or betbe state average.

Concerning age as a possible factor, the statd-l@ata clearly correlated to
some of the discussions found in the literaturetfiat matter. Specifically, the tables
representing traffic fatalities in comparison ttatgopulation counts for those same age
groups clearly indicated a wide gap between thauladipns of 16 to 24 and 65+ year
olds and their corresponding crash rates per 10Qp0pulation counts. This was similar
to results discussed by NHTSA reports, McGwin amdvws (1999), Evans (2004)
where younger and older drivers were often singletdas having higher crash counts
and rates in comparison to their actual licensquufaions. However, the county data

employed for this study was less apparent and h&odaterpret for possible causations.
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Specifically, counties which contained higher patages of estimated drivers between
the ages of 16 to 24 or 65+ either had low poputatind high rates or vice versa. In
others words, since the age of the driver killethwaither any or no alcohol was not
reported, conclusions or even assumptions werieudlifto make.

Regarding 16 to 24 year olds, several countiesudsed in the results section
were found to have large universities. Howevethalgh some of those counties had
above average rates in some years, it is hardstorasthat those crashes which involved
either none or any alcohol were related to the fiaat a higher percentage of 16 to 24
year olds were present in those counties. Thus, the aggregated data employed for
this study, it was not possible to correlate casivith higher percentages of younger
drivers with higher crash rates where either nareng alcohol was used.

The same was true for 65+ year olds. Howeverffarence was apparent in an
overall lower count per county of total populatiowhere older drivers resided, in
comparison to counties which contained higher peegges of younger drivers and had
higher population estimates. Also, though pogsiblated to the fact that less people
resided in those counties, rates were higher andtsovere lower for both crash types
for older drivers in comparison to younger driverslonetheless, assumptions in this
regard were dismissible. The exception existedtose few counties discussed in the
results section that clearly had high rates in camspn to their estimated licensed
drivers and total populations. Even then, thiglgtdid not take into account enough
years or detail to really understand connectionwéen age and traffic crashes based on

the available aggregated data set.
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With reference to GeoDa and AcrMap results, the agstributions were
successfully mapped and assessed statisticallyespect to spatial autocorrelation.
GeoDa results varied from low to high Moran’s lued for younger and older drivers,
respectively. This indicated that younger driveévere more spread out and less
clustered than older drivers in the context of antes age distribution. Spatially,
higher percentages of younger drivers were mosihcentrated along the Texas-Mexico
border as well as several clusters scattered ar8uazos and Lubbock Counties, and
the 1-35 side of the Texas Urban Triangle. A lowencentration of younger drivers
was apparent in Central and far north Texas ardbacity of Amarillo. Temporally,
1996 and 2005 were similar, while 2000 appeardtht@ had a period where portions of
central Texas had less young drivers than the dtheryears. For the 65+ year old
estimated licensed drivers, a high concentratioaldér drivers was apparent in Central
Texas and along some portions of the Texas-Lowasbrder, as well as in some parts
of southeastern Texas. Their percentages werer léavecounties along the Texas-
Mexico border and along the Texas Urban Trianglemporally, it appeared that the
population represented itself spatially by showamgoverall aging effect whereby many
counties were bumped up into higher percentagesetasn the choropleth and
interpolated maps for older rather than younger grgeips over the years. Figure 25
shows a clear pattern whereby 35 to 44 year oldsedsed both in their numbers and
the spatial variation under which they were categor as comprising 20% or more of
the counties total population. The opposite wae for 45 to 54 year old both in their

numbers and the spatial distribution in higher getccompositions per counties.
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Though there is no definite answer which can beaetd within this project, it is

possible that the aging population might play & pathe fact that the percent of fatal
crashes reporting alcohol have been declining. lfémture explained that older and
more mature drivers were less likely to drink andealthen the younger ones, who tend

to make poor decisions and have less driving egpee.

% of County Population % of County Population =
Aged 3544 (Both) Aged 45-54 q;
Bl oo0-400 B o.00-400 3
B s01-800 B s01-500
[lent-1200 [ |801-12.00
~ 1201-1800 [ 1201- 1600
B 15012000 : B 16.01- 2000
B 2000+ 1 B 2000 +

Figure 25. Percent per County Cofnparison of 384and 45 to 54 Year Olds.

Compared to age as a possible factor, gender wes barder to interpret
considering the fact that most counties were seecto having a 50/50 spread between
male and female estimated licensed drivers. Asthte level, it was not rational to link
a possible explanation as to having a greater perge of one gender possibly affecting
the overall outcome of fatal crashes. Regardirajigpautocorrelation, the Moran’s |
values were low, thus confirming the idea that igpatustering of one gender was not

significant. However, the cluster maps did re\e&w spots where males and females
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were represented by higher percentages as compatbeir surrounding neighboring
counties. The largest cluster was located alomgTibxas-Louisiana border in north
eastern Texas. That cluster was represented byolevelustering for males and high-
high clustering for females. However, the highercgntage of females present in that
cluster was misleading considering the fact thatpglrcentage of females living in any
given county rarely exceeded 50%. Aside from thaster, several others existed where
males were more numerous in some counties compartéeir surrounding neighboring
counties. This high-low or high-high instance vedten the case in west Texas as well
as a few counties inside the Texas Urban Triangle.

When counties with the 20 highest percentagestbéemales or females were
compared, a few observations were made. For miegpp 20 counties had a greater
percentage than females. For example, the higiesentage of females living in a
given county was 53.8% for Falls County in 2000or Fales, the highest percentage
was 65.9% for Concho County in 2005. Also, thesatnd counts for both types of
crashes were very similar when counties with higphercentages of males versus
females were compared. However, the top 20 coumiieresponding to females had
much greater population counts for 2000 and 20Cin tthose containing greater
percentages of males. For 2000, counties withgh percentage of males had more
crashes where no alcohol was reported than coumiitts a higher percentage of
females, but the same number of crashes whereitvpd3AC was established for the
deceased driver (77 versus 69 and 39 versus 39wevter, the rates were higher for

counties with higher percentages of females thalesnaith 3.57 versus 2.84, and 2.36



84

versus 1.49. Although rates were higher for fesiate 2000, they resided in more
populous counties. Also, their crash rate averagethe top 20 counties were skewed
by Cottle County, which reported rates of 16.27hwanly 2 fatal crashes and a total
county population of 18,576. For 2005 and 1996 sihgations were similar except that
1996 had slightly fewer estimated female driveentimales but very similar counts and
rates.

Either way, since it was not known whether theelrkilled was male or female
and the county percentages were so close to 50#@asitdifficult to link those variables
to crash counts and rates from the tables as weéhemaps created. As was discussed
in the results section, the interpolated centraatisl choropleth maps were similar
spatially and temporally. Spatially, those countvehich had 54% or more estimated
licensed male drivers were scattered around Tedkasigh most of those approaching
60% were in west Texas. For females, the spatiaation was spread evenly across all
of Texas. Temporally, there was very little vadatacross the three years studied
whereby clusters appeared or faded.

Overall, though the independent and dependent btasahad distinct patterns
across space and time, there was not enough eedeitiain the aggregated dataset to
clearly identify a link between age or gender aatdlfcrashes where a driver was killed
with none or any alcohol present in their systefEven though the literature clearly
reports these variables as factors related todrafashes, the nature of this dataset did
not contain enough detail to draw significant emcke However, this research was

successful in analyzing spatial, temporal, andigpatitocorrelation patterns across the
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selected years. Spatial clustering of crashesigedvclear areas of concern whereby
reoccurring high counts or high rates should bemifurther attention. Although it was
apparent that the location and population of a tpaould be directly related to crash
counts and rates, the results were expected ekmepéveral counties discussed above.
However, in order to draw specific conclusions @ning those counties exhibiting
higher rates and counts, a greater successiorao$ gaould be studied.

Based on these results, the overall decline irp#reentage of crashes involving
alcohol during the study period cannot be attridutethe chosen variables alone. Even
though there is an overall aging of the populabeourring across space and time, that
factor alone is not enough to draw such a powertuiclusion. Thus, the decline is
likely a combination of the studied variables wstiveral others including, for example,
race/ethnicity, traffic laws, increasing awarenasd education, more efficient vehicles
available, and possibly the decline of rural popaies towards urban and suburban

ones.
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CHAPTER V
SUMMARY AND CONCLUSIONS
5.1 SUMMARY

The aim of this research was to analyze geogragidcdemographic patterns of
alcohol-related fatal traffic crashes from 199@@®5. By linking age, gender, location,
and population aggregated datasets to similarlyesgged crash counts where a driver
was killed in a traffic crash where either noneany alcohol was present in the driver’'s
bloodstream, an analysis of those independentrasimatially, temporally, and as they
might correlate to one another was assessed. siimly was conducted at the county
level for the State of Texas which has continuousported higher counts and rates than
the national average. This was done by first ghog a descriptive statistical analysis
on the datasets. Secondly, an analysis of theagjidbran’s | and LISA was conducted
on the datasets in order to explore spatial clusgesf counties and their corresponding
variables.  Finally, choropleth and isoplethicpsavere created to further understand
spatial and temporal patterns in the datasets.

The results found a clearly defined and uniqudialppattern of alcohol-related
fatal crashes in Texas. Much like what was argitegd through the course of the
research, crash counts were positively correlatecpdpulation counts and county
memberships within the Texas Urban Triangle. Rathan display a large number of
rates, trends through time, graphs, and tables, ttiesis displayed crash counts and
crashes as they appeared across space and tinmughlthere was not a whole lot of

variation through time in regards to drivers killedfatal alcohol-related crashes, this
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research found several important points to be daidéor one, in the context of traffic
safety, this is a great opportunity for raising esveess considering the fact that if high
crash counts or rates are consistently occurrinthénsame counties over a particular
amount of time, this can point out that somethiag and must be done to alleviate the
situation. For example, the largest number of r@aswhich were directly tied to the
Texas Urban Triangle Counties, not only occurredhis region but also re-occurred
every year within the study period for nearly tlaene number of counties. With that
said if one was to take action and try and furtteztuce alcohol-related fatalities by
campaigning a specific message or enforcing aquéati law or set of laws, enacting
them could have a positive effect on those countieh reported high crash counts
through the study period. This is important coesiy the fact that Texas was
repeatedly reported as being at the top or versecto the top during the study period in
comparison to the national averages and othersstate

This made this particular spatial and temporalyama of aggregated counties a
critical study in traffic safety. There were clist of counties that had high crash counts
which were surrounded by counties with similarlghhicounts. This helped to further
point out that if action was to be taken to redalo®hol-related fatalities, those counties
located in those specific clusters could and shdagd primary targets for further
research.

For the aforementioned reasons, this project iillseveral gaps, one of which
includes the fact that this is the first known puwij of its kind whereby aggregated

datasets were studied in this fashion using thpseific softwares and techniques in this
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particular combination. Furthermore, the techngjdescussed in regards to the use of
mapping and spatial autocorrelation techniquesaden the amount of information
about the selected crash dataset for the statexasI The information provided by this
research is especially useful if considering thatigp and temporal variations at the
county level in respect to crash counts and crasdsr Where most of the traffic safety
literature refrains from incorporating digital mapms powerful exploratory and
explanatory mediums, this research emphasized tiporiance of these significant
innovations and their contributions. Finally, thissearch provided a framework for
future studies.
5.2 FURTHER RESEARCH AND LIMITATIONS

This research contributes several techniques wbah be attributed to traffic
safety mapping in general. The concepts regardipgtial autocorrelation and
interpolation, though known in the field, are cagpin a way that spatial and temporal
information can be readily drawn from and studied dimilar datasets. This research
could be taken further by incorporating a more H#meaataset containing more
information about the crash locations. Also, knoyvmore specific information about
the crash regarding, for example, age, gendertiam@could greatly alleviate the steps
taken towards drawing solid conclusions.

Until every vehicle is equipped with a crash monitg and recording system,
police officers are trained to record the level data needed by GIS analysts, and
organizations are organized to the point that datap to date and readily available,

traffic safety in regards to the research condubtze will have several limitations. This
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need of a more detailed dataset was perhaps tlagegtdimitation in this study. The
fact that aggregated datasets were used at avedyasimall scale, for example with more
detail than state or national-level studies bus lisn census tracts, made it difficult to
conclude in favor of the proposed hypothesis thasttes were declining as a result of
changes spatially and temporally partially resgecthose chosen variables. Another
limitation was due in part to the complexity of gin@s. For example, simply attributing
age, gender, location, and population as indepengarables cannot fully explain the
spatial and temporal variations of traffic crash@sother limitation stems from the fact
that, although crashes were a positive BAC wasbisked were considered alcohol-
related, the possibility that the driver died framnsequences completely unrelated to
alcohol is a possibility. It is believed that a BAGS low as 0.01% can have adverse
effects for some, although for most a BAC that loften does not impair driving. It is
also important to point out that Texas has wetfighr wet, and dry county laws in
regards to allowing or prohibiting the sale of &lclic beverage. Though the definition
of each, respectively, seems rather obvious whenedtycounties, the technicalities and
legislations involved in formulating which countglis under which category is rather
difficult. For example, various counties may betipdly wet in that some of the cities
within it are wet or dry. This makes it difficuid assign a single category to various
counties. This research also did not put into aotdhe various laws which were
discussed in the literature review (21 and up, zelerance etc). Finally, aside from

Moran’s | values indicating the significance of stiering, conclusions were drawn
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without the use of rigorous statistical procedwesimonly discussed within the traffic
safety literature.
5.3 CONCLUSION

Although traffic safety is a broad and extensivddf of research, geography
plays an important role in understanding complebati@nships between the many
variables that play a role in traffic crashes. &hstnding the spatial variation of the
dependent and independent variables through tirdespace is a critical part of traffic
safety research. GIS is becoming more than a sirtg@l adopted in traffic safety
research and the advances that have been madeent rgears are a sure sign that
geography continues to contribute imperative infation to the field. Digital maps
continue to gain importance and respect as repusmms of space and designated
factors which are critical to traffic safety. Heemethodologies built from advances in
geographic knowledge and techniques will continniecantribute a great amount of
information for a variety of sectors from civil d@ngering to traffic safety

administration.
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