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ABSTRACT
The most frequently explored question in traffic stop data analysis studies is whether
drivers’ race/ethnicity influences police officers’ stopping behavior. The public perceptions
of racially biased policing are entirely focused on the behavior of police officers. Thus, it is
not surprising that negative perceptions of the police contributed to the push for official
traffic stop data collection. The limitation of this data collection has been to assume that the
offending behavior of drivers that comes to the attention of police is equivalent across
demographic groups, when little evidence exists to support this assumption. Research on
racially biased policing has less frequently examined whether driver’s offending behavior has
an impact on stopping behavior by police. This neglect in previous work is particularly
troublesome considering that most research on police behavior has found legally relevant
offending behavior and offense severity to be among the strongest and most consistent
predictors of various types of police actions.
Building on previous research that has documented demographic differences in travel
patterns, illegal and risky driving behavior, the current study seeks to explore three research
questions: 1) Does driving behavior vary by driver race, age, and gender? 2) Does severity
of offending behavior vary based on demographic characteristics? 3) Do contextual level
factors influence driving behavior? The general hypothesis to be tested by the current study
is that racial / demographic groups are not equivalent in the nature and extent of their traffic
law violating behavior.
To address these research questions, this study uses data collected for the
Pennsylvania State Police Project on Police-Citizen Contacts during field observations of
roadway usage and law-violating speeding behavior in 27 sampled counties across the state.
Hierarchical multivariate models explore the influence on observed driving behavior of
driver demographic characteristics, situational and contextual characteristics. Results indicate
support for the hypotheses regarding the impact of driver demographic characteristics and
contextual factors on driving behavior. These findings provide an alternative explanation for
demographic disparities in police outcomes that is not based on officer bias, but rather
legitimate offending differences. The implications of these findings for future traffic stop
research are also discussed.

* This dissertation is based on the procedures and data collected for the Project on Police-Citizen Contacts
(PPCC), funded by the Pennsylvania State Police, and directed by Dr. Robin S. Engel. Points of view in this
document are those of the author and do not necessarily represent the official position or policies of the
Pennsylvania State Police.
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CHAPTER 1: INTRODUCTION
The hostility of police-minority relations is often traced back to the volatile Civil
Rights Movement and race riots of the 1960s, but the issues of race and policing are rooted
much deeper in history (Jones-Brown & Maule, 2010; Walker & Katz, 2002; Williams &
Murphy, 1990). Early in United States history, the nation’s legal order sanctioned slavery
and segregation; the police were agents of that order and bound to enforce it. The entire
criminal justice system was predicated upon the subordination and legal inequality of African
Americans. Therefore, it is not surprising that the pattern of policing that emerged and
endured from this era was characterized by fewer civil rights for minorities, little police
responsibility for protecting minorities from crime, and generally unrestrained police abuse
against minorities (Harris 1999a; Kennedy, 1997; Walker, Spohn, & DeLone, 2000;
Williams & Murphy, 1990). An understanding of the persisting degree of racial bias in
policing today depends upon recognizing how this history inextricably links police, minority
communities, and the broader social context of racism and discrimination (Fridell, Lunney,
Diamond, & Kubu, 2001; Jones-Brown & Maule, 2010; Walker & Katz, 2002; Williams &
Murphy, 1990).
The Civil Rights Movement in the 1960s challenged race discrimination in all areas
of public life, but paid specific attention to the problem of racial discrimination in the
criminal justice system. A number of reforms were instituted to eliminate racial
discrimination and improve police-minority relations (e.g., community-oriented policing, or
special police-community relation units, increased representation of minorities as agents of
the criminal justice system, training in race relations, etc.); nevertheless, problems remain
(Walker et al., 2000; Walker & Katz, 2002). Police-minority relations remain hostile
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partially because many reforms did not change daily police work and partly because positive
gains were often overshadowed by high-profile failures like the incidents involving Rodney
King, Abner Louima, Amadou Diallo, and LAPD’s Rampart unit (Walker & Katz, 2002).
Although institutionalized racial discrimination and overt prejudice that characterized earlier
history is no longer officially sanctioned (Bernard, Engel, Calnon, & Hays, 2005), the fact is
that at least the perception exists that the police continue to use race and ethnicity as an
indicator of criminal behavior in law enforcement practices, including as part of the most
current issue of racial profiling (Harris, 1999a; Kennedy, 1997).
As is clear from this brief overview, racial profiling is just the latest chapter in a long
history of unequal treatment by police and hostile police-minority relations (Harris, 1999a;
Kennedy, 1997; Walker & Katz, 2002; Walker et al., 2000). Indeed, scholars argue that
racial profiling is a microcosm of the larger problem of current police-community relations
that includes charges of inadequate police protection for minority communities, complaints
of aggressive overenforcement and excessive force against minorities, and unwarranted stops
and frisks, all of which contribute to minorities’ higher distrust and fear of police (Fridell et
al., 2001; Kennedy, 1997; Walker & Katz, 2002).
WHAT IS RACIAL PROFILING?
Racial profiling has become one of the most controversial and central topics in the
practice of criminal justice and criminal justice research in the last decade (Ekstrand, 2000;
Engel, Calnon, & Bernard, 2002; Fridell et al., 2001; Ramirez, McDevitt & Farrell, 2000). A
consensus on its definition, however, has remained somewhat elusive. The term profiling
can be traced back to the drug courier profiles used in the War on Drugs. As part of police
efforts to interdict drug trafficking on the nation’s highways, police agencies developed
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guidelines or “profiles” to help officers identify characteristics of drug couriers that could be
used to target drivers and vehicles (Harris, 1999a). The problem of “racial profiling”
developed when driver race and/or ethnicity began to be explicitly included as relevant
indicators of involvement in drug trafficking by police departments across the nation,
including in Florida, Maryland, Colorado, and New Jersey (Harris, 1997, 1999a, 2002;
Tonry, 1995). Furthermore, the drug interdiction training materials associated with the
DEA’s Operation Pipeline, which encouraged targeting minority drivers with pretext stops as
an effective tool of drug law enforcement, reached police officers in 48 states (Harris,
1999a).
The argument behind these types of policies was that, based on the racial distribution
of particular types of offending behavior, profiling using driver race/ethnicity would ensure
more efficient use of police resources than would random stops (Cole, 1999; Harris, 1999a;
Kennedy, 1997; Taylor & Whitney, 1999; Walker & Katz, 2002). The most notorious
example of this argument in defense of profiling was New Jersey’s Chief of Troopers Carl
Williams, who in 1999, was fired after publicly arguing that, “The drug problem is cocaine or
marijuana. It is most likely a minority group that is involved with that” (Donahue, 1999).
Despite this rather narrow definition of profiling that began with drug trafficking, the
growing consensus became that any and all decisions made by officers based solely or
partially on the race of the suspect should be considered racial profiling (Ramirez et al.,
2000). Fridell and her colleagues (2001), however, developed a new term instead of
profiling—racially biased policing—because they argued that some past definitions of
profiling may have been too restrictive, focusing exclusively on “sole” reliance on race.
Their argument was that police decision making is rarely based on any sole factor, including

3

race. Furthermore, in focus groups with citizens and police officers, Fridell et al. (2001)
noted that citizens defined profiling as encompassing any and all demonstrations of racial
bias in policing and viewed it as widespread. On the other hand, for police officers
“profiling” connoted only the narrow definition of sole reliance on race; therefore, they
viewed it as a much rarer occurrence. The differing definitions of profiling led to
defensiveness and frustration as the two groups talked past each other (Fridell et al., 2001),
thus the development of the new term. For the purposes of the current research, the term and
definition of racially biased policing provided by Fridell and her colleagues (2001, 5) is
adopted: “Racially biased policing occurs when law enforcement inappropriately considers
race or ethnicity in deciding with whom and how to intervene in an enforcement capacity.”
PUBLIC PERCEPTIONS, LEGISLATION, LITIGATION, AND DATA COLLECTION
Overall, media coverage, legislation, litigation, data collection, and scholarly research
on the subject of racially biased policing have exploded in the last decade. A primary
catalyst behind much of the legislative, judicial, and data collection activities reviewed here
was the growing negative public perceptions of profiling as a tactic of law enforcement. The
media were instrumental in bringing racially biased policing to the forefront of the nation’s
public consciousness by reporting about traffic stops of minorities, particularly high profile
minority celebrities, and their treatment by police during such stops (Harris, 2002; Russell,
1999; Trende, 2000). Front page newspaper articles and lead stories on the evening news
became commonplace in media coverage during the late 1990s and into the new century,
undoubtedly contributing to negative public perceptions (Harris, 1999a; Ramirez et al.,
2000). Negative public opinion, however, was not limited to minorities. Although
perceptions of the police and racially biased policing are more negative and more widespread
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among Blacks, the public in general is dissatisfied with this tactic of policing. Several
studies have also noted that the public disapproval of racially biased policing is contributing
to less positive general public perceptions of police legitimacy and fairness (Engel, 2005;
Lundman & Kaufman, 2003; Newport, 1999; Tyler & Wakslak, 2004; Weitzer & Tuch,
2002).
The recognition by government officials and police administrators that this legitimacy
crisis threatened already tenuous police-minority relations spurred considerable government
activity in the debate over racially biased policing (Engel & Calnon, 2004a). On the heels of
the 1999 Strengthening Police-Community Relationships conference in Washington, D.C.,
legislators at all levels of government across the country initiated, and in many cases passed,
two types of proposals: 1) those defining and prohibiting racial profiling or racially biased
policing as a tactic of law enforcement, and 2) those initiating police departments’ data
collection on driver race and ethnicity for traffic stops (Hickman, 2005; Jones-Brown &
Maule, 2010; National Conference of State Legislatures, 2001; Police Foundation, 2005;
Ramirez et al., 2000; Strom, Brien & Smith, 2001; Strom & Durose, 2000).
Civil rights groups including the ACLU and NAACP have also played a role in
pushing for government activity on racially biased policing. Though they have supported
and lobbied for the legislation noted above, they have also invoked the judicial branch of
government. These groups actively inform citizens of their rights during traffic stops and
support legal cases that have arisen from police stops and searches perceived by minority
citizens to be overly aggressive or unwarranted (Beck & Daly, 1999; Harris, 1999b; Russell,
1999). Civil and criminal litigation alleging racially biased policing has emerged in both
state and federal courts (Ekstrand, 2000; Engel et al., 2002; Gabiddon, Marzette, & Peterson,
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2007; Tillyer, Engel & Wooldredge, 2008; Smith & Alpert, 2002). These cases most
frequently raise the question of selective enforcement by police officers on the basis of race,
a violation of the Equal Protection Clause of the 14th Amendment (Tillyer et al., 2008; Smith
& Alpert, 2002).
To successfully claim selective enforcement, petitioners must show both
discriminatory effect and discriminatory purpose (U.S. v. Armstrong, 1996). Discriminatory
effect is demonstrated by showing that “persons of another race violated the same law, but
that the law was not enforced against them” (U.S. v. Armstrong, 1996). The courts have
stated that statistical evidence may be used to establish discriminatory effect (Castaneda v.
Partida, 1976; Turner v. Fouche, 1970; U.S. v. Armstrong, 1996; Wo v. Hopkins, 1886).
What was quickly realized by petitioners and the courts, however, was that existing police
statistics usually were not capable of addressing this question (Beck & Daly, 1999; Ekstrand,
2000; Tillyer et al., 2008; Smith & Alpert, 2002). In order to adequately challenge and
adjudicate claims of racially biased policing, litigants must have access to data that can
establish valid comparisons between those drivers stopped versus drivers eligible to be
stopped (Smith & Alpert, 2002). Therefore the data necessary for answering the question of
discriminatory effect is two-pronged—police collection of data on actual stops as well as
benchmark estimates of those eligible to be stopped.
In response to this lack of appropriate statistical data, many courts requested that
police departments collect traffic stop and benchmark data by race (e.g., Chavez v. Illinois
State Police, 2001; Tillyer et al., 2008; State of New Jersey v. Kennedy, 1991; State of New
Jersey v. Smith, 1997). A few selective enforcement cases, most relatively recent, have
included data collection for rates of actual roadway usage and/or violating behavior as part of
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a comparison of stops and benchmark data deemed necessary by the courts (see State of New
Jersey v. Ballard, 2000; State of New Jersey v. Smith, 1997; State of New Jersey v. Soto,
1996; U.S. v. Alcaraz-Arellano, 2004; U.S. v. Lindsey, 2003; U.S. v. Parada, 2003; U.S. v.
Stanley, 2003; U.S. v. Williams, 2004). Civil and criminal litigation, thus, has contributed to
the growing body of data collected on traffic stops and benchmark comparisons.
In summary, the increase in data collection on traffic stops is a result of three
primary factors: the legislative push toward mandating police agencies to collect stop and
benchmark data, the judicial decisions and federal consent decrees demanding the same, and
proactive responses by police departments trying to respond to negative public opinion and
keep pace with the national trend toward data collection (Engel et al., 2002; Hickman, 2005;
Ramirez et al., 2000; Strom et al., 2001). The federal government tried to lead the push for
data collection and obtain national level information on the characteristics of individuals
subject to traffic stops by introducing the Police Public Contact Survey, initially completed in
1999 and repeated in 2002 and 2005 (Durose, Schmitt, & Langan, 2005, 2007; Ekstrand,
2000; Langan, Greenfeld, Smith, Durose, & Levin, 2001).
Analyses of the self-report data from these surveys revealed somewhat troubling
results regarding stop outcomes and citizen perceptions of stops. First, blacks reported
significantly more traffic stops than did whites (Lundman & Kaufman, 2003). Second, even
controlling for other extra-legal and legal factors, the police were significantly more likely to
cite, arrest, search, and use force during traffic stops against African Americans compared to
Whites (Durose et al., 2005, 2007; Engel & Calnon, 2004a; Lundman, 2004). Third,
searches of African-Americans were no more likely, and were actually less likely in the 2002
survey, to produce contraband than searches of other racial groups (Durose et al., 2005;
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Engel & Calnon, 2004a; Lundman, 2004). Finally, African Americans were less likely to
perceive stops as legitimate and more likely to say police acted improperly during stops than
were whites (Engel, 2005; Lundman & Kaufman, 2003; Durose et al., 2005, 2007).
The growing amount of traffic stop data being collected by hundreds of police
agencies nationwide required qualified social scientists to analyze and interpret such data and
provided an opportunity for academic researchers to become involved in this public policy
debate. Until about five years ago, scholarly reference to the issue of racially biased policing
was virtually nonexistent, when only limited analyses had just begun (Ekstrand, 2000;
Russell, 2001). At the present time, however, academic scholars are partnered with police
departments across the nation in their data collection efforts. The increased participation of
academic scholars in the collection, analysis, and interpretation of traffic stop data has led to
a rapid improvement in the quality of data that addresses concerns about racially biased
policing (Engel & Calnon, 2004b).
Nevertheless, it is important to understand that most of the initial traffic stop data
collection efforts were undertaken due to fears of litigation, political pressure, local & state
statutes, or court orders (Tillyer, Engel, Wooldredge, 2008). That is, citizens, legislators, and
the courts demanded data collection to determine how prevalent the problem was, while
departments wanted to show it was not happening. The overriding purpose, however, was
not to understand or explain police behavior and decision making, which stands in contrast to
the overwhelming majority of research on police behavior in the last 30 years that has sought
to explain officers’ decision making and behavior (Engel et al., 2002; Tillyer et al., 2008).
Instead, much empirical research on the topic grew out of studies to support expert testimony
to be used in lawsuits (Tillyer et al., 2008; Ramirez et al., 2000). As a result, the data
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collected were limited in what they could tell the public, the police, and researchers, and
were easily subject to misinterpretation (Engel et al., 2002).
DISPARITY VS. DISCRIMINATION
Overall, early data collection efforts reported differences in aggregate rates of stops
and stop outcomes, but researchers could only note that differences existed because, as stated
above, they had not measured why they exist. The standard basis for determining that
particular demographic groups are overrepresented in police stops is the difference between a
group’s actual proportion of stops and the same group’s representation in a comparison
group of the expected probability of such actions, assuming no police officer bias (Engel et
al., 2002; Fridell et al., 2001; Ridgeway & MacDonald, 2010). This comparison is known as
a benchmark. The most frequently utilized reference group for expected stops is one based
on population statistics (Engel et al., 2002; Fridell, 2004; Ridgeway & MacDonald, 2010).
Researchers and police departments must rely on the estimated population of drivers not
stopped because the actual population of drivers not stopped but eligible to be stopped is
unknown. Census data, however, are limited in their ability to measure alternative
explanations of racial disparities including factors influencing drivers’ risk of being stopped
(e.g., where and when they drive, frequency of driving, what and how they drive) (Engel et
al., 2002; Engel & Calnon, 2004b; Fridell, 2004; Ridgeway & MacDonald, 2010).
The Census’ lack of measures of alternative explanatory factors, however, did not
prevent some of the initial studies of traffic stops from prematurely interpreting disparity as
discrimination and attributing racial disparities in stops and/or stop outcomes to unmeasured
officers’ racial prejudice (Engel et al., 2002). Most researchers in the field began to realize,
however, that the hypothesis that police are racially biased in their stopping decisions is just
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one of numerous possible hypotheses or explanations for disparity in stops (Engel et al.,
2002; Fridell, 2004; Wilson, Dunham, & Alpert, 2004). In addition to officer bias, scholars
have offered the following alternative, race-neutral factors as possible explanations of racial
and ethnic disparities in stops and stop outcomes: racial differences in travel patterns,
location, frequency, and/or severity of law-violating driving behavior, as well as spatial
characteristics like police deployment patterns (Cordner, Williams, & Velasco, 2002; Cox et
al., 2001; Engel et al., 2002; Engel & Calnon, 2004a; Farrell et al., 2003; Fridell, 2004;
Lansdowne, 2000; Rojek et al., 2004; Smith, Tomaskovic-Devey, Zingraff, Mason, Warren,
& Wright, 2003; Washington State Patrol, 2001; Zingraff, Mason, Smith, TomaskovicDevey, Warren, McMurray, & Fenlon, 2000).
Without the measurement of any of these alternative explanatory factors, it simply
cannot be determined whether differences in traffic stops and stop outcomes reflect disparity
or discrimination (Engel et al., 2002; Ridgeway & MacDonald, 2010; et al., 2001; Rojek et
al., 2004; Zingraff et al., 2000). That is, not all differences in outcomes mean that the police
acted inappropriately. If a difference in groups’ outcomes can be explained by legitimate
factors, then it is merely considered a disparity, whereas a difference in groups’ outcomes,
which is unrelated to legally relevant considerations and instead based on some extralegal
factor(s), is appropriately called discrimination (Walker et al., 2000). This question of
disparity versus discrimination is not unique to traffic stops. Indeed, in the criminal justice
system as a whole, one of the most compelling questions for researchers is whether disparity
in outcomes involves legitimate differential behavior by particular groups or illegitimate
differential selection by agents of the criminal justice system (Bernard et al., 2005; Lauritsen
& Sampson, 1998; Walker et al., 2000).
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Though data collection efforts across the country are more precisely capturing police
behavior before, during, and after traffic stops, very little work is being undertaken to
understand drivers’ offending behavior that precedes police involvement. This is particularly
troublesome considering that a General Accounting Office report in 2000 identified this type
of data collection (and alternative explanation) as one of the most important avenues for
future research to better explore (Ekstrand, 2000). Perhaps due to the politically volatile
nature of even suggesting that disparity may be the result of citizens’ behavior rather than
police behavior (MacDonald, 2002), only a few studies, including the current research, have
tried to assess whether driver offending behavior varies by demographic characteristics
(Engel, Frank, Tillyer, & Klahm, 2006; Lamberth, 1994 1996; Lange, Blackman, & Johnson,
2001, 2005; Lundman & Kowalski, 2009; Smith et al., 2003).
PRESENT STUDY
Given the political environment of racially biased policing, it is very timely to
question whether demographic differences in driving behavior exist that may explain
disparate patterns in official police behavior. Charges of profiling are based on a seemingly
inappropriate overrepresentation of racial groups in police stops. Demographic disparities in
criminal justice outcomes, however, do not necessarily mean that criminal justice officials
have acted inappropriately, although this has been the most frequently touted explanation
with regard to the debate on racially biased policing (see Engel et al., 2002; Smith et al.,
2003). As noted above, an alternative explanation to discrimination is that demographic
disparities in traffic stops, just as with many other outcomes of the criminal justice system,
may reflect differences in legally relevant offending behavior by members of different
demographic groups (Walker et al., 2000).
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A key question in the examination of racially biased policing has long been “does
driver’s race/ethnicity have an impact on vehicle stopping behavior by police” (Fridell, 2004,
4). The public perceptions of racially biased policing are entirely focused on the behavior of
police officers. Thus, it is not surprising that the increasingly negative perceptions of police
contributed to the push for collecting data on police behavior during traffic stops. The
limitation of this data collection has been to assume that offending behavior of drivers that
come to the attention of police is equivalent across demographic groups, when in fact, little
evidence exists to support this assumption.
Much less research has asked whether driver’s offending behavior (irrespective of
race) has an impact on stopping behavior by police. The current study examines this much
neglected question in research on racially biased policing: whether driving behavior may
vary by race, age, and gender, thus providing, at least partially, legitimate explanations for
demographic disparities in police outcomes. The neglect of offending behavior in most
studies of racially biased policing is particularly troublesome considering that most other
research on police behavior has found legally relevant offending behavior and offense
severity to be one of the strongest and most consistent predictors of various types of police
actions (Brooks, 2001; Engel, Sobol, & Worden, 2000; Klinger, 1994, 1996; Mastrofski,
Worden, & Snipes, 1995; Mastrofski, Snipes, Parks, & Maxwell, 2000; National Research
Council, 2004; Novak, Frank, Smith, & Engel, 2002; Riksheim & Chermak, 1993). Indeed,
Fridell (2004, 17) argues that “driving behavior is a critical component of any model that
seeks to explain decisions by police to stop drivers.”
The legitimate differential offending explanation of the disparity in traffic stops is
also important to explore because of the policy ramifications associated with this type of
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research. That is, each of the various possible explanations for disparity requires a different
response by police. For example, if members of a particular demographic group tend to be
more serious driving offenders, then we of course do not want police ignoring legally
relevant offending behavior in order to eliminate the appearance of impropriety. On the
other hand, if driving behavior and other race-neutral explanations of disparity are ruled out,
then perhaps the appropriate policy response is for police officers to undergo racial
sensitivity training or a review of appropriate stopping and searching procedures. The
exploration of various explanations of disparity in traffic stops, therefore, is crucial to
understanding how best to respond to such disparity (Engel et al., 2002).
OVERVIEW
The current study is organized into six remaining chapters. In Chapter 2, the bodies
of research highlighted in the introduction are discussed in greater detail. Specifically, the
two main catalysts behind traffic stop data collection are reviewed. First, this chapter
describes how the prevalence of citizen perceptions of racially biased policing motivated
many police agencies to collect data in order to counter these perceptions and show that their
traffic enforcement behavior is legitimate, not based on racial status. Second, this chapter
details how the rise in civil and criminal challenges to law enforcement practices perceived to
be racially biased prompted the courts to call for data collection efforts that could effectively
address the questions of discriminatory effect before them.
Chapter 3 describes the general trends in traffic stop data collection that were
prompted by the negative citizen perceptions and judicial decisions described in Chapter 2.
Specifically, this chapter outlines the overwhelming move among state and local police
departments across the country toward the collection of official data for all traffic stops as
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well as the details of these collection efforts (Fridell et al., 2001; Hickman, 2005; Institute on
Race and Poverty, 2001; Police Foundation, 2005; Strom et al., 2001). This chapter also
reviews the various alternatives for benchmark data collection utilized by police agencies and
researchers, including population estimates, surveys of roadway usage and drivers’ violating
behavior. Taking the position that these latter two types of benchmarks—based on drivers’
roadway usage and violating behavior—are preferable to Census-based baselines, other
research on drivers’ behavioral differences are reviewed in the latter half of Chapter 3.
Chapters 2 and 3 provide the framework for the research questions and hypotheses
presented in Chapter 4. Given the salient role of driving offending behavior in the debate
over benchmarks and racially biased policing, this study builds on previous research that has
documented demographic differences in travel patterns and various types of illegal or risky
driving behavior. It explores these primary research questions: 1) Does driving behavior
vary by driver race, age, and gender? 2) Does severity of offending behavior vary based on
demographic characteristics? 3) Do contextual level factors influence driving behavior?
To address these questions, this study uses data collected through direct field
observation of roadway usage and law-violating speeding behavior in 27 counties across the
state of Pennsylvania. The data collection procedures utilized and data at the state and
county level are described in the latter half of Chapter 4. The strengths and weaknesses of
these data are assessed, with particular attention given to comparing the current study with
previous observational data collection efforts.
Chapter 5 begins with a description of the measures. The dependent variable is
speeding, a driving behavior that is objectively measured and whose severity is easily
quantifiable. The independent measures include driver characteristics, vehicle
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characteristics, and situational characteristics. The chapter concludes with the explanation of
the analytical strategy to be employed. The focus of this latter section is on the hierarchical
or nested nature of the observation data and the complexities that using data at two levels of
aggregation introduces.
Following this, the results of the bivariate and multivariate analyses of drivers’
speeding behavior are presented in Chapter 6. First, this chapter examines bivariate
differences in speeding behavior by gender, age, and race. Bivariate crosstabulation analyses
examining speeding behavior by driver demographic characteristics are presented for each of
the individual observed counties as well as for the overall statewide sample. Second, this
chapter presents hierarchical Poisson and logistic analyses examining the influence of
drivers’ demographic characteristics, as well as situational and contextual characteristics, on
observed speeding behavior.
Finally, Chapter 7 summarizes the study’s results and discusses the impact of these
findings within the context of the debate on racially biased policing and future traffic stop
research. This discussion is specifically focused on the relationship between driver
demographic characteristics and speeding behavior, and the implications of those
relationships for traffic stop benchmark research.
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CHAPTER 2: REVIEW OF ISSUES IN RACIALLY BIASED POLICING
Two interconnected issues contributed to the rise in data collection on racially biased
policing: 1) citizen perceptions of police behavior, and 2) judicial assessments of actual
police behavior. In this chapter, the research on citizen perceptions of police and racially
biased policing is reviewed. These studies demonstrate that citizens’ perceptions of racially
biased policing constitute a real crisis of legitimacy for police agencies across the country.
Countering these perceptions, therefore, was a major motivation behind police agencies’ data
collection on traffic stops. The other important catalyst behind traffic stop data collection
efforts came from the judicial branch. This chapter documents the rise in civil and criminal
challenges brought by minorities to law enforcement practices and describes how the
questions of discrimination before the courts prompted calls for data collection of stops and
benchmark populations.
CITIZEN PERCEPTIONS
As noted earlier, for minority citizens, racially biased policing during traffic stops is
just the latest problem in a long history of unequal treatment by police (Fridell et al., 2001;
Harris, 1999a; Kennedy, 1997). Scholars note that historical factors like underenforcement
in minority communities and the mistreatment of minorities at the hands of police have
contributed to minorities’ lack of faith and distrust in police (Kennedy, 1997; Smith et al.,
2003; Walker et al., 2000). Police use of race as an indicator of suspicion or criminality, in
the past and in the current practice of racially biased policing, compounds the existing
distrust and fear of the police by minority citizens (Harris, 1999a; Kennedy, 1997). Citizen
perceptions of police thus take on an importance separate from the objective reality of police
behavior, as perceptions of police illegitimacy may persist, even in the absence of actual
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police behavior that is inappropriate or illegitimate (Engel, 2005; Lundman & Kaufman,
2003; Smith et al., 2003; Weitzer & Tuch, 2002). The implications of such perceptions
cannot be underestimated. Citizens who view the criminal justice system as unjust are less
likely to cooperate with police and to participate in community problem-solving efforts,
further isolating the police and minority communities from each other (Fridell et al., 2001;
Tyler, 1990).
Scholars examining citizens’ perceptions of the police have produced a long-standing
and considerable body of research that has found minority attitudes and perceptions of police
are more negative than Whites. Given the historical factors that contributed to the formation
of such attitudes, it is not surprising that more dated studies show that, compared to White
citizens, minority citizens had more negative general attitudes toward police, perceived that
they were treated unfairly, and were less likely to support the legitimacy of the police
(Albrecht & Green, 1977; Bayley & Mendelsohn, 1969; Carter, 1983; Decker, 1981;
Dunham & Alpert, 1988; Jacob, 1971; Scaglion & Condon; 1980).
The disparity between Whites and minority groups’ attitudes about the police,
however, is not merely a historical relic. Research in the last 10 years continues to confirm
earlier findings. Specifically, Blacks and Hispanics hold less favorable attitudes toward
police than Whites do, are less likely to be satisfied with the overall performance of police
than Whites are, and express less confidence in police than Whites do (Hurst, Frank, &
Browning, 2000; Leiber, Nalla, & Farnworth, 1998; Taylor, Turner, Esbensen, & Winfree,
2001; Tuch & Weitzer, 1997; Webb & Marshall, 1995; Weitzer & Tuch, 1999). This
continuing gap between Whites and minorities’ attitudes toward police can be partially
attributed to well-publicized incidents of police brutality like the Rodney King incident,
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which produce a greater decline in general support for police among Blacks and Hispanics
than Whites, and tend to have more staying power for minorities’ attitudes toward police than
Whites (Lasley, 1994; Tuch & Weitzer, 1997).
Furthermore, racial differences in opinion are also evident in citizens’ evaluations of
police misconduct in general, and police treatment of minorities in particular. Whites are
significantly less likely than Blacks and Hispanics to believe that police engage in a variety
of types of misconduct (e.g., corruption, unwarranted stops, excessive physical force, and
verbal abuse) and are less likely to see the need for reforms in policing (Weitzer & Tuch,
2004a; Weitzer & Tuch, 2004b). On the other hand, in comparison to Whites, Blacks are
more likely to report that they are differentially hassled or mistreated by police, to feel that
police protection in their neighborhoods is worse, to view racism among police as more
prevalent, and to believe that they are generally treated differently by police (Browning et al.,
1994; Tuch & Weitzer, 1997; Weitzer, 2000; Weitzer & Tuch, 1999). Other studies,
however, have suggested that it is one’s neighborhood context, rather than individual race
and ethnicity, that is a stronger predictor of citizens’ attitudes toward police (Frank et al.,
1994; Reisig and Parks, 2000; Sampson and Bartusch, 1998; Weitzer, 2000).
The most recent additions to this literature focus on attitudes about and perceptions of
racially biased policing and citizens’ treatment by police during traffic stops. Anecdotal
stories on minorities’ personal experiences during police stops are abundant (Harris, 1999a,
1999b), but considerably fewer studies have empirically assessed citizens’ experiences and
perceptions of traffic stops and racially biased policing. A handful of recent studies are
notable and reviewed below.
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Using nationwide data from a 1999 Gallup telephone survey, Weitzer & Tuch (2002)
discovered that the overwhelming majority of respondents, whether White or Black, reject
racial profiling as a valid tool for police enforcement of the law. Respondents’ race and
personal experiences with profiling, however, were strong predictors of more specific
attitudes toward police and profiling. Blacks were more likely than Whites: 1) to think that
police treat Blacks in their community less fairly than they treat Whites during vehicle stops,
2) to hold unfavorable opinions of their local and state police, and 3) to report less favorable
treatment during contacts with local and state police. Weitzer & Tuch (2002) also reported
that Blacks were more likely than Whites to view racial profiling as widespread, to
disapprove of it, and to claim to have been victims of it. Finally, they found that respondents
who perceived they had had personal experience with profiling were significantly less
satisfied with police and more likely to hold the opinion that profiling is widespread.
Using survey data from North Carolina residents, Smith et al. (2003) explored racial
differences in general trust in the police, beliefs in profiling, and treatment during traffic
stops. Examining trust in police first, African Americans were significantly more likely than
Whites to distrust police, which the researchers showed was a function of not only their
personal stop experiences, but also the reported stop experiences of their friends and family.
Higher levels of distrust for police were evident for both African American and White drivers
who were treated disrespectfully during a police stop. Moving to respondents’ beliefs in
profiling, Smith et al. (2003) found that African Americans were more likely than Whites to
believe that police are more likely to pull over African American or Latino drivers. African
Americans’ belief that racial profiling exists was also dramatically increased by the
experiences of their friends and family members. Similar to the findings for trust in police,
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both African American and White drivers treated with disrespect during a police stop were
more likely to believe police racially profile. Finally, Smith et al. (2003) examined treatment
by police during traffic stops. African Americans were more likely than their White
counterparts to report being treated with less respect during stops and to report higher levels
of disrespect in stops of household members and friends.
Reitzel, Rice, & Piquero (2004) examined perceptions of police profiling among
Hispanics and non-Hispanics using data from a random sample of over 700 New York City
residents aged 18-26 who were administered a New York Times New York Police
Department Poll in January 2001. Respondents were asked whether they believed racial
profiling was widespread, whether it was justified, and whether they felt they were ever
stopped by police because of their race / ethnicity. Their findings indicated that both Blacks
and Hispanics were more likely than non-Black and non-Hispanics to believe profiling is
widespread, as were respondents who believed police to be disrespectful or who reported bad
previous experiences with police (Reitzel et al., 2004). Blacks were less likely than nonBlacks to believe that profiling is justified, while Hispanics and non-Hispanics did not differ
significantly on this question. Finally, both Blacks and Hispanics were more likely than their
non-Black and non-Hispanic counterparts to believe they had been profiled.
In a series of four surveys that asked respondents about personal experiences with
police, as well as general perceptions of racial profiling, police performance, and the
legitimacy of police, Tyler & Wakslak (2004) examined whether citizens’ perceptions of
racial profiling and their inferences about the motives underlying police behavior affected
their support for police. They found that support for police was significantly lessened among
those who view profiling as more prevalent and not justified, and among those who think
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they have been personally profiled. Furthermore, those who felt profiled were less willing to
accept police authority as legitimate and had more negative assessments of police
performance.
Not surprisingly, minorities were more likely than Whites to believe profiling occurs
(Tyler & Wakslak, 2004). Both minorities and Whites, however, viewed profiling as
reflecting negatively on police and as undermining their legitimacy. Racial differences were
evident in their attributions about police motives underlying profiling behavior. Whites were
more likely to attribute profiling to being a natural byproduct of neutral crime fighting, a
finding Tyler & Wakslak (2004) suggest may be due to the post-September 11th debate about
profiling, whereas minorities were more likely to say profiling occurs as the expression of
police prejudice.
Based on Tyler’s (1990) procedural justice model, Tyler & Wakslak (2004) also
expected that citizens’ perceptions of profiling would be associated with their assessments of
whether the police were procedurally fair during their experiences. Indeed, both minorities
and Whites made determinations of profiling based on procedural elements of the quality of
police decision making (e.g., neutrality, objectivity, consistency) and the quality of police
treatment (e.g., politeness, respect). That is, if police were procedurally fair in respondents’
past personal experiences then they were less likely to perceive that they had been profiled
and less likely to say profiling was prevalent.
The 1999, 2002, and 2005 Police Public Contact Surveys asked national samples of
citizens about their interactions with police, including during traffic stops (Durose et al.,
2005, 2007; Langan et al., 2001). Two similar studies analyzed the 1999 data to examine
citizens’ perceptions of police legitimacy and appropriate behavior during traffic stops
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(Engel, 2005; Lundman & Kaufman, 2003).1 Their findings indicate that African Americans,
those stopped more frequently, those searched, and those receiving a citation were
significantly more likely to perceive stops as illegitimate and to say that police acted
improperly during the stop (Engel, 2005; Lundman & Kaufman, 2003). African Americans’
perceptions of injustice remained strong & consistent even after controlling for other
extralegal and legal factors. Like Tyler & Wakslak (2004), Engel (2005) found that citizens
were concerned with the fairness of the police procedures and outcomes, rather than just
whether outcomes were favorable to them.
Understanding the implications of a loss of police legitimacy is crucial to an
understanding of why police agencies have become so actively involved in data collection
efforts to refute negative citizens’ perceptions. Tyler (1990) explains that police agencies
have to be concerned with citizens’ perceptions because they influence citizens’ willingness
to defer to, accept as legitimate, and abide by the legal authority of police. Without citizens’
voluntary compliance with police and other legal authorities, the criminal justice system
would be effectively crippled, as it does not have the resources to rely only on the
manipulation of costs and benefits to influence citizens’ behavior (Tyler, 1990).
COURTS
Minority experiences with what they perceived to be overly aggressive and/or
unwarranted traffic stops and searches contributed to an increase in the number of civil
lawsuits and criminal appeals brought before the courts (Beck & Daly, 1999; Gabiddon et al.,
2007; Jones-Brown & Maule, 2010; Russell, 1999). These challenges to police behavior
initially were largely based on the 4th Amendment’s prohibition of unreasonable searches and
1

The Department of Justice reports on the 2002 and 2005 survey data are the only published reports available
for these data. Any secondary analyses of these data are heretofore unpublished. The DOJ reports indicate
similar findings between the 1999 and more recent surveys (Durose et al., 2005, 2007).
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seizures. The legal issues associated with racially biased policing, however, were changed
dramatically with the Supreme Court’s rendering of its decision in Whren v. U.S. (1996).
The issue before the Court in Whren was a question of the constitutionality of pretextual
stops, stops that are made based on commonly occurring traffic violations with the subjective
intention of investigating other potentially more serious legal violations (Whren v. U.S.,
1996). As described by Smith & Alpert (2002, 683):
The primary issue in Whren was whether a traffic stop that was made with reasonable
suspicion of a traffic infraction was nonetheless unlawful if the officer had an ulterior
motive in making the stop.

In Whren, the Supreme Court upheld the legality of pretextual stops, stating that as
long as the police officer had a legal basis for making the stop, there was no violation of the
Fourth Amendment protection against unreasonable searches and seizures. The Court ruled
that it was simply irrelevant whether the decision to stop was also based on racial bias if the
officer could have made the stop for a legal violation (Tillyer et al., 2008; Smith & Alpert,
2002, Whren v. U.S., 1996).
Numerous legal scholars (e.g., Beck & Daly, 1999; Harris, 2001; Lyle, 2001; Trende,
2000; Williamson, 2003) have noted that the Whren decision effectively closed the door to
Fourth Amendment claims of unreasonable searches based on police racial bias, which Smith
& Alpert (2002, 683) noted is the “primary mechanism for checking overly intrusive police
behavior in most other contexts.” Since Whren, most litigation alleging racially biased
policing is now brought before the courts on the grounds of selective enforcement, a
violation of the Equal Protection clauses of the Fifth and Fourteenth Amendments to the U.S.
Constitution (Tillyer et al., 2008; Smith & Alpert, 2002). As Justice Scalia noted in writing
the unanimous opinion of the Supreme Court:
We of course agree with petitioners that the Constitution prohibits selective
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enforcement of the law based on considerations such as race. But the constitutional
basis for objecting to intentionally discriminatory application of laws is the Equal
Protection Clause, not the Fourth Amendment (Whren v. U.S. 517 U.S. 806, at 813).

Litigation based on selective enforcement requires the plaintiff to show that: 1) the
police officers unequally enforced a facially neutral law with a “discriminatory purpose” in
mind, and 2) their actions had a “discriminatory effect” (Tillyer et al., 2008; Smith & Alpert,
2002; U.S. v. Armstrong, 1996; U.S. v. Bell, 1996). Proving discriminatory purpose is often
problematic, as police officers are unlikely to admit such behavior and evidence of overtly
discriminatory policies is equally unlikely. In the absence of explicit admissions of
discrimination, persons alleging selective enforcement usually must rely on some inference
of discriminatory intent from a totality of circumstances in the case, which often includes
some presentation of statistical evidence (Chavez v. Illinois State Police, 2001; Tillyer et al.,
2008; Smith & Alpert, 2002; Village of Arlington Heights v. Metro Housing Development
Corp, 1977).
As for the second prong of selective enforcement, the Supreme Court previously
established in U.S. v. Armstrong (1996) that to show discriminatory effect “citizens must
demonstrate that persons of another race violated the same law, but that the law was not
enforced against them” (Smith & Alpert, 2002, 683). Tillyer, Engel, and Wooldredge (2008)
note that the courts have long accepted statistical evidence about “similarly situated
individuals” to establish discriminatory effect (Castaneda v. Partida, 1976; Turner v.
Fouche, 1970; U.S. v. Armstrong, 1996; Wo v. Hopkins, 1886). The accepted use of statistics
as proof of equal protection violations, however, generally has been limited to cases
involving employment discrimination and the selection of jury venires (Tillyer et al., 2008;
McClesky v. Kemp, 1987; The Alpert Group, 2004).
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With the Supreme Court’s decision in Whren, however, statistical evidence about
similarly situated individuals became particularly important in cases dealing with traffic
stops, as it is difficult, if not impossible, to name a similarly situated driver that was not
stopped (Tillyer et al., 2008). It was quickly evident that the legal requirements for proving
discriminatory effect would necessitate new data collection efforts to provide relevant
statistical evidence about similarly situated individuals. More specifically, to be applicable
for cases involving selective enforcement, statistical research needed to be “able to
adequately measure and compare rates of racial/ethnic groups’ traffic stops to their
representation in the population eligible for traffic stops” (Tillyer et al., 2008, 148, emphasis
added). Such a comparison requires two types of data: police stop data (the numerator) and
some type of baseline comparison data (the denominator) (Smith & Alpert, 2002). The
details of both stop and benchmark data collection are reviewed in the following chapter, but
the discussion below highlights how the legal requirements for proving selective enforcement
drove the development of data collection efforts on racially biased policing.
Data for all stops, broken down by race, are necessary to establish the numerator in
the similarly situated persons comparison described above. Although police document many
stops, often existing official data was and continues to be insufficient for addressing claims
of racially biased policing because it does not include racial data for all stops regardless of
their outcome (Beck & Daly, 1999; Chavez v. Illinois State Police, 2001; Ekstrand, 2000;
Hickman, 2005; Smith & Alpert, 2002; Strom et al., 2001; Strom & Durose, 2000).
Recognizing the need for accurate official data on stops, however, growing numbers of state
police agencies have begun mandating the collection of racial data for all traffic stops in the
last ten years (Hickman, 2005; Strom et al., 2001; Strom & Durose, 2000).
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Obtaining racial data for the denominator of the similarly situated persons
comparison was even more complex. The primary issue was no agreement from the courts or
researchers on what benchmark population would be most appropriate for comparisons with
official stop data (Engel et al., 2002; Farrell et al., 2003; Fridell et al., 2001; Fridell, 2004).
Indeed, cases that have introduced statistical evidence in order to show discriminatory effect
in selective enforcement cases have introduced four different types of comparison data: 1)
population estimates based on the Census (Chavez v. Illinois State Police, 2001;
Commonwealth of Massachusetts v. Lora, 2003; Harris v. City of Virginia Beach, 2001), 2)
internal comparisons among officers (U.S. v. Alcarez-Arellano, 2004; U.S. v. Hare, 2004;
U.S. v. Mesa-Roche, 2003), 3) surveys of road usage (State of New Jersey v. Smith, 1997;
State of New Jersey v. Soto, 1996; U.S. v. Alcaraz-Arellano, 2004; U.S. v. Lindsey, 2003;
U.S. v. Parada, 2003; U.S. v. Stanley, 2003), and 4) surveys of violating behavior (State of
New Jersey v. Ballard, 2000; State of New Jersey v. Soto, 1996; U.S. v. Williams, 2004).
To further complicate matters, Tillyer et al. (2008) noted that statistical comparisons
based on benchmark data from the same research methodologies have been accepted as
sufficient evidence of discriminatory effect in some courts, but not others. Specifically,
while not unanimous, growing numbers of both state and federal cases have concluded that
population statistics do not provide reliable comparisons of similarly situated persons against
which traffic stops can be compared. Furthermore, the opinions in these cases have
suggested that, for the purposes of showing discriminatory effect, they would find statistical
comparisons of stops and benchmark data most compelling when the comparison populations
were based not on population baselines, but rather rates of drivers’ actual roadway usage or,
even more preferable, violating behavior (Chavez v. Illinois State Police, 2001; State of New
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Jersey v. Kennedy, 1991; State of New Jersey v. Smith, 1997; U.S. v. Alcaraz-Arellano, 2004;
U.S. v. Lindsey, 2003; U.S. v. Mesa-Roche, 2003).
Indeed it was the recommendations of one of the earliest of these cases (State of New
Jersey v. Kennedy, 1991) that Dr. John Lamberth was following when he initiated the first
attempts to establish a driving population of “similarly situated individuals.” He did so for
the purposes of fulfilling the discriminatory effect prong of selective enforcement in separate
legal cases in New Jersey and Maryland (State of New Jersey v. Soto, 1996; Wilkins v.
Maryland State Police, 1994). The methodological details of these benchmark data
collection efforts are described in the following chapter, but the implications of this work for
the collection of data on similarly situated individuals are discussed here.
In both cases, litigants challenged the state police use of traffic stops as racially
biased on particular limited access highways: the New Jersey Turnpike and Interstate 95 in
Maryland. Lamberth (1994, 1996) used observation teams on these highways to collect data
on the racial and ethnic distribution of motorists using and speeding on these roadways. The
results indicated that the overwhelming majority of drivers were violating the posted speed
limits, that there were no significant differences in the speeding behavior of White and Black
drivers, and that the percentages of minorities observed and/or speeding was significantly
smaller than their representation among official stop and arrest statistics.
Despite a number of important limitations (detailed in the following chapter) in
Lamberth’s violator survey methodology, Lamberth created statistical evidence on similarly
situated individuals that successfully supported claims of selective enforcement (see State of
New Jersey v. Ballard 2000; State of New Jersey v. Clark 2001; State of New Jersey v.
Francis 2001; State of New Jersey v. Soto 1996). Although federal court cases have
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subsequently dismissed Lamberth’s more recent work as insufficient for establishing
discriminatory effect (see U.S. v. Alcaraz-Arellano 2004; U.S. v. Duque Nava 2004; U.S. v.
Mesa-Roche 2003), his studies in New Jersey and Maryland became the model for
benchmarking of similarly situated individuals. Indeed, his work provoked studies that
furthered this type of methodology and now sets the standard for benchmarking data
collection in the field of research on racially biased policing. It is important to note,
however, that the methodological development and collection of racial data for traffic stops
and benchmark comparisons did not result from a desire to understand police behavior, but
rather were entirely driven by the need to provide evidence of discrimination in the legal
arena (Tillyer et al., 2008).
SUMMARY
This chapter reviewed how citizen perceptions of racially biased policing and judicial
decisions have contributed to the increase in data collection on traffic stops and benchmark
comparisons. The desire to counter citizen perceptions’ of the prevalence of racially biased
policing and show that their enforcement behavior was legitimate, not based on racial status,
motivated many police agencies to begin to collect data on their traffic stops. The other
important catalyst behind traffic stop data collection efforts came from the judicial branch.
As a result of minorities’ experiences with police, some began to bring civil and criminal
challenges to law enforcement practices they perceived to be racially biased. Legal
requirements for statistical evidence of discriminatory effect prompted courts to call for data
collection of stops and benchmark populations because existing police data could not
adequately address the questions before the courts. The resulting data collection efforts are
reviewed in the next chapter.
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CHAPTER 3: TRAFFIC STOP & BENCHMARK DATA COLLECTION
The first part of this chapter documents the main elements of the traffic stop and
benchmark data collection that resulted from the public pressure and judicial decisions
reviewed in Chapter 2. As will be reviewed, this overwhelming push toward data collection
left most police agencies with an abundance of data that was not particularly meaningful, as
stop data was overwhelmingly being compared to residential population figures to determine
whether disparity exists (Engel & Calnon, 2004b; Fridell, 2004; Ridgeway & MacDonald,
2010). The main issue is that the measurement of drivers’ behavior, to which presumably
police behavior is in response, was neglected in the vast majority of these studies.
The second half of this chapter reviews the extant research on demographic
differences in driving behavior as the background for the central question this study
examines: Are there racial differences in legally relevant offending behavior that might
explain seemingly inappropriate racial disparities in traffic stops based on comparison with
population statistics? Without the exploration of such a possibility, conclusions of racially
biased policing are simply unfounded (Engel et al., 2002).
TRAFFIC STOP DATA COLLECTION
The pervasive and continuing perceptions that police officers inappropriately use race
as a factor in traffic stop decision making has prompted an overwhelming move toward the
ongoing collection of official data for all traffic stops by state and local police departments
across the country (Fridell et al., 2001; Hickman, 2005; Institute on Race and Poverty, 2001;
Police Foundation, 2005; Strom et al., 2001). As noted by Engel et al. (2002), some of these
data collection efforts were a result of court and legislative mandates. Increasing numbers of
police agencies each year, however, are voluntarily implementing programs that require their
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officers to record the race of drivers that are stopped and/or searched (Fridell et al., 2001;
Hickman, 2005). This is a direct effort by police agencies to address public perceptions of
biased-based police behavior. It sends a message to their communities that they are
concerned both about their credibility with the public and with maintaining effective and fair
methods of policing that do not include race-based decision making (Ramirez et al., 2000).
Furthermore, data collection has been spurred by a real desire on the part of police
administrators to move past a reliance on the anecdotal stories and evidence to a more
systematic and objective empirical analysis of the role of race, if any, in police traffic stops
(Ramirez et al, 2000; Fridell et al., 2001).
Two primary resources exist for police agencies and researchers determining what to
include in their traffic stop data collection efforts: A Resource Guide on Racial Profiling
Data Collection Systems (Ramirez et al., 2000) and Racially Biased Policing: A Principled
Response (Fridell et al., 2001). Although the question of what data police agencies should
collect varies with their definition of racial profiling or racially biased policing, there is a
growing consensus that any and all decisions made by officers based solely or partially on
the race of the suspect should be included (Ramirez et al., 2000). Thus, we have witnessed a
movement from some earlier studies that only collected data for stops with particular
outcomes (i.e., only if citation/search/arrest occurred) toward data collection for all vehicle
stops (Engel et al., 2002; Fridell et al., 2001). The following list of data fields is generally
representative of the recommended items for police agencies to include in their officerinvolved data collection efforts:





Time and date of stop, the location where stop occurs, and duration of stop,
Reason for stop and outcome of stop
Drivers’ characteristics (age, gender, race/ethnicity, residency)
Vehicle registration and/or state of license
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Whether search of vehicle or person is initiated, reasons or authority for
search, and whether and what type of property/evidence is seized
Employee and/or barracks identification (Fridell et al., 2001; Ramirez et al.,
2000).

Findings from virtually all data collection efforts have indicated that some disparities
exist for police stops, citations, searches, and arrests of different racial groups, though the
size of disparity varies widely by agency, type of stop outcome, and most importantly, the
type of data to which stops are compared (for review, see Engel et al., 2002; Kowalski &
Lundman, 2007).2 That is, examining how often police stop members of various racial
groups is merely an exercise in descriptive statistics and not particularly meaningful until
those percentages are compared to some “expected probability” of being stopped for different
racial groups. For example, if a police department collects data and determines that 20% of
their stops are of Blacks, the interpretation of whether that 20% is disparate or discriminatory
depends on what percent of Blacks are in the comparison population. This type of
comparison, known as a benchmark or base rate, is an attempt to quantify how much
disparity exists (Fridell et al., 2001; Rojek et al., 2004).
BENCHMARK DATA COLLECTION
As noted above, the standard basis for determining if particular demographic groups
are over or under represented in police stops is a benchmark—the difference between a
group’s actual proportion of stops and the same group’s representation in a comparison
group of the expected probability of such actions, assuming no police officer bias (Engel et
al., 2002; Fridell et al., 2001; Fridell, 2004; Ridgeway & MacDonald, 2010). However,

2

A specific review of the hundreds of jurisdictions collecting traffic stop data and the findings of the publicly
available reports for various police agencies is beyond the scope of this literature review. For a thorough listing
of these data collection efforts and available final reports, see the website developed and updated by the
Institute on Race and Justice at Northeastern University: http://www.racialprofilinganalysis.neu.edu.
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simply demonstrating a disparity between, for example, the percent of minorities stopped and
the percent living in a particular area, does not necessarily indicate police officers have acted
inappropriately. Rather, an alternative explanation is that disparities may reflect differences
in unmeasured legally relevant behavior by racial groups (Walker et al., 2000). Benchmark
comparisons represent researchers’ attempts to isolate race as an explanatory factor for
disparity in traffic stops from the driving quality explanation and other possible alternative
factors, including driving quantity, driving location, and time of travel (Fridell, 2004). While
alternative explanatory factors are typically examined in multivariate analyses, benchmark
comparisons are necessary for analyses of stops. Unlike analyses of stop outcomes where the
comparison population—all stopped drivers—is known and multivariate analyses can be
estimated, with stops the similarly situated population (drivers eligible for stops but not) is
unknown and can only be approximated (Tillyer et al., 2008; Fridell, 2004).
In this effort to rule out factors other than racial discrimination in traffic stop
research, social scientists have utilized several different data sources to measure comparison
groups, some of which were readily available and others that involved initiating new data
collection (Engel et al., 2002). Although there is general agreement upon the elements of
data collection for actual traffic stops, there is little consensus on what constitutes a valid
benchmark measure of “expected” rate of stops against which official stop data can be
compared (Engel et al., 2002; Farrell et al., 2003; Fridell et al., 2001; Fridell, 2004;
Ridgeway & MacDonald, 2010). The most common types of benchmark data include:
adjusted and unadjusted Census data, official accident data, DMV records of licensed drivers,
citizen surveys, internal departmental comparisons, observations of roadway usage, and
assessments of traffic violating behavior (Engel & Calnon, 2004b; Fridell et al., 2001;
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Fridell, 2004; Ridgeway & MacDonald, 2010). Each benchmark is an attempt to most
closely approximate the pool of drivers from which drivers eligible to be stopped are
selected. As noted in the review of legal considerations of racially biased policing, the
benchmark is comparable to the “similarly situated individuals” used in statistical analyses to
demonstrate discriminatory effect in selective enforcement cases (Tillyer et al., 2008). Each
type has strengths and limitations in their ability to actually represent the group of people at
risk of being stopped, and none has the ability to adequately measure all the risk factors
associated with the likelihood of being stopped (Engel & Calnon, 2004b; Tillyer et al., 2008;
Fridell et al., 2001; Fridell, 2004; Ridgeway & MacDonald, 2010). Three of the benchmarks
listed above—population estimates, surveys of roadway usage, and surveys of offending
behavior—and their strengths and weaknesses are reviewed below.
Population Estimates
Most of the initial studies of traffic stops by police relied on population estimates to
determine “expected probabilities” (e.g., ACLU, 2000; Cordner et al., 2002; Cox et al., 2001;
Lansdowne, 2000; Smith & Petrocelli, 2001; Spitzer, 1999; TDPS, 2000; Verniero &
Zoubek, 1999). Indeed, Census estimates of population figures—both total population and
driving-age population—are still the most widely used benchmark measures for studies of
police-citizen contacts. These types of benchmarks are heavily relied on, at least partially,
because they are cost efficient and readily available (Fridell et al., 2001; Fridell, 2004; Smith
& Petrocelli, 2001).
Relying on Census data as a benchmark comparison for traffic stops, however,
involves making a number of important assumptions including:


Residents of an area drive only where they live,
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People of all races are equally likely to have a driver’s license and/or access to a
vehicle,
Drivers of all races do not differ in their frequency, time, or locations of travel,
Drivers of all races do not differ in the quality of their driving.

The first assumption has been discredited by a number of scholars conducting
research on racially biased policing. Specifically, researchers have noted that there are a
number of factors that influence whether population estimates can be considered accurate
representations of the driving population in those areas, including the percentage of residents
without drivers’ licenses, the presence of major highways, commuting patterns, college or
university student populations, and the availability of tourist attractions (Chavez v. Illinois
State Police, 2001; Cordner et al., 2002, Cox et al., 2001; Engel, Calnon, Liu, & Johnson,
2004; Farrell et al., 2003; Fridell et al., 2001; Fridell, 2004; Morgan, 2002; Rojek et al.,
2004; Smith et al., 2003). 3 Importantly, these factors may differentially affect whether racial
/ ethnic groups drive in areas in which they are not residents (Fridell, 2004). Indeed,
researchers have demonstrated that residential populations frequently over or underestimate
the percentages of Black, Hispanic, or other minority drivers observed in the driving
population or those in the population of drivers stopped by police (Cordner et al., 2002;
Engel, Calnon, Liu, & Johnson et al., 2004; Greenwald, 2001; Lamberth 2003a; Rojek et al.,
2004; Thomas & Carlson, 2001).
The second and third assumptions--people of all races are equally likely to have a
driver’s license and/or access to a vehicle, and drivers of all races do not differ in their
frequency, time, or locations of travel—are also not consistent with the literature on travel

3

A number of researchers have recently been improving estimates of driving populations with spatial statistics,
weighting techniques, and modified Census measures (Eck, Liu, & Bostaph, 2003; Farrell et al., 2003; Novak,
2004; Rojek et al., 2004). While these techniques are promising endeavors for better use of Census data, they
still lack a measure of drivers’ offending behavior, which this study and other scholars (Fridell, 2004; The
Alpert Group, 2004) advocate as the preferable benchmark.
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patterns of minorities, which has noted important relationships between race/ethnicity and
travel behavior.4 For example, data from the 2002 Police Public Contact Survey show that
Blacks and Hispanics are significantly less likely than Whites are to indicate that they drive a
motor vehicle at least a few times a year (Durose et al., 2005). Similarly, analyses using the
1995 Nationwide Personal Transportation Survey (NPTS) data show that Blacks and
Hispanics were less likely than Whites to have a driver’s license (Chu et al., 2000; Polzin et
al., 2000), are more likely to live in households with fewer vehicles than Whites are, and are
more likely than Whites to use public transit rather than personal use vehicles as their
primary means of transportation, particularly among older minorities (Bureau of
Transportation Statistics, 1997; Burkhardt, McGavock, Nelson, & Mitchell, 2002; Chu et al.,
2000; FHA, 1995; Krovi & Barnes, 2000; Polzin et al., 2000; Rosenbloom, 1998; Ross &
Dunning, 1997). African Americans, in particular, are over-represented in households
without a vehicle (FHA, 1995).
Racial differences are also evident for people of color who rely on travel in their
personally owned vehicles, as they have been found to make fewer trips than Whites, travel
fewer miles, and spend less time traveling (Polzin et al., 2000; Smith et al., 2003). Other
recent research suggests that the time of travel may vary by driver race, as Black drivers were
found to make up higher percentages of those driving during the late night and early morning
hours as compared to White drivers (Lange et al., 2005; Smith et al., 2003).

4

Similar behavioral differences are evident for gender and age, as men and younger people participle more in
travel in comparison to women and older people. Specifically, national surveys indicated that men are more
likely than women to drive every day, to make more trips per person, to make more trips for work, to make
longer trips, on average, and to be licensed drivers (FHA, 1995; Boyle et al., 1998; Polzin et al., 2000). Older
persons, by contrast, have a lower participation rate in travel; compared to younger people, persons 65 and older
are less likely than younger people to drive every day and make fewer trips per day than younger persons (FHA,
1995).
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The final assumption of whether demographic groups drive differently has been
somewhat more controversial. Indeed, Heather MacDonald (2001) suggests that even asking
this taboo question of whether racial groups might differentially offend behind the wheel, is
perceived as revealing one’s racism (see also Taylor & Whitney, 1999). Some researchers
have defended the use of population figures as an appropriate comparison group for stop
data, suggesting that no research has indicated that there are racial differences in driving or
travel behavior (ACLU, 2000; Verniero & Zoubek, 1999). Fridell (2004, 13), however,
argues that we cannot presume the null hypothesis to be true and that “unless research shows
that there are no differences between groups as pertains to (alternative) hypotheses we must
assume that there are differences.” Furthermore, there is at least moderate empirical
evidence that counters the claim that driving behaviors do not significantly differ with race.
A brief review of the travel and transportation literature reveals differences in driving
behavior by driver’s age, gender, and race or ethnicity.
Differences in Illegal and/or Risky Driving Behavior
In addition to the above-noted differences in travel patterns, demographic differences
in several types of driving behavior are also evident. Although studies of illegal driving
behavior in the criminological/criminal justice literatures are limited, studies completed with
accident statistics, Department of Transportation Statistics, or other data collected by the
National Highway Transportation Safety Administration (NHTSA) are abundant in other
research fields and are reviewed here.
Seat belt and child restraint use
Studies of drivers’ seat belt use have produced fairly uniform findings with respect to
driver gender and age. In general, women are more likely to use seatbelts than men are,
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although one recent study suggested that this gender gap is diminishing as males are
increasing their seat belt use (Everett et al., 2001; Glassbrenner, 2003; Lerner et al., 2001;
Reinfurt et al., 1996; Wells et al., 2002). The relationship between age and seat belt use is
also consistent across several studies. Although the studies varied slightly in their
operationalization of older (65 vs. 70) and younger (16-24 v. under 35), younger people are
significantly less likely than middle age and older drivers to use their seat belts
(Glassbrenner, 2003; Lerner et al., 2001; Reinfurt et al., 1996; Wells et al., 2002).
Racial differences in the use of seat belts are not as clear. Some studies indicate that
Whites, and sometimes Hispanics, are more likely than Blacks to use seat belts (Braver,
2003; Everett et al., 2001; Harper et al., 2000; Lerner et al., 2001; Wells et al., 2002). Other
studies reported no significant racial differences, suggesting that the racial gap in seal belt
use that had previously existed is virtually gone, as Blacks, Whites, and other minorities all
had similar rates of seat belt use (Glassbrenner, 2003; Reinfurt et al., 1996). African
Americans in North Carolina report higher seat belt use than Whites (Smith et al., 2003).
These researchers note, however, that in the same self-report survey Blacks underreported
being stopped for speeding stops the research team knew to have occurred, and suggest that
greater social desirability effects among African American respondents may have influenced
their willingness to self-report other illegal behaviors as well (Tomaskovic-Devey, Wright,
Czaja, & Miller, 2006). Recently, the NHTSA (2007a) reported that African American
children were significantly more likely than children of other racial/ethnic groups to be
involved in fatal traffic accidents when the child was not properly restrained. In general,
child restraint use is lower for Hispanics and Blacks compared to Whites (NHTSA, 2007b).
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Alcohol-related and other accidents
Studies examining accidents have reported generally higher involvement by men in
accidents. More male drivers than female drivers reported crash experience in the past five
years (Boyle et al., 1998), males were more likely to be driving when children and teenage
passengers were unrestrained by seat belts and injured in vehicle crashes (Miller et al., 1998),
and males were more likely to be involved in fatal crashes and alcohol-related accidents than
females (Abdel-Aty & Abdelwahab, 2000; Braver, 2003; Massie et al., 1995; Zador et al.,
2000). Females, on the other hand, were more likely than males to report that they or
someone else had been injured in a crash (Boyle et al., 1998; Massie et al., 1995).
In general, age is negatively related to the risk of accidents, as the likelihood of being
involved in crashes decreases with age. Indeed, the most important predictor of crashes was
being between the ages of 16 and 24; people in this age group were more likely than all other
age groups to be involved in crashes (Boyle et al., 1998; Massie et al., 1995). Older drivers
also had a lower risk of being fatally injured in a single-vehicle crash than younger drivers
(Zador et al., 2000). Alcohol-related accidents, however, involve a slightly different effect of
age, since the youngest drivers cannot legally purchase or consume alcohol. These studies
found that the next age group, of 25-34 year olds, experienced the highest accident rate when
drugs or alcohol were involved. Involvement in alcohol-related accidents declined steadily
with age, but seemed to have a stronger effect for males than females (Abdel-Aty &
Abdelwahab, 2000).
Research on the influence of race on accident involvement has produced somewhat
inconsistent findings across studies. Some research has found that African Americans and
Hispanics had higher rates of involvement in alcohol-related and other fatal accidents (Baker
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et al., 1998; Braver, 2003; Harper et al., 2000; Royal, 2000). Other researchers, however,
found that White drivers were more likely to be involved in alcohol/drugs-related traffic
accidents than Hispanics or Blacks (Abdel-Aty & Abdelwahab, 2000). There were important
interaction effects discovered in this study, however, as it was younger White drivers (under
45) that had higher alcohol-related accident involvement, while drivers of other races had
higher rates for people 45 and above. Finally, other research has noted similar alcoholrelated fatality rates and non-alcohol related fatal accident rates for Whites, Hispanics, and
Blacks (NHTSA, 2007a; Voas et al., 2000). Recent research from the NHTSA (2007a),
however, showed that Native Americans had a significantly higher accident fatality rate and a
higher alcohol-involved accident fatality rate than other racial/ethnic groups.
Drinking and driving
Research on the influence of gender on drunk driving generally has shown that males
were more likely than females to be driving after drinking, but that females were more likely
than males to have been the passenger of a drunk driver (Caetano & Clark, 2000; Everett et
al., 2001; Harre et al., 1996; Voas et al., 1998). As with the studies of alcohol-related
crashes, increases in age have been found to decrease the likelihood of drinking before
driving (Berger & Snortum, 1986). The influence of race/ethnicity is mixed, as some
research suggests Blacks are less likely than Hispanics and Whites to drive drunk, while
others found that Hispanics were more likely than their White and Black counterparts to
drink and drive or that race was not an important predictor of drinking and driving (Caetano
& Clark, 2000; Everett et al., 2001; Mustaine & Tewksbury, 1999; Voas et al., 1998)
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Driving aggression
Studies of aggression or road rage have also examined demographic differences in
these types of behaviors. Some research has found that male and female drivers tend to be
similarly aggressive, particularly in terms of less serious types of mild aggression, as men
and women were equally likely to engage in behaviors like horn honking, yelling, or
purposely tailgating, and reported similar levels of anger or frustration while driving (Harre,
Field, & Kirkwood, 1996; Hennessy & Wiesenthal, 1997; 1999; 2001; Lawton and Nutter,
2002). Hennessy & Wiesenthal (2001) suggested that it might be the anonymous
environment of driving that permits women to be more aggressive than traditional gender
roles might expect. In studies that do find significant differences in aggressive behavior, men
are more likely to express frustration, engage in angry or threatening driving behavior, and
externalize frustration through verbally and physically aggressive actions, whereas women
tend to internalize aggression and refrain from severely aggressive actions (Hennessy and
Wiesenthal, 2001; Lawton & Nutter, 2002; Shinar & Compton, 2004; Wells-Parker et al.,
2002).
Research on the influence of age on driving aggression has consistently found that
younger drivers are more likely to experience road rage, drive aggressively, and express
anger or frustration at the driving behavior of others (Shinar & Compton, 2004; Wells-Parker
et al., 2002; Yu et al., 2004). The only study found that examined racial differences in
aggressive driving and road rage found no significant difference in verbal frustration or
angry/threatening driving among Whites, Blacks, and Hispanics (Wells-Parker et al., 2002).
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Summary
The body of research reviewed above suggests the possibility of racial/ethnic
differences in travel and driving patterns (including frequency and quality) to the point that
the null hypothesis (i.e., no demographic differences) cannot be sustained. Therefore, the
lack of measures of driving behavior in Census data is a major weakness in its utility as a
benchmark for traffic stops because, as noted above, differences in this behavior may account
for racial disparity in stops. Indeed, Fridell (2004, 28) concluded that “researchers can draw
no definitive conclusions regarding racially biased policing” from Census benchmarks.
Therefore, it is necessary for studies examining differences in rates of police-public contacts
during traffic stops to utilize more precise benchmarks that capture differences in the
frequency and patterns of actual driving behavior by gender, age, and race.
Observational Assessments of Drivers’ Roadway Usage and Offending Behavior
The growth in observational studies of driving behavior is largely due to the
recognition, by courts and social scientists alike, that population statistics do not provide
reliable benchmark comparisons against which stops and stop outcomes can be compared.
As noted above, the reliance on Census data as a benchmark for traffic stops involves making
a number of false assumptions about people’s travel and driving behavior. These
acknowledged weaknesses of Census data have caused some traffic stop researchers to
initiate more costly and time-intensive observational studies of roadway usage and driving
behavior to better determine who is driving where and how they are driving (Engel et al.,
2002; Engel et al., 2006; Farrell et al., 2003; Lamberth, 1994, 1996; Lange et al., 2005; Smith
et al., 2003). As noted earlier, both state and federal courts adjudicating claims of racially
biased policing also have commented on the fact that they would find more compelling
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benchmark data that included rates of actual roadway usage and/or violating behavior for
comparisons to stop data (e.g., Chavez v. Illinois State Police, 2001; State of New Jersey v.
Kennedy, 1991; State of New Jersey v. Smith, 1997).
Surveys of Roadway Usage
The first study to focus on assessing drivers’ roadway usage occurred in New Jersey.
As noted in the previous chapter, John Lamberth (1994) was commissioned by defense
attorneys in State of New Jersey v. Soto (1996) and used observation teams on the New
Jersey Turnpike to collect data on the race and ethnicity of motorists using this roadway. On
randomly selected dates and times over a very limited data collection period of two weeks in
June of 1993, Lamberth had observers alternate between four stationary observation posts on
the Turnpike, recording the race of the driver and any visible passengers, as well as the state
of registration for the vehicle.
A total of 42,706 cars were observed between 8 am and 8 pm on the selected days.
The results indicated that the percentage of minorities observed (13.5%) was significantly
smaller than their representation (35.6%) among official stop and arrest statistics for a 3 year
period beginning in April 1988. Note, however, that offending behavior was not captured by
this data collection technique, and it is a logical assumption that stops and arrests are based,
in large part, on offending behavior. Lamberth argued that the reasoning behind conducting
both traffic and violator surveys was to test the “assumption that the population of turnpike
traffic violators will mirror the population of travelers as a whole on the NJ Turnpike.”
A more recent assessment of roadway usage also focused on the New Jersey
Turnpike, although it relied primarily on drivers’ self-reported race/ethnicity rather than
observation by researchers. This survey came about following a number of high profile
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incidents involving allegations of racially biased policing and the New Jersey State Police
(NJSP), particularly on the New Jersey Turnpike. Facing a potential federal civil rights suit
for racial bias in police stops and searches, the state of New Jersey entered into a consent
decree with the U.S. Department of Justice that mandated data collection for traffic stops and
searches and monitored the State Police for racially discriminatory behavior (Lange et al.,
2005; Ramirez et al., 2000). The consent decree provided for a contract with an independent
research team that would survey drivers on the Turnpike in order to establish a benchmark
population of drivers to be compared to NJSP stop rates. The argument was that an estimate
of actual Turnpike drivers would provide a better standard of comparison than estimates
based on Census data.
Lange and his colleagues (2005) conducted a month-long roadway usage survey at
various exit tollbooths along the New Jersey Turnpike in 2000. Research assistants
interviewed a random sample of drivers (n=4,656) exiting tollbooths, of which 86.8% agreed
to participate. For those who agreed, interviewers collected drivers’ age, race/ethnicity, sex,
where they entered the Turnpike, and state of vehicle registration. For those who refused,
observers estimated drivers’ race/ethnicity and age. Data collection varied by
weekend/weekday, segments of the turnpike, and time of day. The strength of this self-report
methodology is in the elimination of measurement error by observers, particularly for
Hispanic drivers.
The demographics of this driving population were compared to police stops during
the same time period and Lange et al. (2005) reported that in the Southern and Central
segments of the turnpike, Blacks were overrepresented among police stops while there was
no significant difference in the Northern segment. Hispanics were underrepresented in police
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stops in all geographic segments, although this may be a function of police difficulty in
assessing Hispanic ethnicity of stopped drivers. It is also interesting to note that the driving
population captured by this survey did not significantly differ from the population of all
drivers—that is, not taking into account drivers’ speeding status—captured by the Speed
Survey to be reviewed below.
Researchers in Rhode Island were fortunate enough to be able to conduct rolling road
survey observations on the entirety of the North and South routes of I-95 due to the small
size of the state (Farrell et al., 2003). Over an eighteen-month period, spanning 2001 to
2003, an average of three surveys were taken each month, yielding a total of 9,584
observations over the 44 mile stretch of interstate. The length of the data collection period
was advantageous in that it allowed for observations to be spaced out across weekdays and
weekends; the observations also followed a staggered start and stop methodology to vary the
possible times of day for observations. During observation periods, the research vehicle
traveled at approximately 60-65 miles per hour, depending on the posted speed limit, which
varied between 55 & 65 mph. Interrater reliability was examined during the pilot test of this
observational survey method, with each of two observers independently recording their
observations of the license plate, race, gender and number of occupants in vehicles traveling
on the road. Tests of interrater reliability indicated that in almost all cases, observers’
independent observations were nearly identical for license information, gender and
occupants, and very high (about 95%) for race.
The racial demographics of highway drivers established by the rolling road survey
were compared against the racial makeup of Rhode Island State Police stops from the same
time period during which observations were conducted. Using this most comparable stop
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data to the observation data, Farrell et al. (2003) found that the State Police stopped a higher
proportion of Nonwhite drivers (average of 10.8% more) on I-95 than were observed by the
research team in the driving population on I-95, although the size of the disparity varied by
sections of the interstate.
Although using observations of roadways to gather benchmark data is a useful
method in areas where residential and driving populations are unlikely to be the same (and
Census data would be particularly inappropriate as a benchmark), the lack of a measure of
offending behavior is an important limitation of the roadway usage benchmark. That is, if
driver-violating behavior varies by demographic characteristics, then simply assessing who is
using the roadways is a less valid benchmark for comparison to stopped drivers because it
does not address the paramount question of who is more likely to be stopped by police for
traffic violating behaviors.
Surveys of Driver Offending Behavior
As noted above, a few scholars argue that collecting data on law-violating behavior is
unnecessary, suggesting that the driving population as a whole is subject to being stopped
and therefore that is the appropriate population to measure for benchmarking purposes
(Lamberth, 2003a, 2003b, 2004; Lamberth, Harris, McDevitt, & Ramirez, 2004; Rickabaugh,
2003). The problem with this strategy is that it ignores drivers’ differential risks of being
stopped based on their driving behavior. Several scholars have countered the above
argument with the proposition that it is logical to assume that those who violate traffic laws
and violate them to a more serious degree are at higher risk of being stopped by police than
those who do not (Engel & Calnon, 2004b; Fridell, 2004; Smith et al., 2003; The Alpert
Group, 2004). Indeed, Fridell (2004, 17) points out that the rationale behind including
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demographic groups’ driving behavior as part of benchmark data collection is that “police are
asked to make driving behavior a key part of (stopping) decisions” as well.
In order to examine this question of racial differences in offending patterns, data
collection on drivers’ offending behavior is necessary. One of the most reliably observed
driving offenses is speeding. Until recently, the existing research on the demographic
differences in speeding has focused only on gender and age and has not examined racial
differences in this behavior.5 Given the lack of data on demographic differences, particularly
racial differences, in driving behavior, social scientists have initiated observational studies to
explore the possibility that particular types of citizens may drive differently and be more
likely to violate traffic laws and/or commit more serious violations (Engel et al., 2006;
Lamberth, 1994, 1996; Lange et al., 2005; Smith et al., 2003; The Alpert Group, 2004).
These studies are discussed in detail below, but summarized briefly in Table 3.1.

5

Generally, male and younger drivers were found to be more likely than their female and older counterparts to
speed, particularly at higher speeds (Boyle et al., 1998; Harre et al., 1996; NCSA, 2002).
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Table 3.1. Summary of Observational Studies of Driving Behavior
Location &
Dates of Study
Maryland
(1994)
New Jersey
(1996)
North Carolina
(2000)

Violating
Behavior Observed
Speeding, observed by
rolling vehicle survey
Speeding, observed by
rolling vehicle survey
Speeding, observed by
rolling vehicle survey
and stopwatches

New Jersey
(2001)

Speeding, observed by
random and speedtriggered RADAR and
high-speed photography

Miami
(2001)

Speeding, observed from
stationary observation
points with RADAR.
Running red lights and
making illegal turns also
observed from stationary
observation point.
Speeding, observed from
stationary observation
points with RADAR or
LASER.
Red light violations and
illegal turns.

Cleveland
(2005)

Operationalization of
Violating Behavior
Vehicles traveling one or more
miles over the posted speed limit
Vehicles traveling more than 5
miles over the posted speed limit
Exact amount of miles over the
posted speed limit captured. Three
speeding thresholds established: 1)
low (above first decile of speeds at
which drivers are cited); 2) high
(above citation median); 3) 15 mph
above limit
Vehicles traveling at least 15 miles
per hour over the posted speed limit

Results
93% of all drivers observed were speeding; no significant
differences in speeding behavior of Whites and Blacks
98% of all drivers observed were speeding; no significant
differences in speeding behavior of Whites and Blacks
The percentage of drivers observed speeding at or above the
low and high speeding thresholds varies across roadway
segments.
Black drivers were significantly more likely to exceed all
three measures of “speeding thresholds” compared to White
drivers. The overrepresentation of Blacks among speeders
declined above 8 mph over the threshold speed.
The vast majority of all drivers were found to be driving less
than 15 mph over the posted speed limit. The average speed
for each racial/ethnic group of drivers was very similar
(Whites: 66.3 mph, Hispanics: 66.3 mph, Blacks: 66.8 mph).
Black drivers were 64 percent more likely than White
drivers to exceed the 65 mph limit by 15 or more mph. No
statistically significant differences between Blacks and
Whites were found at the 55 mph speed limit.

Vehicles traveling five or more
miles over the posted speed limit

White males violated above their proportion in the
driving sample.
Black males violated at the same proportion as in the
driving sample.
White and Black females violated below their
proportion in the driving sample.

Vehicles traveling eight or more
miles per hour over the posted
speed limit (two standard deviations
below the mean amount over the
limit for Cleveland Division of
Police speeding stops), but precise
amount over the limit was captured

7.4% of the vehicles observed on the roadways were
traveling 8 MPH or more over the legal limit.
45% of the vehicles observed were traveling at least one
mile per hour over the speed limit.
Blacks were more likely to be exceeding the speed limit than
any other racial group.
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Maryland & New Jersey
John Lamberth (1994; 1996) administered the first observational studies examining
speeding behavior in the mid-1990s, emerging out of separate legal cases in Maryland and
New Jersey (State of New Jersey v. Soto, 1996; Wilkins v. Maryland State Police, 1994). In
order to determine who was speeding, Lamberth had trained observers ride in a vehicle
traveling at a set speed (e.g., at the exact speed limit in Maryland and at five miles per hour
over the speed limit in New Jersey), simultaneously recording the characteristics of the
drivers in the cars that passed them (the speeders) as well as the drivers in cars that the
research vehicle passed (the non-speeders). Using this technique, which Lamberth called the
“carousel method,” he reported that the overwhelming majority of drivers (98% and 93% in
New Jersey and Maryland respectively) were violating the posted speed limits. The major
finding reported from this study, however, was that there were no significant differences in
the speeding behavior of White and Black drivers.
This finding, however, has been widely criticized by other researchers because: 1) the
measurement of speeding was a simple dichotomy so there was no way to determine if the
severity of speeding behavior varied by demographic groups, and 2) the speeding threshold
measured was, at most, 5 miles per hour over the posted speed limit (Ekstrand, 2000; Engel
& Calnon, 2004b). This is particularly significant because most police agencies have formal
policies or informal norms regarding the level of speeding that merits a warning or citation.6
The limitations of this technique, therefore, prohibit giving much credence to the argument
that White and Black drivers drive indistinguishably. The lack of a measure of the degree of

6

For example, the law of the Commonwealth of Pennsylvania requires that vehicles be traveling at more than
six miles per hour above the posted speed limit in order for police to issue drivers a citation (75 Pa. C.S. §
3368).
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the speeding violation does not capture (even at five miles per hour over the speed limit)
drivers’ real risk of being stopped for that behavior. As simply stated by Smith and his
colleagues (2003, 255), “not all speeding is equal.”
Lamberth’s findings, unfortunately, have lead to more recent data collection efforts
that only examine traffic observations and do not measure traffic violating behavior, based on
the argument that the populations of traffic motorists and traffic law-violators are virtually
identical (Lamberth, 2003a, 2003b, 2004; Lamberth et al., 2004; Rickabaugh, 2003). Not
only does this stand in conflict with the growing body of research that suggests driving
differences by race do exist, but several federal court cases have criticized Lamberth’s failure
to measure the violator population as well as many facets of his traffic observation
methodology, including the sample size, duration of observational surveys, and the reliability
of observers’ perceptions of driver characteristics, particularly at nighttime (see U.S. v.
Alcaraz-Arellano, 2004; U.S. v. Duque Nava, 2004; U.S. v. Mesa-Roche, 2003).
North Carolina
Since Lamberth’s initial attempts to survey law-violating behavior, other researchers
have altered these techniques and have advanced the observation methodology. A research
team in North Carolina worked with the North Carolina State Highway Patrol, under
legislative mandate, to collect data on the racial distribution of traffic stops. The NCSHP
also cooperated with a more comprehensive examination of stops and outcomes that included
observational benchmark data collection on speeding drivers (Smith et al., 2003).
In order to capture drivers’ speeding behavior, the North Carolina research team
improved upon Lamberth’s carousel method by using stopwatches to more precisely measure
the amount over the limit at which vehicles were speeding (Smith et al., 2003). Groups of
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observers assessed speeding behavior by relying on stopwatches to measure how long it took
vehicles to pass the distance from their vehicle’s rear bumper to the front bumper, while it
was traveling at a set speed. The researchers determined that although this method
systematically underestimated the actual speeds of vehicles, they were able to statistically
correct for the underestimation to obtain accurate measures of the speed of passing vehicles
(Smith et al., 2003). In addition to the speed of passing vehicles, observers also recorded
information about the vehicle and its occupants (e.g., drivers’ race, gender, approximate age,
vehicle color, state of license plate, type of vehicle), so that they could analyze demographic
differences in speeding.
Because speeding was captured as the exact amount over the limit, several different
speeding “thresholds” were examined: 1) low (above first decile of speeds at which drivers
are cited); 2) high (above citation median); 3) 15 mph above limit (Smith et al., 2003). The
findings suggest that for particular roadway segments, Black drivers were significantly more
likely to exceed all three measures of “speeding thresholds” compared to White drivers. This
relationship, however, was not linear, as the overrepresentation of Blacks among speeders
declined above approximately 8 mph over the threshold speed. In general, the findings of the
observational study supported the proposition that NCSHP police officers’ stopping behavior
(at least for speeders) was largely determined by vehicular driving behavior.
As the authors of the North Carolina study acknowledge (Smith et al., 2003), their
assessments of speeding are somewhat limited by their reliance on a convenience sample of
only 14 highway segments that were 10-15 miles long across the entire state of North
Carolina (48,711 square miles). Furthermore, the data collection period only lasted 6 weeks,
was conducted 4 days a week and 6 hours a day. The external validity of this study, thus, is
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limited, particularly in terms of its small geographic representation and its inability to capture
potential seasonal variation. This is particularly significant given that the research team
found speeding thresholds varied by highway. Nevertheless, there is no reason to believe
that the finding that Black motorists are more likely to speed than White motorists is invalid
for the roadway segments selected.
The methods of the research conducted in North Carolina measure strict differences
in the severity of speeding by demographic characteristics. For purposes of comparing
observational data to official traffic stop data, this may be problematic. As the researchers in
North Carolina suggest, drivers differ in their levels of “speeding savvy,” which suggests that
some drivers may speed in ways that minimize their risks of being detected and stopped by
police. Therefore, citizens’ risks of being stopped for speeding may not be fully captured
through methods that strictly examine differences in the severity of speeding behavior.
Methods to determine drivers’ risks of being stopped for speeding would have to rely on the
same techniques for detection of speeding as the police use.
New Jersey
The Speed Violation Survey of the New Jersey Turnpike did just that, assessing
demographic differences in speeding behavior using the same method of detecting speeders
that the police use—RADAR. This survey came about following the aforementioned
Tollbooth Survey that estimated the racial distribution of Turnpike drivers irrespective of
violating behavior (Lange et al., 2005). When the population survey of Turnpike drivers was
completed, the State of New Jersey contracted the researchers to conduct a second survey
along the Turnpike, this time focusing on an estimated racial distribution of traffic-speed
violators. The rationale behind the Turnpike Speed Survey was that using a benchmark
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based on violators, rather than just drivers, would better capture the appropriate benchmark
established in the State of New Jersey v. Kennedy (Lange et al., 2005).
Utilizing both random and speed-triggered RADAR and high-speed photography at
14 different locations along the 148-mile turnpike, this study considered the race, ethnicity,
gender, and speeding behavior of drivers on the roadway (Lange et al., 2001). Each location
yielded approximately 48 hours of data collection during a three-month period in 2001,
which varied by weekend and weekday. A panel of three trained observers, who worked
independently to identify the drivers’ race, ethnicity, gender, and age, examined the
photographs with no knowledge of the recorded speed of the vehicle. Cases with at least two
identical ratings were treated as conclusive (about 68% of the photographs); the rest were
treated as unclassifiable.7 The researchers operationalized speeding as driving at least 15
miles per hour over the posted speed limit based on discussions with the New Jersey State
Police and the consensus that 15 mph above the limit represented a speeding violation for
which most state troopers would initiate a traffic stop (Lange et al., 2005). Although there
are clearly similarities between this research and Lamberth’s earlier work, the Speed
Violation Survey is distinct in several ways: a more serious operationalization of “speeder”
(15 mph v. 5 mph over), a broader sample of the Turnpike (not limited to just the southern
section), and a methodology that relied on RADAR and photography rather than observers in
a moving vehicle (Lange et al., 2005).
Overall, the vast majority of drivers were found to be driving less than 15 mph over
the posted speed limit (97.3% of Black drivers; 98.6% of White drivers). Furthermore, the
average speed for each racial/ethnic group of drivers was very similar (66.2 mph for drivers
7

Lange et al. (2001) found no evidence to indicate that drivers’ race was significantly related to the likelihood
of unclassifiable data, indicating instead that unusable data was primarily due to technical problems associated
with the positioning of cameras that produced glare and shadows on the windows of passing cars.
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classified as “other” compared to 66.3 mph for White and Hispanic drivers, and 66.8 mph for
Black drivers) (Lange et al., 2005). Nevertheless, Lange et al (2005) did find significant
race, age, and gender differences in speeding behavior. Based on only the cases with
conclusive driver data, their findings indicated that Black drivers were 64 percent more likely
than White drivers to exceed the 65 mph limit by 15 or more miles per hour, controlling for
age and sex. No statistically significant differences between Blacks and Whites, however,
were found at the 55 mph speed limit. That is, racial differences in speeding were evident at
the upper tail end of the speeding distribution (80 mph or more), but the disparity between
Black and White drivers among speeders disappeared as the speeding criterion was lowered
toward the legal limit.8
Differences in speeding behavior by age and gender were also discovered. In the 65
mph zone, people coded as younger than 45 were 3 times more likely to speed than those
over 45 and men were 20% more likely to speed than women, controlling for other driver
characteristics. Significant age differences were also found in the 55 mph zone, but the
gender difference disappeared. An important contribution of this work was that it also
attempted to examine how age and race influence speeding behavior. Initially, Lange et al.
(2005) conducted logistic regression analyses predicting speeding including only race and
then added in age as a covariate. Although race was statistically significant for both
analyses, the strength of the odds ratio dropped from 1.96 to 1.64 with the inclusion of the

8

Lange et al. (2005, 214) offered the following explanation for the lack of statistically significant racial
differences in speeding in the 55 mph speed limit: “One possible explanation…is that, in those areas, a much
larger proportion of the vehicles are traveling higher than the criterion set as the definition of speeder (13.0
percent vs. 1.7 percent in the 65 mph zone). It does not take a great deal of racial/ethnic differences in speeding
rates to produce a dramatic overrepresentation in a small faction of the drivers, as is the case in the 65 mph
zones. However, where a substantial number of speeders exist, very large disparities between the races would
be required to produce similar overrepresentations.”
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age variable. They argue that if the age variable had been more precisely measured,9 the
differences between Black and White drivers might have been reduced even further. To
support this proposition, Lange et al. (2005) note that their previously conducted Tollbooth
Survey of the NJ Turnpike, which surveyed the population of Turnpike drivers, found a
lower average age for Black drivers than White drivers. They suggest it is possible that “age
may account for the overrepresentation of Black drivers among speeders” (Lange et al., 2005,
219).
Overall, the racial/ethnic distribution of police stops closely approximated the
proportions of observed speeding violators. This is what would be expected if police were
stopping vehicles in an unbiased manner, based on driving behavior rather than driver race
(Lange et al., 2005). Therefore, these data are supportive of the alternative race-neutral
explanation for high police stop rates of Black drivers relative to census counts. It is
important to note, however, that because the study was limited only to the New Jersey
Turnpike, the external validity of these findings to other locations or other types of roads is
minimal.
Miami-Dade County
As part of a study examining the traffic stop practices of the Miami-Dade police
department, The Alpert Group (2004) conducted an observational assessment of the
demographic data on traffic patterns to be used as benchmarks for police stops. Their goals
were first to measure who is driving on the roads, and second to determine who is violating
the traffic laws in unincorporated Miami-Dade County. Specifically, the traffic observations

9

The age variable had to be collapsed from a 3 category variable (under 25, 25-45, and older than 45) to a
simply dichotomy (45 and younger vs. older than 45) because of reliability problems particularly with the
younger age categories.
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were designed to: 1) obtain racial and gender data for a sample of drivers at various
intersections, 2) record the race and gender of all speeders, and 3) record the race and gender
of drivers violating other traffic laws, namely running red lights or making illegal turns.
In order to determine where observations would be conducted, a list of intersections
in White, Black and mixed areas of unincorporated Miami-Dade County was compiled by the
Miami-Dade Police Department. As the list included more than 30 intersections, a sample of
neighborhoods to be observed was selected through an elaborate process involving several
criteria (a racial balance of Black, White, and racially mixed neighborhoods, best
geographical distribution across the county, avoiding intersections that represented the same
pool of drivers, and avoiding observations of traffic on the largest and most complex
highways). The 16 selected intersections were located in all eight police districts in MiamiDade County and include high volume stop, ticketing, and crash locations. The research
team acknowledged that the limitation of this observation benchmark is that data was only
collected and analyzed for limited days, times, and locations, which given the selection
criteria, cannot be considered a random or representative sample of intersections in MiamiDade County (The Alpert Group, 2004). Nevertheless, for purposes of comparing to police
traffic stops, these times and places probably provide a better distribution of the places that
are patrolled consistently by the police and where most enforcement of traffic laws occurs
than would randomly selected intersections.
Teams of two observers collected data on drivers’ race and gender for three
populations: baseline drivers on the road, drivers speeding, and drivers violating other traffic
laws. First, observers collected baseline data for every driver on the road, except when heavy
traffic flow prohibited accurate observations; in this case, observers collected data for only
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the two fastest lanes. This data collection site was located on the same side of the road as the
observers collecting data on drivers’ speeding to observe the same traffic flow. These
observers were positioned several blocks from each intersection to allow for observation of
traffic before it slowed down for the intersection. At this site, one observer would operate
the radar gun while the other observed the gender and race of any driver who was speeding.
Speeding was operationalized as any speed equal to or greater than five miles above the
posted speed limit. Finally, two observers positioned directly at the intersection reported
either drivers who went through a red light and/or drivers who made an illegal turn. Only the
most obvious violations were to be recorded, thus eliminating the inclusion of questionable
violations, which may not qualify as legal infractions or be serious enough to warrant police
intervention (The Alpert Group, 2004). An important strength of this study is its systematic
observation of traffic violations other than speeding; it is, however, still limited in its
operationalization of speeding. As noted above, all speeding is not equal (Smith, 2003);
measuring speeding at only five miles per hour over the posted limit ignores the possibility
that there may be significant racial differences in more severe speeding violations.
Each intersection was observed for eight hours. For all observations, when the
driver’s race or gender was not obvious, observers were trained to record the characteristic as
“unknown.” Because observers have difficulty determining the ethnicity of all drivers,
particularly violators at higher speeds, the racial categories they recorded were limited to
Black and non-Black. Shifts of night observations were eliminated, as reliable assessments
of driver demographic data was impossible (The Alpert Group, 2004).
The observers recorded 93,251 drivers and more than 12,000 violations in White,
Black, and racially mixed neighborhoods. The Miami-Dade police made 535 traffic stops for
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the three types of observed violations (speeding, running a red light, and making an illegal
turn) at or near the 16 observed locations between August and November 2001, recording
information about the stop, and race and gender of the driver. First comparing the racial and
gender percentages of all drivers to all violators, The Alpert Group (2004) showed that white
males violated 7 percentage points above their proportion in the driving sample, white
females were 3 percentage points below, black males were at the same proportion in both
samples, and black females violated at 4 percentage points below their proportion in the
driving sample. A comparison between the violators and stops indicates that while the rates
of violation vary among these race and gender categories, the rates of police stops were very
close to the rates of violation for each of the groups (The Alpert Group, 2004).
Cleveland
The Cleveland Division of Police (CDP) contracted with an outside research team
from the University of Cincinnati to evaluate the agency’s policing practices during traffic
stops. As part of the data collection process, the UC research team conducted roadway
observations in order to record the demographic distribution of drivers using the roads and
violating traffic laws for purposes of creating a benchmark against which the traffic stop data
could be compared (Engel et al., 2006).
Due to budgetary limitations, only ten locations throughout the City of Cleveland
were selected for traffic observation data collection. These locations were selected through
consultation between the CDP and the UC research team based on the following criteria:
major thoroughfare in/out of city, high volume of infractions/enforcement, unobstructed view
and safety for observers, and no major disruptions (i.e, construction). UC students were
trained to conduct traffic observations and assess illegal moving violations, including red
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light violations and illegal turns, as well as speeding, which was captured through the use of
RADAR or LASER equipment.
Observers recorded data concerning the behavior of drivers (e.g., speeding or nonspeeding moving violation), vehicle characteristics (type, color, condition), modifications,
and state of registration), and characteristics of the vehicles’ occupants (driver race, gender,
and age). Drivers’ race and ethnicity were captured using the following categories: White,
Black, Hispanic, Asian, Native American, Middle Eastern, Non-White, and Other.
Observations were restricted to daylight hours to ensure that observers were collecting data
under conditions that allowed them the best opportunity to accurately capture drivers’
demographic characteristics.
Observers completed over 557 hours of traffic observations at the selected locations
between May 5th and November 19th, 2005. Data collection varied by time of day and day
of the week. All of the observations were conducted on local roadways within the city of
Cleveland; however, the number of lanes and speed limit on roadways differed across the
city. A total of 41,257 observations were made of drivers/vehicles using the roadways across
all six policing districts. Although there were 41,257 vehicles included in the observation
data, only 37,926 of those were used in the benchmarking calculations (78.5% of which
included data on speeding behavior).10
The majority of violating behavior captured by observers involved speeding. In order
to determine if a vehicle was violating the speed limit, the observed speed of the vehicle as
recorded by the observers was compared to the legal speed limit on that road. However, it is
unrealistic to assume that the risk of being stopped for speeding is heightened by driving one
10

A small portion of observations (2,149 vehicles) were excluded from the benchmarking analyses because
there were not enough observation hours at the specific locations where the observations took place to provide
reliable benchmarks (Engel et al., 2006).
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mile per hour over the limit. As a result, the research team determined that eight miles per
hour over the posted speed limit (two standard deviations below the mean amount over the
limit for CDP speeding stops) would be defined as speeding for the subsequent analyses.
With regard to speeding in the observation data, 7.4% of the vehicles observed on the
roadways were traveling 8 MPH or more over the legal limit. Notwithstanding this
operationalization of speeding, 45 percent of the vehicles observed were traveling at least one
mile per hour over the speed limit. With regard to the racial composition of speeders,
African Americans were more likely to be exceeding the speed limit than any other racial
group. Results from benchmark comparisons of traffic stop data to observation data suggest
that there were racial and ethnic disparities in CDP stopping patterns.
Summary
Overall, both the observational studies and traffic/transportation research show
considerable differences by driver gender, age, and race in driver offending behavior,
including speeding. This suggests that demographic differences in drivers’ offending
behavior may at least partially account for racial disparity in police stops and stop outcomes.
Until recently, however, the overwhelming focus of the debate on racially biased policing,
whether in traffic stop studies or citizens’ perceptions, has been on police behavior, while the
legally relevant behavior of drivers has been largely ignored. The current research builds on
the few studies that have begun examining demographic differences in driving behavior and
furthers the methodology on violator-based benchmarks for traffic stop studies.
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CHAPTER 4: RESEARCH QUESTIONS, HYPOTHESES, AND DATA
As noted in the literature reviews in Chapters 2 and 3, data collection efforts
examining racial and ethnic disparities in traffic stops are becoming commonplace in police
agencies across the United States. Unfortunately, the majority of these studies still compare
stop data with Census data, in spite of its documented limitations as a valid benchmark. One
of the major limitations of Census data is in the assumption that offending behavior of
drivers that come to the attention of police is equivalent across demographic groups in the
population. This assumption suggests that disparity in outcomes must be the result of police
behavior, rather than driver behavior. In fact, some evidence on driving behavior counters
this assumption. Findings from recent observational studies as well as in the traffic and
transportation literature suggest that demographic differences in drivers’ legally relevant
behavior may account for at least some of the racial disparity in police stops and stop
outcomes. Despite this possibility, benchmarks based on driver violating behavior are much
less frequently utilized than Census benchmarks. The goal of the current research is to
examine the relationships between driver demographic characteristics and offending behavior
to better inform the debate on racially biased policing. The remainder of this chapter lays out
the research questions and hypotheses to be explored, and describes the details of the
observation data collection process.
RESEARCH QUESTIONS AND HYPOTHESES
While police behavior is certainly a crucial element of the question of disparity in
traffic stops and stop outcomes, police actions do not occur in a vacuum. Police behavior is
likely in response to drivers’ behavior. Indeed, Fridell (2004, 17) argues that “driving
behavior is a critical component of any model that seeks to explain decisions by police to
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stop drivers.” The current study examines this much neglected question in research on
racially biased policing of whether demographic disparities in police outcomes may, at least
partially, reflect legally relevant behavioral differences by race, age, and gender.
Understanding whether driving behavior is a possible explanation for disparity in stops and
stop outcomes is crucial to effectively responding to allegations of racially biased policing.
Building on previous research that has documented demographic differences in travel
patterns and various types of illegal or risky driving behavior, this study seeks to explore
three important research questions: 1) Does driving behavior vary by driver race, age, and
gender? 2) Does severity of offending behavior vary based on demographic characteristics?
3) Do contextual level factors influence driving behavior?
The general hypothesis to be tested by the current study is that racial / demographic
groups are not equivalent in the nature and extent of their traffic law violating behavior.
More specific hypotheses to be tested are based upon both speculation by researchers in the
field of racially biased policing (Ekstrand, 2000; Engel et al., 2002; Fridell, 2004) and
previous empirical research on various types of driving behaviors.
Research Question 1
As reviewed in the previous chapter, most research on illegal or dangerous driving
behavior (e.g., seat belt use, accident involvement, drinking and driving, angry or aggressive
driving behavior) has noted fairly consistent relationships between driving behavior and
driver gender and age.11 That is, male drivers and younger drivers are more likely to engage

11

See Abdel-Aty & Abdelwahab, 2000; Braver, 2003; Berger & Snortum, 1986; Boyle et al., 1998; Caetano &
Clark, 2000; Everett et al., 2001; Glassbrenner, 2003; Harre et al., 1996; Hennessy & Wiesenthal, 2001; Lawton
& Nutter, 2002; Lerner et al., 2001; Massie et al., 1995; Miller et al., 1998; Reinfurt et al., 1996; Royal, 2003;
Shinar & Compton, 2004; Voas et al., 1998; Wells et al., 2002; Wells-Parker et al., 2002; Yu et al., 2004; Zador
et al., 2000

61

in these various types of offending behavior than are their female and older counterparts.
Furthermore, in addition to these findings regarding behavioral differences, other research
has shown attitudinal differences toward speeding for young male drivers compared to
female and older drivers. Young drivers and male drivers were more likely to: 1) indicate an
affinity for speeding, 2) minimize the potential costs associated with speeding and the
likelihood of having such behavior enforced, and 3) report that several needs were met by
speeding including: expressing individuality and rebelliousness, impressing and being
accepted by peers, proving masculinity, and releasing frustration (Corbett & Simon, 1992,
Royal, 2003).
Therefore, it is hypothesized that:
H1: Male drivers are more likely to speed than are female drivers.
H2: Younger drivers are more likely to speed than are older drivers.
Though research on other driving behaviors is somewhat mixed on whether racial
groups differ in driving offending behavior,12 recent research consistently shows that when it
comes to speeding behavior, Blacks disproportionately offend compared to White drivers
(Engel et al., 2006; Lange et al., 2001, 2005; Lundman & Kowalski, 2009; Smith et al.,
2003). Therefore, it is expected that:
H3: Non-White drivers are more likely to speed than are White drivers.
H4: Black drivers are more likely to speed than are non-Black drivers.
As noted above, youthfulness is consistently one of the strongest predictors of a
variety of illegal and risky driving behaviors, while considerably less is known about the
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See Abdel-Aty & Abdelwahab, 2000; Baker et al., 1998; Braver, 2003; Caetano & Clark, 2000; Everett et al.,
2001; Glassbrenner, 2003; Harper et al., 2000; Lerner et al., 2001; Mustaine & Tewksbury, 1999; Reinfurt et
al., 1996; Royal, 2000; Smith et al., 2003; Voas et al., 1998; Voas et al., 2000; Wells et al., 2002; Wells-Parker
et al., 2002
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influence of race. As suggested by other scholars (Fridell, 2004; Lange et al., 2005), it is
possible, relative to race, that the propensity to speed is influenced by a higher proportion of
younger drivers among Black drivers. Research reviewed in the previous chapter supports
the idea that older Blacks may be less likely to drive personally owned vehicles than older
Whites, which could create a population of Black drivers that is more heavily weighted
towards younger, more aggressive drivers. Fridell (2004, 19) noted that “If a racial/ethnic
group has proportionately more young people than another, age becomes an important
intervening variable in the analysis model.” With the exception of the Speed Violation
Survey in New Jersey (Lange et al., 2005), little research has examined how this important
covariate works with race.
Given this prior research and speculation, it is hypothesized that:
H5: Age will attenuate the influence of race on driving behavior.
Research Question 2
Survey research of drivers and police officers suggests that while less serious
speeding may be normative, more severe speeding is not. Royal (2003) reported that more
than 75 percent of drivers admitted driving over the speed limit and 51 percent indicated
driving 10 miles per hour over the speed limit, but less than 15% of surveyed drivers
admitted driving 20 miles per hour over the speed limit or 20 miles per hour faster than most
other vehicles. Similarly, Corbett & Simon (1991) found that, although surveyed police
officers rated minor levels of speeding fairly low on a perceived seriousness scale, this
tolerance did not extend to speeding more than 10 and 20 miles per hour over the limit as
their perceived seriousness ratings for these behaviors were considerably higher. Therefore,
the mere existence of demographic differences in driver offending behavior may not be as
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important as whether demographic differences in the severity of such behavior exist, as more
severe violations are presumed to increase drivers’ risks of police intervention than less
severe or no offending (Engel & Calnon, 2004b; Fridell, 2004; Smith et al., 2003).
In addition to the importance of this question for benchmarking purposes, prior
research also suggests we might expect such differences in severity of offending for racial
and gender groups. For example, when examining criminal offending on a continuum of
minor offending to more serious or severe offending, previous research notes important
differences for both the racial and gender gaps in crime (i.e., Blacks and males
disproportionately offend compared to Whites and females). That is, the racial and gender
gaps are both greatest for serious offending, but tend to be smaller or even nonexistent for
minor offending (Elliot & Ageton, 1980; Hindelang, Hirschi, & Weis, 1979; Steffensmeier &
Allan, 1996). Furthermore, one of the recent observational studies of speeding behavior
found this exact occurrence, as racial differences were evident at the upper tail end of the
speeding distribution that did not exist as the speeding criterion was lowered closer to the
actual speed limit (Lange et al. 2005). The survey research described above reported similar
differences in the seriousness of speeding by driver gender and age, as males and younger
drivers were more likely than female and older drivers to engage in speeding 20 miles per
hour over the speed limit and other vehicles (Royal, 2003). Therefore, it is expected that:
H6: Men are more likely to drive at higher speeds than are women.
H7: Younger drivers are more likely to driver at higher speeds than are older
drivers.
H8: Blacks are more likely to drive at higher speeds than are Whites.
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Research Question 3
Finally, this study seeks to explore the impact of contextual factors on individual
drivers’ speeding behavior. It is likely that certain characteristics of roadways and local
areas affect individuals’ propensity toward speeding and/or their ability to speed. For
example, the topography or presence of construction in a particular area might constrain or
allow individuals to express their normal inclination toward speeding behavior.
Unfortunately, not all contextual factors can be measured by the current data. These data do,
however, provide the ability to explore the influence of two specific contextual factors.
First, it is possible that drivers’ speeding behavior may be influenced by the behavior
of those individuals driving in the same area. Royal (2003) reported that approximately half
of surveyed drivers indicated other drivers’ speeding behavior was an important factor in
determining their own driving speed. As described above, previous research shows that
youthfulness consistently and strongly predicts a variety of illegal and risky driving
behaviors; indeed, driver age is hypothesized to be a strong predictor of speeding behavior in
the current study. Therefore, it is hypothesized that:
H9: Drivers in municipalities with a higher average proportion of younger
drivers will be more likely to speed than drivers in municipalities with a
lower average proportion of younger drivers.
Second, drivers’ speeding behavior may also be influenced by local police norms
about acceptable speeding. As noted earlier, most police agencies have formal policies or
informal norms regarding the level of speeding that merits a warning or citation; furthermore,
these norms may vary by location. For example, Smith et al. (2003) found that, in North
Carolina, their observed highways had different “speeding thresholds,” that is speeds that are
likely to result in a traffic stop & citation. Variable police norms about what constitutes
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acceptable speeding are important for this study because it is likely that drivers familiar with
specific locations or routes know how much speeding the police will tolerate and are more
likely to drive accordingly. To explore this possibility, a measure of average police
enforcement behavior for speeding in individual municipalities is examined. Specifically, it
is hypothesized that:
H10: Drivers in municipalities with higher average speeding thresholds are
more likely to speed than drivers in municipalities with lower average
speeding thresholds.
In order to address these research questions, this study uses data collected for the
Pennsylvania State Police Project on Police-Citizen Contacts. Using direct field observation
techniques, observers collected roadway usage and law-violating behavioral data in 27
sampled counties across the state of Pennsylvania. The remainder of this chapter details the
observational data collection, including the sampling and selection of observation locations,
the training of observers, the data collection instrument, and a county-by-county description
of observation sessions.
PROJECT ON POLICE-CITIZEN CONTACTS
The data utilized for this study are part of a broader project “The Project on PoliceCitizen Contacts” initiated in 2002 by the Pennsylvania State Police Department (PSP) to
collect data during all proactive traffic stops (see Engel et al., 2004). As part of this project,
the department contracted for an independent observational survey of driving behavior in the
Commonwealth as one of several base rates to which the department-collected stop data
would be compared.13 The current study uses this observational data to explore
demographic differences in driving behavior. The remainder of this chapter describes the
observation data collection process.
13

This study was approved by the Pennsylvania State University Institutional Review Board in January 2002.
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Observation Data
Selecting observation counties and locations
The primary reason for collecting observational data on driving behavior was to
establish a more appropriate benchmark for the trooper-collected traffic stop data,
particularly in counties where it was unlikely that Census data would accurately reflect the
driving population. Due to the considerable size of the Commonwealth of Pennsylvania
(44,820 square miles), it was not feasible, financially or practically, to conduct observations
in each of Pennsylvania’s 67 counties. It was determined that a sampling procedure would
be utilized to select a more realistic number of counties to represent statewide traffic patterns.
The details of this sampling strategy are described below.
As noted above, observational studies of roadway usage and driving behavior have
been implemented in studies of traffic stops primarily because of the argument that Census
data is unlikely to represent the driving population in many areas. Given this purpose,
counties were not randomly sampled for observation, but rather were selected based on three
specific characteristics related to this concern:
1) The likelihood that county wide traffic patterns did not reflect the residential
population,
2) The county’s general roadway usage, and
3) The likelihood of roadway usage by minorities in particular.14
The next step in this strategy was to identify county characteristics that were related
to these three constructs. Seven such characteristics were identified for all 67 Pennsylvania
counties:
1) total county population (U.S. Census Bureau, 2002),
2) the number of interstate miles within each county (PennDOT, 2001),
14

The latter two factors associated with the sampling process were based on practical concerns; i.e., it would
not be cost effective to conduct observations in several counties that had low population density, very small
minority populations, and/or no major interstate travel.
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3)
4)
5)
6)
7)

the total number of roadway miles within each county (PennDOT, 2001),
the population of Blacks within each county (U.S. Census Bureau, 2002),
the population of Hispanics within each county (U.S. Census Bureau, 2002),
the presence of tourist attractions, colleges and universities, or historical sites, and
the presence of seasonal attractions (e.g., amusement parks, water parks, ski
resorts, etc.) (PA Office of Tourism, 2002).

These seven characteristics were analyzed using principal components factor analysis
(see Kim & Mueller, 1978), and the analysis revealed a factor with an eigenvalue greater
than one (eigenvalue=3.31), which explained 43.7% of the variance.15 Individual factor
scores were generated for each county, and the counties were ranked from high to low, based
on these scores. That is, the counties were essentially ranked according to these three
concerns—their overall traffic volume potential, possible minority roadway usage, and the
likelihood that travel patterns would not match residential populations.
The ranked 67 counties were then divided into four groups (High, Medium,
Medium/Low, and Low) based on their factor scores. Twenty counties were selected for
observation, with an over-sampling of the “high” group to better examine the counties where
there is likely to be more traffic, more minority roadway usage, and traffic patterns that may
not reflect residential populations. The factor score rankings and group classification of all
67 counties are displayed in Table 4.1. As this table shows, of the 20 counties selected, 55%
(11 counties) were from the high group, 20% (4 counties) were from the medium group, 15%
(3 counties) were from the medium/low group, and 10% (2 counties) were from the low

15

In addition, a second factor was extracted with an eigenvalue slightly greater than one (eigenvalue = 1.12).
However, this factor only explained 16% of the variance and none of the factor loadings for individual variables
was greater than .50. This factor was statistically weak and uninterpretable due to the small factor loadings. As
a result, the factor analysis was interpreted as have only one significant underlying factor. The sampling
procedures therefore were based on the factor scores generated from the main factor.
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group. The final selection of counties from within the four groups was based on the amount
of departmental activity within those counties and their geographic location.16

16

The final selection of counties from the four categories determined by factor analysis was based on input
from PSP administrators and the research team. Special consideration was given to the specific activities of the
department. For example, some counties were not selected (e.g. Philadelphia County) because PSP has limited
jurisdiction in those areas, while other counties were selected because of more PSP activities. In addition,
consideration was given to geographic location in an effort to more effectively cover the entire state and all
major interstates (see Figure 4.1).

69

Table 4.1 County groupings based on factor analysis (n=67 counties).
GROUP 1—HIGH
GROUP 2—MEDIUM
GROUP 3—MED/LOW GROUP 4—LOW
Beaver (30)
Adams (39)
Armstrong (57)
Allegheny (2)
Berks (8)
Bedford (32)
Bradford (40)
Cameron (67)
Blair (29)
Cambria (38)
Elk (65)
Bucks (10)
Butler (24)
Carbon (49)
Forest (64)
Chester (11)
Crawford (17)
Clarion (45)
Fulton (56)
Centre (26)
Clearfield (27)
Clinton (48)
Jefferson (53)
Dauphin (5)
Cumberland (18)
Delaware (12)
Columbia (46)
Juniata (62)
Fayette (35)
Erie (7)
Franklin (23)
McKean (58)
Lancaster (3)
Greene (36)
Mifflin (66)
Lackawanna (21)
Lebanon (25)
Huntington (41)
Montour (63)
Lehigh (4)
Luzerne (14)
Lycoming (28)
Perry (61)
Indiana (42)
Monroe (16)
Lawrence (43)
Potter (60)
Mercer (20)
Northampton (19)
Snyder (50)
Sullivan (51)
Montgomery (6)
Philadelphia (1)
Northumberland (33)
Somerset (44)
Venango (55)
Pike (31)
Susquehanna (37)
Warren (59)
Washington (15)
Schuylkill (22)
Wayne (52)
Westmoreland (13)
Tioga (47)
Union (34)
Wyoming (54)
York (9)
NOTE: Counties in bold were originally selected for observation. The numbers in parentheses indicate the
counties’ factor score rankings.

The twenty counties originally selected are displayed on the map in purple in Figure
4.1 and include:
Allegheny
Bucks
Centre
Chester
Columbia

Dauphin
Delaware
Erie
Franklin
Indiana

Juniata
Lackawanna
Lehigh
McKean
Mercer

Montgomery
Tioga
Washington
Westmoreland
York

As Figure 4.1 also indicates, additional observations were conducted for two days in
seven other counties: Bedford, Clarion, Clinton, Fulton, Jefferson, Montour, and
Susquehanna (shown on the map in blue). These counties were specifically identified based
on preliminary analyses of the traffic stop data that indicated in those counties, all of which
have significant interstate travel but small minority populations, that the percent of minorities
that were stopped was substantially higher than the percent of minorities in the residential

70

population. With one exception (Bedford County), these additionally selected counties were
in the medium/low group (3 counties) or the low group (3 counties).
Figure 4.1. Counties with Observed Traffic Counts in Pennsylvania

Reproduced with the permission of Dr. Lin Liu

Once the counties were selected, PSP stations with jurisdiction in those areas were
identified. The initial selection of roadways to be observed was the responsibility of the
commanders at these stations, based on the guidance of detailed criteria (developed by the
research team) that were deemed necessary for safety or data collection purposes.
Specifically, station contacts were asked to select one location for each of the two initial days
of observation that:




Had a significant volume of traffic,
Was generally representative of travel patterns in their jurisdiction,
Generated a large number of citations,
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Was appropriate for use of RADAR while also allowing observers to see vehicle
and driver characteristics, and
Was safe for the observers to be stationed at all day.

After the first quarter (and each subsequent quarter) of traffic stop data collection was
complete, the research team identified municipalities that had the highest percentages of
stops and requested that locations in these municipalities be provided for subsequent
observation sessions if they had not already been observed. Although occasionally it was not
feasible to position observers at sites that were appropriate for Troopers in these
municipalities, the stations did their best to accommodate requests, barring construction,
weather, or safety hazards. For the additional observed counties, observed municipalities
were selected by the research team based on the percent of stops generally, and the percent of
stops of minorities in particular.
Data collection training and procedures
Undergraduate research assistants were recruited to serve as observers, whose
primary responsibilities were to collect and enter data assessing roadway usage and traffic
violating behavior. In order to be eligible to participate as a research assistant, undergraduate
students were required to hold a minimum 3.0 GPA, to fill out an initial screening
application, and to complete informal interviews with the project manager after passing the
screening. During these interviews, the project manager explained the purpose of the overall
study to provide the students with an understanding of the importance of the role of the
roadway observations. Applicants that were selected to participate also had to pass the
Pennsylvania State University Institutional Review Board’s human subjects training, which
focuses on the importance of confidentiality and protection of human subjects during the
research process. Furthermore, all participants signed and were required to abide by the
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confidentiality and data integrity standards established in the project’s own confidentiality
agreement. Groups of 6-15 observers were recruited and trained each semester of the
project’s duration, with a total of 50 students participating over the course of 2002 and 2003.
Once students completed the hiring process, two mandatory training sessions were
organized. First, PSP RADAR training instructors at the State Police Training Academy in
Hershey, Pennsylvania spent four classroom hours explaining the philosophy, use, and
limitations of RADAR technology to the team of observers. The PSP instructors then
escorted several cars of observers to the nearby interstate where the observers practiced the
techniques of RADAR learned earlier.
The project manager conducted the second training session, in several small groups,
focusing on the specific procedures and techniques of data collection and data entry. The
first part of this training documented the expectations of the observers before, during, and
after each observation trip. Second, the data collection instruments were described and
reviewed item by item (see Appendix A for the data collection instruments).17 The majority
of this part of the training session focused on the variables captured on the “RADAR
Observation Form.” Examples of each vehicle characteristic were offered, the different
license plates available in Pennsylvania were reviewed, and the logic behind the order of the
variables on the data collection instrument was explained (i.e., they were organized by the
order in which they could usually be seen by observers).
Driver characteristics were reviewed extensively. To minimize error, observers were
trained that both members of the observation team had to agree on the characteristics of the
observed driver, including drivers’ race/ethnicity. Race and ethnicity were captured using

17

The project manager and data manager developed the data collection instruments during three 1-hour pilot
test sessions on the nearby interstate, prior to the training of any undergraduate observers.
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the following categories: White, Black, Hispanic, Asian, Native American, Middle Eastern,
and other minority (Non-White). In cases where observers observed a Black Hispanic driver,
they were trained that the observed driver should be coded based on skin color. If both
observers agreed that the driver was a minority, but could not agree on a specific minority
group, they were trained to record the race as simply “other Non-White.” If the observers
could not agree on the more general White / Non-White dichotomy, or if the driver’s race
was simply not discernible (e.g., tinted windows, sun visors, etc.), they were trained to record
the driver’s race as missing. Throughout the training, it was repeatedly emphasized to
observers that missing data (on many items) was to be expected, and that they should always
be confident in what was recorded; if they were not, they were trained to record the values
for that variable(s) as missing.
Following the description of the data collection instrument, each group of observers
practiced on the interstate, demonstrating their comprehension of the data collection process
by showing that they could:





plug in & test the RADAR set before starting,
call out data to observation partner while running RADAR,
call out data in order that it is on data sheet (less chance for error in recording
data), and
appropriately record data on the data collection instrument.

Each observer practiced calling out data and using RADAR with a minimum of 20
vehicles (some observers were more quickly adept at the data collection process than others).
Each observer also practiced recording data (with the appropriate abbreviations) and agreeing
on race, again with a minimum of 20 vehicles. All observers were evaluated in terms of their
positioning and general use of RADAR, their ability to identify “good” RADAR situations
(as defined by the PSP training personnel), their order of calling out data, their ability to also

74

look at driver race while recording data, and their ability to accurately record the data.
Following this roadway training, the training session also explained and demonstrated how
the data collected would be entered into Microsoft Excel (for later transfer to SPSS), using
one file for each type of data collected (i.e. one each for roadway usage and speeding
observations).
The typical process of data collection consisted of the individual observation teams
reporting to the host police barracks, being escorted to the pre-selected locations, and then
setting up for data collection. During the data collection period, the two observers parked in
a personal vehicle on the side or in the median of the roadway in order to collect information
about the passing motorists and vehicles. Weather permitting, each day of observation was
scheduled for between 7 and 8 hours of observation, which were divided approximately in
half between observation of just roadway usage, and observation of speeding behavior
(utilizing RADAR). Observers were scheduled for data collection only during daylight hours
and during weather conditions that allowed proper visibility.
Sample
Within each of the originally selected twenty counties, research assistants completed
a total of 10 days of observation (approximately 7-8 hours per day, for a planned total of
about 1,500 hours of observation). Due to weather and daylight constraints, particularly
during the winter months, some observation teams were not able to complete this amount of
data collection. Observations were scheduled to vary by day of the week, time of day, and
month of the year to allow for the possibility of variation in traffic patterns associated with
day, time, and season. The observations conducted in the additional seven counties were
scheduled for two consecutive 8-hour days in June 2003; therefore, these counties have
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smaller numbers of cases and do not have the same seasonal variation that the original
sample of 20 counties offers.
Tables A.1 – A.21 in Appendix B document the data collected in each of the 27
sampled counties. As shown in Appendix B, each county’s table lists the following specific
information for each of the municipalities that was observed:









the municipality name,
each municipality’s percent of PSP stops (during Year 1 of stop data collection,
May 2002-April 2003) in that county,
the dates of each of the county’s observation sessions,
the road type on which observation was conducted,
the speed limit in which observation was conducted,
the total number of vehicles and hours observed during each day of observation,
the average number of vehicles observed per hour,
and the percentage of the total number of vehicles for which speeding behavior
was measured with RADAR.

Overall, across the 27 sampled counties, a total of 1577.5 hours of observation was
conducted in 226 locations distributed across 148 municipalities. With few exceptions (e.g.,
weather, construction, or other safety hazards), municipalities selected for observation
corresponded well to municipalities with the greatest amounts of PSP traffic enforcement
activity in the select counties. Across the state, observations were made of 161,169 noncommercial vehicles between February 2002 and June 2003, of which observers captured
drivers’ speeding behavior with RADAR 41.4% of the time (n=66,741). Within this subset
of observations, 6.5% (n=4,328) were missing information for at least one driver or vehicle
characteristic. Over 40% of the cases with incomplete data were missing information
regarding driver race (n=1,800, 2.7% of the full dataset) and one-third of those cases were
also missing driver age and sex. Because the primary focus of this research is to examine the
impact of driver demographic characteristics on speeding behavior and information regarding
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the vehicle may also be an important predictor of the dependent variable, all variables with
missing data have been excluded from the multivariate analyses of speeding behavior that
follow in Chapter 6.18 Therefore, those analyses are based on 62,413 observations in 140
municipalities. Descriptive statistics for this subsample of speeding observations are
provided in Chapter 6.
Strengths and Limitations
The data utilized in this study have a number of strengths in comparison to prior
research. First, the approach of directly observing behavior in natural settings allows for the
unobtrusive collection of data on drivers’ offending behavior, minimizing the welldocumented biases associated with official data collection and self-report methods (see
Biderman & Lynch, 1991). Furthermore, this method allows for the collection of data on
offenders’ demographic characteristics for a much larger portion of the population than
traditional self-report studies.
Second, the sampling procedures implemented to represent statewide travel patterns
produce greater external reliability in terms of geography and road types than in the previous
studies of this kind, which were often limited to only sections of interstates. Third, the yearlong data collection and repeated observations in sampled counties also increases external
validity in terms of seasonal variation, as most previous observational studies were limited to
data collection periods of only a few weeks or months (Lamberth, 1994, 1996; Lange et al.,
2005; Smith et al., 2003; The Alpert Group, 2004; for exception, see Farrell et al., 2003).

18

Other than race/ethnicity, variables missing information for 1.0% or more of the cases include: driver age
(1.6%), driver gender (1.6%), passengers in vehicle (1.3%), and state of vehicle license plate (2.7%). Because
missing data is not randomly missing, there is no indication that any type of imputation method would be
reliable. Additionally, the statistical software used for these analyses (HLM, discussed in more detail in
Chapter 5) cannot handle missing data. Therefore, the exclusion of these cases was necessary.
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Similarly, the length of the data collection period provided for observations to be varied by
weekday and weekend, as well as staggered starting times, allowing for the possibility that
the demographics of the driving population might differ by day of week and time of day.
Nevertheless, several limitations should be noted. A general limitation of traffic
surveys that rely on the use of RADAR for speed detection may be that its use could slow
down the speed of passing traffic (see Smith et al., 2003). Proponents of this approach,
however, suggest that that the effect of observers’ use of RADAR on traffic should be
comparable to the effect of official use of RADAR on driver behavior (Lange et al., 2001;
Engel & Calnon, 2004b). Furthermore, research sponsored by the National Highway Traffic
Safety Administration indicates that only a small percentage of drivers (4%) use radar
detectors regularly (Royal, 2003).
How often drivers’ characteristics can be determined in stationary locations using
RADAR is an empirical question that has not been addressed. As noted above, training
sessions conducted prior to observers’ participation in the study indicated that observers can
determine the driver’s race in good weather, during daylight hours, and when RADAR is
conducted in locations with clear visibility to the roadway.19 Therefore, if the goal of the
research is to determine drivers’ risk of being stopped for speeding, observers using RADAR
in stationary vehicles may be a stronger method than observers in moving vehicles, or
strategically placed video cameras.
Finally, it was practically and financially implausible to observe all counties across
Pennsylvania or all roadways within each of the 27 sampled counties. Again, counties were

19

The research team also learned what troopers have argued all along – that the initial decision to stop a car for
a speeding infraction cannot be based on characteristics of the driver alone. Observers (and troopers) are
trained to identify a car and determine the speed of that car. It is only after a vehicle’s speed has been
determined and it passes the stationary vehicle using RADAR that drivers’ characteristics can be determined.
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sampled based on the likelihood of the largest discrepancies between residential and driving
populations as well as general roadway usage and roadway usage by minorities in particular.
It is possible that the sampling procedure could affect the results of the multivariate analyses
if the seven variables on which the counties were sampled are related to driving behavior. In
order to examine this possibility, later multivariate analyses incorporate individual counties’
factor scores as a control variable. Within the sampled counties, observation sessions were
concentrated on segments of roadways that generated the most traffic stop activity.
Therefore, the roadway observations should not be considered a direct measure of who is
using the roadways in each county, but rather who is using the roadways in areas where they
are most likely to come to police attention. Thus, the county averages of driver
characteristics are only estimates of the county driving population at the highest risk of police
detection and do not include all possible roadways on which traffic stops may have occurred.
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CHAPTER 5: METHODS
This chapter is organized in three sections. First, the creation of the dependent and
independent measures is explained. Table 5.1 presents descriptive statistics for each of these
variables. Second, this chapter details the hierarchical nonlinear modeling techniques used to
estimate the dichotomous dependent variables. Finally, the strengths and limitations of the
measures and analytical strategy are discussed.
MEASURES
Table 5.1 below displays the descriptive statistics for all the dependent and
independent variables described below.
Dependent Variables
Although a number of different driving behaviors are illegal, this study focuses on the
dependent variable—speeding—for several reasons. First, national survey data reveals that
people have consistently reported speeding as the most frequent reason for which they are
stopped by police (Boyle et al., 1998; Langan et al., 2001; Durose et al., 2005, 2007).
Second, in terms of methodological considerations, the use of RADAR technology allows
speeding to be measured more reliably and objectively than many other illegal driving
behaviors. Finally, for many police agencies, particularly large state police departments and
highway patrols, the most common offense for which traffic stops are made is speeding.
Indeed, for the initial year-long period of traffic stop data collection simultaneously
occurring during the observation data collection, the Pennsylvania State Police identified
speeding as the reason for the stop in 75 percent of all traffic stops (Engel et al., 2004).
Therefore, as a practical consideration, a survey of speeding behavior is probably the most
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appropriate type of benchmark data to be collected when the research goal is a comparison to
the agency’s traffic stops (Engel & Calnon, 2004b).
The dependent variable is operationalized in two ways. First, speeding is explored as
a continuous measure of amount over the limit. Nearly 23% of all observed vehicles were
traveling at or below the speed limit. Therefore, the distribution of this variable originally
included negative values and had a mean amount over the limit of 5.43 mph. For the purpose
of this analysis, the vehicles not speeding (i.e., negative values) were recoded as zero’s. The
recoded amount over the limit variable has a distribution that is highly skewed. As shown in
Table 5.1, the mean and standard deviation of this variable are nearly equivalent. As a result,
the use of a normal distribution is inappropriate because highly skewed distributions violate
the normality (homeskedasticity) assumption of OLS regression. As will be described later, a
Poisson distribution with log link function is utilized to adjust for this skewness problem.
Once this variable is recoded, observed vehicles averaged speeds approximately 6.2 mph
over the speed limit.
Second, speeding is examined as a series of dichotomous variables representing
whether the driver was observed for exceeding the posted speed limit by 1) at least five miles
per hour (mph), 2) at least 10 mph, 3) at least 15 mph, 4) at least 20 mph, and 5) at least 25
mph. Using a series of dichotomous variables allows for an examination of the influence of
predictor variables across different degrees of speeding severity. As shown in Table 5.1,
slightly over half of all observed drivers were speeding at least five mph over the limit. The
percentage of speeding drivers decline considerably as speeding becomes more serious.
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Table 5.1. Descriptive Statistics for Observations of Speeding (n=62,413)
Mean
Dependent Variables
Amount over limit
Speeding at ≥5 mph over
Speeding at ≥10 mph over
Speeding at ≥15 mph over
Speeding at ≥20 mph over
Speeding at ≥25 mph over
Independent Variables
Level 1 Variables (observation)
Driver Male
Driver Black
Driver Non-White
Driver 25 or under
Passengers
PA License Plate
Sports Car
Vehicle Red
Rush Hour
Weekday
Interstate Highway
Speed Limit 65mph

Standard
Deviation

Minimum

Maximum

6.178
.535
.255
.097
.027
.006

5.792
.499
.436
.295
.162
.078

0
0
0
0
0
0

63
1
1
1
1
1

.667
.035
.066
.120
.413
.748
.077
.169
.225
.608
.582
.358

.471
.184
.247
.325
.492
.434
.266
.375
.418
.488
.493
.479

0
0
0
0
0
0
0
0
0
0
0
0

1
1
1
1
1
1
1
1
1
1
1
1

Level 2 Variables (municipality, n=140)
Munic number of observed vehicles
445.807
262.003
50.0
1492.0
Munic mean % observed young drivers
11.745
4.176
3.4
23.3
Munic mean amount over limit for PSP
19.107
2.632
12.8
26.9
speeding stops
_________________________________________________________________________________

Independent Variables
The independent variables can be categorized according to driver characteristics,
vehicle characteristics, situational characteristics, and municipality characteristics. To
accurately assess the relationship between driver demographics and speeding behavior, other
potential explanatory factors must be considered. The remaining independent variables are
included in the analysis to explore the influence of possible alternative explanations or
because empirical evidence has previously demonstrated important relationships.
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Driver Characteristics
The demographic characteristics of observed drivers represent the key independent
variables of interest. Driver gender is coded as a dichotomous variable (male=1). Driver
age, an important intervening variable since much research links age and violating behavior,
is operationalized as a dichotomous variable, representing whether the driver was perceived
to be 25 or under. Driver race is coded as two dichotomous variables with Black as 1 and
Non-White as 1. The Non-White category includes the following specific minority groups:
Black, Hispanic, Native American, Asian or Pacific Islander, Middle Eastern, and other.20
As shown in Table 5.1, the majority of observed drivers were male, over 25, and White.
Vehicle Characteristics
The presence of passengers in a vehicle was coded as a simple dichotomy (Yes=1).
Whether the vehicle displayed a Pennsylvania license plate is also coded as a dichotomous
variable (PA=1). In addition, the type of vehicle and vehicle color are measured as
dichotomous variables, comparing sports cars to all other vehicles (sports car=1) and red
vehicles to all other colors (red=1). As shown in Table 5.1, the majority of vehicles
displayed a Pennsylvania license plate, while approximately 40 percent had passengers.
Only eight percent of the observed vehicles were sports cars, and 17 percent were red in
color.
Situational Characteristics
The time of the observation is measured as a dichotomous variable comparing
morning and evening rush hour time blocks to the rest of the day (rush hour=1). Whether the
20

Although observers, when possible, did capture these more specific racial categories during their
observations, the most reliable measures of observation are based on White / Black and White / non-White
dichotomies. As previously noted, observers were trained to identify drivers as “non-White” if they were
certain the driver was of some racial or ethnic minority group (i.e., not White), but were unclear or could not
agree on the precise racial/ethnic group classification.
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observation occurred on a weekday or during the weekend is measured as a dichotomous
variable, with weekday (Monday through Friday) =1. The type of road on which the
observation occurred is coded as a dichotomous variable: interstate=1, which is compared to
state, county, or local roads. Finally, speed limit is measured as a dichotomous variable with
65 miles per hour compared to all lower speed limits. As shown in Table 5.1, most observed
vehicles were traveling not during rush hours, on weekdays, and on interstate highways.
About 36 percent of vehicles were observed in a 65 mph speed limit.
Municipality Characteristics
Finally, the influence of contextual factors on drivers’ speeding behavior is explored.
First, the study controls for the number of observed vehicles in each municipality. The
average number of vehicles observed per municipality was approximately 446, with a large
range from 50 to 1,492 vehicles. Second, the impact of the municipality average percent of
young drivers is examined, based on the hypothesis that the demographic characteristics of
the observed driving population might impact speeding behavior in that municipality. The
average percent of young drivers observed per municipality was 11.7. Finally, the study
explores whether drivers’ speeding behavior may be influenced by the police enforcement
behavior in individual municipalities. Therefore, a final predictor variable—the mean
amount over the limit for PSP speeding stops within the municipality—is included. This
variable is created from the PSP officer-collected traffic stop data that occurred
simultaneously with the collection of observation data (see Engel et al., 2004). When PSP
troopers stopped drivers for speeding offenses, they also recorded the amount over the posted
limit at which the driver was speeding. The continuous measure of amount over the limit for
PSP stops represents the municipality average for speeding stops. If drivers are aware of
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local "speeding thresholds" (i.e. the amount over the speed limit at which police typically
issue citations for speeding), then speeding behavior may be predicted by that the
municipality average amount over the limit. As shown in Table 5.1, the municipality average
amount over the speed limit for which PSP troopers initiated speeding stops was 19.1, but the
range for these informal speeding thresholds varied from a low of 12.8 to a high of 26.9.
Higher average amounts for PSP speeding stops represent a less strict speeding threshold,
while lower amounts indicate more stringent control of speeding behavior.
ANALYTICAL STRATEGY
The observation data collected in this study are hierarchical in nature, nested within
two levels. The first level is that of the observation, of which there are 62,413 cases. The
second level includes 140 municipalities within which the observation sessions were
conducted. Given the hierarchical structure of these data, ordinary regression techniques are
not appropriate. That is, the addition of measures at more than one level of aggregation
introduces a statistical dilemma. Specifically, regression residuals for the level 1 cases
(observations) within the same level 2 unit (municipalities) may be correlated, which violates
the assumption of independence that underlies most ordinary regression techniques. The
implications of violating this assumption are substantial, as dependence can lead to
inefficient estimates and biased test statistics, making the analyses appear to have more
power than they do (Guo & Zhao, 2000; Raudenbush & Bryk, 2002).
Hierarchical linear modeling (HLM) is a modeling procedure that can overcome this
statistical dilemma. HLM includes an additional error term, Ui, that reflects the extra
variation common to all level 1 cases within the level 2 unit, so the level 1 error term (Rij)
can be independent. That is, HLM explicitly models the dependence of the residuals through
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this error term. In addition to allowing for the random variation in the dependent variable,
this statistical technique also partitions the total variance into within and between
components, which allows for measurement of contextual effects (Raudenbush & Bryk,
2002). More specifically, the 2 level HLM models to be estimated in this study divide the
total variability in the dependent variables into two components: 1) σ2, the proportion of
variance across level 1 cases (observations), and 2) tau, the proportion of variance between
level 2 cases (municipalities).
In Chapter 6, a two-level HLM model with the Poisson distribution is used to
estimate the amount over limit dependent variable, which is, as described above, highly
skewed. In order to estimate the dichotomous speeding dependent variables (over10, over15,
etc.), a nonlinear model was required. The predicted value of binary outcome variables is
constrained to be one of two values, either 0 or 1, which prohibits a normal distribution. For
analyses examining only one level of data, logistic regression, which estimates the
probability of the occurrence of the dependent variable, is appropriate for such restrictions on
the value of Y (Liao, 1994). Analyses that include data at more than one level of aggregation
utilize HLM, but with binary outcome variables cannot rely on a standard level 1 model
because it assumes a linear model and normally distributed errors at level 1, once the
additional error term is included (Raudenbush & Bryk, 2002). To account for these
characteristics of the dependent variables, a nonlinear form of hierarchical modeling is used.
Binary outcome models use a binomial sampling model with a Bernoulli distribution, as
opposed to a normal sampling model, and a logit link instead of an identity link (Guo &
Zhao, 2000; Raudenbush & Bryk, 2002). Both standard and hierarchical nonlinear models
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produce the predicted log-odds of the outcome variable, which can be transformed through
exponentiation into the odds or probability of Y.
STRENGTHS AND LIMITATIONS
The measures and analytical strategy utilized in this study have a number of strengths
and limitations that are important to note. First, capturing speeding behavior with the actual
miles per hour over the limit is a particularly strong methodology because it allows for the
examination of differences in severity of offending that previous dichotomous measures of
“speeding/not speeding” did not. Second, the methodology the observation teams utilized for
assessing violating behavior replicates actual PSP tactics for apprehending speeding drivers.
Unlike previous data collection efforts that used photography or observers traveling in
moving traffic, the location and visibility of observers in this study allowed for data
collection in conditions that are similar to what PSP Troopers actually experience.
The most important limitations of the methodology surround the observers’
categorization of drivers’ demographic characteristics. Observers’ subjective assessments
may inaccurately categorize drivers, particularly when assessing drivers’ race and/or
ethnicity. The possibility that some minority drivers were incorrectly classified by observers
as White, is particularly likely in the case of the identification of Hispanic drivers during
roadway observations. Other observational and traffic studies have reported the difficulties
associated with the observation of Hispanics, particularly with reliably distinguishing
Hispanics from White drivers (Eck et al., 2003; Farrell et al., 2003; Lange et al., 2001, 2005;
Smith & DeFrances, 2003; Smith et al., 2003; The Alpert Group, 2004). In New Jersey,
Lange et al. (2001, 2005) were able to compare the percentages of Turnpike drivers identified
as Hispanic by observers (The Speed Survey) with the percentages of those drivers who self-
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reported Hispanic ethnicity (The Tollbooth Survey). Only 4.8 percent of drivers were
identified by observers as Hispanic, compared to 14.2 percent in the self-report survey.
Similar differences between the Black and White populations of the two surveys were not
found. Unfortunately, it is not possible to directly assess the incorrect classification of
Hispanics in our roadway survey. It is one of the limitations of this type of benchmark data
collection. To be cautious with the findings, analyses based specifically on observations of
Hispanic drivers are not presented. Drivers coded as Hispanic by observers are included in
the overall non-White category of drivers.
In order to minimize the possibility of inaccurate racial categorization in this data
collection effort, observers were trained that both members of an observation team had to
agree on drivers’ characteristics or record the information as missing data. Observers were
trained that when a driver’s race/ethnicity was identifiable as “minority” or “not White” but a
more specific racial/ethnic category was not determinable, the race/ethnicity of the driver
should be recorded as non-White. Zatz (2000) argued that studies of racial differences that
only examine White-Black or White-Nonwhite differences might be oversimplifying the
influence of race. With this in mind, the data collection instrument (see Appendix A) was
created to include several specific minority groups: White, Black, Native American, Asian or
Pacific Islander, Hispanic, Middle Eastern, other minority, and unknown. Although
observers, when possible, did capture these more specific racial categories during their
observations, the most reliable measures of observation are based on White / Black and
White / non-White dichotomies. While these data collection procedures ensure that the
overall minority group classification is as reliable as possible, it increases the likelihood of
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underestimating particular minority groups (e.g. Hispanic, Asian, etc.) by including them in
the non-White group, but not identifying them more specifically.
In addition to the limitations of racial/ethnic identification of drivers, the measure of
drivers' age as a dichotomy of 25 years old or younger versus 26 years or older is rather
crude. Although a dichotomous measure for age provides less precision, it is likely to have
more validity compared to a measure with more discrete categories. Nevertheless,
observation of drivers' age for this dichotomy is somewhat subjective, particularly for drivers
who are in their mid-20s. Other observational studies have suffered from the same
difficulties in categorizing driver age. Lange et al. (2005) originally started with three
categories of driver age: younger than 25, 25-45, and older than 45 years. Facing serious
problems with interrater reliability among the two younger age categories, they recategorized
to a less precise, but more reliable, dichotomous variable (45 and younger vs. older than 45).
As is the case with race and ethnicity, the possible inaccurate classification of age is
one of the limitations of roadway observations and the amount of inaccuracy in
classifications cannot be determined. Unfortunately, the reliability and validity of observers’
identification of drivers’ demographic characteristics is a weakness of all data collection
efforts of this type.
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CHAPTER 6: RESULTS
This chapter presents the results of bivariate and multivariate analyses of drivers’
speeding behavior in Pennsylvania. First, this chapter examines bivariate differences in
speeding behavior by gender, age, and race. Specifically, Tables 6.1 - 6.27 present the
results of bivariate crosstabulation analyses examining speeding behavior by driver
demographic characteristics for each of the observed counties; the same relationships are
presented at the state-level in Table 6.28. Second, multivariate analyses addressing the
study’s main research questions are presented in Tables 6.29 – 6.40. Specifically,
hierarchical Poisson and logistic two-level models examine the influence of drivers’
demographic characteristics, as well as vehicle, situational, and municipality characteristics,
on observed speeding behavior. A detailed discussion of the results presented in this chapter
and the implications of these findings are addressed in the concluding chapter.
BIVARIATE RELATIONSHIPS
Zero order correlations were computed for all variables to determine their relationship
to one another at the bivariate level. The bivariate correlation matrices for Level 1 and Level
2 variables are presented in Table A.22 in Appendix B.
County Level Crosstabulations of Demographic Differences in Speeding
The tables below document the bivariate relationships between driver demographic
characteristics and speeding in each of the 27 sampled counties. Within each county, the
table lists the following information:




the number of drivers within each demographic category (i.e., gender, age, and race),
the percent of missing data for each demographic characteristic (i.e., the percent of all
RADAR data collection for which observers were not able to capture one or more
characteristics of the driver), and
the percentage of each demographic category observed to be speeding at 5, 10, 15,
and 20 mph over the posted speed limit.
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Table 6.1 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in Allegheny County. The data from Allegheny County
suggest no significant gender differences in observed speeding behavior. Age differences,
however, are strong and statistically significant for each operationalization of speeding. The
effects of age on speeding behavior are stronger at higher speeds. Drivers identified as 25
years or younger are about 1.1, 1.2, 1.5, and 2.1 times more likely than drivers over 25 to
exceed the speed limit by 5, 10, 15, and 20 miles per hour, respectively. There are no
statistically significant racial differences in observed speeding behavior in Allegheny
County.
Table 6.1 Speeding in Allegheny County by Driver Characteristics (n=3,849)
Driver
Characteristics
Female
Male

# of
drivers
1,170
2,632

%
Missing1
1.2

% over
5 mph
70.9
71.7

% over
10 mph
45.6
44.0

% over
15 mph
21.0
21.2

25 years old or under
Over 25 years old

339
3,455

1.4

78.8**
70.8

52.5**
43.8

30.1***
20.3

White
Non-White

3,559
201

2.3

71.0
76.1

44.5
44.3

21.4
16.4

% over
20 mph
6.1
6.5
12.1***
5.8
6.4
6.0

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001

Table 6.2 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in Bedford County. The data from Bedford County suggest
no significant gender differences in observed speeding behavior. Age differences, however,
are strong and statistically significant for three of the four operationalizations of speeding.
The effects of age on speeding behavior are stronger at higher speeds in Bedford County.
Drivers identified as 25 years or younger are about 1.3, 1.7, and 2.5 times more likely than
drivers over 25 to exceed the speed limit by 10, 15, and 20 miles per hour, respectively.
Statistically significant differences by race are evident for observed speeding behavior in
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Bedford County and the effects of race on speeding behavior are stronger at higher amounts
over the limit. Drivers identified as non-White are about 1.1, 1.5, 1.8,and 2.3 times more
likely than white drivers to exceed the speed limit by 5, 10, 15, and 20 miles per hour,
respectively.
Table 6.2 Speeding in Bedford County by Driver Characteristics (n=1,323)
Driver
Characteristics
Female
Male

# of
drivers
417
906

%
Missing1
1.2

% over
5 mph
83.5
82.5

% over
10 mph
54.2
54.4

% over
15 mph
26.6
28.3

% over
20 mph
9.6
10.5

25 years old or under
Over 25 years old

1,100
218

1.6

84.9
82.3

65.1***
52.1

42.7***
24.8

20.6***
8.1

White
Non-White

1,115
203

1.6

81.3***
90.6

50.8***
73.4

24.8***
44.3

8.5***
19.2

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001

Table 6.3 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in Bucks County. The data from Bucks County suggest no
significant gender differences in observed speeding behavior. Age differences, for the most
part, are statistically significant. Drivers identified as 25 years or younger are about 1.2, 1.4,
and 1.9 times more likely to exceed the speed limit by 5, 10, and 15 miles per hour,
respectively, compared to drivers identified as over 25 years old. Therefore, the effects of
age on speeding behavior are somewhat stronger for more serious speeding. Although there
is a difference of nearly six percentage points between younger and older drivers at 20 mph
over the limit, the difference does not reach statistical significance. Statistically significant
differences by race are evident for observed speeding behavior in Bucks County, particularly
at higher amounts over the limit. Racial differences in speeding at 5 mph over the limit are
not as strong and do not reach statistical significance. In contrast, drivers identified as nonWhite are approximately 1.2, 1.5, and 2.1 times more likely than white drivers are to exceed
the speed limit by 10, 15, and 20 miles per hour, respectively.
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Table 6.3 Speeding in Bucks County by Driver Characteristics (n=4,063)
Driver
Characteristics

# of
drivers

%
Missing1

% over
5 mph

% over
10 mph

% over
15 mph

% over
20 mph

Female
Male

1,328
2,653

2.0

63.3
65.6

35.1
35.5

13.9
13.9

3.8
4.2

25 years old or under
Over 25 years old

471
3,513

1.9

73.2***
63.8

47.3***
33.8

23.8***
12.6

9.1
3.4

White
Non-White

3,446
496

3.0

64.3
68.8

34.4**
40.3

13.1***
19.4

3.5***
7.3

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001

Table 6.4 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in Centre County. These data suggest only slight statistically
significant gender differences in observed speeding behavior. Men are 1.3 times more likely
to speed 10 miles per hour over the speed limit than women are. Age differences in Centre
County are strong and statistically significant for all measurements of speeding. Drivers
identified as 25 years or younger are about 1.2, 1.6, 2.8, and 4.2 times more likely than
drivers over 25 to exceed the speed limit by 5, 10, 15, and 20 miles per hour, respectively.
Again, the effects of age on speeding behavior are stronger at higher amounts over the limit.
Finally, there are no statistically significant racial differences in observed speeding behavior
in Centre County.
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Table 6.4 Speeding in Centre County by Driver Characteristics (n=2,429)
Driver
Characteristics
Female
Male

# of
drivers
772
1,628

%
Missing1
1.2

% over
5 mph
45.6
49.3

% over
10 mph
13.3**
17.6

25 years old or under
Over 25 years old

310
2,101

0.7

55.8**
47.0

23.9***
15.1

White
Non-White

2,326
78

1.0

48.2
47.4

16.3
17.9

% over
15 mph
4.0
5.2

% over
20 mph
0.9
1.7

11.0***
4.0

4.2***
1.0

4.8
7.7

1.4
1.3

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001

Table 6.5 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in Chester County. These data suggest no significant gender
differences in observed speeding behavior. Age differences, however, are statistically
significant and stronger for higher amounts over the limit. Drivers identified as 25 years or
younger are about 1.2, 1.6, 2.4, and 3.6 times more likely than drivers over 25 to exceed the
speed limit by 5, 10, 15, and 20 miles per hour, respectively. There is only one significant
racial difference in observed speeding behavior in Chester County; non-Whites are about 1.2
times more likely to exceed the speed limit by 10 miles per hour than whites.
Table 6.5 Speeding in Chester County by Driver Characteristics (n=2,636)
Driver
Characteristics
Female
Male

# of
drivers
1,012
1,594

%
Missing1
1.1

% over
5 mph
64.6
63.2

% over
10 mph
33.9
33.4

% over
15 mph
13.6
13.4

25 years old or under
Over 25 years old

281
2,320

1.3

72.6***
62.6

50.9***
31.3

27.8***
11.7

White
Non-White

2,371
205

2.3

63.6
66.8

32.8*
40.0

13.0
17.6

% over
20 mph
4.1
4.3
11.4***
3.2
4.0
4.9

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001

Table 6.6 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in Clarion County. These data suggest that significant gender
differences in observed speeding behavior are only evident at the highest amount over the
limit. That is, men are approximately 20 times more likely to speed 20 mph over the limit
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than women are. Age differences are statistically significant and stronger as the amount over
the limit increases. Drivers identified as 25 years or younger are about 2.0, 2.3, and 4.2 times
more likely than drivers over 25 are to exceed the speed limit by 10, 15, and 20 miles per
hour, respectively. Statistically significant race differences are also noted. Drivers identified
as non-White in Clarion County are about 1.3, 2.0, and 2.5 times more likely than White
drivers are to exceed the speed limit by 5, 10, and 15 miles per hour, respectively.
Table 6.6 Speeding in Clarion County by Driver Characteristics (n=931)
Driver
Characteristics
Female
Male

# of
drivers
295
636

%
Missing1
3.5

% over
5 mph
57.3
53.9

% over
10 mph
20.3
19.7

% over
15 mph
3.1
5.2

% over
20 mph
0.0*
2.0

25 years old or under
Over 25 years old

108
823

3.5

61.1
54.4

36.1***
17.9

9.3*
4.0

4.6**
1.1

White
Non-White

791
121

5.5

53.2**
66.9

17.7***
34.7

3.9**
9.9

1.3
3.3

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001

Table 6.7 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in Clinton County. These data suggest no significant gender
differences in observed speeding behavior. Age differences are statistically significant and
stronger as the amount over the limit increases. Drivers identified as 25 years or younger are
about 1.4, 2.1, and 2.6 times more likely than drivers over 25 are to exceed the speed limit by
5, 10, and 15 miles per hour, respectively. Race differences are also statistically significant
in Clinton County. Drivers identified as non-White are about 1.3, 2.0, and 2.2 times more
likely than White drivers are to exceed the speed limit by 5, 10, and 15 miles per hour,
respectively.
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Table 6.7 Speeding in Clinton County by Driver Characteristics (n=1,004)
Driver
Characteristics
Female
Male

# of
drivers
323
681

%
Missing1
3.6

% over
5 mph
44.9
48.6

% over
10 mph
16.7
17.5

% over
15 mph
5.3
6.0

% over
20 mph
1.2
0.9

25 years old or under
Over 25 years old

128
864

4.7

61.7***
45.4

32.0***
15.2

12.5***
4.9

2.3
0.8

White
Non-White

806
171

6.2

44.8***
60.2

14.8***
29.2

4.7**
10.5

0.9
1.8

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001

Table 6.8 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in Columbia County. These data suggest no significant
gender differences in observed speeding behavior. Age differences are statistically
significant and stronger as the amount over the limit increases. Drivers identified as 25 years
or younger are about 1.3, 2.4, 3.8, and 5.0 times more likely than drivers over 25 to exceed
the speed limit by 5, 10, 15, and 20 miles per hour, respectively. There are also racial
differences in observed speeding behavior in Columbia County, but the differences only
reach statistical significance for 10 and 15 miles per hour over the limit. Non-Whites are 1.8
and 2.1 times more likely than White drivers are to exceed the speed limit by 10 and 15 miles
per hour, respectively.
Table 6.8 Speeding in Columbia County by Driver Characteristics (n=2,958)
Driver
Characteristics
Female
Male

# of
drivers
947
1,971

%
Missing1
1.4

% over
5 mph
44.9
45.4

% over
10 mph
14.1
13.5

% over
15 mph
3.5
3.8

25 years old or under
Over 25 years old

313
2,585

2.0

57.8***
43.6

28.4***
11.9

10.9***
2.9

White
Non-White

2,762
138

2.0

44.8
52.9

13.1***
23.9

3.5*
7.2

% over
20 mph
1.1
1.1
3.5***
0.7
1.0
1.4

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001

Table 6.9 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in Dauphin County. These data suggest no significant gender
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differences in observed speeding behavior. Age differences are statistically significant and
stronger as the amount over the limit increases. Drivers identified as 25 years or younger are
about 1.3, 1.7, 2.3, and 3.2 times more likely than drivers over 25 to exceed the speed limit
by 5, 10, 15, and 20 miles per hour, respectively. There are also racial differences in
observed speeding behavior in Dauphin County, but the differences only reach statistical
significance for 15 miles per hour. Non-Whites are 1.9 times more likely than White drivers
are to exceed the speed limit by 15 miles per hour.
Table 6.9 Speeding in Dauphin County by Driver Characteristics (n=2,374)
Driver
Characteristics
Female
Male

# of
drivers
724
1,650

%
Missing1
0.9

% over
5 mph
49.7
52.5

% over
10 mph
22.4
25.2

% over
15 mph
10.2
8.4

% over
20 mph
2.6
2.2

25 years old or under
Over 25 years old

277
2,096

0.9

63.2***
50.1

38.3***
22.5

18.4***
7.9

5.8***
1.8

White
Non-White

2,263
99

1.4

51.2
57.6

23.8
32.3

8.7*
16.2

2.1
5.1

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001

Table 6.10 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in Delaware County. These data do show small, but
statistically significant, gender differences in observed speeding behavior. Men are 1.1, 1.1,
and 1.3 times more likely than women are to exceed the speed limit by 5, 10, and 15 miles
per hour, respectively. Age differences are statistically significant and stronger as the
amount over the limit increases. Drivers identified as 25 years or younger are about 1.1, 1.4,
1.8, and 2.5 times more likely than drivers over 25 to exceed the speed limit by 5, 10, 15, and
20 miles per hour, respectively. There are also significant racial differences; non-Whites are
about 1.2, 1.5, 1.9, and 1.8 times more likely than White drivers to exceed the speed limit by
5, 10, 15, and 20 miles per hour, respectively.
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Table 6.10 Speeding in Delaware County by Driver Characteristics (n=3,181)
Driver
Characteristics
Female
Male

# of
drivers
1,172
1,929

%
Missing1
2.5

% over
5 mph
65.6***
71.6

% over
10 mph
35.5**
40.3

% over
15 mph
11.9*
15.0

% over
20 mph
2.9
3.7

25 years old or under
Over 25 years old

328
2,789

2.0

76.5**
68.4

53.0***
36.7

22.9***
12.8

7.3***
2.9

White
Non-White

2,571
429

5.7

66.7***
80.2

35.4***
52.9

12.1***
22.6

3.0*
5.4

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001

Table 6.11 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in Erie County. These data suggest slight gender differences
in observed speeding behavior. In Erie County, men are significantly more likely than
women are to exceed the speed limit by 10 or more miles per hour. Age differences are
statistically significant and stronger as the amount over the limit increases. Drivers identified
as 25 years or younger are about 1.4, 2.1, 3.2, and 22.0 times more likely than drivers over 25
to exceed the speed limit by 5, 10, 15, and 20 miles per hour, respectively. There are no
significant racial differences in observed speeding behavior in Erie County. This may
partially be a result of the small percentage of non-Whites that were observed.
Table 6.11 Speeding in Erie County by Driver Characteristics (n=2,974)
Driver
Characteristics
Female
Male

# of
drivers
1,096
1,830

%
Missing1
1.6

% over
5 mph
26.1
27.8

25 years old or under
Over 25 years old

404
2,537

1.1

35.1***
25.7

White
Non-White

2,882
55

1.2

27.1
23.6

% over
10 mph
5.6*
7.7
12.4***
6.0
6.8
5.5

% over
15 mph
1.2
2.1

% over
20 mph
0.4
0.4

4.2***
1.3

2.2***
0.1

1.7
1.8

0.4
0.0

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001

Table 6.12 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in Franklin County. These data suggest no significant gender
differences in observed speeding behavior. Age differences are statistically significant and
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stronger as the amount over the limit increases. Drivers identified as 25 years or younger are
about 1.4, 1.8, 3.2, and 4.0 times more likely than drivers over 25 to exceed the speed limit
by 5, 10, 15, and 20 miles per hour, respectively. There are no significant racial differences
in observed speeding behavior in Franklin County. Again, this may partially be a result of
the small percentage of non-Whites that were observed.
Table 6.12 Speeding in Franklin County by Driver Characteristics (n=2,871)
Driver
Characteristics
Female
Male

# of
drivers
1,083
1,761

%
Missing1
0.9

% over
5 mph
30.4
30.6

% over
10 mph
10.3
9.8

% over
15 mph
2.2
2.8

% over
20 mph
0.3
0.7

25 years old or under
Over 25 years old

313
2,525

1.2

40.6***
29.1

16.6***
9.1

6.4***
2.0

1.6**
0.4

White
Non-White

2,764
60

1.6

30.2
23.3

10.0
6.7

2.6
0.0

0.5
0.0

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001

Table 6.13 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in Fulton County. These data suggest no significant gender
differences in observed speeding behavior. Age differences are statistically significant and
stronger as the amount over the limit increases. Drivers identified as 25 years or younger are
about 1.3, 1.6, 1.9, and 2.1 times more likely than drivers over 25 to exceed the speed limit
by 5, 10, 15, and 20 miles per hour, respectively. Racial differences are also statistically
significant and are stronger for higher amounts over the limit in Fulton County. Drivers
identified as non-White are about 1.2, 1.5, 1.7,and 2.1 times more likely than White drivers
to exceed the speed limit by 5, 10, 15, and 20 miles per hour, respectively.

99

Table 6.13 Speeding in Fulton County by Driver Characteristics (n=1,304)
Driver
Characteristics
Female
Male

# of
drivers
361
943

%
Missing1
1.5

% over
5 mph
60.9
57.9

% over
10 mph
38.0
35.8

% over
15 mph
17.5
21.3

% over
20 mph
9.7
9.8

25 years old or under
Over 25 years old

200
1,099

1.9

70.5***
56.4

52.0***
33.5

33.0***
17.8

17.5***
8.3

White
Non-White

1,086
206

2.4

56.6***
68.9

33.7***
50.0

18.2***
30.6

8.3***
17.5

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001

Table 6.14 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in Indiana County. These data show some statistically gender
differences in observed speeding behavior. Specifically, men are 1.3 and 1.8 times more
likely than women are to exceed the posted speed limit by 10 and 15 miles per hour,
respectively. Age differences are statistically significant and stronger as the amount over the
limit increases. Drivers identified as 25 years or younger are about 1.5, 2.1, 2.8, and 3.7
times more likely than drivers over 25 to exceed the speed limit by 5, 10, 15, and 20 miles
per hour, respectively. The only significant racial difference in observed speeding behavior
indicates that at the lowest amount over the limit (5 or more miles per hour), non-Whites are
1.4 times more likely to exceed the speed limit than Whites are.
Table 6.14 Speeding in Indiana County by Driver Characteristics (n=2,742)
Driver
Characteristics
Female
Male

# of
drivers
905
1,807

%
Missing1
1.1

% over
5 mph
42.0
44.1

% over
10 mph
16.2**
20.6

25 years old or under
Over 25 years old

311
2,409

0.8

62.7***
40.8

36.0***
17.0

White
Non-White

2,639
51

1.9

42.9*
58.8

19.1
21.6

% over
15 mph
3.6**
6.5

% over
20 mph
1.1
1.9

12.9***
4.6
5.5
5.9

4.8***
1.3
1.7
2.0

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001

Table 6.15 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in Jefferson County. These data suggest no significant
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gender differences in observed speeding behavior. Age differences are statistically
significant and stronger as the amount over the limit increases. Drivers identified as 25 years
or younger in Jefferson County are about 1.3, 1.8, and 2.2 times more likely than drivers over
25 to exceed the speed limit by 5, 10, and 15 miles per hour, respectively. Similarly, race
differences are statistically significant and stronger as the amount over the limit increases.
Drivers identified as non-White are about 1.2, 1.5, 2.8, and 4.0 times more likely than White
drivers to exceed the speed limit by 5, 10, 15, and 20 miles per hour, respectively.
Table 6.15 Speeding in Jefferson County by Driver Characteristics (n=1,105)
Driver
Characteristics
Female
Male

# of
drivers
352
753

%
Missing1
3.1

% over
5 mph
47.4
49.4

% over
10 mph
13.4
15.3

% over
15 mph
3.4
3.6

% over
20 mph
0.3
1.1

25 years old or under
Over 25 years old

149
949

3.7

60.4**
47.1

24.2***
13.2

6.7*
3.1

2.0
0.6

White
Non-White

958
126

4.9

47.3*
58.7

13.6*
20.6

2.8**
7.9

0.6*
2.4

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001

Table 6.16 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in Juniata County. Unlike the trends in most other counties,
the data from Juniata County show significant gender differences in observed speeding
behavior in the opposite direction as is evident in other counties with significant gender
differences. That is, women, not men, are 1.1, 1.3, and 1.7 times more likely to exceed the
speed limit by 5, 10, and 15 miles per hour, respectively. Age differences are statistically
significant and stronger as the amount over the limit increases. Drivers identified as 25 years
or younger are about 1.4, 2.0, 3.3, and 5.5 times more likely than drivers over 25 to exceed
the speed limit by 5, 10, 15, and 20 miles per hour, respectively. There are also significant
racial differences in observed speeding behavior in Juniata County that increase in strength
for more serious speeding. Specifically, non-Whites are 1.3, 2.0, 3.1, and 7.8 times more
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likely than Whites are to exceed the speed limit by 5, 10, 15, and 20 miles per hour,
respectively.
Table 6.16 Speeding in Juniata County by Driver Characteristics (n=2,544)
Driver
Characteristics
Female
Male

# of
drivers
818
1,702

%
Missing1
0.9

% over
5 mph
44.0*
39.4

% over
10 mph
17.4**
13.1

% over
15 mph
5.7**
3.4

% over
20 mph
1.1
1.2

25 years old or under
Over 25 years old

251
2,272

0.8

54.2***
39.5

25.9***
13.2

11.2***
3.4

4.4***
0.8

White
Non-White

2,454
64

1.0

40.7*
54.7

14.2**
28.1

4.0**
12.5

1.0***
7.8

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001

Table 6.17 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in Lackawanna County. These data suggest no significant
gender differences in observed speeding behavior. Age differences are statistically
significant and stronger as the amount over the limit increases. Drivers identified as 25 years
or younger are about 1.1, 1.4, 1.9, and 2.0 times more likely than drivers over 25 to exceed
the speed limit by 5, 10, 15, and 20 miles per hour, respectively. There are also significant
racial differences in observed speeding behavior in Lackawanna County that increase in
strength for more serious speeding. Specifically, non-Whites are 1.4, 1.9, 2.3, and 3.2 times
more likely than Whites to exceed the speed limit by 5, 10, 15, and 20 miles per hour,
respectively.
Table 6.17 Speeding in Lackawanna County by Driver Characteristics (n=4,594)
Driver
Characteristics
Female
Male

# of
drivers
1,380
3,166

%
Missing1
1.1

% over
5 mph
49.9
50.0

% over
10 mph
23.8
24.0

% over
15 mph
8.0
7.6

25 years old or under
Over 25 years old

853
3,687

1.2

54.7**
48.9

30.2***
22.4

12.4***
6.6

3.6**
1.8

White
Non-White

4,211
312

1.6

48.7***
67.6

22.6***
42.3

7.1***
16.3

1.9***
6.1

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001
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% over
20 mph
2.4
2.1

Table 6.18 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in Lehigh County. These data suggest no significant gender
differences in observed speeding behavior. Age differences are statistically significant and
stronger as the amount over the limit increases. Drivers identified as 25 years or younger are
about 1.1, 1.4, 1.6, and 2.4 times more likely than drivers over 25 to exceed the speed limit
by 5, 10, 15, and 20 miles per hour, respectively. There are also significant racial differences
in observed speeding behavior in Lehigh County, as non-Whites are 1.3, 1.4, and 2.3 times
more likely than White drivers to exceed the speed limit by 10, 15, and 20 miles per hour,
respectively.
Table 6.18 Speeding in Lehigh County by Driver Characteristics (n=3,147)
Driver
Characteristics
Female
Male

# of
drivers
1,024
2,038

%
Missing1
2.7

% over
5 mph
72.9
75.3

% over
10 mph
46.2
45.1

% over
15 mph
19.6
19.5

25 years old or under
Over 25 years old

464
2,584

3.2

82.5***
73.0

58.6***
43.0

28.2***
17.8

White
Non-White

2,817
206

3.9

74.0
79.1

44.6**
55.8

19.1*
26.2

% over
20 mph
4.7
4.8
9.5***
3.9
4.4***
10.2

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001

Table 6.19 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in McKean County. These data suggest no significant gender
differences in observed speeding behavior. The effects of age on speeding behavior are only
statistically significant at 5 and 15 mph over the speed limit, as drivers identified as 25 years
or younger are about 1.4 and 1.6 times more likely than drivers over 25 to exceed the speed
limit by 5 and 15 miles per hour, respectively. There are no significant racial differences in
observed speeding behavior in McKean County. This may partially be a result of the very
small number of non-Whites that were observed.
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Table 6.19 Speeding in McKean County by Driver Characteristics (n=2,113)
Driver
Characteristics
Female
Male

# of
drivers
636
1,450

%
Missing1
1.3

% over
5 mph
48.4
44.3

% over
10 mph
25.6
23.0

% over
15 mph
9.9
9.7

% over
20 mph
1.4
2.2

25 years old or under
Over 25 years old

193
1,902

0.9

60.1***
44.0

26.9
23.2

14.5*
9.1

3.1
1.8

White
Non-White

2,074
25

0.2

45.5
44.0

23.8
16.0

9.6
16.0

2.0
0.0

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001

Table 6.20 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in Mercer County. These data suggest no significant gender
differences in observed speeding behavior. The effects of age on speeding behavior are
statistically significant, but only for the lower two amounts over the limit. Specifically,
drivers identified as 25 years or younger are about 1.4 and 2.1 times more likely than drivers
over 25 are to exceed the speed limit by 5 and 10 miles per hour, respectively. There are
significant racial differences in observed speeding behavior in Mercer County that increase in
the strength of the effect with severity of speeding, as non-Whites are 1.2, 1.7, 3.0, and 6.0
times more likely than Whites to exceed the speed limit by 5, 10, 15, and 20 miles per hour,
respectively.
Table 6.20 Speeding in Mercer County by Driver Characteristics (n=3,494)
Driver
Characteristics
Female
Male

# of
drivers
1,018
2,432

%
Missing1
1.3

% over
5 mph
42.5
41.8

% over
10 mph
10.5
9.6

% over
15 mph
2.8
1.9

% over
20 mph
0.3
0.4

25 years old or under
Over 25 years old

398
3,047

1.4

55.3***
40.2

18.1***
8.8

3.3
2.0

0.5
0.4

White
Non-White

3,253
168

2.1

41.4*
51.2

9.7**
16.7

2.0**
6.0

0.3**
1.8

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001

Table 6.21 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in Montgomery County. These data suggest no significant
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gender differences in observed speeding behavior. Age differences are statistically
significant and stronger as the amount over the limit increases. Drivers identified as 25 years
or younger are about 1.1, 1.2, 1.7, 2.1 times more likely than drivers over 25 are to exceed
the speed limit by 5, 10, 15, and 20 miles per hour, respectively. There are no statistically
significant racial differences in observed speeding behavior in Montgomery County.
Table 6.21 Speeding in Montgomery County by Driver Characteristics (n=2,847)
Driver
Characteristics
Female
Male

# of
drivers
817
1,474

%
Missing1
0.9

% over
5 mph
79.4
82.2

% over
10 mph
50.6
53.2

% over
15 mph
21.8
24.0

25 years old or under
Over 25 years old

335
2,486

0.9

88.7***
80.1

62.4***
50.8

36.7***
21.2

White
Non-White

2,523
280

1.5

80.7
84.6

51.8
55.7

22.8
26.8

% over
20 mph
6.3
6.2
11.6***
5.5
6.0
8.9

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001

Table 6.22 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in Montour County. These data suggest no significant gender
differences in observed speeding behavior. Although age differences in speeding behavior
are apparent, there are likely too few cases to detect statistically significant differences. The
main trend of the age-speeding relationship in other counties—younger drivers are more
likely to speed than older drivers—is evident in Montour County even though it does not
reach statistical significance. The effects of race on speeding behavior are consistent, but not
statistically significant for all four amounts over the limit. Drivers identified as non-White
are about 1.3 and 3.4 times more likely than White drivers are to exceed the speed limit by 5
and 15 miles per hour, respectively. The effects of race on speeding 10 and 20 mph over the
limit are in the same direction—non-Whites are more likely than Whites to speed—despite
the lack of statistical significance.
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Table 6.22 Speeding in Montour County by Driver Characteristics (n=733)
Driver
Characteristics
Female
Male

# of
drivers
218
515

%
Missing1
0.5

% over
5 mph
46.3
54.0

% over
10 mph
11.0
13.6

% over
15 mph
2.3
2.9

% over
20 mph
0.5
0.4

25 years old or under
Over 25 years old

88
645

0.5

60.2
50.5

19.3
11.9

3.4
2.6

1.1
0.3

White
Non-White

656
65

2.2

50.3*
64.6

12.2
20.0

2.3*
7.7

0.3
1.5

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001

Table 6.23 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in Susquehanna County. These data suggest some significant
gender differences in observed speeding behavior, at both 5 and 10 mph over the limit. Men
are 1.4 and 2.5 times more likely to speed 5 and 10 mph over the limit than women are.
Strong age differences are not evident in Susquehanna County, as the only statistically
significant difference between drivers identified as 25 years or younger and drivers over 25 is
at 10 mph over the limit, where younger drivers are 2.1 times more likely than older drivers
to exceed the speed limit by 10 miles per hour. Statistically significant race differences are
also not evident in Susquehanna County, although non-Whites are more than 2 times as
likely to exceed the speed limit by 15 and 20 mph, which is consistent with racial differences
in speeding in other counties.
Table 6.23 Speeding in Susquehanna County by Driver Characteristics (n=602)
Driver
Characteristics
Female
Male

# of
drivers
147
455

%
Missing1
1.0

% over
5 mph
35.4**
47.7

% over
10 mph
4.8*
12.1

% over
15 mph
2.0
2.4

% over
20 mph
0.7
0.4

25 years old or under
Over 25 years old

95
507

1.0

50.5
43.6

17.9**
8.7

2.1
2.2

0.0
0.6

White
Non-White

514
72

3.6

44.2
45.8

9.3
12.5

1.9
4.2

0.4
1.4

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001
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Table 6.24 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in Tioga County. These data suggest no significant gender
differences in observed speeding behavior. Age differences are statistically significant and
stronger as the amount over the limit increases. Drivers identified as 25 years or younger are
about 1.2, 1.6, and 2.0 times more likely than drivers over 25 to exceed the speed limit by 5,
10, and 15 miles per hour, respectively. Similarly, racial differences are statistically
significant and the strength of the effect increases with the amount over the limit. NonWhites are 1.4, 3.1, and 7.0 times more likely than Whites are to exceed the speed limit at 5,
15, and 20 miles per hour, respectively.
Table 6.24 Speeding in Tioga County by Driver Characteristics (n=1,448)
Driver
Characteristics
Female
Male

# of
drivers
464
967

%
Missing1
1.2

% over
5 mph
43.3
46.0

% over
10 mph
20.5
17.6

25 years old or under
Over 25 years old

115
1,316

1.2

54.8*
44.1

27.8**
17.6

White
Non-White

1,392
32

1.7

44.4*
62.5

18.0
31.3

% over
15 mph
4.7
5.4
9.6*
4.8
5.0**
15.6

% over
20 mph
1.3
0.9
1.7
1.0
0.9**
6.3

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001

Table 6.25 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in Washington County. These data suggest no significant
gender differences in observed speeding behavior. Age differences are statistically
significant and stronger as the amount over the limit increases. Drivers identified as 25 years
or younger are about 1.1, 1.5, 2.1, and 5.2 times more likely than drivers over 25 to exceed
the speed limit by 5, 10, 15, and 20 miles per hour, respectively. There are also significant
racial differences in observed speeding behavior in Washington County. Specifically, nonWhites are 1.5, 1.8, and 2.5 times more likely than Whites to exceed the speed limit by 10,
15, and 20 miles per hour, respectively.
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Table 6.25 Speeding in Washington County by Driver Characteristics (n=2,845)
Driver
Characteristics
Female
Male

# of
drivers
845
1,914

%
Missing1
3.0

% over
5 mph
61.5
61.3

% over
10 mph
27.3
25.9

% over
15 mph
8.9
8.0

% over
20 mph
1.8
1.3

25 years old or under
Over 25 years old

276
2,488

2.9

67.4*
60.6

37.3***
24.9

15.2***
7.4

4.7***
0.9

White
Non-White

2,518
155

6.1

60.4
67.7

25.3**
36.8

7.8**
14.2

1.3*
3.2

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001

Table 6.26 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in Westmoreland County. These data suggest only slight
gender differences in observed speeding behavior, as women are 1.1 times more likely to
exceed the speed limit by 5 or more miles per hour than men. Age differences are
statistically significant and stronger as the amount over the limit increases. Drivers identified
as 25 years or younger are about 1.3, 1.5, 2.1, and 2.8 times more likely than drivers over 25
to exceed the speed limit by 5, 10, 15, and 20 miles per hour, respectively. There is only a
small statistically significant difference in observed speeding behavior by race in
Westmoreland County, although it is in the opposite direction of most of the observed racial
differences. Whites are 1.3 times more likely to exceed the speed limit by at least 5 miles per
hour than non-Whites are.
Table 6.26 Speeding in Westmoreland County by Driver Characteristics (n=2,805)
Driver
Characteristics
Female
Male

# of
drivers
934
1,810

%
Missing1
2.2

% over
5 mph
51.7**
45.7

% over
10 mph
24.9
22.5

25 years old or under
Over 25 years old

274
2,471

2.1

60.6***
46.1

33.9***
22.0

White
Non-White

2,461
134

7.8

48.8**
36.6

23.8
19.4

% over
15 mph
9.0
9.3
17.2***
8.3
9.2
6.7

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001
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% over
20 mph
3.2
2.8
6.9***
2.5
2.8
3.0

Table 6.27 presents crosstabulations of drivers’ gender, age, and race with speeding
behavior from the observations in York County. These data suggest no significant gender
differences in observed speeding behavior. Age differences are statistically significant and
stronger as the amount over the limit increases. Drivers identified as 25 years or younger are
about 1.3, 1.8, 2.7, and 3.6 times more likely than drivers over 25 to exceed the speed limit
by 5, 10, 15, and 20 miles per hour, respectively. Small racial differences in observed
speeding behavior are evident in York County. Non-Whites are 1.2, 1.5, and 1.6 times more
likely to exceed the speed limit by 5, 10, and 15 miles per hour, respectively.
Table 6.27 Speeding in York County by Driver Characteristics (n=3,652)
Driver
Characteristics
Female
Male

# of
drivers
1,181
2,435

%
Missing1
1.0

% over
5 mph
49.9
47.5

% over
10 mph
21.0
20.2

% over
15 mph
6.9
7.7

% over
20 mph
1.7
2.3

25 years old or under
Over 25 years old

466
3,134

1.4

60.7***
46.5

33.5***
18.7

16.5***
6.1

5.8***
1.6

White
Non-White

3,269
308

2.1

47.4***
57.1

19.6***
28.6

7.0**
11.4

2.0
3.6

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001

Summary of Speeding Observations in All Counties.
As reviewed above in the county-by-county analysis, drivers’ speeding behavior was
significantly predicted by drivers’ demographic characteristics. The strength of the
association between driver demographic characteristics and speeding also varied by county
and by severity of speeding. Some of the speeding survey’s major trends at the county level
are summarized below:


In contrast to the hypothesized relationship between gender and speeding, 19 of the
27 observed counties display no statistically significant gender differences in
speeding behavior. In the few counties that do show differences, however, the
relationship is in the expected direction, as males are slightly more likely than
females to exceed the speed limit. The exception is Juniata County, where females
are slightly more likely than males to exceed the speed limit.
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As was hypothesized, the relationship between driver age and speeding behavior is
statistically significant and in the expected direction in almost all observed counties.
That is, virtually all county-level crosstabulations suggest that drivers 25 and younger
are significantly more likely to speed than are older drivers.



The evidence for racial differences in speeding behavior was somewhat mixed.
o Supporting the hypothesis that minorities are more likely to speed, nineteen
counties (e.g., Bedford, Bucks, Chester, Clarion, Clinton, Columbia, Dauphin,
Delaware, Fulton, Indiana, Jefferson, Juniata, Lackawanna, Lehigh, Mercer,
Montour, Tioga, Washington, and York counties) showed statistically
significant differences in speeding behavior between Whites and non-Whites
at various amounts over the limit.
o In a smaller number of counties, (e.g., Allegheny, Centre, Erie, Franklin,
McKean, Montgomery, Susquehanna, and Westmoreland counties), however,
the hypothesis of racial differences in speeding is not supported.



The hypotheses on demographic differences in the severity of speeding behavior find
support in the county-by-county analysis with respect to age and race, but not gender.
o As noted above, nearly all counties demonstrated statistically significant age
differences in speeding behavior, and the strength of that association increases
as the amount over the limit increases in each of those counties.
o In the majority of the nineteen counties with statistically significant racial
differences, the strength of that association increases as the amount over the
speed limit becomes more severe.
o In a few counties, the relationship between gender and speeding is slightly
stronger with increasing amounts over the limit, but in only one county
(Clarion) does the relationship become significantly stronger at higher
amounts over the limit.
Statewide Crosstabulations of Demographic Differences in Speeding
The crosstabulations presented in Table 6.28 show the bivariate relationships between

speeding and driver demographic characteristics at the state level. The findings represent
statistically significant chi-square bivariate associations, and confirm that drivers’
characteristics are associated with speeding behavior. Multivariate analyses to follow
examine whether the associations between drivers’ characteristics and speeding behavior
remain once other characteristics likely associated with speeding behavior are statistically
controlled.
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Turning to Table 6.28, the crosstabulations show that the only significant gender
difference in speeding is at the highest level of speeding severity; men are slightly more
likely than females to speed 25 mph over the limit. This does not provide much support to
hypothesis number one, which proffered a general relationship between gender and speeding.
It is consistent, however, with hypothesis number six, which proposed that men are more
likely to speed at the higher amounts over the limit.
Age differences between drivers 25 and younger and older drivers, on the other hand,
are evident for all measured amounts over the speed limit. Drivers identified as 25 years or
younger are about 1.5 times more likely to exceed the speed limit by 10 miles per hour, and
2.0, 2.8, and 4.8 times more likely to exceed the speed limit by 15, 20, and 25 miles per hour,
respectively. These findings offer strong support for the second hypothesis.
Non-Whites are also consistently more likely to speed across all measured amounts
over the speed limit than are Whites. These results suggest that non-White drivers are about
1.6 times more likely to exceed the speed limit by 10 miles per hour or more compared to
White drivers. The association is stronger for more serious amounts over the limit, as nonWhites are 1.9, 2.5, and 3.2 times more likely to exceed the speed limit by 15, 20, and 25
miles per hour, respectively, compared to Whites. These findings are supportive of
hypothesis number three.
Similar to the results for Non-Whites, Black drivers are also consistently more likely
to speed across all measured amounts over the speed limit than are Whites. These results
suggest that Blacks are about 1.7 times more likely to exceed the speed limit by 10 miles per
hour or more compared to Whites. As with the relationship between Non-White drivers and
speeding, the association between Black drivers and speeding is also stronger for serious
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offending, as non-Whites are 2.2, 2.8, and 3.6 times more likely to exceed the speed limit by
15, 20, and 25 miles per hour, respectively, compared to Whites. These findings offer strong
support for hypotheses four and eight.
Table 6.28 Differences in Observed Speeding Behavior by Driver Characteristics (n=62,413)
Driver
# of
% over
% over
% over
% over
% over
Characteristics
drivers
5 mph
10 mph
15 mph
20 mph
25 mph
All Drivers
62,413
53.5
25.5
9.7
2.7
0.6
Female
Male

20,784
41,629

53.2
53.6

25.4
25.5

25 years old or under
Over 25 years old

7,512
54,901

63.3***
52.1

36.4***
24.0

White
Non-White

58,327
4,086

52.6***
66.3

White
Black

58,327
2,186

52.6***
69.0

9.3
9.8

2.6
2.8

0.5**
0.7

17.2***
8.6

6.2***
2.2

1.9***
0.4

24.5***
38.8

9.1***
17.2

2.5***
6.1

0.5***
1.6

24.5***
41.7

9.1***
19.6

2.5***
7.1

0.5***
1.8

Note: Asterisks identify statistically significant chi-square bivariate associations. * p<.05 ** p<.01 ***p<.001

In order to explore whether severity of speeding differs by race, Figure 6.1 shows the
racial distributions of the amount over the speed limit at which drivers were observed. White
drivers have the lowest average amount over the speed limit at 5.3 mph. Minorities, in
general, had significantly higher mean amounts over the limit (7.8 mph), and Blacks, in
particular, had the highest mean amount over the limit (8.4 mph). The t test analyses indicate
that these racial differences are statistically significant (p < .000); this supports this study’s
general hypothesis that violating behavior is not equivalent across racial groups.
Furthermore, the distributions of amount over the limit also support hypothesis number eight
that there may be racial differences in speeding severity, as significantly higher percentages
of Blacks and other minorities are represented in the most severe amounts over the limit.
This will be explored further in the multivariate analyses below.
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Figure 6.1 Differences in Amount over the Speed Limit by Driver’s Race (n=62,413)
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MULTIVARIATE RELATIONSHIPS
A series of bilevel models were estimated using HLM to further examine the
relationship between observed drivers’ speeding behavior and driver, vehicle, situational, and
municipality characteristics. Throughout these analyses, the statistical significance of Level
1 relationships is assessed at the 0.001 level due to the large sample size. It is prudent to use
a more stringent threshold for statistical significance when examining larger numbers of
observations because as the sample size increases, there is a stronger possibility that the
relationships reported are due to chance alone (Allison, 1999). Due to the substantially
smaller number of Level 2 units, statistical significance for Level 2 variables and variables
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involved in cross-level interactions is assessed at the .05 level. Marginally significant results
are noted when appropriate.
In each model presented, all level 1 predictors are group mean centered, which has
the effect of controlling contextual variation and comparing the 0 and 1 categories of the
dichotomous predictors on amount over the limit within the same municipality (i.e., do males
speed more than females within the same municipality?). That is, the interpretation of the
level 1 coefficient included in the model is: the effect of being in the 1 category versus the
reference category, within the same level 2 unit, increases the amount over the speed limit by
beta when holding all other predictors constant at their group mean. Finally, since the
primary interest of this study is in understanding racial differences in speeding behavior, in
all models only the slope for race and the intercept are allowed to randomly vary across level
two units. All other coefficients were fixed.
The first analysis explores speeding behavior operationalized as a continuous measure
of amount (in miles per hour) over the posted speed limit. The first step in the HLM analysis
is to estimate a null model without any explanatory variables to determine whether there is
significant between-municipality variation on the dependent variable, necessitating the use of
HLM. As shown in Table 6.29, the results of this analysis yielded significant variation
across municipalities in drivers’ amount over the speed limit (00 = 0.37, p = .000).
Specifically, the calculation of the intraclass correlation coefficient – uoj / (uoj + rij) –
(Raudenbush & Bryk, 2002) indicates that 8.13% of the variance in amount over the limit is
between municipalities. This indicates that the use of HLM will be necessary to take into
account the nesting of observations within municipality.

114

Table 6.29 HLM Null Model of Drivers’ Amount over the Speed Limit
Fixed effects
Coefficient
Standard
T-ratio
Error
Intercept
1.77*
0.05
39.68
Variance
Standard
Χ2
Random effects
Component
Deviation
Between municipality uoj
0.37*
0.60
30823.47
Within municipality rij
4.18
2.04

df
139
df
139

NOTE: * p < .001

Tables 6.30 and 6.31 present the results of two-level hierarchical Poisson analyses
examining observed drivers’ amount over the posted speed limit, with Table 6.30 examining
all Non-White drivers in the race variable and Table 6.31 focusing only on Black drivers. In
the upper half of these tables, the first column for each model is the coefficient or predicted
log-odds for each independent variable. Since the interpretation of log-odds is not intuitively
straightforward, these coefficients are exponentiated to allow for interpretation in terms of
odds (Liao, 1994). The second column for each model—the odds ratio—represents this
antilog transformation of the coefficient into the multiplicative odds of speeding based on the
predictor variable, all else being equal. In cases where the coefficient is negative, the odds
ratio is inverted by dividing by 1 for ease of interpretation. In the lower half of these tables,
the variance components and standard deviations for the error terms included in the models
are displayed. In order to explore hypothesis number five, Model 1 in each of these tables
examines the influence of race and the other independent variables excluding age on amount
over the limit; Model 2 includes age to see whether some of the race effect is attenuated by
its inclusion in the model. Model 2 provides a baseline against which the subsequent models
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with Level 2 variables (Model 3) and cross-level interaction terms (Model 4) can be
compared.21
The models in Table 6.30 examine observed drivers’ amount over the speed limit.
The results indicate significant relationships between driver demographic characteristics and
amount over the speed limit in the expected directions. Although the effect of gender on
amount over the limit is statistically significant, the strength of this effect is substantively
small (odds ratio=1.04). The effect of being a young driver versus a driver over 25 increases
the number of miles per hour over the speed limit by 1.31. In Model 1, without age as a
covariate, the effect of being a non-White driver as opposed to a White driver increases the
amount over the speed limit by 1.14. In Model 2, the race effect is virtually unchanged with
the inclusion of age (odds ratio = 1.12). Although statistically significant, the substantive
impact of this race effect is only modest. This table also shows that the variance component
for driver non-White is significant across all models, indicating that the non-White effect on
amount over the limit randomly varies by municipality. Other significant Level 1 effects
suggest that the mean level of drivers’ amount over the speed limit is lower for vehicles with
passengers, in-state license plates, and vehicles traveling in 65 mph speed limits, and higher
for sports cars.
In terms of contextual variables, Model 3 shows that the level 2 coefficient for
percent of drivers 25 and younger is essentially zero, indicating that the proportion of young
drivers at the municipality level does not affect an individual driver’s number of miles per
hour over the limit. On the other hand, the level 2 coefficient for average amount over the

21

The full Model 4 shown in Table 6.30 was also run with an additional Level 2 variable that accounted for the
sample selection factor scores for individual counties (see Table 4.1) in order to control for the possibility that
the research design’s sampling procedure might affect the results. This variable was not statistically significant
and the substantive effects of the statistically significant relationships shown in Table 6.30 remain unchanged.
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limit for PSP speeding stops is statistically significant. Specifically, for every one mile
increase in the average amount over the limit for PSP speeding stops the observed drivers'
amount over the speed limit is increased by 1.10. As demonstrated in the null model above,
only 8 percent of the variance resides at level 2; therefore, even the moderate strength of PSP
speeding threshold can wash out the effect of average speeding at the municipality level.
Compared to Model 2, the intercept becomes statistically insignificant in Models 3 and 4. In
other words, the main effect of PSP speeding threshold explained all the substantial variance
for the intercept. That is, drivers only displayed speeding behavior in certain municipalities
where the police have a higher tolerance threshold for speeding.
Model 4 shows that the municipality average speeding threshold exhibits a
statistically significant cross-level interaction with driver race. This result is an important
outcome for the study because it suggests that speeding behavior for non-Whites is
contextual. Specifically, non-Whites are more likely than Whites to exceed the posted speed
limit in municipalities where the PSP has more strict speeding thresholds. When this
interaction between PSP speeding threshold and driver race is controlled, the main effect of
driver race on the average drivers’ amount over the limit increases in size from an odds ratio
of 1.1 to 1.4.
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Table 6.30 HLM Poisson analyses predicting Non-White drivers’ amount over the limit (n=62,413)
Model 2
Odds Ratio

Model 1
Odds Ratio
Fixed Effects
Intercept
Municipality # observed vehicles
Municipality average % observed
young drivers
Municipality average amount over
limit for PSP speeding stops
Driver Demographics
Driver Male
Driver 25 years old or under
Driver Non-White
Municipality # observed vehicles
Munic. % young drivers * Driver NW
Munic. PSP amount over * Driver NW
Vehicle Characteristics
Passengers
PA License Plate
Vehicle Red
Sports Car
Situational Characteristics
Rush Hour
Weekday
Interstate
Speed Limit 65 mph
Random Effects
Between municipality uoj
Within municipality rij
Driver Non-White Slope

Coeff.
1.76***
--

[Exp(b) or
1/Exp(b])

--

Coeff.
1.76***
--

[Exp(b) or
1/Exp(b])

--

Model 3
Odds Ratio
Coeff.
-0.48
0.00*

[Exp(b) or
1/Exp(b])

1.00

Model 4
Odds Ratio
Coeff.
-0.52
0.00

[Exp(b) or
1/Exp(b])

1.00

--

--

--

--

0.02

1.02

0.02

1.02

--

--

--

--

0.10***

1.10

0.10***

1.10

0.02
-0.13***
----

1.02
-1.14
----

0.04***
0.27***
0.11***
----

1.04
1.31
1.12
----

0.04***
0.27***
0.11***
----

1.04
1.31
1.12
----

0.04***
0.27***
0.33**
0.00**
0.01
-0.02***

1.04
1.31
1.39
1.00
1.01
1.02

-0.05***
-0.13***
-0.02
0.15***

1.05
1.14
1.02
1.16

-0.03***
-0.13***
-0.03
0.09***

1.03
1.14
1.03
1.09

-0.03***
-0.13***
-0.03
0.09***

1.03
1.14
1.03
1.10

-0.03***
-0.13***
-0.03
0.09***

1.03
1.14
1.03
1.10

-0.02
-0.12
-0.13
-0.79***

1.02
1.13
1.14
2.20

-0.02
-0.11
-0.13
-0.79***

1.02
1.12
1.14
2.20

-0.02
-0.11
-0.13
-0.79***

1.02
1.12
1.14
2.20

-0.02
-0.11
-0.13
-0.80***

1.02
1.12
1.14
2.20

Var. Comp.
0.37*
4.07
0.02***

Stand. Dev.
0.61
2.02
0.12

Var. Comp. Stand. Dev.
0.37***
0.61
3.99
2.00
0.02***
0.12

NOTE: * p < .05 ** p < .01 *** p < .001
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Var. Comp. Stand. Dev.
0.26***
0.51
3.98
2.00
0.02***
0.13

Var. Comp. Stand. Dev.
0.26***
0.51
3.99
2.00
0.02***
0.10

Turning to Table 6.31, these models also examine drivers’ amount over the limit, but
focus on Black drivers in the race variable as opposed to all non-White drivers. The findings
are very similar to those for the models examining non-White drivers. Although the effect of
gender on amount over the limit is statistically significant, the substantive strength of this
effect is negligible (odds ratio=1.04). The effect of being a young driver versus a driver over
25 increases the number of miles per hour over the speed limit by 1.31. In Model 1, without
age as a covariate, the effect of being a Black driver as opposed to a non-Black driver
increases the amount over the speed limit by 1.18. In Model 2, the race effect is virtually
unchanged with the inclusion of age. This table also shows that the variance component for
driver Black is significant across all models, indicating that the Black effect on amount over
the limit randomly varies by municipality. Other significant Level 1 effects suggest that
drivers’ amount over the speed limit is lower for vehicles with passengers, in-state license
plates, and vehicles traveling in 65 mph speed limits, and higher for sports cars.
In terms of contextual variables, Model 3 shows that the level 2 coefficient for
percent of drivers 25 and younger is essentially zero, indicating that the proportion of young
drivers at the municipality level does not affect an individual driver’s number of miles per
hour over the limit. On the other hand, the level 2 coefficient for average amount over the
limit for PSP speeding stops is statistically significant. For every one mile increase in the
average amount over the limit for the PSP speeding stops the observed drivers' amount over
the speed limit is increased by 1.10 mph. Much like the results in Table 6.30, due to the fact
that only 8 percent of the variance resides at level 2 even the moderate strength of PSP
speeding threshold can wash out the effect of average speeding at the municipality level.
Compared to Model 2, the intercept becomes statistically insignificant in Models 3 and 4. In
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other words, the main effect of PSP speeding threshold explained all the substantial variance
for the intercept. That is, drivers only displayed speeding behavior in certain municipalities
where the police have a higher tolerance for speeding. Model 4 also shows that with the
addition of the cross-level interaction terms, the race effect that was significantly and
positively associated with the average speeding level at the municipality level in Model 3
now becomes statistically insignificant in Model 4. Unlike in Table 6.30 for nonwhites, the
cross-level interaction between PSP speeding threshold and driver Black is also not
statistically significant.22

22

As with Table 6.30, the full Model 4 shown in Table 6.31 was also run with an additional Level 2 variable
that accounted for the sample selection factor scores for individual counties (see Table 4.1) in order to control
for the possibility that the research design’s sampling procedure might affect the results. This variable was not
statistically significant and the effects of driver demographic characteristics remain unchanged. The only
substantive difference in the model not shown was an increase in the strength of the cross-level interaction
between driver Black and municipality percent of young drivers.
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Table 6.31. HLM Poisson analyses predicting Black drivers’ amount over the limit (n=62,413)
Model 2
Odds Ratio

Model 1
Odds Ratio
Fixed Effects
Intercept
Municipality # observed vehicles
Municipality average % observed
young drivers
Municipality average amount over
limit for PSP speeding stops
Driver Demographics
Driver Male
Driver 25 years old or under
Driver Black
Municipality # observed vehicles
Munic. % young drivers * Driver Black
Munic. PSP amount over * Driver Black
Vehicle Characteristics
Passengers
PA License Plate
Vehicle Red
Sports Car
Situational Characteristics
Rush Hour
Weekday
Interstate
Speed Limit 65 mph
Random Effects
Between municipality uoj
Within municipality rij
Driver Black Slope

Coeff.
1.76*
--

[Exp(b) or
1/Exp(b])

[Exp(b) or
1/Exp(b])

Model 3
Odds Ratio

--

Coeff.
-0.48
0.00*

--

--

--

--

Coeff.
1.76*
--

--

--

--

--

[Exp(b) or
1/Exp(b])

1.00

Coeff.
-0.52
0.00

0.02

1.02

0.02

1.02

--

0.09***

1.10

0.10***

1.10

0.04***
0.27***
0.15***
----

1.04
1.31
1.16
----

0.04***
0.27***
0.22
0.00*
0.01*
-0.02

1.04
1.31
1.24
1.00
1.01
1.02

1.00

0.02
-0.17***
----

1.02
-1.18
----

0.16***
----

1.04
1.31
1.17
----

-0.05***
-0.13***
-0.02
0.15***

1.05
1.14
1.02
1.16

-0.03***
-0.13***
-0.03
0.09***

1.03
1.14
1.03
1.09

-0.03***
-0.13***
-0.03
0.09***

1.03
1.14
1.03
1.10

-0.03***
-0.13***
-0.03
0.09***

1.03
1.14
1.03
1.10

-0.02
-0.12
-0.13
-0.79***

1.02
1.13
1.14
2.20

-0.02
-0.11
-0.13
-0.80***

1.02
1.12
1.14
2.23

-0.02
-0.11
-0.13
-0.79***

1.02
1.12
1.14
2.20

-0.02
-0.11
-0.13
-0.80***

1.02
1.12
1.14
2.20

Var. Comp.
0.26***
3.99
0.02***

Stand. Dev.
0.51
2.00
0.13

Var. Comp.
0.37***
4.07
0.02***

0.04***

[Exp(b) or
1/Exp(b])

Model 4
Odds Ratio

Stand. Dev. Var. Comp. Stand. Dev.
0.61
0.37***
0.61
2.02
3.99
2.00
0.15
0.02***
0.15

NOTE: * p < .05 ** p < .01 *** p < .001
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Var. Comp. Stand. Dev.
0.26***
0.51
3.99
2.00
0.02***
0.15

The following analyses explore speeding behavior operationalized as a series of
dichotomous variables. As noted above, the first step in an HLM analysis is to estimate a
null model to determine whether there is significant between-municipality variation on the
dependent variable. Table 6.32 presents the null models estimated for four dichotomous
dependent variables: speeding at least 10, 15, 20, and 25 miles per hour over the limit.
Table 6.32 HLM Null Models of Drivers’ Speeding 10, 15, 20, & 25 MPH over the Speed Limit
Null Model
10 mph over

Fixed effects
Intercept γ00
Random effects
Between municipality uoj
Within municipality rij

Null Model
15 mph over

Fixed effects
Intercept γ00
Random effects
Between municipality uoj
Within municipality rij

Null Model
20 mph over

Fixed effects
Intercept γ00
Random effects
Between municipality uoj
Within municipality rij

Null Model
25 mph over

Fixed effects
Intercept γ00
Random effects
Between municipality uoj
Within municipality rij

Coefficient
-1.55*
Var. Comp.
1.67*
0.98
Coefficient
-3.01*
Var. Comp.
1.90*
0.93
Coefficient
-4.43*
Var. Comp.
1.83*
0.83
Coefficient
-5.80*
Var. Comp.
1.66*
0.67

Standard Error
0.11

T-ratio
-14.03

df
139

Standard Dev.
1.29
0.99

Χ2
14920.33

df
139

Standard Error
0.12

T-ratio
-24.99

df
139

Standard Dev.
1.38
0.97

Χ2
13598.20

df
139

Standard Error
0.13

T-ratio
-35.55

df
139

Standard Dev.
1.35
0.91

Χ2
6336.07

df
139

Standard Error
0.13

T-ratio
-44.24

df
139

Standard Dev.
1.29
0.82

Χ2
1930.79

df
139

NOTE: * p < .001

The results of the estimation of the null models show significant variation across
municipalities for each measure of speeding (10 mph over: 00 = 1.67, p = .000; 15 mph over:
00 = 1.90, p = .000; 20 mph over: 00 = 1.83, p = .000; 25 mph over: 00 = 1.66, p = .000).
This indicates that the use of HLM is necessary in order to take into account the nesting of
observations within municipality.
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Tables 6.33 - 6.40 present the results of two-level hierarchical Bernoulli nonlinear
analyses examining observed drivers’ speeding at 10, 15, 20, and 25 miles per hour over the
posted speed limit. These tables are similar, with the exception of the driver race variable,
which is non-White (including Blacks, Hispanics, Middle Easterners, Asians/Pacific
Islanders, Native Americans, and other minorities) for Tables 6.33 through 6.36 and Black
for Tables 6.37 through 6.40. In the upper half of these tables, the first column for each
model is the coefficient or predicted log-odds for each independent variable. As with the
Poisson models above, these coefficients are exponentiated to allow for interpretation in
terms of odds (Liao, 1994). The second column for each model—the odds ratio—represents
this antilog transformation of the coefficient into the multiplicative odds of speeding based
on the predictor variable, all else being equal. In cases where the coefficient is negative, the
odds ratio is inverted by dividing by 1 for ease of interpretation.
The lower half of these tables displays the variance components and standard
deviations for the error terms included in the models. In order to explore hypothesis number
eight, Model 1 in each of these tables examines the influence of race and all other variables
besides age on amount over the limit; Model 2 then includes age to see whether the race
effect is attenuated by its inclusion in the model. Model 2 provides a baseline against which
the subsequent models with Level 2 variables (Model 3) and cross-level interaction terms
(Model 4) can be compared.
The models in Table 6.33 examine whether observed drivers were exceeding the
speed limit by 10 or more miles per hour. Driver gender does not have a statistically
significant influence on speeding more than 10 miles over the limit. Age and race, on the
other hand, do exert significant effects on speeding behavior in the expected directions. The
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odds of exceeding the speed limit by at least 10 miles per hour are 1.7 times higher for
drivers 25 and younger compared to older drivers. In Model 1, without age as a covariate,
the odds of exceeding the speed limit by at least 10 miles per hour are 1.35 times higher for
non-White drivers than Whites. In Model 2, the race effect is only slightly diminished with
the inclusion of age. Specifically, in the full model, the odds of exceeding the speed limit by
at least 10 miles per hour are 1.30 times higher for non-Whites than Whites. Table 6.33 also
shows that the variance component for the driver non-White slope is statistically significant
across all models, indicating that the non-White effect on the odds of exceeding the speed
limit by at least 10 mph randomly varies by municipality. Other independent variables
showing a significant relationship with exceeding the speed limit by at least 10 miles per
hour included: vehicles with in-state license plates (1.3 times less likely), sports cars (1.2
times more likely), and vehicles traveling in a 65 mph speed limit (4.6 times less likely).
In Model 3, the only Level 2 variable that significantly predicts the odds of exceeding
the speed limit by at least 10 miles per hour is the average amount over the limit for PSP
speeding stops. Specifically, the odds of exceeding the speed limit by at least 10 miles per
hour are 1.2 times higher for every one mile-per-hour increase in the average municipality
speeding threshold.
Model 4 shows that the municipality number of observed vehicles and average
speeding threshold exhibit statistically significant cross-level interactions with driver race.
The size of this effect for number of observed vehicles is negligible. For the relationship
between driver race and average speeding threshold, however, this is an important result
because it indicates, as the results in Table 6.30 did, that speeding behavior for non-Whites is
contextual. That is, non-Whites are more likely than Whites to exceed the posted speed limit
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in municipalities where the PSP has more strict speeding thresholds. With the addition of
cross-level interaction effects in Model 4, the race effect increases in size but is no longer
statistically significant. This is possibly due to the fact that, at the municipality level, some
Level 2 units had few or no non-White drivers observed.23

23

For Tables 6.33 – 6.40, the full Model 4’s shown were also run with an additional Level 2 variable that
accounted for the sample selection factor scores for individual counties (see Table 4.1) in order to control for
the possibility that the research design’s sampling procedure might affect the results. For Table 6.33, this
variable was not statistically significant and the substantive effects of the statistically significant relationships
shown remain unchanged.
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Table 6.33 HLM analyses predicting Non-White drivers’ speeding behavior at 10 mph over the limit (n=62,413)
Model 2
Odds Ratio

Model 1
Odds Ratio
Fixed Effects
Intercept
Municipality # observed vehicles
Municipality mean % observed
young drivers
Municipality mean amount over
limit for PSP speeding stops
Driver Demographics
Driver Male
Driver 25 years old or under
Driver Non-White
Municipality # observed vehicles
Munic. % young drivers * Driver NW
Munic. PSP amount over * Driver NW
Vehicle Characteristics
Passengers
PA License Plate
Vehicle Red
Sports Car
Situational Characteristics
Rush Hour
Weekday
Interstate
Speed Limit 65 mph
Random Effects
Between municipality uoj
Within municipality rij
Driver Non-White Slope

Coeff.

[Exp(b) or
1/Exp(b])

-1.19***

Coeff.

[Exp(b) or
1/Exp(b])

-1.19***

Model 3
Odds Ratio
Coeff.

[Exp(b) or
1/Exp(b])

-5.91***

Model 4
Odds Ratio
Coeff.

[Exp(b) or
1/Exp(b])

-6.02***

--

--

--

--

0.00

1.00

0.00

1.00

--

--

--

--

0.04

1.04

0.04

1.04

--

--

--

--

0.21***

1.23

0.22***

1.24

0.01
-0.30***
----

1.01
-1.35
----

0.05
0.53***
0.26***
----

1.05
1.70
1.30
----

0.05
0.57***
0.25***
----

1.05
1.78
1.28
----

0.05
0.57***
0.57
0.00*
0.01
-0.04*

1.05
1.78
1.77
1.00
1.01
1.04

-0.06
-0.26***
-0.05
0.30***

1.06
1.30
1.05
1.35

-0.04
-0.26***
-0.05
0.20***

1.04
1.30
1.05
1.22

-0.04
-0.28***
-0.06
0.21***

1.04
1.32
1.06
1.23

-0.04
-0.28***
-0.06
0.21***

1.04
1.32
1.06
1.23

-0.07
-0.25
-0.08
-1.50***

1.07
1.28
1.08
4.48

-0.06
-0.23
-0.07
-1.52***

1.06
1.26
1.07
4.57

-0.07
-0.26
-0.15
-1.59

1.07
1.30
1.16
4.90

-0.07
-0.26
-0.15
-1.61***

1.07
1.30
1.16
5.00

Var. Comp.
1.70***
0.99
0.13***

Stand. Dev. Var. Comp.
1.30
1.73***
0.99
0.98
0.37
0.13***

NOTE: * p < .05 ** p < .01 *** p < .001
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Stand. Dev. Var. Comp. Stand. Dev. Var. Comp. Stand. Dev.
1.32
1.17***
1.08
1.17***
1.08
0.99
0.98
0.99
0.98
0.99
0.36
0.13***
0.36
0.10**
0.31

The models presented in Table 6.34 examine whether observed drivers were
exceeding the speed limit by 15 or more miles per hour. Unlike the previous table for 10
mph over the limit, the effect of driver gender is now statistically significant. It is a weak
effect, however, as the odds of men exceeding the speed limit by 15 or more miles per hour
are only 1.1 times the odds for women. Although this is the expected direction of the
relationship between gender and speeding, the substantive impact of this relationship is
minimal. The influences of age and race are stronger, in comparison to gender, as well as in
comparison to the effects in the 10 mph over model. The odds of exceeding the speed limit
by at least 15 miles per hour are 1.9 times higher for drivers 25 and younger compared to
older drivers. In Model 1, without age as a covariate, the odds of non-Whites exceeding the
speed limit by at least 15 miles per hour are 1.45 times higher than the odds for Whites. In
Model 2, the race effect is only slightly diminished with the inclusion of age. Specifically, in
the full model, the odds of exceeding the speed limit by at least 15 miles per hour are 1.39
times higher for non-Whites than Whites. Unlike the model for speeding at least 10 mph
over the limit, the slope for the non-White effect is not statistically significant, indicating
there is no significant between-municipality variation in the racial effect on speeding at least
15 mph over the limit. Model 2 shows the following other Level 1 independent variables
have a significant relationship with exceeding the speed limit by at least 15 miles per hour
included: vehicles with in-state license plates (1.3 times less likely), sports cars (1.3 times
more likely), and vehicles traveling in a 65 mph speed limit (4.3 times less likely).
As shown in Model 3, the only Level 2 variable that significantly predicts the odds of
exceeding the speed limit by at least 15 miles per hour is the average amount over the limit
for PSP speeding stops. Specifically, the odds of exceeding the speed limit by at least 15
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miles per hour are 1.2 times higher for every one mile-per-hour increase in the average
municipality speeding threshold.
Model 4 shows that the municipality percent young and average speeding threshold
exhibit statistically significant cross-level interactions with driver race, indicating, as the
results in Table 6.30 did, that speeding behavior for non-Whites is contextual. The
interaction between municipality percent young and driver race indicates that non-Whites are
more likely than Whites to exceed the posted speed limit in municipalities with a higher
proportion of young drivers. For the relationship between driver race and average speeding
threshold, this indicates that non-Whites are more likely than Whites to exceed the posted
speed limit in municipalities where the PSP has more strict speeding thresholds. With the
addition of cross-level interaction effects in Model 4, the main effect of driver race increases
in size as the odds of speeding at least 15 miles per hour are 2.2 times higher for non-Whites
than Whites.24

24

For Tables 6.33 – 6.40, the full Model 4’s shown were also run with an additional Level 2 variable that
accounted for the sample selection factor scores for individual counties (see Table 4.1) in order to control for
the possibility that the research design’s sampling procedure might affect the results. For Table 6.34, this
variable was not statistically significant and the only substantive difference in the statistically significant
relationships shown was an increase in the strength of the cross-level interaction between driver non-White and
municipality percent of young drivers.
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Table 6.34 HLM analyses predicting Non-White drivers’ speeding behavior at 15 mph over the limit (n=62,413)
Model 2
Odds Ratio

Model 1
Odds Ratio
Fixed Effects
Intercept
Municipality # of observed vehicles
Municipality average % observed
young drivers
Municipality average amount over
limit for PSP speeding stops
Driver Demographics
Driver Male
Driver 25 years old or under
Driver Non-White
Municipality # of observed vehicles
Munic. % young drivers * Driver NW
Munic. PSP amount over * Driver NW
Vehicle Characteristics
Passengers
PA License Plate
Vehicle Red
Sports Car
Situational Characteristics
Rush Hour
Weekday
Interstate
Speed Limit 65 mph
Random Effects
Between municipality uoj
Within municipality rij
Driver Non-White Slope

Coeff.
-2.28***

[Exp(b) or
1/Exp(b])

Coeff.
-2.29***

[Exp(b) or
1/Exp(b])

Model 3
Odds Ratio
Coeff.
-6.85***
0.00

[Exp(b) or
1/Exp(b])

1.00

Model 4
Odds Ratio
Coeff.
-7.04***
0.00

[Exp(b) or
1/Exp(b])

1.00

--

--

--

--

0.04

1.04

0.04

1.04

--

--

--

--

0.19***

1.21

0.21***

1.23

0.11***
0.70***
0.31***
----

1.12
2.02
1.37
----

0.11***
0.70***
0.80*
0.00
0.02*
-0.04**

1.12
2.02
2.23
1.00
1.02
1.04

0.05
-0.37***
----

1.05
-1.45
----

0.33***
----

1.12
1.93
1.39
----

-0.10***
-0.26***
-0.06
0.40***

1.11
1.30
1.06
1.49

-0.07
-0.28***
-0.07
0.26***

1.07
1.32
1.07
1.30

-0.07
-0.29***
-0.08
0.28***

1.07
1.34
1.08
1.32

-0.07
-0.28***
-0.07
0.28***

1.07
1.32
1.07
1.32

-0.09
-0.38
0.15
-1.43***

1.09
1.46
1.16
4.18

-0.08
-0.35
0.15
-1.46***

1.08
1.42
1.16
4.31

-0.09
-0.37
0.10
-1.59***

1.09
1.45
1.10
4.90

-0.09
-0.37
0.10
-1.59***

1.09
1.45
1.10
4.90

Var. Comp.
1.94***
0.94
0.13

0.10***

Stand. Dev. Var. Comp. Stand. Dev.
1.39
1.97***
1.41
0.97
0.93
0.96
0.36
0.13
0.36

NOTE: * p < .05 ** p < .01 *** p < .001
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Var. Comp.
1.35***
0.93
0.11

Stand. Dev. Var. Comp.
1.16
1.36***
0.96
0.93
0.33
0.09

Stand. Dev.
1.17
0.96
0.29

The models in Table 6.35 present the results of analyses examining whether observed
drivers were exceeding the speed limit by 20 or more miles per hour. All three driver
demographic characteristics exert statistically significant effects on the odds of drivers’
exceeding the speed limit, but the predictive power of gender is still weak. Men have odds
only 1.1 times greater than women do of speeding by 20 or more miles per hour. Age
remains the strongest demographic predictor of speeding behavior. The odds of exceeding
the speed limit by at least 20 miles per hour for drivers 25 and younger are 2.2 times the odds
for older drivers. In Model 1, without age as a covariate, the odds of non-Whites exceeding
the speed limit by at least 20 miles per hour are 1.55 times higher than the odds for Whites.
In Model 2, the race effect is only slightly diminished with the inclusion of age. Specifically,
in the full model, the odds of exceeding the speed limit by at least 20 miles per hour are 1.48
times higher for non-Whites than Whites. Like the model for speeding at least 15 mph over
the limit, the slope for the non-White effect is not statistically significant, indicating there is
no significant between-municipality variation in the racial effect on speeding at least 20 mph
over the limit.
Model 2 shows the following other independent variables have significant, negative
relationships with exceeding the speed limit by at least 20 miles per hour included: vehicles
with passengers (1.2 times less likely), vehicles with in-state license plates (1.2 times less
likely), and vehicles traveling in a 65 mph speed limit (3.0 times less likely). Vehicle type,
on the other hand, has a significant positive effect on the odds of speeding at least 20 mph
over the limit, as drivers of sports cars have odds 1.3 times the odds of drivers of all other
vehicle types.
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In Model 3, two of the three Level 2 variables significantly predict the odds of
exceeding the speed limit by at least 20 miles per hour: the percent observed young drivers
and the amount over the limit for PSP speeding stops. The effect of the municipality average
proportion of young drivers is quite small, but in the expected positive direction. The effect
of PSP average amount over the limit for speeding stops is somewhat stronger as the odds of
exceeding the speed limit by at least 20 miles per hour are 1.2 times higher for every one
mile-per-hour increase in the average municipality speeding threshold. These effects are
unchanged in Model 4.
Model 4 shows that the municipality percent young and average speeding threshold
exhibit statistically significant cross-level interactions with driver race, indicating, as the
models for 10 mph and 15 mph over the limit did, that speeding behavior for non-Whites is
contextual. The interaction between municipality percent young and driver race indicates
that non-Whites are more likely than Whites to exceed the posted speed limit in
municipalities with a higher proportion of young drivers. For the relationship between driver
race and average speeding threshold, this indicates that non-Whites are more likely than
Whites to exceed the posted speed limit in municipalities with a lower average amount over
the limit for PSP speeding stops. With the addition of cross-level interaction effects in
Model 4, the race effect increases in size as the odds of speeding at least 20 miles per hour
are 2.8 times higher for non-Whites than Whites.25

25

For Tables 6.33 – 6.40, the full Model 4’s shown were also run with an additional Level 2 variable that
accounted for the sample selection factor scores for individual counties (see Table 4.1) in order to control for
the possibility that the research design’s sampling procedure might affect the results. For Table 6.35, this
variable was not statistically significant and the only substantive differences in the statistically significant
relationships shown were an increase in the strength of the Level 2 main effect of the municipality percent of
young drivers and an increase in the strength of the cross-level interaction between driver non-White and
municipality percent of young drivers was observed.
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Table 6.35 HLM analyses predicting Non-White drivers’ speeding behavior at 20 mph over the limit (n=62,413)
Model 2
Odds Ratio

Model 1
Odds Ratio
Fixed Effects
Intercept
Municipality # of observed vehicles
Municipality average % observed
young drivers
Municipality average amount over
limit for PSP speeding stops
Driver Demographics
Driver Male
Driver 25 years old or under
Driver Non-White
Municipality # of observed vehicles
Munic. % young drivers * Driver NW
Munic. PSP amount over * Driver NW
Vehicle Characteristics
Passengers
PA License Plate
Vehicle Red
Sports Car
Situational Characteristics
Rush Hour
Weekday
Interstate
Speed Limit 65 mph
Random Effects
Between municipality uoj
Within municipality rij
Driver Non-White Slope

Coeff.
-3.39***
--

[Exp(b) or
1/Exp(b])

--

Coeff.
-3.42***
--

[Exp(b) or
1/Exp(b])

--

Model 3
Odds Ratio
Coeff.
-8.26***
0.00

[Exp(b) or
1/Exp(b])

1.00

Model 4
Odds Ratio
Coeff.
-8.32***
0.00

[Exp(b) or
1/Exp(b])

1.00

--

--

--

--

0.05*

1.05

0.05*

1.05

--

--

--

--

0.20***

1.22

0.20***

1.22

0.08***
-0.44***
----

1.08
-1.55
----

0.13***
0.77***
0.39***
----

1.14
2.16
1.48
----

0.14***
0.82***
0.43***
----

1.15
2.27
1.54
----

0.14***
0.81***
1.03*
0.00
0.03*
-0.05**

1.15
2.25
2.80
1.00
1.03
1.05

-0.19***
-0.20***
-0.01
0.45***

1.21
1.22
1.01
1.57

-0.15***
-0.21***
-0.03
0.28***

1.16
1.23
1.03
1.32

-0.16***
-0.22***
-0.03
0.29***

1.17
1.25
1.03
1.37

-0.16***
-0.22***
-0.02
0.29***

1.17
1.25
1.02
1.37

-0.06
-0.34
-0.38
-1.08***

1.06
1.40
1.46
2.94

-0.05
-0.30
-0.36
-1.11***

1.05
1.35
1.43
3.03

-0.05
-0.32
-0.44***
-1.24***

1.05
1.38
1.55
3.46

-0.05
-0.32
-0.44***
-1.24***

1.05
1.38
1.55
3.46

Var. Comp.
1.87***
0.82
0.13

Stand. Dev. Var. Comp.
1.37
1.90***
0.91
0.80
0.36
0.15

NOTE: * p < .05 ** p < .01 *** p < .001
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Stand. Dev. Var. Comp.
1.38
1.32***
0.89
0.80
0.39
0.12

Stand. Dev. Var. Comp.
1.15
1.33***
0.89
0.80
0.35
0.12

Stand. Dev.
1.15
0.90
0.34

The models in Table 6.36 present the results of analyses examining whether observed
drivers were exceeding the speed limit by 25 or more miles per hour. All three driver
demographic characteristics exert statistically significant effects on the odds of drivers’
exceeding the speed limit. In addition, all three effects are stronger than in the previous three
tables. Men have odds 1.3 times greater than women do of speeding by 20 or more miles per
hour. While this is the strongest gender effect for any of the operationalizations of speeding,
substantively, it still represents only a modest effect of gender on exceeding the speed limit
by at least 25 mph.
Age continues to be the strongest demographic predictor of speeding behavior. The
odds of exceeding the speed limit by at least 25 miles per hour for drivers 25 and younger are
2.7 times the odds for older drivers. In Model 1, without age as a covariate, the odds of nonWhites exceeding the speed limit by at least 25 miles per hour are 1.6 times higher than the
odds for Whites. In Model 2, the race effect is only slightly diminished with the inclusion of
age. Specifically, in the full model, the odds of exceeding the speed limit by at least 25 miles
per hour are 1.5 times higher for non-Whites than Whites. Again, the slope for the nonWhite effect is not statistically significant, indicating there is no significant betweenmunicipality variation in the racial effect on speeding at least 25 mph over the limit. Model 2
shows the following other independent variables have significant relationships with
exceeding the speed limit by at least 25 miles per hour included: vehicles with passengers
(1.1 times less likely) and sports cars (1.3 times more likely).
In Model 3, two of the three Level 2 variables significantly predict the odds of
exceeding the speed limit by at least 25 miles per hour: the percent observed young drivers
and the amount over the limit for PSP speeding stops. The effect of the municipality average
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proportion of young drivers is quite small, but in the expected positive direction. The effect
of PSP average amount over the limit for speeding stops is somewhat stronger as the odds of
exceeding the speed limit by at least 25 miles per hour are 1.2 times higher for every one
mile-per-hour increase in the average municipality speeding threshold. These effects are
unchanged in Model 4.
Model 4 shows that the municipality percent young and average speeding threshold
exhibit statistically significant cross-level interactions with driver race, indicating, as the
previous models for 10, 15, and 20 mph over the limit did, that speeding behavior for nonWhites is contextual. The interaction between municipality percent young and driver race
indicates that non-Whites are more likely than Whites to exceed the posted speed limit in
municipalities with a higher proportion of young drivers. For the relationship between driver
race and average speeding threshold, this indicates that non-Whites are more likely than
Whites to exceed the posted speed limit in municipalities with a lower average amount over
the limit for PSP speeding stops. With the addition of cross-level interaction effects in
Model 4, the race effect increases considerably in size as the odds of speeding at least 25
miles per hour are 4.5 times higher for non-Whites than Whites.26

26

For Tables 6.33 – 6.40, the full Model 4’s shown were also run with an additional Level 2 variable that
accounted for the sample selection factor scores for individual counties (see Table 4.1) in order to control for
the possibility that the research design’s sampling procedure might affect the results. For Table 6.36, this
variable was not statistically significant and the only substantive differences in the statistically significant
relationships shown were an increase in the strength of the Level 2 main effect of the municipality percent of
young drivers and an increase in the strength of the cross-level interaction between driver non-White and
municipality percent of young drivers was observed.
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Table 6.36 HLM analyses predicting Non-White drivers’ speeding behavior at 25 mph over the limit (n=62,413)
Model 2
Odds Ratio

Model 1
Odds Ratio
Fixed Effects
Intercept
Municipality # of observed vehicles
Municipality average % observed
young drivers
Municipality average amount over
limit for PSP speeding stops
Driver Demographics
Driver Male
Driver 25 years old or under
Driver Nonwhite
Municipality # of observed vehicles
Munic. % young drivers * Driver NW
Munic. PSP amount over * Driver NW
Vehicle Characteristics
Passengers
PA License Plate
Vehicle Red
Sports Car
Situational Characteristics
Rush Hour
Weekday
Interstate
Speed Limit 65 mph
Random Effects
Between municipality uoj
Within municipality rij
Driver Nonwhite Slope

Coeff.
-4.47***
--

[Exp(b) or
1/Exp(b])

--

Coeff.
-4.54***
--

[Exp(b) or
1/Exp(b])

--

Model 3
Odds Ratio
Coeff.
-8.61***
0.00

[Exp(b) or
1/Exp(b])

1.00

Model 4
Odds Ratio
Coeff.
-8.66***
0.00

[Exp(b) or
1/Exp(b])

1.00

--

--

--

--

0.03*

1.03

0.03*

1.03

--

--

--

--

0.18***

1.20

0.18***

1.20

0.31***

0.21***
-0.48***
----

1.23
-1.62
----

0.29***
0.99***
0.43***
----

1.34
2.69
1.54
----

0.31***
1.06***
0.60***
----

1.36
2.89
1.82
----

1.51**
0.00
0.03*
-0.07**

1.36
2.86
4.53
1.00
1.03
1.07

-0.19***
-0.04
-0.07
0.53***

1.21
1.04
1.07
1.70

-0.12***
-0.05
-0.09
0.27***

1.13
1.05
1.09
1.31

-0.13
-0.06
-0.09
0.29***

1.14
1.06
1.09
1.34

-0.13
-0.05
-0.09
0.28***

1.14
1.05
1.09
1.32

0.05
-0.15
-0.51***
-0.13

1.05
1.25
1.67
1.14

0.05
-0.07
-0.50
-0.13

1.05
1.07
1.65
1.14

0.06
-0.08
-0.58***
-0.15

1.06
1.08
1.79
1.16

0.06
-0.08
-0.58***
-0.16

1.06
1.08
1.79
1.17

Var. Comp.
1.76***
0.62
0.24

Stand. Dev. Var. Comp.
1.33
1.80***
0.79
0.59
0.49
0.30

NOTE: * p < .05 ** p < .01 *** p < .001
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Stand. Dev. Var. Comp.
1.34
1.44***
0.77
0.61
0.55
0.25

Stand. Dev. Var. Comp. Stand. Dev.
1.20
1.46***
1.21
0.78
0.61
0.78
0.50
0.26
0.51

Turning now to Black drivers, Table 6.37 examines whether observed drivers were
exceeding the speed limit by 10 or more miles per hour. The findings are similar to those for
Table 6.33. Driver gender does not have a statistically significant influence on speeding
more than 10 miles over the limit. Age and race, on the other hand, do exert significant
effects on the odds of drivers’ exceeding the speed limit by 10 or more miles per hour in the
expected directions. The odds of exceeding the speed limit by at least 10 miles per hour are
1.7 times higher for drivers 25 and younger compared to older drivers. In Model 1, without
age as a covariate, the odds of exceeding the speed limit by at least 10 miles per hour are
1.44 times higher for Black drivers than non-Blacks. In Model 2, the race effect remains
virtually the same (odds ratio = 1.40) with the inclusion of age. Table 6.37 also shows that
the variance component for the driver Black slope is statistically significant, indicating that
the Black effect on the odds of exceeding the speed limit by at least 10 mph randomly varies
by municipality. Model 2 shows the following other independent variables have significant
relationships with exceeding the speed limit by at least 10 miles per hour: vehicles with instate license plates (1.3 times less likely), vehicles traveling in a 65 mph speed limit (4.6
times less likely), and sports cars (1.2 times more likely).
In Model 3, the only Level 2 variable that significantly predicts the odds of exceeding
the speed limit by at least 10 miles per hour is the average amount over the limit for PSP
speeding stops. Specifically, the odds of exceeding the speed limit by at least 10 miles per
hour are 1.2 times higher for every one mile-per-hour increase in the average municipality
speeding threshold. This relationship remains unchanged in Model 4.
Model 4 shows that the municipality percent young exhibits a statistically significant
cross-level interaction with driver race, indicating that speeding behavior for Blacks is
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contextual. Specifically it suggests that Blacks are more likely than non-Blacks to exceed the
posted speed limit by 10 or more mph in municipalities with a higher proportion of young
drivers. With the addition of cross-level interaction effects in Model 4, the race effect
increases in size but is no longer statistically significant. This is possibly due to the fact that,
at the municipality level, some Level 2 units had few or no Black drivers observed.27

27

For Tables 6.33 – 6.40, the full Model 4’s shown were also run with an additional Level 2 variable that
accounted for the sample selection factor scores for individual counties (see Table 4.1) in order to control for
the possibility that the research design’s sampling procedure might affect the results. For Table 6.37, this
variable was not statistically significant and the only substantive difference in the statistically significant
relationships shown was an increase in the strength of the cross-level interaction between driver Black and
municipality percent of young drivers was observed.
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Table 6.37 HLM analyses predicting Black drivers’ speeding behavior at 10 mph over the speed limit (n=62,413)
Model 2
Odds Ratio

Model 1
Odds Ratio
Fixed Effects
Intercept
Municipality # observed vehicles
Municipality mean % observed
young drivers
Municipality mean amount over
limit for PSP speeding stops
Driver Demographics
Driver Male
Driver 25 years old or under
Driver Black
Municipality # observed vehicles
Munic. % young drivers * Driver Black
Munic. PSP amount over * Driver Black
Vehicle Characteristics
Passengers
PA License Plate
Vehicle Red
Sports Car
Situational Characteristics
Rush Hour
Weekday
Interstate
Speed Limit 65 mph
Random Effects
Between municipality uoj
Within municipality rij
Driver Black Slope

Coeff.

[Exp(b) or
1/Exp(b])

-1.19***

Coeff.

[Exp(b) or
1/Exp(b])

-1.19***

Model 3
Odds Ratio
Coeff.

[Exp(b) or
1/Exp(b])

-5.97***

Model 4
Odds Ratio
Coeff.

[Exp(b) or
1/Exp(b])

-6.01***

--

--

--

--

0.00

1.00

0.00

1.00

--

--

--

--

0.05

1.05

0.04

1.04

--

--

--

--

0.21***

1.23

0.22***

1.24

0.05

0.06
0.58***
0.26
0.00
0.03*
-0.03

1.06
1.78
1.30
1.00
1.03
1.03

0.02
-0.37***
----

1.02
-1.44
----

0.05
0.54***
0.34***
----

1.05
1.71
1.40
----

0.33***
----

1.06
1.78
1.39
----

-0.06
-0.26***
-0.05
0.31***

1.06
1.30
1.05
1.36

-0.03
-0.27***
-0.05
0.20***

1.03
1.31
1.05
1.22

-0.04
-0.29***
-0.06
0.21***

1.04
1.34
1.06
1.23

-0.04
-0.29***
-0.06
0.21***

1.04
1.34
1.06
1.23

-0.07
-0.25
-0.06
-1.51***

1.07
1.28
1.06
4.53

-0.07
-0.23
-0.06
-1.53***

1.07
1.26
1.06
4.62

-0.07
-0.26
-0.13
-1.60***

1.07
1.30
1.14
4.95

-0.07
-0.26
-0.13
-1.61***

1.07
1.30
1.14
5.00

Var. Comp.
1.70***
0.99
0.19***

Stand. Dev. Var. Comp.
1.30
1.73***
0.99
0.99
0.44
0.19***

NOTE: * p < .05 ** p < .01 *** p < .001
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Stand. Dev. Var. Comp.
1.32
1.17***
0.99
0.98
0.43
0.20***

Stand. Dev. Var. Comp.
1.08
1.17***
0.99
0.98
0.45
0.16**

Stand. Dev.
1.08
0.99
0.40

Table 6.35 examines whether observed drivers were exceeding the speed limit by 15
or more miles per hour. The effect of driver gender is now statistically significant, but it is a
relatively weak effect as the odds of men exceeding the speed limit by 15 or more miles per
hour are only 1.1 times the odds for women. Although this is the expected direction of the
relationship between gender and speeding, the substantive impact of this relationship is
minimal. The influences of age and race are stronger, in comparison to gender, as well as in
comparison to the effects in the 10 mph over model. The odds of exceeding the speed limit
by at least 15 miles per hour are 1.95 times higher for drivers 25 and younger compared to
older drivers. In Model 1, without age as a covariate, the odds of Blacks exceeding the speed
limit by at least 15 miles per hour are 1.61 times higher than the odds for non-Blacks. In
Model 2, the race effect remains virtually the same (odds ratio = 1.56) with the inclusion of
age. Table 6.37 also shows that the variance component for the driver Black slope is not
statistically significant, indicating there is no significant between-municipality variation in
the racial effect on speeding at least 15 mph over the limit. Model 2 shows the following
other independent variables have significant relationships with exceeding the speed limit by
at least 15 miles per hour: vehicles with in-state license plates (1.3 times less likely), vehicles
traveling in a 65 mph speed limit (4.3 times less likely), and sports cars (1.3 times more
likely).
The only Level 2 variable that significantly predicts the odds of exceeding the speed
limit by at least 15 miles per hour is the average amount over the limit for PSP speeding
stops. Specifically, the odds of exceeding the speed limit by at least 15 miles per hour are
1.2 times higher for every one mile-per-hour increase in the average municipality speeding
threshold. This relationship remains unchanged in Model 4.
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Model 4 shows that the municipality percent young exhibits a statistically significant
cross-level interaction with driver race, indicating that speeding behavior for Blacks is
contextual. Specifically it suggests that Blacks are more likely than non-Blacks to exceed the
posted speed limit by 15 or more mph in municipalities with a higher proportion of young
drivers. With the addition of cross-level interaction effects in Model 4, the race effect is no
longer statistically significant.28

28

For Tables 6.33 – 6.40, the full Model 4’s shown were also run with an additional Level 2 variable that
accounted for the sample selection factor scores for individual counties (see Table 4.1) in order to control for
the possibility that the research design’s sampling procedure might affect the results. For Table 6.38, this
variable was not statistically significant and the only substantive difference in the statistically significant
relationships shown was an increase in the strength of the cross-level interaction between driver Black and
municipality percent of young drivers was observed.
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Table 6.38 HLM analyses predicting Black drivers’ speeding behavior at 15 mph over the speed limit (n=62,413)
Model 2
Odds Ratio

Model 1
Odds Ratio
Fixed Effects
Intercept
Municipality # of observed vehicles
Municipality average % observed
young drivers
Municipality average amount over
limit for PSP speeding stops
Driver Demographics
Driver Male
Driver 25 years old or under
Driver Black
Municipality # of observed vehicles
Munic. % young drivers * Driver Black
Munic. PSP amount over * Driver Black
Vehicle Characteristics
Passengers
PA License Plate
Vehicle Red
Sports Car
Situational Characteristics
Rush Hour
Weekday
Interstate
Speed Limit 65 mph
Random Effects
Between municipality uoj
Within municipality rij
Driver Black Slope

Coeff.
-2.28***

[Exp(b) or
1/Exp(b])

Coeff.
-2.30***

[Exp(b) or
1/Exp(b])

Model 3
Odds Ratio
Coeff.
-6.99***
0.00

[Exp(b) or
1/Exp(b])

1.00

Model 4
Odds Ratio
Coeff.
-7.03***
0.00

[Exp(b) or
1/Exp(b])

1.00

--

--

--

--

0.04

1.04

0.04

1.04

--

--

--

--

0.20***

1.22

0.21***

1.23

0.11***
0.70***
0.43***
----

1.12
2.02
1.53
----

0.11***
0.70***
0.30
0.00
0.04**
-0.02

1.12
2.02
1.36
1.00
1.04
1.02

0.06
-0.48***
----

1.06
-1.61
----

0.44***
----

1.12
1.95
1.56
----

-0.10***
-0.27***
-0.06
0.41***

1.11
1.31
1.06
1.50

-0.07
-0.28***
-0.07
0.27***

1.07
1.32
1.07
1.31

-0.07
-0.29***
-0.08
0.28***

1.07
1.34
1.08
1.32

-0.07
-0.29***
-0.08
0.28***

1.07
1.34
1.08
1.32

-0.09
-0.38
0.16
-1.43***

1.09
1.46
1.17
4.18

-0.09
-0.35
0.16
-1.46***

1.09
1.42
1.17
4.31

-0.09
-0.37
0.11
-1.59***

1.09
1.45
1.11
4.90

-0.09
-0.37
0.11
-1.59***

1.09
1.45
1.11
4.90

Var. Comp.
1.93***
0.94
0.11

0.11***

Stand. Dev. Var. Comp. Stand. Dev.
1.39
1.97***
1.40
0.97
0.93
0.96
0.34
0.11
0.33

NOTE: * p < .05 ** p < .01 *** p < .001
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Var. Comp. Stand. Dev. Var. Comp.
1.35***
1.16
1.35***
0.93
0.96
0.93
0.11
0.33
0.05

Stand. Dev.
1.16
0.97
0.23

The models in Table 6.39 present the results of analyses examining whether observed
drivers were exceeding the speed limit by 20 or more miles per hour. All three driver
demographic characteristics exert statistically significant effects on the odds of drivers’
exceeding the speed limit, but the predictive power of gender is still weak. Men have odds
only 1.15 times greater than women do of speeding by 20 or more miles per hour. Age
remains the strongest demographic predictor of speeding behavior. The odds of exceeding
the speed limit by at least 20 miles per hour for drivers 25 and younger are 2.2 times the odds
for older drivers. In Model 1, without age as a covariate, the odds of Blacks exceeding the
speed limit by at least 20 miles per hour are 1.72 times higher than the odds for non-Blacks.
In Model 2, the race effect is virtually unchanged with the inclusion of age. Specifically, in
the full model, the odds of exceeding the speed limit by at least 20 miles per hour are 1.67
times higher for Blacks than non-Blacks. Like the model for speeding at least 15 mph over
the limit, the slope for the Black effect is not statistically significant, indicating there is no
significant between-municipality variation in the racial effect on speeding at least 20 mph
over the limit.
Model 2 shows the following other independent variables have significant, negative
relationships with exceeding the speed limit by at least 20 miles per hour: vehicles with
passengers (1.2 times less likely), vehicles with in-state license plates (1.3 times less likely),
vehicles traveling on an interstate (1.5 times less likely), and vehicles traveling in a 65 mph
speed limit (3.0 times less likely). Vehicle type, on the other hand, has a significant positive
effect on the odds of speeding at least 20 mph over the limit, as drivers of sports cars have
odds 1.3 times the odds of drivers of all other vehicle types.
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In Model 3, two of the three Level 2 variables significantly predict the odds of
exceeding the speed limit by at least 20 miles per hour: the percent observed young drivers
and the amount over the limit for PSP speeding stops. The effect of the municipality average
proportion of young drivers is quite small, but in the expected positive direction. The effect
of PSP average amount over the limit for speeding stops is somewhat stronger as the odds of
exceeding the speed limit by at least 20 miles per hour are 1.2 times higher for every one
mile-per-hour increase in the average municipality speeding threshold. These effects are
unchanged in Model 4.
Finally, in Model 4, none of the estimated cross-level interactions between driver race
and the municipality-level variables are statistically significant. With the addition of crosslevel interaction effects in Model 4, however, the main effect of driver race increases in size
as the odds of speeding at least 20 miles per hour are 3.0 times higher for Blacks than nonBlacks.29

29

For Tables 6.33 – 6.40, the full Model 4’s shown were also run with an additional Level 2 variable that
accounted for the sample selection factor scores for individual counties (see Table 4.1) in order to control for
the possibility that the research design’s sampling procedure might affect the results. For Table 6.39, this
variable was not statistically significant and the only substantive difference in the statistically significant
relationships shown was an increase in the strength of the Level 2 main effect of the municipality percent of
young drivers.
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Table 6.39 HLM analyses predicting Black drivers’ speeding behavior at 20 mph over the speed limit (n=62,413)
Model 2
Odds Ratio

Model 1
Odds Ratio
Fixed Effects
Intercept
Municipality # of observed vehicles
Municipality average % observed
young drivers
Municipality average amount over
limit for PSP speeding stops
Driver Demographics
Driver Male
Driver 25 years old or under
Driver Black
Municipality # of observed vehicles
Munic. % young drivers * Driver Black
Munic. PSP amount over * Driver Black
Vehicle Characteristics
Passengers
PA License Plate
Vehicle Red
Sports Car
Situational Characteristics
Rush Hour
Weekday
Interstate
Speed Limit 65 mph
Random Effects
Between municipality uoj
Within municipality rij
Driver Black Slope

Coeff.
-3.40***
--

[Exp(b) or
1/Exp(b])

[Exp(b) or
1/Exp(b])

Model 3
Odds Ratio
Coeff.
-8.32***
0.00

[Exp(b) or
1/Exp(b])

Model 4
Odds Ratio

--

--

--

--

--

0.05*

1.05

0.05*

1.05

--

--

--

--

0.20***

1.22

0.20***

1.22

--

1.00

Coeff.
-8.32***
0.00

[Exp(b) or
1/Exp(b])

Coeff.
-3.43***
--

1.00

0.08***
-0.54***
----

1.08
-1.72
----

0.14***
0.78***
0.51***
----

1.15
2.18
1.67
----

0.15***
0.82***
0.55***
----

1.16
2.27
1.73
----

0.15***
0.82***
1.10*
0.00
0.01
-0.04

1.16
2.27
3.01
1.00
1.01
1.04

-0.19***
-0.21***
-0.01
0.46***

1.21
1.23
1.01
1.58

-0.15***
-0.22***
-0.03
0.28***

1.16
1.25
1.03
1.32

-0.16***
-0.23***
-0.03
0.30***

1.17
1.26
1.03
1.35

-0.16***
-0.23***
-0.03
0.30***

1.17
1.26
1.03
1.35

-0.06
-0.35
-0.38***
-1.09***

1.06
1.42
1.46
2.97

-0.05
-0.30
-0.37***
-1.11***

1.05
1.35
1.45
3.03

-0.05
-0.32
-0.44***
-1.24***

1.05
1.38
1.55
3.46

-0.05
-0.32
-0.45
-1.24***

1.05
1.38
1.57
3.46

Var. Comp.
1.85***
0.82
0.28

Stand. Dev. Var. Comp.
1.36
1.88***
0.91
0.80
0.52
0.30

NOTE: * p < .05 ** p < .01 *** p < .001
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Stand. Dev. Var. Comp.
1.37
1.32***
0.89
0.80
0.55
0.29

Stand. Dev. Var. Comp.
1.15
1.32***
0.90
0.80
0.54
0.31

Stand. Dev.
1.15
0.90
0.56

Finally, the models presented in Table 6.35 present the results of analyses examining
whether observed drivers were exceeding the speed limit by 25 or more miles per hour.
Turning first to driver gender, the analyses reveal men have odds 1.35 times greater than
women do of speeding by 25 or more miles per hour. This is the strongest gender effect
evident in any of the presented analyses. The influences of age and race remain stronger, in
comparison to gender and in comparison to the less serious operationalizations of speeding
behavior. The odds of exceeding the speed limit by at least 25 miles per hour are 2.7 times
higher for drivers 25 and younger compared to older drivers. In Model 1, without age as a
covariate, the odds of Blacks exceeding the speed limit by at least 25 miles per hour are 2.0
times higher than the odds for Whites. In Model 2, the race effect is unchanged with the
inclusion of age. Again, the slope for the Black effect is not statistically significant,
indicating there is no significant between-municipality variation in the racial effect on
speeding at least 25 mph over the limit.
Model 2 shows the following other independent variables have significant, negative
relationships with exceeding the speed limit by at least 25 miles per hour: vehicles with
passengers (1.1 times less likely) and vehicles traveling on an interstate (1.7 times less
likely). Vehicle type, on the other hand, has a significant positive effect on the odds of
speeding at least 25 mph over the limit, as drivers of sports cars have odds 1.3 times the odds
of drivers of all other vehicle types.
In Model 3, two of the three Level 2 variables significantly predict the odds of
exceeding the speed limit by at least 25 miles per hour: the percent observed young drivers
and the amount over the limit for PSP speeding stops. The effect of the municipality average
proportion of young drivers is quite small, but in the expected positive direction. The effect
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of PSP average amount over the limit for speeding stops is somewhat stronger as the odds of
exceeding the speed limit by at least 25 miles per hour are 1.2 times higher for every one
mile-per-hour increase in the average municipality speeding threshold. These effects are
unchanged in Model 4.
Model 4 shows that the average speeding threshold exhibits a statistically significant
cross-level interaction with driver race, indicating that speeding behavior for Blacks is
contextual. Specifically, this significant cross-level relationship between driver race and
average speeding threshold indicates that Blacks are more likely than non-Blacks to exceed
the posted speed limit by 25 or more mph in municipalities where the PSP has more strict
speeding thresholds. With the addition of cross-level interaction effects in Model 4, the main
effect of driver race substantially increases in size as the odds of speeding at least 25 miles
per hour are over 18 times higher for Blacks than non-Blacks.30

30

For Tables 6.33 – 6.40, the full Model 4’s shown were also run with an additional Level 2 variable that
accounted for the sample selection factor scores for individual counties (see Table 4.1) in order to control for
the possibility that the research design’s sampling procedure might affect the results. For Table 6.40, this
variable was not statistically significant and the only substantive difference in the statistically significant
relationships shown was an increase in the strength of the Level 2 main effect of the municipality percent of
young drivers.
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Table 6.40 HLM analyses predicting Black drivers’ speeding behavior at 25 mph over the speed limit (n=62,413)
Model 2
Odds Ratio

Model 1
Odds Ratio
Fixed Effects
Intercept
Municipality # of observed vehicles
Municipality average % observed
young drivers
Municipality average amount over
limit for PSP speeding stops
Driver Demographics
Driver Male
Driver 25 years old or under
Driver Black
Municipality # of observed vehicles
Munic. % young drivers * Driver Black
Munic. PSP amount over * Driver Black
Vehicle Characteristics
Passengers
PA License Plate
Vehicle Red
Sports Car
Situational Characteristics
Rush Hour
Weekday
Interstate
Speed Limit 65 mph
Random Effects
Between municipality uoj
Within municipality rij
Driver Black Slope

Coeff.
-4.46***
--

[Exp(b) or
1/Exp(b])

--

Coeff.
-4.53***
--

[Exp(b) or
1/Exp(b])

--

Model 3
Odds Ratio
Coeff.
-8.69***
0.00

[Exp(b) or
1/Exp(b])

1.00

Model 4
Odds Ratio
Coeff.
-8.71***
0.00

[Exp(b) or
1/Exp(b])

1.00

--

--

--

--

0.03*

1.03

0.03*

1.03

--

--

--

--

0.18***

1.20

0.19***

1.20

0.22***
-0.70***
----

1.25
-2.01
----

0.30***
1.00***
0.72***
----

1.35
2.72
2.05
----

0.32***
1.06***
1.00***
----

1.54
2.89
2.72
----

0.32***
1.06***
2.90***
0.00
0.02
-0.12***

1.38
2.89
18.17
1.00
1.02
1.13

-0.18***
-0.05
-0.07
0.53***

1.19
1.05
1.07
1.70

-0.11***
-0.06
-0.08
0.27***

1.11
1.06
1.08
1.31

-0.12
-0.06
-0.09
0.29***

1.13
1.06
1.09
1.34

-0.12
-0.06
-0.09
0.29***

1.13
1.06
1.09
1.34

0.05
-0.15
-0.51***
-0.12

1.05
1.16
1.67
1.13

0.06
-0.08
-0.51***
-0.10

1.06
1.08
1.67
1.10

0.06
-0.08
-0.58***
-0.13

1.06
1.08
1.79
1.14

0.07
-0.08
-0.59***
-0.14

1.07
1.08
1.80
1.15

Var. Comp.
1.75***
0.61
1.22

Stand. Dev. Var. Comp.
1.32
1.80***
0.78
0.58
1.10
1.37

Stand. Dev. Var. Comp.
1.34
1.44***
0.76
0.59
1.17
1.35

NOTE: * p < .05 ** p < .01 *** p < .001
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Stand. Dev. Var. Comp. Stand. Dev.
1.20
1.45***
1.20
0.77
0.60
0.77
1.16
1.23
1.11

As discussed above, in municipalities where the PSP has more strict speeding
thresholds (i.e., lower average amounts over the limit for PSP speeding stops), Nonwhites
were more likely to exceed the posted speed limit by 10, 15, 20, and 25 mph and Blacks were
more likely to exceed the posted speed limit by 25 mph. If perceptions of acceptable speed
vary by driver race, then this may account for these findings. Royal (2003) found that males
and younger drivers were more likely than their female and older counterparts to perceive
that they could travel at higher speeds without being ticketed. While driver race was not
examined in this survey research, it is plausible that perceptions of acceptable speeding also
differ by race. Although Royal (2003) did not specify the thought process by which surveyed
drivers arrived at their reported perceptions of acceptable miles per hour over the limit, it is
possible that familiarity with speed thresholds near areas that drivers live are an important
factor. In order to explore the significant cross-level interactions between driver race and
PSP speeding thresholds, Figure 6.2 graphically displays the average amount over the limit
for PSP speeding stops by county, with the 27 observed counties outlined in red.
As shown in Figure 6.2, the highest average amounts over the limit occurred in the
counties in and around the metropolitan Philadelphia area. Other geographic areas that
displayed above-average speeding thresholds include the counties in and around the
Pittsburgh area, York County (near the I-83 corridor into Maryland), and the Northeast
corner of the state; these areas are many of the most populated across the state. Furthermore,
minorities are more likely to live in these geographic areas (U.S. Census Bureau, 2002).
Therefore, it is possible that minority drivers may be accustomed to a higher tolerance for
speeding in the areas near which they live. If and when these same drivers travel in other
parts of the state but do not adjust their usual speeding behavior where the PSP has lower
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average speeding thresholds, this may be a plausible explanation for the significant crosslevel interaction discovered in the bi-level models discussed above.

Figure 6.2 Average Amount Over the Limit for PSP Speeding Stops by County, May
2002-April 2003 (n=245,092)

Finally, in order to further explore the effect of race on speeding behavior, I estimated
race-specific models (not shown) and explored whether the independent variables had
different effects across Black and non-Black drivers. While the models presented explore the
extent to which driver race interacts with municipality-level variables, split sample models
allows for an examination of how driver race interacts with all other independent variables of
interest. Using the test of equality of regression coefficients (Paternoster, Brame, Mazerolle,
& Piquero, 1998), the z-statistic results indicated that no significant differences between
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Black and non-Black drivers were evident in the effect of driver age and gender, or any of the
other predictor variables, on speeding behavior.
Collectively, the hierarchical multivariate models presented in this chapter reflect
mixed support for the expected relationships laid out by the hypotheses in Chapter 4. The
final chapter summarizes these results and explores their implications for theoretical
understandings of offending behavior, as well as future traffic stop research, policy, and
racially biased policing legal challenges.
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CHAPTER 7: DISCUSSION
Framed within the context of understanding the role of driver behavior in racially
biased policing, the current study examined whether demographic disparities in police stops
reported nationwide may, at least partially, reflect legally relevant behavioral differences by
race, age, and gender. Understanding whether driving behavior is a plausible explanation for
disparity in stops and stop outcomes is crucial to effectively responding to allegations of
racially biased policing. Building on previous research that has documented demographic
differences in travel patterns and various types of illegal or risky driving behavior, this study
explored three research questions: 1) Does driving behavior vary by driver race, age, and
gender? 2) Does severity of offending behavior vary based on driver demographic
characteristics? 3) Do contextual level factors influence driving behavior? This final chapter
reviews the support for these research questions and explores the implications of this study’s
results for theoretical understandings of offending behavior. Following this discussion, the
implications of this study’s findings for selective enforcement legal challenges, policy
initiatives, and future research on racially biased policing are explored.
REVIEW OF FINDINGS
The general hypothesis tested by the current study was that racial / demographic
groups are not equivalent in the nature and extent of their traffic law violating behavior.
More specifically, based upon speculation by researchers in the field of racially biased
policing and previous empirical research on various types of driving behaviors, the study’s
hypotheses predicted male drivers, drivers 25 years old and younger, non-White drivers, and
Black drivers would be more likely to speed than their female, older, and White counterparts.
Furthermore the study predicted that age would attenuate the influence of race on driving
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behavior. In terms of speeding severity, it was hypothesized that males, younger drivers, and
Blacks would be more likely to drive at higher speeds than females, older drivers, and
Whites. Finally, it was hypothesized that drivers in municipalities with a higher average
proportion of younger drivers and in municipalities with higher average speeding thresholds
would be more likely to speed than drivers in municipalities with a lower average proportion
of younger drivers and drivers in municipalities with lower average speeding thresholds.
Using roadway observational data of drivers’ speeding behavior collected in 27 counties
across the state of Pennsylvania, hierarchical Poisson and logistic models examined the
empirical support for these hypotheses.
The Influence of Demographic Characteristics on Driver Offending Behavior
First, the findings showed that, contrary to expectations, driver gender was not a
consistent or strong predictor of speeding behavior. The expected general relationship
between gender and speeding behavior was very weak. In the model examining the most
severe speeding behavior (25 mph over the limit), however, the hypothesis that males would
be significantly more likely than females to speed more severely was supported. These
findings are consistent with other research on the gender gap in crime, which has found that
gender differences are smallest for mild forms of lawbreaking and greater for more serious
offending (Steffensmeier & Allan, 1996). Similarly, studies of driving aggression and road
rage have also shown that male and female drivers tend to be similarly aggressive in less
serious types of mild aggression (e.g., horn honking, yelling, tailgating), while greater gender
differences are evident for more serious verbally and physically aggressive actions (Harre,
Field, & Kirkwood, 1996; Hennessy & Wiesenthal, 1997; 1999; 2001; Lawton and Nutter,
2002; Shinar & Compton, 2004; Wells-Parker et al., 2002). Corbett and Simon (1992) found
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that male drivers, more frequently than female drivers, indicated that several needs were met
by speeding including: expressing individuality and rebelliousness, impressing and being
accepted by peers, proving masculinity, and releasing frustration. Given that the gender
differences in speeding are only evident at the most serious level of speeding examined in
this study, perhaps it is only severe speeding that meets these needs.
It is also possible that the lack of significant gender differences in speeding behavior
is a function of the study’s research design. In order to maximize the observers’ ability to
identify driver and vehicle characteristics, observations were conducted only during daylight
hours. If, as Lange et al. (2005) speculated, speeding is more likely to occur at night because
of reduced traffic volume, it is possible that males and females might exhibit greater
differences in speeding behavior at times of day that were unobserved in the present study.
That driver gender was not a strong predictor of speeding behavior in general is
somewhat surprising, however, given that other research has shown male drivers are slightly
more likely than female drivers to receive citations during traffic stops (Durose et al., 2007;
Engel et al., 2009; Rowe, unpublished; Tillyer & Engel, forthcoming). Given that this study
showed gender differences in law-violating speeding behavior only for the most serious
speeding, it is possible that gender differences in citation rates reflect differential police
treatment of male and female motorists. Specifically, previous research has suggested that
male police officers may be reluctant to stop female drivers due to fears of being accused of
misconduct (Rubinstein, 1973). Given that this study examined only differences in speeding
behavior, however, it is also possible that differences in citation rates reflect gender
differences in other law-violating and dangerous driving behaviors that are likely to produce
citations such as accident involvement and driving under the influence (Abdel-Aty &
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Abdelwahab, 2000; Boyle et al., 1998; Braver, 2003; Caetano & Clark, 2000; Everett et al.,
2001; Harre et al., 1996; Massie et al., 1995; Miller et al., 1998; Voas et al., 1998; Zador et
al., 2000).
Second, across all HLM models, the results indicated that age was one of the
strongest and most consistent predictors of speeding behavior. Younger drivers were
significantly more likely to exceed the posted speed limit than were their older driving
counterparts. Furthermore, the age effects were stronger at more serious amounts over the
limit. Therefore, both of these age-related hypotheses were well supported in these data.
Furthermore, these findings are consistent with a considerable body of classic research that
indicates youthfulness is a strong predictor of offending behavior (Farrington, 1986; Hirschi
& Gottfredson, 1983; Sampson & Laub, 1992; Warr, 1993; 1998).
In trying to explicate the relationship between age, race, and speeding behavior, it
was hypothesized that the influence of race on speeding behavior would be somewhat
attenuated by the inclusion of age in the hierarchical models. The support for this hypothesis
was weak. Although the degree to which the race effect was attenuated by the inclusion of
age into the models varied by dependent variable, the race effect was only slightly weakened
and often was essentially unchanged by the inclusion of age. Therefore, there is not much
support for the proposition that the effect of race on speeding is actually due to the fact that
minority drivers are, on average, younger than White drivers. It is possible that, if younger
drivers of all races are more likely to drive at night, limiting the observation periods to
daylight hours prohibited a true test of this relationship. It is important to note, however, that
Lange et al. (2005) suggested that it is possible that a more precise, less subjective, measure
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of driver age like the one used in this study might show that the racial differences in speeding
behavior to be further attenuated by driver age.
Third, the results showed significant racial differences in speeding behavior in the
expected directions. Non-Whites, and specifically Blacks, were significantly more likely to
exceed the posted speed limit than were their White driving counterparts. Furthermore, the
race effects, particularly for Blacks, were stronger at more serious amounts over the limit
(e.g., Blacks 1.4 times more likely than non-Blacks to exceed speed limit by 10 or more mph,
but 2.0 times more likely to exceed limit by 25 mph). This latter finding is consistent with
previous research that suggests that the racial gap in offending behavior is greatest for serious
offending, but is smaller or even nonexistent for more minor offending (Elliot & Ageton,
1980). These racial differences in speeding behavior are also consistent with a handful of
previous observational studies (summarized in Table 3.1) that differences in driving behavior
as a possible explanation for racial disparity in police traffic stops. Specifically, the racial
differences in speeding behavior reported in this study are consistent with the previous
observational studies that go beyond a simple dichotomy of speeding or not speeding, and
assess the true severity of speeding behavior (Engel et al., 2006; Lange et al., 2001, 2005;
Smith et al., 2003). That is, the findings of the current study do not support Lamberth’s
(1994, 1996) findings in New Jersey and Maryland that Blacks and Whites drive
indistinguishably. Rather, they mirror the findings of Lange et al. (2001, 2005) in New Jersey
who discovered racial differences at the upper tail end of the speeding distribution that did
not exist as the speeding criterion was lowered closer to the actual speed limit.
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Felson, Deane, and Armstrong (2008) recently argued that it is theoretically important
to understand if race is correlated with serious delinquency and violence or just violence; if
race is associated with all types of crime then theories of crime apply, whereas if race
correlates only with violent offending then theories of violence may be necessary. Their
results suggested that Blacks were not generalists in their offending behavior and that race
differences were evident only in violent offenses, not in non-violent but still serious offenses.
The findings of the current study, however, seem to suggest that race does correlate with
offense seriousness, not just violence, as the strength of the significant racial differences
increases with the seriousness of speeding offenses. It is important to note, however, that
Felson et al. compared racial differences in violent with minor and serious drug and property
crime. It may be that there are components of illegal driving behavior that render it
dissimilar, even at its most serious, to other types of non-violent crime. First, more
opportunity for driving offenses exists for many more people because little effort is required,
and the line distinguishing offending and non-offending behavior is much easier to cross.
Second, the sanctions for driving behavior are often rare or nonexistent; when sanctions do
exist, the majority of them bring relatively minimal harm to the offender (Clarke, 1996;
Corbett, 2000; Corbett & Simon, 1992). Very little empirical research in criminology has
examined unlawful driving behavior, but it could be fruitful for future research to examine
whether general theories of crime can explain demographic differences in minor and serious
speeding behavior. Indeed, Osgood et al. (1988) argued that although driving behavior is not
a typical form of deviance studied by social scientists, it can be accurately included with
other types of deviance because it is subject to social controls, recognized as an undesirable
behavior and shares many traits with deviance, particularly excitement and risk.
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Demographic differences in the severity of offending behavior may result from
specific groups having different normative beliefs about acceptable degrees of speeding.
Overall, the widespread lack of compliance with posted speed limits suggests that speeding is
normative, rather than deviant, behavior (Clarke, 1996; Corbett, 2000; Corbett & Simon,
1991, 1992). Indeed, the perception exists that speeding is a behavior in which most people
engage and for which there are minimal, if any, repercussions (Corbett, 2000). Survey
research of drivers and police officers, however, suggests that there is a threshold past which
more severe speeding is not tolerated as normative behavior (Corbett & Simon, 1991; Royal,
2003). Therefore, it is possible that social norms about “acceptable” speeding behavior may
vary by speeding severity and males and females, young and old drivers, and White and
minority drivers may differ in their perceptions of how acceptable it is to speed severely.
Both Sutherland (1947) and Akers (1999) argued that deviance is related to gender, age,
and race, because these characteristics affect the likelihood of being exposed to crimefavorable messages. Akers (1999) specifically suggested that men, young people, and
minorities would be more likely to receive messages that were favorable to crime. Therefore,
extending the logic of differential association theory to driving behavior, it would be
expected that due to their greater exposure to messages minimizing the illegality or
dangerousness of speeding and messages that reinforce the rewards associated with speeding,
minorities, younger people, and males would be more likely to speed.
The rational choice perspective developed by Cornish & Clarke (1986) can also be
used to explain demographic differences in speeding behavior. The main proposition of this
theory is that crime is purposively chosen in order to meet some need or bring some type of
benefit to the offender (Clarke & Cornish, 2001; Cornish & Clarke, 1999). They argued that
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the initial decision to become involved in crime is affected by a much wider range of factors
than the decision to participate in a criminal event, which is instead heavily influenced by
characteristics of the immediate situation. The aspects of this theory that are most relevant
for an analysis of illegal driving behavior are: the needs met by offending, the risks
associated with offending, and the opportunities to offend. First, Clarke & Cornish (2001)
explicitly argued that different crimes are associated with different needs of offenders,
including the need for money or material goods, excitement, prestige, or face-saving.
Second, offenders’ decisions are made with limited or bounded rationality, as they cannot
have perfect information about their risks of being caught. Offenders who decide to speed
may be successful in doing so without being caught. The punishments for speeding, even if
offenders are caught, do not appear to be particularly harmful and may be unlikely to make
offenders reluctant to offend again (Clarke, 1986; Corbett, 2000). Third, the rational choice
perspective makes little distinction between offenders & nonoffenders, emphasizing the role
of situational opportunity in decisions to offend (Clarke & Cornish, 2001). This is
particularly important for speeding behavior, as one simply needs to be driving in order to
have the opportunity to speed. The rational choice perspective thus seems to suggest that
speeding may be an attractive, relatively low-risk, type of offending for those seeking
excitement, who are more likely to be young, male, and members of a minority group.
Finally, the general theory of crime can also be used to understand demographic
differences in driving behavior. Gottfredson and Hirschi (1990) argued that deviance and
other similar behaviors are more likely among people with low self-control (e.g., impulsive,
risk-taking, focused on short-term thinking and simple tasks, and seeking immediate
gratification). Gottfredson and Hirschi argued that low self-control results from ineffective
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or incomplete socialization, which they primarily attributed to poor parenting techniques.
Applications of the general theory of crime to driving behaviors suggest that they are
similarly rooted in the need for immediate gratification, thrill seeking, and the pursuit of risk
and pleasure without regard for long-term consequences (Sorensen, 1994; Strand & Garr,
1994). Drivers with low self-control who consider speeding are unlikely to consider the
possibilities or consequences of an accident or traffic citation that may result from such
behavior (and if considered, risk is minimized). On the other hand, drivers with high selfcontrol consider the consequences of driving illegally in that particular situation as well as
the consequences of establishing a pattern of reckless driving (Sorensen, 1994). Because the
opportunities for speeding are available to anyone who can drive, it is expected that those
with low self-control, namely males, younger people, and minority group members, have
many opportunities to offend.
Unfortunately, while each is a compelling theoretical possibility, the current study’s
data cannot speak to the observed drivers’ normative beliefs about speeding or motivations
for speeding. Nevertheless, it is one possible explanation for the demographic differences in
speeding severity evident in this study’s results and may be an avenue for future research to
explore.
Beyond Driver Demographics
In addition to driver demographic variables, the hierarchical models also explored the
influence of vehicle, situational, and municipality characteristics on speeding behavior.
Several of these additional independent variables were significantly related to speeding
behavior. Some of these statistical relationships were specifically predicted by the study’s
hypotheses. For example, drivers in municipalities with higher proportions of young drivers
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were significantly more likely to exceed the speed limit by 20 and 25 mph than drivers in
municipalities with lower proportions of young drivers. This supports the hypothesis that
drivers’ speeding behavior may be influenced by the characteristics of other individuals
driving in the same area. As discussed above, driver age is the strongest demographic
predictor of speeding at the individual-level; therefore, it logically follows that the contextual
effect of the proportion of young drivers would also be positively associated with drivers’
speeding behavior.
A second municipality-level effect evident in each of the HLM models indicated that,
as hypothesized, drivers in municipalities with higher average PSP speeding thresholds were
significantly more likely to exceed the speed limit by 10, 15, 20, and 25 mph than drivers in
municipalities with lower average speeding thresholds. This could be due to an overall faster
traffic flow, a greater area-specific tolerance for speeding by PSP, and driver awareness of
the local speeding thresholds. If one presumes that local drivers would be more likely to be
familiar with specific locations or routes and know how much speeding the police will
tolerate, then the finding that drivers with a Pennsylvania license plate were less likely than
those with an out-of-state license plate to speed is entirely consistent with this line of
reasoning. Local drivers, who learn what the informal social norms are about speed through
their own experience or the experience of others, are more likely to drive accordingly.
Other significant effects were not specifically hypothesized but are consistent with
what might be expected. For example, drivers traveling with passengers were less likely to
be observed exceeding the speed limit, which is likely a function of increased concern for the
safety of others in the vehicle. Similarly, drivers traveling in a 65 mph speed limit were less
likely to speed than drivers traveling in all other lower speed limits. This is likely a function
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of concern for safety as well. That is, a driver traveling in a lower speed limit may be more
willing to exceed the speed limit by a greater amount than drivers traveling in a 65 mph zone
because that increased amount over the limit may push the limits of proportionately more
drivers’ assessments of safe or acceptable speeding. Finally, it is intuitive that drivers
traveling in a sports car were significantly more likely to speed than all other vehicle types.
Contextual Effects
In addition to the influence of driver, vehicle, situational, and municipality
characteristics on speeding behavior, this study also sought to explore whether contextual
factors impacted how driver race influences driving behavior. The results of some of the
hierarchical models indicated that at least some of the racial differences in speeding behavior
were contextual. Specifically, the models for amount over the limit and exceeding the limit
by 10 or more mph showed that there were statistically significant random effects for driver
race. These multivariate findings confirmed the county-level bivariate examinations of race
and speeding behavior reported in the first half of Chapter 6, where racial differences in
speeding were statistically significant in some counties but not in others.
In order to further explore the interplay between municipality level variables and
driver race on speeding behavior, two cross-level interactions were explored. The models
with these interaction terms also supported the proposition that the influence of driver race on
speeding behavior is contextual. Specifically, non-Whites were more likely to exceed the
posted speed limit by 15, 20, and 25 mph in municipalities with higher proportions of young
drivers, while Blacks were more likely to exceed the posted speed limit by 10 and 15 mph in
municipalities with higher proportions of young drivers. Also, Nonwhites were more likely
to exceed the posted speed limit by 10, 15, 20, and 25 mph in municipalities where the PSP
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has more strict speeding thresholds. Blacks were more likely to exceed the posted speed
limit by 25 mph in municipalities with lower average amounts over the limit for PSP
speeding stops. In order to further explore the significant cross-level interactions between
driver race and PSP average amount over the limit for PSP speeding stops, a graphic display
of the county-level average speeding thresholds was presented. This illustrated that the areas
with above-average speeding thresholds occurred in many of the most populated counties in
the state and the areas in which minorities are more likely to live. It is possible that minority
drivers may be accustomed to a higher tolerance for speeding in the areas near which they
live. If and when these same drivers travel in other parts of the state, with lower average
speeding thresholds, but do not adjust their usual speeding behavior, then this may explain
why the bi-level models indicated that minority drivers were more likely to exceed the posted
speed limit in municipalities with stricter speeding thresholds.
If perceptions of acceptable speed vary by driver race, then this may account for these
findings. Royal (2003) found that males and younger drivers perceived that they could travel
at higher speeds without being ticketed than their female and older counterparts. While
driver race was not examined in this survey research, it is plausible that perceptions of
acceptable speeding also differ by race. Although Royal (2003) did not specify the thought
process by which surveyed drivers arrived at their reported perceptions of acceptable miles
per hour over the limit, it is possible that familiarity with speed thresholds near areas that
drivers live is an important factor.
LEGAL, RESEARCH & POLICY IMPLICATIONS
This study’s findings provide a plausible alternative explanation for demographic
disparities in police outcomes that is not based on officer bias, but rather legitimate offending
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differences by driver age, race, and to a lesser degree, gender. In particular, racial differences
in more serious speeding behavior were discovered that likely place minority drivers at
increased risk of detection by police. These findings have a number of important
implications for legal challenges of racially biased policing, traffic stop and benchmark
research, and policy and training initiatives of police agencies across the country.
Legal Implications for Identifying Similarly Situated Persons
As described in Chapter 2, surveys of traffic violating behavior, and benchmark
research more generally, grew out of a need to be able to identify “similarly situated
individuals” in legal challenges to police behavior based on claims of selective enforcement.
While not unanimous, growing numbers of both state and federal courts have concluded that
population statistics do not provide reliable comparisons of similarly situated persons against
which traffic stops can be compared. Furthermore, the opinions in these cases have
suggested that, for the purposes of showing discriminatory effect, they would find statistical
comparisons of stops and benchmark data most compelling when the comparison populations
were based not on population baselines, but rather rates of drivers’ actual roadway usage or,
even more preferable, violating behavior (Chavez v. Illinois State Police, 2001; State of New
Jersey v. Kennedy, 1991; State of New Jersey v. Smith, 1997; U.S. v. Alcaraz-Arellano, 2004;
U.S. v. Lindsey, 2003; U.S. v. Mesa-Roche, 2003). As more research like the current study
finds that demographic differences in driving behavior do exist, the courts will have to
reconsider whether benchmarks that do not account for violating behavior (e.g., population
estimates or observations of roadway usage) can ever be held up as legally appropriate
evidence of similarly situated persons in future legal challenges.
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Scholars argue that advancements in the case law surrounding racially biased policing
are only as good as the social science research with which the courts are presented (Smith &
Alpert, 2002). While traffic violator observations likely provide a more reliable and valid
estimate of drivers eligible to be stopped than many other techniques, even strong
benchmarks still are not without their limitations in their ability to provide estimates of
similarly situated persons for selective enforcement litigation (Fridell, 2004). Although no
study can directly measure the causes of racial/ethnic disparity in traffic stops, wellconceived studies that execute an examination of multiple alternative explanatory factors
(other than police bias) can inform the courts about patterns of disparities and provide
interpretation of statistical evidence that the courts can use in making a legal determination
of discriminatory purpose and/or effect (Fridell et al., 2001; Smith & Alpert, 2002; Tillyer et
al., 2008).
Implications for Traffic Stop Data Collection and Research
The research findings of this study have implications for future police traffic stop
research. In order for police agencies to engage in a productive dialogue with the citizens
they serve, analyses of their traffic stop data need to be based on appropriate comparison
data. Furthermore, when a police agency is devoting considerable time and precious
resources to a study of this kind, it is crucial that it be methodologically sound and wellexecuted (Smith & Alpert, 2002).
Research examining multiple types of popular benchmarks has shown that the
findings of racial/ethnic disparity in stops by police can vary dramatically by benchmark
(Engel et al, 2004). Unfortunately, since Census data are easily accessible and cost-effective,
traffic stop research conducted internally by police agencies or by external research teams
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hired by police agencies has most commonly utilized these population-based statistics as
benchmarks (Ridgeway & MacDonald, 2010). As reviewed earlier, Census benchmarks are
based on the assumption that the offending behavior of drivers that come to the attention of
police is equivalent across demographic groups. As is clear from the growing body of
research on driving behavior, including this study, this assumption is not supported by
empirical examinations.
The current study is the most comprehensive survey of traffic law violating behavior
conducted at the state level, with observations conducted in 140 municipalities in
approximately 40% of Pennsylvania counties over a 16-month period. Although timeintensive and cost-prohibitive, this study provides greater external reliability than previous
surveys of speeding behavior in terms of geography, road types, seasonal variation, and day
and time of the week. Given that studies in New Jersey, North Carolina, Ohio, and now
Pennsylvania have all shown that behavioral differences do exist across racial groups (Engel
et al., 2006; Lange et al., 2005; Smith et al., 2003), it becomes difficult to continue to defend
the use of benchmarks based on residential population statistics and even surveys of roadway
usage. Police agencies undertaking an analysis of their traffic stop data, therefore, should
consider devoting the additional resources necessary to collect benchmark data that provide a
more valid comparison group for traffic stops.
Nevertheless, it is crucial that data collection be viewed by police agencies and the
public as only one step in the process of understanding disparities and combating inaccurate
perceptions, not “the way” to respond to negative perceptions about police behavior (Fridell
et al., 2001, 115). First, speeding is only one of many reasons that drivers are stopped.
Although it is the most frequency reason for a traffic stop, it is possible that racial disparities
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in stop decisions might be evident in stops initiated for other reasons that are more difficult
than speeding to objectively measure in a benchmark data collection effort (Lange et al.,
2005). Furthermore, benchmark comparisons, regardless of the type of comparison data, are
limited in that they can only account for potential disparity in the decision to initiate a traffic
stop and cannot account for racial disparities reported in the analyses by many state police
agencies in stop outcomes such as citations, searches & arrests even if the initial stop was
legitimate (Anwar & Fang, 2006; Engel et al., 2004, 2005; Farrell et al., 2003; Lange et al.,
2005, Lovrich et al., 2005).
This study’s findings are also important for research examining driving behavior and
travel patterns more generally. As background for the current study, a considerable body of
research on demographic differences in travel patterns and various types of driving behavior
was reviewed. The results of this review of mostly travel and transportation studies found
that differences by driver age and gender are routinely examined, while race is often ignored.
The findings of the current research indicate that speeding behavior is strongly predicted by
both driver age and race. The current research also employed HLM, an analytical technique
not previously used in research examining driver behavior. Bi-level modeling, used in order
to account for the nesting of observations within municipalities, allowed for the ability to
explore individual-level influences as well as contextual factors on speeding behavior, and to
understand how municipality characteristics interacted with driver race to influence speeding
behavior. The results of these bi-level models indicated that the influence of driver race did
indeed vary based on contextual factors. Therefore, future studies of driving and travel
behavior need to consider both the main effects of all three primary demographic
characteristics (e.g., gender, age, and race) and also how the influence of these variables
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might potentially interact with community characteristics. Understanding these demographic
differences might be helpful in targeting safer driving initiatives or public service
announcements.
Policy and Practice
Demographic disparities in criminal justice outcomes, including traffic stops, do not
necessarily mean that criminal justice officials have acted inappropriately. As noted
throughout this study, an alternative explanation to discrimination is that demographic
disparities in traffic stops, just as with many other outcomes of the criminal justice system,
may reflect differences in legally relevant offending behavior by members of different
demographic groups (Walker et al., 2000). Exploring the possible causes of disparities in
traffic stops is important because the policy implications for police agencies vary with each
of the explanations for disparity (Engel et al., 2002). For example, if members of a particular
demographic group tend to be more serious driving offenders, then it would be irresponsible
of police to ignore legally relevant offending behavior in order to eliminate the appearance of
impropriety. On the other hand, if driving behavior and other race-neutral explanations of
disparity are ruled out, then perhaps the appropriate policy response is for police officers to
undergo racial sensitivity training or a review of appropriate stopping and searching
procedures.
A thorough exploration of various explanations of disparity in traffic stops is crucial
to understanding how police departments can best respond to such disparity and the public
perceptions of those disparities. While understanding these disparities may seem a daunting
task, as Engel et al. (2002, 270) argued, “It is only when we seek to explain officer behavior
that we may then take steps to control it.” It is possible and perhaps even likely that there are
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multiple explanations for racial disparities in stops, which may be specific to individual
police agencies. Furthermore, quantitative data analyses will likely never be able to
definitively determine that racial/ethnic discrimination in traffic stops is occurring. Police
departments whose quantitative data indicate potential issues with disparities, however, may
be able to further understand the causes of these disparities by talking to their officers or the
citizens they serve (Brunson, 2010; Tillyer et al., 2008). Focus group interviews have been
conducted in a small number of state police agencies to better understand officers’ decision
making processes when initiating a traffic stop and have provided these agencies with more
specific policy and training initiatives (Engel et al., 2007b, Engel et al., 2008a, 2008b. As a
result, this may be a useful avenue for future research to explore.
Conclusion
Differences in the rate of stops of Non-White or Black drivers compared to White
drivers may be based, in part, on legal considerations rather than inappropriate behavior by
police officers. It is important to consider, however, that these two explanations for
demographic disparity in stops are not mutually exclusive. That is, minority drivers can
differentially offend, and at the same time, police can engage in discriminatory stop practices
(Harris, 2003; Russell, 2001). The difficulty of this line of research is that no study can
provide definitive conclusions about whether or not discrimination exists (Fridell et al., 2001;
Fridell, 2004; Ridgeway & MacDonald, 2010; Tillyer et al., 2008). What the current study
does show, however, is that racial differences in speeding behavior do exist. Therefore, this
study echoes what Lange et al. (2005, 216, emphasis added) argued:
The key conclusion that we can draw from this research is that the typical method of
assessing racial profiling on the precinct or jurisdiction level is not adequate; the racial
distribution in the population of driving nonviolators cannot be assumed to reflect the
racial distribution in the population of driving violators, and it is from this latter
population that police stops should be drawn.
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Ultimately, although the findings of this study do not eliminate the possibility of
inappropriate police behavior in traffic stop decision making, they do call into question the
knee-jerk reaction to label any racial disparity in traffic stops as a product of police bias.
Most previous research on police decision making has found offenders’ legally relevant
behavior and offense severity to be among the strongest and most consistent predictors of
various types of police actions (Engel, Sobol, & Worden, 2000; Mastrofski, Worden, &
Snipes, 1995; Mastrofski, Snipes, Parks, & Maxwell, 2000; National Research Council,
2004; Novak, Frank, Smith, & Engel, 2002; Riksheim & Chermak, 1993). Indeed, it is
inconsistent with decades of police research for traffic stop studies to not consider the role of
driving behavior in examining whether minorities are disproportionately stopped. Given the
findings of this study and similar surveys of traffic law violating behavior that indicate
minority drivers are more likely to speed than White drivers, it is incumbent upon future
studies to consider this alternative, legitimate explanation for racial/ethnic disparity in traffic
stops.
.
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APPENDIX A: DATA COLLECTION FORMS

SPEED
DETECTED

Figure A-1. RADAR OBSERVATION FORM
NOTE: Any missing data should be indicated by a dash ( -- ).
TYPE OF
COLOR OF
AGE OF VEHICLE
RACE OF
GENDER OF
AGE OF
VEHICLE
VEHICLE
DRIVER
DRIVER
DRIVER
S-Sedan
R-Red
N-Less than 10 years W-White
M-Male
Y-25 & under
old (newer)
SC-Sports Car/Coupe BU-Blue
B-Black
F-Female
M-26 to 65
SUV-Sport Util. Veh. G-Green
H-Hispanic
O-Over 65
MV-Minivan, Wagon S-Silver/Gray
O-More than 10
A-Asian/Pac. Isl.
years old (older)
T-Pickup Truck
BK-Black
NA-Native Amer.
M-Motorcycle
W-White
ME-Middle East.
O-Other
O-Other
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PASSENGERS
Y-Yes
N-No

LICENSE
PLATE
P-Pennsylvania
O-Other

Figure A-2. Cover Sheet for Observation Forms (New Sheet Every Half Hour)

Observer Names:

Date of Observation:

Day of Week:

Time of Observation
(every half hour):
Station and County:

Location:
(road name/number, direction
of observed cards,
intersection, etc.)

Municipality Name and
Numeric Code:
Speed Limit of Road:

Type of Road:
(interstate, state highway,
county/local road,
other…specify)

Visibility/Weather
Conditions:
VG=very good, G=good,
F=fair, P=poor
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APPENDIX B: COUNTY OBSERVATION SESSIONS
Tables A.1 – A.21 document the observation data collected in each of the 27 sampled
counties. Each county’s table lists the following specific information for each of the
municipalities that was observed:
 the municipality name,
 each municipality’s percent of PSP stops (during Year 1 of stop data collection,
May 2002-April 2003) in that county,
 the dates of each of the county’s observation sessions,
 the road type on which observation was conducted,
 the speed limit in which observation was conducted,
 the total number of vehicles and hours observed during each day of observation,
 the average number of vehicles observed per hour,
 and the percentage of the total number of vehicles for which speeding behavior
was measured with RADAR.
A brief summary of each county’s collected data is provided.
Allegheny County
The first two columns of Table A.1 illustrate that the observed municipalities in Allegheny
County reasonably mirror the municipalities with higher concentrations of PSP traffic stops.
The major disjunction is that one observed municipality had less than 1% of all PSP stops
(see West Deer Twp). In the same area of the county, Indiana Township, with 12.2% of the
county’s stops, there was not a suitably safe location for an observation team. Since West
Deer Twp borders this municipality and presumably shares at least some of the same driving
population, it was selected instead. The remainder of Table A.1 indicates that observations
in Allegheny County were conducted only on interstate highways, but the speed limits in
which observations occurred did vary. A large volume of vehicles was observed in
Allegheny County, ranging from 76.5 vehicles to 144.1 vehicles observed per hour. The
amount of RADAR conducted in the county (43.1%) was slightly higher than in the overall
dataset (41.4%). Fortunately, there were no weather limitations in Allegheny County that
prohibited observers from conducting RADAR.
Bucks County
The first two columns of Table A.2 illustrate that the observed municipalities in Bucks
County directly parallel the municipalities with higher concentrations of PSP traffic stops.
Table A.2 also indicates that observations in Bucks County were conducted on both interstate
and state highways, but all observed municipalities had a posted speed limit of 55 mph. A
large volume of vehicles was observed in Bucks County, ranging from 82.4 vehicles to 149.1
vehicles observed per hour. The amount of RADAR conducted in the county (47.8%) was
somewhat higher than in the overall dataset (41.4%). Fortunately, the only day that there
were weather limitations in Bucks County that prohibited observers from conducting
RADAR was the last day of observation. Since the inclement weather was forecast, the
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observation team was able to compensate for the predicted lost RADAR time during the
previous day.
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Table A.1 Observations in Allegheny County
Municipality
Observed
Harmar Twp
Monroeville Brgh
Ohio Twp
Robinson Twp
Monroeville Brgh
West Deer Twp
Harmar Twp
Marshall Twp
Robinson Twp
Robinson Twp
Franklin Park

% of
PSP Stops*
7.7
4.8
2.9
16.6
4.8
0.6
7.7
2.0
16.6
16.6
5.5

Date
3/17/2002
3/18/2002
6/14/2002
6/15/2002
9/29/2002
9/30/2002
9/30/2002
2/09/2003
4/11/2003
4/12/2003
4/15/2003

Road
Type
Interstate
Interstate
Interstate
Interstate
Interstate
Interstate
Interstate
Interstate
Interstate
Interstate
Interstate

Speed
Limit
65
55
55
45
55
65
65
50
55
55
55

# of Vehicles
Observed
976
1,009
914
1,010
959
712
289
667
849
967
574

# of Hours
Observed
7.0
7.0
7.0
7.5
7.5
5.0
2.5
8.0
7.5
7.5
7.5

Avg. Number
%
vehicles/hour RADAR
139.4
34.9
144.1
31.6
130.6
49.1
134.7
30.0
127.9
50.6
142.4
17.3
115.6
100.0
83.4
55.0
113.2
18.6
128.9
79.5
76.5
42.9

County Total/Avg
-------------------8,926
74.0
120.6
43.1
________________________________________________________________________________________________________________
* This column reflects the percent of PSP stops (n=10,811) in this county for each observed municipality.

Table A.2 Observations in Bucks County
Municipality
Observed
Bensalem Twp
Lower Makefield Twp
Richland Twp
Milford Twp
Middletown Twp
Bensalem Twp
West Rockhill Twp
Richland Twp
Bensalem Twp
Bensalem Twp

% of
PSP Stops*
26.6
5.6
3.5
16.5
8.2
26.6
8.2
3.5
26.6
26.6

Date
04/19/2002
04/20/2002
07/28/2002
07/29/2002
10/25/2002
10/26/2002
03/10/2003
03/11/2003
04/25/2003
04/26/2003

Road
Speed
Type
Limit
Interstate
55
Interstate
55
State Hwy
55
State Hwy
55
Interstate
55
Interstate
55
State Hwy
55
Int & State Hwy 55
Interstate
55
Interstate
55

# of Vehicles
Observed
653
618
858
800
698
967
963
1,040
865
1,044

# of Hours
Observed
7.0
7.5
7.5
7.5
7.5
7.5
7.5
8.0
8.0
7.0

Avg. Number
%
vehicles/hour RADAR
93.3
33.7
82.4
49.0
114.4
38.5
106.7
39.6
93.1
98.9
128.9
52.7
128.4
40.3
130.0
42.3
108.1
100.0
149.1
0.0

County Total/Avg
-------------------8,506
75.0
113.4
47.8
________________________________________________________________________________________________________________
* This column reflects the percent of PSP stops (n=7,679) in this county for each observed municipality.
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Centre County
The first two columns of Table A.3 illustrate that the observed municipalities in Centre
County are directly comparable to the municipalities with higher concentrations of PSP
traffic stops. Table A.3 also indicates that observations in Centre County were conducted on
a combination of interstate and state highways, and in 50, 55, and 65 mph speed limits. A
moderate volume of vehicles was observed in Centre County, ranging from 48.1 to 97.3
vehicles observed per hour. The amount of RADAR conducted in the county (48.2%) was
somewhat higher than in the overall dataset (41.4%). Inclement weather prevented the
completion of days of observation in December and January.
Chester County
The first two columns of Table A.4 illustrate that the observed municipalities in Chester
County reasonably represent the municipalities with higher concentrations of PSP traffic
stops. PSP traffic stops in Chester County, however, were evenly spread out and it was not
possible to observe each of the municipalities with relatively high concentrations of PSP
stops. Table A.4 also indicates that observations in Chester County were conducted on both
interstate and state highways, and in 35, 40, and 55 mph speed limits. A large volume of
vehicles was observed in Chester County, with a wide range from 67.1 vehicles to 173.1
vehicles observed per hour. The amount of RADAR conducted in the county (38.0%) was
lower than in the overall dataset (41.4%). Unfortunately, two days of observation were
marked by inclement weather, which prohibited the use of RADAR. In the case of New
Garden Twp (2/16/03), the weather was severe enough that the normal 7-8 hour observation
day had to be concluded after only four hours.
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Table A.3 Observations in Centre County
Municipality
Observed
Rush Twp
Rush Twp
Potter Twp
Rush Twp
Worth Twp
Snow Shoe Twp
Boggs Twp
Marion Twp
Spring Twp
Benner Twp

% of
PSP Stops*
26.5
26.5
10.2
26.5
5.6
2.6
7.7
10.6
10.2
5.9

Date
04/26/2002
07/19/2003
08/20/2002
08/21/2002
12/13/2002
01/31/2003
03/07/2003
03/08/2003
04/28/2003
04/30/2003

Road
Type
State Hwy
State Hwy
State Hwy
Interstate
State Hwy
Interstate
Interstate
Interstate
State Hwy
State Hwy

Speed
Limit
55
55
55
65
50
65
65
65
55
55

# of Vehicles
Observed
361
435
406
443
332
326
730
707
585
714

# of Hours
Observed
7.5
7.5
7.5
7.5
5.0
6.0
7.5
7.5
7.5
7.5

Avg. Number
%
vehicles/hour RADAR
48.1
100.0
58.0
55.9
54.1
53.2
59.1
42.4
66.4
67.2
54.3
0.0
97.3
37.7
94.3
49.9
78.0
44.3
95.2
43.6

County Total/Avg
-------------------5,039
71.0
79.7
48.2
_________________________________________________________________________________________________________________
* This column reflects the percent of PSP stops (n=8,665) in this county for each observed municipality.

Table A.4 Observations in Chester County
Municipality
Observed
Valley Twp
East Whiteland Twp
London Grove Twp
Lower Oxford Twp
South Coventry Twp
Charlestown Twp
New Garden Twp
New Garden Twp
West Nantmeal Twp
Valley Twp

% of
PSP Stops*
7.9
6.1
8.3
2.2
0.4
5.1
6.5
6.5
7.2
7.9

Date
04/05/02
04/06/02
07/17/02
07/18/02
10/06/02
10/07/02
02/14/03
02/16/03
04/11/03
04/12/03

Road
Type
State Hwy
State Hwy
Interstate
Interstate
State Hwy
State Hwy
State Hwy
State Hwy
State Hwy
State Hwy

Speed
Limit
55
55
55
55
35
40
55
55
55
55

# of Vehicles
Observed
826
1,212
716
546
654
729
647
288
503
814

# of Hours
Observed
7.0
7.0
7.5
7.5
7.5
7.5
7.5
4.0
7.5
7.5

Avg. Number
%
vehicles/hour RADAR
118.0
36.6
173.1
25.2
95.5
42.7
72.8
42.3
87.2
43.1
97.2
40.9
86.3
50.2
72.0
0.0
67.1
0.0
108.5
72.1

County Total/Avg
-------------------6,935
70.5
86.2
38.0
________________________________________________________________________________________________________________
* This column reflects the percent of PSP stops (n=8,658) in this county for each observed municipality.
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Columbia County
The first two columns of Table A.5 illustrate that the observations are concentrated in the
same four municipalities in Columbia County that PSP traffic stops are most prevalent.
Table A.5 indicates that observations in Columbia County were conducted only on the major
interstate highway (I 80) that runs through the county and only in 65 mph speed zones. A
large volume of vehicles was observed in Columbia County, ranging from 86.5 vehicles to
148.6 vehicles observed per hour. The amount of RADAR conducted in the county (37.0%)
was somewhat lower than in the overall dataset (41.4%). This lower percentage reflects two
days of observation that were limited by inclement weather, which prohibited observers from
conducting RADAR.
Dauphin County
The first two columns of Table A.6 illustrate that the observed municipalities in Dauphin
County match well the municipalities with higher concentrations of PSP traffic stops. Table
A.6 also indicates that observations in Dauphin County were conducted on both state and
interstate highways, and in 45, 55, and 65 mph speed limits. A highly variable volume of
vehicles was observed in Dauphin County, ranging from 39.6 vehicles to 142.0 vehicles
observed per hour. The amount of RADAR conducted in the county (34.9%) was
considerably lower than in the overall dataset (41.4%). Unfortunately, there were weather
limitations in Dauphin County that prohibited observers from conducting RADAR for
several partial or entire days.
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Table A.5 Observations in Columbia County
Municipality
Observed
Mifflin Twp
Hemlock Twp
Hemlock Twp
Scott Twp
South Centre Twp
Mifflin Twp
Mifflin Twp
Scott Twp
Hemlock Twp
South Centre Twp

% of
PSP Stops*
52.9
15.9
15.9
11.1
10.8
52.9
52.9
11.1
15.9
10.8

Date
03/15/02
03/16/02
06/26/02
06/27/02
11/10/02
11/11/02
03/01/03
03/03/03
04/11/03
04/12/03

Road
Type
Interstate
Interstate
Interstate
Interstate
Interstate
Interstate
Interstate
Interstate
Interstate
Interstate

Speed
Limit
65
65
65
65
65
65
65
65
65
65

# of Vehicles
Observed
770
1,040
692
694
775
769
717
927
890
720

# of Hours
Observed
7.0
7.0
8.0
7.0
7.5
7.5
6.0
7.0
7.5
7.0

Avg. Number
%
vehicles/hour RADAR
110.0
22.1
148.6
36.9
86.5
35.4
99.1
46.1
103.3
38.7
102.5
0.0
119.5
67.6
132.4
62.8
118.7
0.0
102.9
65.6

County Total/Avg
-----------------7,994
71.5
111.8
37.0
________________________________________________________________________________________________________________
* This column reflects the percent of PSP stops (n=2,736) in this county for each observed municipality.

Table A.6 Observations in Dauphin County
Municipality
Observed
Middle Paxton Twp
Londonderry Twp
Jackson Twp
Wiconisco Twp
Susquehanna Twp
Lower Paxton Twp
Washington Twp
Reed Twp
Susquehanna Twp
Lower Swatara Twp

% of
PSP Stops*
2.7
13.3
1.1
1.4
23.7
5.6
2.1
9.0
23.7
6.7

Date
04/07/02
04/08/02
06/06/02
06/07/02
10/04/03
10/05/03
03/02/03
03/03/03
04/11/03
04/12/03

Road
Type
State Hwy
Interstate
State Hwy
State Hwy
State Hwy
Interstate
Interstate
Interstate
Interstate
Interstate

Speed
Limit
55
65
55
55
55
55
45
45
55
65

# of Vehicles
Observed
923
948
717
761
800
857
380
277
657
543

# of Hours
Observed
6.5
7.0
7.5
7.5
7.5
8.0
7.5
7.0
7.0
6.5

Avg. Number
%
vehicles/hour RADAR
142.0
43.2
135.4
37.8
95.6
36.0
101.5
34.8
106.7
0.0
107.1
66.2
50.7
55.0
39.6
39.4
93.9
0.0
83.5
42.4

County Total/Avg
-------------------6,863
72.0
95.3
34.9
________________________________________________________________________________________________________________
* This column reflects the percent of PSP stops (n=7,181) in this county for each observed municipality.
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Delaware County
The first two columns of Table A.7 illustrate that the observations in Delaware County are
concentrated in the same municipalities that have the highest concentrations of PSP traffic
stops. Table A.7 also indicates that observations in Delaware County took place on local,
state, and interstate highways, and in 35, 45, and 55 mph speed limits. A large volume of
vehicles was observed in Delaware County, ranging from 69.3 vehicles to 148.7 vehicles
observed per hour. The amount of RADAR conducted in the county (41.0%) was
approximately the same as in the overall dataset (41.4%). Fortunately, there were no weather
limitations in that prohibited observers from conducting RADAR.
Erie County
The first two columns of Table A.8 illustrate that the observed municipalities in Erie County
reasonably correspond to the municipalities with higher concentrations of PSP traffic stops.
One municipality that accounted for about 10% of the county’s stops (the City of Erie) was
not observed because the PSP personnel in this jurisdiction indicated that they did not have
primary jurisdiction in the area. Table A.8 also indicates that observations in Erie County
were conducted on local, state, and interstate highways, and in several speed limits: 40, 45,
55, and 65 mph. A highly variable volume of vehicles was observed in Erie County, ranging
from 55.8 vehicles to 193.4 vehicles observed per hour. The amount of RADAR conducted
in the county (38.7%) was somewhat lower than in the overall dataset (41.4%).
Unfortunately, this area of the state was frequently prone to severe weather. Many
observation sessions in Erie County had to be rescheduled due to inclement weather, and one
day of observation (2/1/03) had to be concluded early because of an impending winter storm.
The ability to conduct RADAR was also prohibited during that observation session.
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Table A.7 Observations in Delaware County
Municipality
Observed
Radnor Twp
Tinicum Twp
Middletown Twp
Tinicum Twp
Middletown Twp
Radnor Twp
Concord Twp
Middletown Twp
Chadds Ford Twp
Tinicum Twp

% of
PSP Stops*
15.6
18.2
16.8
18.2
16.8
15.6
11.0
16.8
8.5
18.2

Date
04/05/02
04/06/02
07/31/02
08/01/02
10/27/02
10/28/02
03/07/03
03/08/03
05/25/03
06/11/03

Road
Type
Interstate
Interstate
State Hwy
Interstate
State Hwy
Interstate
State Hwy
Inter/Local
Local
Interstate

Speed
# of Vehicles
Limit
Observed
55
552
55
485
45
659
55
742
45
898
55
1,115
45
858
35 & 45
865
55
660
55
918

# of Hours
Observed
6.0
7.0
7.5
8.0
8.5
7.5
7.5
7.5
8.5
8.0

Avg. Number
vehicles/hour
92.0
69.3
87.9
92.8
105.7
148.7
114.4
115.3
77.7
114.8

%
RADAR
24.8
46.0
40.7
33.7
42.0
33.8
33.2
49.7
48.5
56.0

County Total/Avg
-------------------7,752
76.0
102.0
41.0
________________________________________________________________________________________________________________
* This column reflects the percent of PSP stops (n=6,063) in this county for each observed municipality.

Table A.8 Observations in Erie County
Municipality
Observed
Franklin Twp
Fairview Twp
Summit Twp
Summit Twp
Amity Twp
Union Twp
Girard Twp
McKean Twp
McKean Twp
Harborcreek Twp

% of
PSP Stops*
2.9
8.6
20.5
20.5
1.3
1.5
6.3
12.2
12.2
7.5

Date
04/05/02
04/06/02
07/09/02
07/10/02
01/31/03
02/01/03
03/30/03
03/31/03
05/14/03
05/15/03

Road
Type
County/local
Interstate
Interstate
State Hwy
State Hwy
State Hwy
State Hwy
State Hwy
State Hwy
State Hwy

Speed
Limit
45
65
55
55
55
55
55
55
40
55

# of Vehicles
Observed
1,539
1,450
693
530
446
315
666
555
600
884

# of Hours
Observed
8.0
7.5
6.5
8.0
8.0
3.5
7.5
7.5
7.5
7.5

Avg. Number
vehicles/hour
193.4
193.3
106.6
66.3
55.8
90.0
88.8
74.0
80.0
117.9

%
RADAR
22.5
42.7
7.8
100.0
44.4
0.0
52.0
41.6
41.8
45.1

County Total/Avg
-------------------7,678
71.5
107.4
38.7
________________________________________________________________________________________________________________
* This column reflects the percent of PSP stops (n=8,182) in this county for each observed municipality.
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Franklin County
The first two columns of Table A.9 illustrate that the observed municipalities and
municipalities with higher concentrations of PSP traffic stops in Franklin County match well.
Table A.9 also indicates that observations in Franklin County were conducted on state and
interstate highways, and in 45, 55, and 65 mph zones. A highly variable volume of vehicles
was observed in Franklin County, ranging from 36.7 vehicles to 159.0 vehicles observed per
hour. The amount of RADAR conducted in the county (50.4%) was considerably higher than
in the overall dataset (41.4%). This high percentage is the result of two different factors.
First, the observation sessions conducted in February 2002 involved two observation teams,
one conducting all RADAR, the other doing only observation. Second, there were three
locations where traffic volume was low enough that the use of RADAR was possible for
entire days.
Indiana County
The first two columns of Table A.10 illustrate that the observed municipalities in
Indiana County are consistent with the municipalities with higher concentrations of PSP
traffic stops. Table A.10 also indicates that observations in Indiana County were conducted
only on state highways, as there are no interstates that pass through this county. Observed
municipalities included 35, 45, 50, 55, and 65 mph speed limits. A moderate volume of
vehicles was observed in Indiana County, ranging from 59.2 vehicles to 112.3 vehicles
observed per hour. The amount of RADAR conducted in the county (42.9%) was slightly
higher than in the overall dataset (41.4%). Fortunately, there were no weather limitations in
Indiana County that prohibited observers from conducting RADAR.
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Table A.9 Observations in Franklin County
Municipality
Observed
Guilford Twp
Antrim Twp
Greene Twp
Hamilton Twp
St. Thomas Twp
Peters Twp
Greene Twp
Antrim Twp
Fannett Twp
Guilford Twp
Fannett Twp
Southampton Twp
County Total/Avg

% of
PSP Stops*
10.6
17.2
17.6
2.8
2.3
1.4
17.6
17.2
28.8
10.6
28.8
5.7
---

Date
02/24/2002
02/24/2002
02/25/2002
02/25/2002
05/28/2002
05/29/2002
09/20/2002
09/21/2002
03/30/2003
03/31/2003
06/05/2003
06/06/2003

Road
Type
Int/St Hwy
Interstate
State Hwy
State Hwy
State Hwy
State Hwy
State Hwy
Interstate
State Hwy
State Hwy
State Hwy
State Hwy

------------

-----

Speed
# of Vehicles
Limit
Observed
55 & 65
897
65
216
55
353
55
477
55
343
55
432
55 & 65
542
65
843
45
220
45
333
45
403
55
637
---

5,696

# of Hours
Observed
9.0
2.0
6.0
3.0
7.5
7.5
7.5
7.5
6.0
6.5
7.5
7.5
77.5

Avg. Number
vehicles/hour
99.7
108.0
58.8
159.0
45.7
57.6
72.3
112.4
36.7
51.2
53.7
84.9
73.5

%
RADAR
30.9
0.0
100.0
0.0
100.0
100.0
47.8
51.5
0.0
100.0
42.2
42.4
50.4

__________________________________________________________________________________________________________________________________________
* This column reflects the percent of PSP stops (n=5,913) in this county for each observed municipality.

Table A.10 Observations in Indiana County
Municipality
% of
Observed
PSP Stops*
Cherryhill Twp
10.3
White Twp
26.1
White Twp
26.1
White Twp
26.1
Blairsville Brgh
1.1
East Wheatfield Twp
8.5
Armstrong Twp
6.1
Pine Twp
9.7
Burrell Twp
17.6
Pine Twp
9.7

Date
05/30/2002
05/31/2002
08/04/2002
08/05/2002
01/17/2003
01/18/2003
03/21/2003
03/22/2003
04/27/2003
04/28/2003

Road
Type
State Hwy
State Hwy
State Hwy
State Hwy
State Hwy
State Hwy
State Hwy
State Hwy
State Hwy
State Hwy

County Total/Avg

------------

-----

---

Speed
Limit
65
65
35
45
50
55
55
45
50
55

# of Vehicles
Observed
815
757
684
842
482
393
636
701
633
444

# of Hours
Observed
8.0
8.0
7.5
7.5
7.0
5.5
7.0
9.0
7.5
7.5

---

6,387

74.5

Avg. Number
vehicles/hour
101.9
94.6
91.2
112.3
68.9
71.5
90.9
77.9
84.4
59.2
85.7

%
RADAR
35.0
48.7
45.8
48.8
56.6
53.2
36.3
29.7
41.4
40.8
42.9

___________________________________________________________________________________________________________________________________________________________

* This column reflects the percent of PSP stops (n=3,129) in this county for each observed municipality.
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Juniata County
The first two columns of Table A.11 illustrate that the observation sessions in Juniata County
were focused on the few municipalities in which PSP traffic stops are also highly
concentrated. Observations in Juniata County were conducted only on state highways, as
there are no interstates that pass through this county. Observed municipalities included 40,
55, 60, and 65 mph speed limits. The remainder of Table A.11 indicates that a rather
variable volume of vehicles was observed in Juniata County, ranging from 45.5 vehicles to
130.6 vehicles observed per hour. The amount of RADAR conducted in the county (40.7%)
was slightly lower than in the overall dataset (41.4%). Fortunately, there were no weather
limitations in Juniata County that prohibited observers from conducting RADAR.
Lackawanna County
The first two columns of Table A.12 illustrate that the observed municipalities in
Lackawanna County reasonably match the municipalities with higher concentrations of PSP
traffic stops. One observed municipality (Abington Twp), however, accounted for less than
1% of the county’s stops, but was selected for observation because Interstate 81 runs directly
through it. In addition, although 12.4% of the county’s stops occurred there, another
municipality (the Borough of Moosic) was not observed because there was not a suitably safe
location for an observation team. The majority of observations were conducted on interstate
highways, and in either 55 or 65 mph speed limits. A very large volume of vehicles was
observed in Lackawanna County, ranging from 105.3 vehicles to 213.3 vehicles observed per
hour. The amount of RADAR conducted in the county (44.2%) was somewhat higher than in
the overall dataset (41.4%), which is at least partially due to the fact that there were no
weather limitations during any observation sessions in Lackawanna County.
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Table A.11 Observations in Juniata County
Municipality
Observed
Walker Twp
Walker Twp
Fermanagh Twp
Walker Twp
Delaware Twp
Delaware Twp
Beale Twp
Walker Twp
Fermanagh Twp
Delaware Twp
County Total/Avg

% of
PSP Stops*
57.1
57.1
19.2
57.1
9.5
9.5
1.9
57.1
19.2
9.5
---

Date
04/26/2002
04/27/2002
08/11/2002
08/12/2002
11/05/2002
11/06/2002
02/08/2003
02/24/2003
04/06/2003
04/09/2003

Road
Type
State Hwy
State Hwy
State Hwy
State Hwy
State Hwy
State Hwy
State Hwy
State Hwy
State Hwy
State Hwy

------------

-----

Speed
Limit
65
65
60
40
65
65
55
65
65
65

# of Vehicles
Observed
914
861
693
463
469
601
550
341
700
653

# of Hours
Observed
7.0
7.5
7.5
7.0
7.5
7.5
6.5
7.5
7.5
7.5

---

6,245

73.0

Avg. Number
vehicles/hour
130.6
114.8
92.4
66.1
62.5
80.1
84.6
45.5
93.3
87.1
85.6

%
RADAR
18.9
50.3
54.4
55.7
47.3
43.4
42.5
5.8
49.0
45.9
40.7

______________________________________________________________________________________________________
*This column reflects the percent of PSP stops (n=2,000) in this county for each observed municipality.

Table A.12 Observations in Lackawanna County
Municipality
Observed
Dunmore Brgh
Throop Brgh
Clifton Twp
Roaring Brook Twp
City of Scranton
Roaring Brook Twp
Abington Twp
City of Scranton
Dunmore Brgh
Scott Twp

% of
PSP Stops*
31.7
1.7
4.9
14.0
10.3
14.0
0.1
10.3
31.7
3.7

Date
05/05/2002
05/06/2002
07/26/2002
07/27/2002
10/15/2002
03/07/2003
03/08/2003
04/17/2003
04/18/2003
04/19/2003

Road
Type
Interstate
State Hwy
Interstate
Interstate
Interstate
Interstate
Interstate
Interstate
Interstate
Interstate

Speed
Limit
65
65
65
65
55
65
55
55
55
65

# of Vehicles
Observed
1,706
1,579
1,042
989
807
790
919
887
831
854

# of Hours
Observed
8.0
8.0
6.5
7.5
7.5
7.5
7.5
7.5
7.5
7.5

Avg. Number
vehicles/hour
213.3
197.4
160.3
131.9
107.6
105.3
122.5
118.3
110.8
113.9

%
RADAR
42.8
43.0
50.2
49.5
45.1
42.0
44.2
39.0
40.2
45.7

County Total/Avg
-------------------10,404
75.0
138.7
44.2
_________________________________________________________________________________________________________________
* This column reflects the percent of PSP stops (n=4,484) in this county for each observed municipality.
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Lehigh County
The first two columns of Table A.13 illustrate that the observations were concentrated in the
same municipalities in Lehigh County that PSP traffic stop activity is highest. Observations
in Lehigh County were conducted on local, state, and interstate highways. Despite the
variation in road type, all observed locations were within 55 mph zones. The remainder of
Table A.13 indicates that at a majority of the observed locations, a large volume of vehicles
was observed in Lehigh County, ranging from 65.7 vehicles to 172.4 vehicles observed per
hour. The amount of RADAR conducted in the county (35.7%) was lower than in the overall
dataset (41.4%), largely due to rainy weather in several of the early observation sessions that
limited observers’ ability to conduct RADAR.
McKean County
The first two columns of Table A.14 illustrate that the observed municipalities in
McKean County are a good representation of the municipalities with higher concentrations of
PSP traffic stops. Observations in McKean County were conducted only on local and state
highways, as no interstate highways run through the county. Observations occurred in 45 or
55 mph speed zones. The remainder of Table A.14 indicates that a fairly low volume of
vehicles was observed in McKean County, ranging from 32.7 vehicles to 77.9 vehicles
observed per hour. The amount of RADAR conducted in the county (56.3%) was
considerably higher than in the overall dataset (41.4%) because traffic volume was so low
that the use of RADAR was possible for entire days. There were also no significant weather
limitations in McKean County that prohibited observers from conducting RADAR.
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Table A.13 Observations in Lehigh County
Municipality
% of
Observed
PSP Stops*
City of Bethlehem
2.1
South Whitehall Twp
13.3
Upper Macungie Twp
22.2
City of Allentown
2.7
North Whitehall Twp
14.4
North Whitehall Twp
14.4
Weisenberg Twp
13.7
Upper Macungie Twp
22.2
Weisenberg Twp
13.7
Lower Macungie Twp
6.4

Date
04/07/2002
04/08/2002
06/20/2002
06/21/2002
11/08/2002
11/09/2002
04/04/2003
04/05/2003
06/12/2003
06/13/2003

Road
Type
State Hwy
State Hwy
Interstate
Interstate
State Hwy
County/local
Interstate
Interstate
Interstate
Interstate

Speed
Limit
55
55
55
55
55
35
55
55
55
55

# of Vehicles
Observed
1,293
887
1,017
1,452
729
803
649
810
493
674

# of Hours
Observed
7.5
7.5
7.5
7.5
6.5
7.0
7.5
7.5
7.5
7.5

Avg. Number
vehicles/hour
172.4
118.3
135.6
193.6
112.2
114.7
86.5
108.0
65.7
89.9

%
RADAR
48.1
25.5
38.8
0.0
53.6
34.4
48.5
47.9
47.5
44.5

County Total/Avg
-------------------8,807
73.5
119.8
35.7
_________________________________________________________________________________________________________________
* This column reflects the percent of PSP stops (n=7,797) in this county for each observed municipality.

Table A.14 Observations in McKean County
Municipality
Observed
Sergeant Twp
Wetmore Twp
Corydon Twp
Lafayette Twp
Hamlin Twp
Hamlin Twp
Keating Twp
Eldred Twp
Hamlin Twp
Keating Twp
County Total/Avg

% of
PSP Stops*
Date
7.7
05/21/2002
5.2
05/22/2002
7.1
08/11/2002
3.8
08/12/2002
36.0
12/18/2002
36.0
12/19/2002
9.2
03/21/2003
6.1
03/22/2003
36.0
04/25/2003
9.2
04/26/2003
---

------------

Road
Type
State Hwy
State Hwy
State Hwy
State Hwy
State Hwy
State Hwy
County/local
State Hwy
County/local
County/local
-----

Speed
Limit
55
55
55
55
45
45
45
55
55
55

# of Vehicles
Observed
281
431
357
377
229
275
509
584
289
422

---

3,753

# of Hours
Observed
7.5
7.5
7.5
7.5
7.0
7.5
7.5
7.5
7.5
7.5
74.5

Avg. Number
%
vehicles/hour RADAR
37.5
52.7
57.5
49.2
47.6
100.0
50.3
100.0
32.7
95.6
36.7
100.0
67.9
27.1
77.9
34.4
38.5
53.3
56.3
7.8
50.4

56.3

___________________________________________________________________________________________________________
* This column reflects the percent of PSP stops (n=1,989) in this county for each observed municipality.
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Mercer County
The first two columns of Table A.15 illustrate that the observed municipalities in Mercer
County are reasonably similar to the municipalities with higher concentrations of PSP traffic
stops. Observations in Mercer County were conducted only on interstate highways and only
in 65 mph zones. The remainder of Table A.15 indicates that a moderately large volume of
vehicles was observed in Mercer County, ranging from 67.6 vehicles to 132.7 vehicles
observed per hour. The amount of RADAR conducted in the county (49.3%) was higher
than in the overall dataset (41.4%). Fortunately, there were no weather limitations in Mercer
County that prohibited observers from conducting RADAR.
Montgomery County
The first two columns of Table A.16 illustrate that the observed municipalities in
Montgomery County correspond well to the municipalities with higher concentrations of PSP
traffic stops. Observations in Montgomery County were conducted on local, state, and
interstate highways, and in 35, 45, and 55 mph zones. The remainder of Table A.16 indicates
that a large volume of vehicles was observed in Montgomery County, ranging from 76.7
vehicles to 153.9 vehicles observed per hour. The amount of RADAR conducted in the
county (36.4%) was lower than in the overall dataset (41.4%), due largely to inclement
weather and very heavy traffic volume. Observations in those municipalities that were
observed for less than 7.5 hours per day were cut short due to darkness or weather hazards.
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Table A.15 Observations in Mercer County
Municipality
% of
Observed
PSP Stops*
Lackawannock Twp
8.3
Springfield Twp
5.7
Wolf Creek Twp
13.6
Deer Creek Twp
3.2
Jackson Twp
11.0
Findley Twp
30.5
East Lackawannock Twp 4.8
Findley Twp
30.5
Wolf Creek Twp
13.6
Jackson Twp
11.0

Date
04/19/2002
04/20/2002
07/28/2002
07/29/2002
01/09/2003
01/10/2003
03/23/2003
03/24/2003
05/23/2003
05/24/2003

Road
Type
Interstate
Interstate
Interstate
Interstate
Interstate
Interstate
Interstate
Interstate
Interstate
Interstate

Speed
Limit
65
65
65
65
65
65
65
65
65
65

County Total/Avg

------------

-----

---

---

# of Vehicles
Observed
734
983
995
946
517
562
600
507
586
653
7,083

# of Hours
Observed
7.5
7.5
7.5
7.5
7.0
7.5
7.0
7.5
7.5
7.0
73.5

Avg. Number
vehicles/hour
97.9
131.1
132.7
126.1
73.9
74.9
85.7
67.6
78.1
93.3
96.4

%
RADAR
35.6
35.9
47.8
92.6
48.0
35.4
40.8
34.1
52.2
54.7
49.3

______________________________________________________________________________________________________
* This column reflects the percent of PSP stops (n=2,517) in this county for each observed municipality.

Table A.16 Observations in Montgomery County
Municipality
% of
Observed
PSP Stops*
Whitemarsh Twp
12.9
Whitemarsh Twp
12.9
Upper Salford Twp
0.9
Worcester Twp
5.0
Upper Merion Twp
16.2
Upper Merion Twp
16.2
Limerick Twp
2.9
Lower Providence Twp
3.6
Lower Merion Twp
10.2
Plymouth Twp
6.2

Date
03/15/2002
03/16/2002
07/01/2002
07/02/2002
12/08/2002
12/09/2002
03/14/2003
03/15/2003
04/27/2003
04/28/2003

County Total/Avg

------------

---

Road
Type
Interstate
County/local
County/local
Interstate
Interstate
Interstate
State Hwy
Interstate
Interstate
Interstate
-----

Speed
Limit
55
45
35
55
55
55
55
55
55
55
---

# of Vehicles
Observed
702
1,000
840
791
345
414
954
974
807
988
7,815

# of Hours
Observed
6.0
6.5
7.5
7.5
4.5
4.0
7.5
7.5
7.5
7.5
66.0

Avg. Number
vehicles/hour
117.0
153.9
112.0
105.5
76.7
103.5
127.2
129.9
107.6
131.7
118.4

%
RADAR
24.5
28.0
39.9
32.5
47.2
40.6
45.4
50.3
34.6
27.3
36.4

________________________________________________________________________________________________________
* This column reflects the percent of PSP stops (n=11,008) in this county for each observed municipality.
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Tioga County
The first two columns of Table A.17 illustrate that the observations in Tioga County were
focused on three municipalities in which the majority of PSP traffic stops were concentrated,
in addition to a few others with moderate percentages of PSP traffic stops. Observations in
Tioga County were conducted primarily on state highways, as no interstate highways run
through this county’s borders. Observed locations included 45, 55, and 65 mph zones. The
remainder of Table A.17 indicates that a moderate volume of vehicles was observed in Tioga
County, ranging from 41.6 vehicles to 110.0 vehicles observed per hour. The amount of
RADAR conducted in the county (27.4%) was considerably lower than in the overall dataset
(41.4%), due to several partial or entire days when the weather prohibited observers from
conducting RADAR.
Washington County
The first two columns of Table A.18 illustrate that the observed municipalities in
Washington County match up well with the municipalities with higher concentrations of PSP
traffic stops. Observations in Washington County were conducted only on interstate
highways, in both 55 and 65 mph zones. The remainder of Table A.18 indicates that a
relatively large volume of vehicles was observed in Washington County, ranging from 63.7
vehicles to 158.8 vehicles observed per hour. The amount of RADAR conducted in the
county (32.4%) was much lower than in the overall dataset (41.4%), due to both inclement
weather and very heavy traffic that limited observers’ ability to conduct RADAR.
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Table A.17 Observations in Tioga County
Municipality
Observed
Liberty Twp
Mansfield Brgh
Delmar Twp
Tioga Twp
Richmond Twp
Richmond Twp
Tioga Twp
Charleston Twp
Richmond Twp
Tioga Twp
County Total/Avg

% of
PSP Stops*
8.5
17.7
4.9
18.7
20.4
20.4
18.7
6.7
20.4
18.7
---

Date
04/12/2002
04/13/2002
07/14/2002
07/15/2002
01/31/2003
02/01/2003
03/04/2003
03/05/2003
05/19/2003
05/20/2003

Road
Type
State Hwy
State Hwy
County/local
State Hwy
State Hwy
State Hwy
State Hwy
State Hwy
State Hwy
State Hwy

------------

-----

Speed
Limit
65
55
55
55
55
45
45
55
55
55
---

# of Vehicles
Observed
770
768
382
490
699
704
291
476
324
375
5,279

# of Hours
Observed
7.0
7.0
7.5
7.5
7.5
7.5
7.0
7.5
6.5
7.5
72.5

Avg. Number
vehicles/hour
110.0
109.7
50.9
65.3
93.2
93.9
41.6
63.5
49.9
50.0
72.8

%
RADAR
46.4
6.5
49.2
35.3
0.0
0.0
100.0
24.6
42.0
36.3
27.4

______________________________________________________________________________________________________
* This column reflects the percent of PSP stops (n=1,320) in this county for each observed municipality.

Table A.18 Observations in Washington County
Municipality
Observed
Cecil Twp
South Strabane Twp
Chartiers Twp
Somerset Twp
Cecil Twp
Donegal Twp
Chartiers Twp
North Strabane Twp
Fallowfield Twp
Amwell Twp
County Total/Avg

% of
PSP Stops*
7.4
6.8
16.1
8.4
7.4
1.3
16.1
6.2
10.9
4.9
---

Date
06/02/2002
06/03/2002
08/21/2002
08/22/2002
01/31/2003
02/01/2003
03/21/2003
03/22/2003
05/04/2003
06/02/2003

Road
Type
Interstate
Interstate
Interstate
Interstate
Interstate
Interstate
Interstate
Interstate
Interstate
Interstate

Speed
Limit
55
55
55
55
55
65
55
55
55
65

------------

-----

---

# of Vehicles
Observed
890
1,191
1,050
870
1,012
796
865
848
605
653
8,780

# of Hours
Observed
7.5
7.5
7.5
7.5
7.5
6.5
7.5
7.5
9.5
7.5
76.0

Avg. Number
vehicles/hour
118.7
158.8
140.0
116.0
134.9
122.5
115.3
113.1
63.7
87.1
115.5

%
RADAR
35.4
37.1
22.9
36.8
38.0
0.0
26.8
49.8
33.2
44.1
32.4

________________________________________________________________________________________________________
* This column reflects the percent of PSP stops (n=11,083) in this county for each observed municipality.
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Westmoreland County
The first two columns of Table A.19 illustrate that the observed municipalities in
Westmoreland County reasonably mirror the municipalities with higher concentrations of
PSP traffic stops. Table A.19 also indicates that observations in Westmoreland County were
conducted on local, state, and interstate highways. Observed speed limits included 35, 45,
50, 55, and 65 mph zones. A rather variable volume of vehicles was observed in
Westmoreland County, ranging from 68.4 vehicles to 172.7 vehicles observed per hour. The
amount of RADAR conducted in the county (38.9%) was lower than in the overall dataset
(41.4%), mainly due to inclement weather that prohibited observers from conducting
RADAR for an entire day.
York County
The first two columns of Table A.20 illustrate that the observed municipalities in
York County correspond well to the municipalities with higher concentrations of PSP traffic
stops. Observations in York County were conducted on state and interstate highways, and in
both 55 and 65 mph speed limits. The remainder of Table A.20 indicates that a generally
large volume of vehicles was observed in York County, ranging from 62.9 vehicles to 157.5
vehicles observed per hour. The amount of RADAR conducted in the county (42.8%) was
very similar to the percentage in the overall dataset (41.4%). Fortunately, there were no
weather limitations in York County that prohibited observers from conducting RADAR.
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Table A.19 Observations in Westmoreland County
Municipality
% of
Observed
PSP Stops*
Derry Twp
4.4
Salem Twp
4.9
Penn Twp
7.1
Hempfield Twp
22.3
Derry Twp
4.4
East Huntingdon Twp
1.6
Mount Pleasant Twp
13.9
Donegal Twp
15.7
Mount Pleasant Twp
13.9
Hempfield Twp
22.3

Date
04/12/2002
04/13/2002
06/26/2002
06/27/2002
09/22/2002
09/23/2002
04/13/2003
04/14/2003
05/14/2003
05/15/2003

County Total/Avg

------------

---

Road
Type
State Hwy
State Hwy
Interstate
Interstate
State Hwy
State Hwy
State Hwy
County/local
State Hwy
State Hwy
-----

Speed
Limit
50
55
65
65
45
55
50
35
45
45

# of Vehicles
Observed
499
458
1,295
796
757
871
903
578
513
617

---

7,217

# of Hours
Observed
7.0
5.0
7.5
6.5
7.5
7.5
7.5
7.5
7.5
7.5
71.0

Avg. Number
vehicles/hour
71.3
91.6
172.7
122.5
100.9
116.1
120.4
77.1
68.4
82.3
101.7

%
RADAR
38.7
0.0
42.8
32.8
35.1
43.3
53.7
35.5
43.5
43.9
38.9

______________________________________________________________________________________________________
*This column reflects the percent of PSP stops (n=17,440) in this county for each observed municipality.

Table A.20 Observations in York County
Municipality
Observed
Newberry Twp
Springfield Twp
Shrewsbury Twp
Warrington Twp
Fairview Twp
Manchester Brgh
Shrewsbury Twp
Newberry Twp
Fairview Twp
York Twp
County Total/Avg

% of
PSP Stops*
8.0
14.5
10.1
1.7
15.8
4.7
10.1
8.0
15.8
11.8
---

Date
03/24/2002
03/25/2002
06/06/2002
06/07/2002
10/25/2002
10/26/2002
03/02/2003
03/03/2003
04/13/2003
04/14/2003

Road
Type
Interstate
Interstate
Interstate
State Hwy
State Hwy
State Hwy
Interstate
Interstate
Interstate
Interstate

Speed
Limit
65
55
65
55
55
65
65
55
55
65

------------

-----

---

# of Vehicles
Observed
993
1,093
710
535
782
756
900
1,260
757
649
8,435

# of Hours
Observed
7.5
7.5
7.0
8.5
7.0
7.5
7.0
8.0
7.5
7.5
75.0

Avg. Number
vehicles/hour
132.4
145.7
101.4
62.9
111.7
100.8
128.6
157.5
100.9
86.5
112.5

%
RADAR
38.1
35.4
46.5
43.9
11.8
64.8
53.2
48.6
43.5
41.9
42.8

________________________________________________________________________________________________________
*This column reflects the percent of PSP stops (n=5,441) in this county for each observed municipality.
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Table A.21 shows that in all of the observed municipalities in the additional seven
sampled counties, at least 20 percent of the county’s stops occurred in those municipalities.
This reflects the selection criteria for these extra observation sessions. Table A.21 also
indicates that observations were conducted only on interstate highways (e.g., I-81, I-80, and
I-76), and primarily in 65 mph speed limits. Large volumes of vehicles were observed in
each of these municipalities, ranging from 81.0 vehicles to 197.4 vehicles observed per hour.
The amount of RADAR conducted in these municipalities was slightly higher than in the
overall dataset (41.4%), with the exception of two days. Fortunately, these observation
sessions were not marked by prolonged weather limitations that prohibited observers from
conducting RADAR.
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Table A.21 Observations in Additional Counties
County
Observed

Municipality
Observed

% of PSP
Stops*

Date

Road
Type

Speed # Vehicles # Hours
Avg #
%
Limit Observed Observed vehicles/hour RADAR

Susquehanna

New Milford Twp

33.0

6/08/2003

Interstate

65

648

8.0

81.0

47.1

Susquehanna

Lenox Twp

23.9

6/09/2003

Interstate

65

689

8.0

86.1

43.8

Montour

Liberty Twp

45.0

6/22/2003

Interstate

65

752

8.0

94.0

45.3

Montour

Valley Twp

36.4

6/23/2003

Interstate

65

829

8.0

103.6

47.8

Clarion

Clarion Twp

33.7

6/19/2003

Interstate

65

996

8.0

124.5

38.4

Clarion

Clarion Twp

33.7

6/20/2003

Interstate

65

1,228

8.0

153.5

47.5

Jefferson

Washington Twp

46.2

6/22/2003

Interstate

65

1,126

8.0

140.8

52.6

Jefferson

Washington Twp

46.2

6/23/2003

Interstate

65

1,325

8.0

165.6

41.4

Clinton

Lamar Twp

72.4

6/24/2003

Interstate

65

1,264

8.0

158.0

41.1

Clinton

Lamar Twp

72.4

6/25/2003

Interstate

65

1,149

8.0

143.6

45.3

Fulton

Brush Creek Twp

28.2

6/27/2003

Interstate

55

1,256

8.0

157.0

51.6

Fulton

Wells Twp

40.9

6/28/2003

Interstate

65

1,340

8.0

167.5

50.4

Bedford

East Providence Twp

39.8

6/29/2003

Interstate

55

1,579

8.0

197.4

45.1

Bedford

East Providence Twp

39.8

6/30/2003

Interstate

55

1,293

8.0

161.6

48.5

* This column reflects the percent of each county’s PSP stops that occurred in the observed municipality.
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Table A.22. Correlation Matrix for Dependent and Independent Variables*
1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

1 Male

1.000

2 Black

.007

1.000

3 Nonwhite

.032**

.720**

1.000

4 Young

-.099**

.027**

.043**

1.000

5 Passengers

.081**

-.002

.014**

-.053**

1.000

6 PA Plate

-.052**

-.084**

-.113**

.000

-.137**

1.000

7 Red
vehicle

.002

-.007

-.009*

.022**

-.005

.028**

1.000

8 Sports Car

-.046**

-.001

-.001

.159**

-.059**

.036**

.066**

1.000

9 Rush Hour

-.003

-.005

-.013**

-.006

-.045**

.029**

.004

-.008*

1.000

10 Weekday

-.020**

-.007

-.015**

-.024**

-.207**

.060**

.002

.012**

-.032**

1.000

11 Interstate

.038**

.078**

.101**

.019**

.077**

-.308**

-.021**

-.019**

-.008*

-.125**

1.000

.038**

-.011**

.002

.016**

.087**

-.186**

.000

-.028**

.048**

-.102**

.359**

1.000

-.011**

.100**

.104**

.013**

-.059**

.027**

-.026**

.035**

-.026**

-.052**

.177**

-.425

1.000

.008*

.082**

.092**

.108**

-.014**

-.086**

-.018**

.045**

-.033**

-.065**

.155**

-.280**

.281**

1.000

.004

.059**

.068**

.073**

-.012**

-.071**

-.013**

.028**

-.028**

-.044**

.123**

-.232**

.250**

.770**

1.000

.000

.071**

.081**

.093**

-.007

-.059**

-.014**

.040**

-.037**

-.055**

.088**

-.250**

.256**

.748**

.545**

1.000

.007

.064**

.068**

.094**

-.004

-.047**

-.012**

.041**

-.032**

-.063**

.070**

-.177**

.180**

.614**

.305**

.559**

1.000

.006

.052**

.056**

.079**

-.009*

-.030**

-.003

.034**

-.021**

-.034**

.041**

-.094**

.093**

.424**

.155**

.285**

.509**

1.000

.010*

.030**

.035**

.060**

-.006

-.009*

-.003

.022**

-.010*

-.011**

.017**

-.045**

.039*

.259**

.073**

.134**

.240**

.472**

12 65 mph
limit
13 Munic
avg for stops
14 Amt over
limit
15 5 mph
over
16 10 mph
over
17 15 mph
over
18 20 mph
over
19 25 mph
over

*Note: *Correlation is significant at the .05 level (2-tailed). ** Correlation is significant at the .01 level (2-tailed)
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