
Cops and Stops: Racial Profiling and a 
Preliminary Statistical Analysis of 

Los Angeles Police Department Traffic Stops 
and Searches 

California State Polytechnic University, Pomona 

and 

Loyola Marymount University 

Department of Mathematics Technical Report 

Megan Armentrout∗ , Amber Goodrich, † Jennifer Nguyen‡ , Lizette Ortega,§ 

Laura Smith¶, Lily S. Khadjavik 

Applied Mathematical Sciences Summer Institute 
Department of Mathematics & Statistics 

California State Polytechnic University Pomona 
3801 W. Temple Ave. 
Pomona, CA 91768 

June 2007 

∗Whitworth University 
†Central Washington University 
‡California State Polytechnic University 
§University of Arizona 
¶University of California, Los Angeles 
kLoyola Marymount University, Los Angeles 

1 



Contents 

1 Introduction 5 

2 Background 6 
2.1 Racial Profiling Studies in Other Areas . . . . . . . . . . . . . . . . . . . . . 6 

2.1.1 Racial Profiling and Statistics in Court . . . . . . . . . . . . . . . . . 6 
2.1.2 Racial Profiling in Pedestrian Stops in New York . . . . . . . . . . . 7 
2.1.3 A Boston Study on Race of Officer . . . . . . . . . . . . . . . . . . . 7 

2.2 History of Police Corruption in Los Angeles . . . . . . . . . . . . . . . . . . 8 
2.3 Use of Benchmarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8 
2.4 Legal Bases for Searches . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8 

3 Data 9 
3.1 Field Data Reports . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9 
3.2 Geography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11 

4 Methodology 13 
4.1 Chi-Square . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13 
4.2 Logistic Regression . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16 

4.2.1 Parameter Estimates . . . . . . . . . . . . . . . . . . . . . . . . . . . 17 
4.2.2 Accuracy of Model and R Square . . . . . . . . . . . . . . . . . . . . 17 
4.2.3 Variable Selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18 

5 Findings/Analysis 18 
5.1 Analyzing Disparities Citywide Across Los Angeles . . . . . . . . . . . . . . 18 

5.1.1 Search Rates . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18 
5.1.2 Logistic Regression: Search Conducted . . . . . . . . . . . . . . . . . 19 
5.1.3 Discovery Rates . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21 
5.1.4 Purely Consensual Search Rates . . . . . . . . . . . . . . . . . . . . . 22 
5.1.5 Discovery Rates from Consent Based Searches . . . . . . . . . . . . . 23 
5.1.6 Logistic Regression: Discoveries from Purely Consensual Searches . . 24 
5.1.7 Logistic Regression: Driver Asked to be Searched . . . . . . . . . . . 25 

5.2 Analyzing Disparities Across Policing Districts . . . . . . . . . . . . . . . . . 27 
5.2.1 Search Rates Across Policing Districts . . . . . . . . . . . . . . . . . 27 
5.2.2 Logistic Regression: Search Conducted Across Policing Districts . . . 29 
5.2.3 Discovery Rates Across Policing Districts . . . . . . . . . . . . . . . . 29 
5.2.4 Demographic Models . . . . . . . . . . . . . . . . . . . . . . . . . . . 32 
5.2.5 Simpson’s Diversity Index Trial . . . . . . . . . . . . . . . . . . . . . 33 

6 Conclusion 33 

7 Future Work 34 

8 Appendix 35 

2 



9 Acknowledgements 42 

3 



Abstract 

With data collection efforts underway in over 45 states, racial profiling in police 
practice is an issue of national concern. This study focuses on Los Angeles because 
of its diverse racial composition and the large quantity of data collected by the Los 
Angeles Police Department. Under a consent decree with the United States Department 
of Justice, the Los Angeles Police Department is required to make this data available. 
Using records for over 600,000 traffic stops, we analyze racial disparities found in stop 
and search rates. Logistic regression models are used to determine which variables are 
significantly related to disparities in search rates and other police practices. Based on 
our findings, the possibility of racial profiling cannot be ruled out. 
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1 Introduction 

Racial profiling is a serious issue throughout the United States. A guide from the United 
States Department of Justice written by Deborah Ramirez defines racial profiling as “any 
police-initiated action that relies on the race, ethnicity or national origin rather than the be-
havior of an individual or information that leads the police to a particular individual who has 
been identified as being, or having been, engaged in criminal activity.” (See [Ra].) According 
to a Gallup Poll conducted in Spring of 2001, 58% of Americans believe racial profiling is 
still occurs despite the fact that it is illegal. Statistical studies have been conducted in cities 
around the country that examine the relationship between race and police practice. (See 
[An], [Ge], [Kh] for recent examples.) 
In the past, Los Angeles has been the center of several allegations related to police 

corruption. When accusations in the late 1990s proved to be true, a consent decree was 
established to monitor many aspects of the Los Angeles Police Department (LAPD). The 
Consent Decree is an agreement between the U.S. Department of Justice and the city of Los 
Angeles. The implementation of the Consent Decree has made it possible for us to obtain 
data on traffic stops. We now have the chance to statistically analyze whether the treatment 
of individuals differ according to race. The focus of our research is to determine whether or 
not racial profiling occurs in Los Angeles Police Department traffic stops and if it is related 
to the discovery rate, defined as the number of discoveries over the number of searches. 
The Los Angeles Police Department is of interest to us for several reasons. First, Los 

Angeles is a very diverse city, and studying the data from the police department can provide 
us with understanding of police practice in such an environment. Second, previous work such 
as “Driving While Black” in Chance ([Kh]) was limited to analysis of aggregated LAPD traffic 
stop data. This study is one of the first being performed in Los Angeles using disaggregated 
data, as we are one of the few groups that have been able to obtain access to it. Third, 
the data we analyze are from traffic stops, and according to the Bureau of Justice Statistics, 
traffic stops are the most common interaction between police officers and civilians throughout 
the nation (see [Du]). Hence, analyzing traffic stops in particular would be an effective way 
of observing the treatment of civilians by police officers in general. Finally, in the wake of 
the allegations of misconduct which prompted the Consent Decree, the LAPD has a vested 
interest in understanding patterns in stop data to rebuild trust, especially in communities of 
color. Analyzing this data is a first step in that direction. To analyze the data we use chi-
square tests and logistic regression models. We attempt to study the disparities in treatment 
of different racial groups across various areas of Los Angeles. To do this, we focus on search 
rates and discovery rates. Our results indicate that African American and Hispanic drivers 
are treated differently when compared to White and Asian drivers after being stopped. 
A brief outline of our paper is as follows: First, we go into some detail about the back-

ground of the study. This section will discuss recent studies of racial profiling across the 
nation and mention some issues dealing with discrimination by the LAPD in the past. Also, 
the legal basis of a search is discussed. When is a search allowed, and what is a reason-
able justification for a search? After the background, the process of obtaining the data is 
explained in detail. The geography of Los Angeles is discussed, as well as how the city is 
broken down by policing districts. Next, the methodology section introduces the statistical 
methods used: chi-square tests and logistic regression models. Our analysis covers our find-
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ings both citywide and in the different policing districts. We end with a conclusion of our 
research and some future work that we hope to pursue. 

2 Background 

2.1 Racial Profiling Studies in Other Areas 

Racial profiling is an issue across the nation and has also played roles in court cases. We 
first discuss two influential court cases concerning racial profiling in which statistical analysis 
played a major role and then note two recent studies of interest. 

2.1.1 Racial Profiling and Statistics in Court 

In some states, studies have been conducted as a result of court cases where the plaintiff 
claimed to be unfairly treated during a traffic stop (see [La]). These cases cited racial profiling 
as the primary reason for unnecessary searches. Two seminal court cases using statistics to 
examine charges of racial profiling were New Jersey v. Soto and Wilkins v. Maryland State 
Police. In both cases, a statistical study of the driving population was conducted in order 
to create a benchmark for comparison to police stops and searches. 
In New Jersey, Dr. John Lamberth and a team of researchers conducted two surveys 

of the highway driving population: stationary observations and a rolling survey. In the 
stationary observations, roadside observers counted the number of cars that drove by along 
with the race of the occupants. The rolling survey consisted of researchers driving 5 mph 
over the posted speed limit who counted the number of speeders, i.e., drivers who passed 
the observers, and drivers whom the observers passed. In both cases, the race of the driver 
was noted. In total, 2,096 cars were counted in the rolling survey. 
Analyzing the data, the team of researchers found that in New Jersey 15% of speeders 

on the road were African American. They compared this benchmark to the New Jersey 
State Police stop data, for which 35% of the drivers stopped on the same portion of the 
turnpike were African American. In their study, they found that African Americans were 
4.85 times more likely to be pulled over when compared to others and that this disparity 
was statistically significant, meaning, not due to chance (see [La]). These findings convinced 
Lamberth – and the judge – that racial profiling was indeed taking place along the New 
Jersey turnpike. 
Similarly, in Maryland, Lamberth conducted a study to test whether police searched 

African-American drivers more often than expected along a portion of Interstate 95 in Mary-
land. In order to find the proportion of African-American drivers violating the law, Lamberth 
conducted a rolling survey similar to the one conducted in New Jersey. The survey enabled 
Lamberth to find the racial composition of the drivers on the highway along with the com-
position of the violators. Lamberth used the rolling survey as a benchmark to compare with 
the actual police data. 
The results showed that 93.3% of all drivers were violating traffic laws, of which 17.5% 

were African-American drivers. He then obtained data from the Maryland State Police and 
noted that 72.9% of all drivers searched were African American. Through statistical anal-
ysis, Lamberth found that the difference in search rates versus the expected stop rates had 

6 



virtually a zero percent probability of occurring by chance, meaning that African-American 
motorists were searched at a significantly higher rate than is probable by chance. 
According to Lamberth, the ungrounded perception that African Americans and other 

minorities were frequent drug users fed the motivation to target African-American drivers. 
Also, racial profiling could have been fueled by the fact that police officers were partially 
rewarded based on the number of arrests they made, encouraging more searches of drivers 
(see [La]). The results of Lamberth’s study were used in the court as evidence. This was a 
landmark case since the judge accepted the idea of statistical significance and ruled accord-
ingly. 

2.1.2 Racial Profiling in Pedestrian Stops in New York 

Rolling surveys of highways to study police practice are not appropriate in all jurisdictions. 
In New York City, after minority communities became outraged by policing tactics that 
allegedly targeted racial and ethnic minorities, the New York Police Department’s (NYPD) 
“stop-and-frisk” policy was evaluated. In a study targeting racial profiling of pedestrians, 
Jeffrey Fagan, Andrew Gelman and Alex Kiss analyzed the New York Police Department’s 
stop-and-frisk policy. In order to investigate the problem, researchers analyzed reports of 
125,000 pedestrian stops by the NYPD between January 1998 and March 1999. 
The question was whether or not police officers disproportionately stop ethnic minorities. 

To answer this, the researchers separated the data based on police precinct and compared 
stop rates for different racial and ethnic groups while controlling for differences in arrest rates 
(see [Ge]). Comparing the crime rates of each group, it was found that the rate of minorities 
being stopped was much higher than the rate of Whites being stopped. This contradicted 
the NYPD claim that the high stop rates of minorities represented efficient police practice 
where “high crime areas” tend to have more minorities (see [Ge]). 
In particular, a Columbia University research group found that the NYPD’s policing 

strategy varied in its stop and searches of pedestrians. The researchers deduced that the 
likelihood of African Americans and Hispanics being stopped on the streets was much higher 
than the likelihood of Whites. While accounting for weapons and violent crime rates by 
race, White suspects were stopped only half as often as African Americans and Hispanics. 
However, African Americans and Hispanics were less likely to get arrested than Whites. One 
proposed interpretation of this is that African Americans and Hispanics are stopped more 
often than Whites without reason. 

2.1.3 A Boston Study on Race of Officer 

Taking a different approach to racial profiling and traffic stops, Kate Antonovics and Brian 
Knight studied “preference-based discrimination” in Boston by taking note of both the race 
of the officer and the race of the motorists (see [An]). Preference-based discrimination refers 
to the act of an officer searching drivers of a race different from their own more often than 
searching drivers of their own race. The study aimed to understand the reasons for observed 
differences in the search rates between African American, Hispanic, and White drivers during 
traffic stops. Antonovics and Knight found that officers are more likely to conduct a search 
if the driver is of a different race. It appears that preference-based discrimination plays a 
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significant role in the differences in search rates of racial groups. 

2.2 History of Police Corruption in Los Angeles 

The Rampart “Community Resource Against Street Hoodlums” (CRASH) unit was an anti-
gang division of the Los Angeles Police Department. In 1998, allegations were made against 
the division for several acts of misconduct including the planting of evidence such as guns 
and drugs at crime scenes. Finding that these allegations were true, the city of Los Angeles 
entered into a consent decree with the United States Department of Justice (see [Ri]). 
The Consent Decree, which monitors the LAPD, covers several aspects of police practice 

ranging from interactions with civilians to internal audits, in an attempt to “promote po-
lice integrity and prevent conduct that deprives persons of rights, privileges, or immunities 
secured or protected by the Constitution or laws of the United States.” A portion of the 
decree requires every officer to complete a written or electronic Field Data Report for every 
vehicle or pedestrian stop. These Field Data Reports provide the information which we will 
use about each stop. Details are discussed in the section regarding data. 

2.3 Use of Benchmarks 

We will be addressing whether police officers search minority drivers in Los Angeles at a 
disproportionate rate. We compare the search rates and discovery rates to determine which 
factors affect these rates. In addition, we discuss the rates within different districts of Los 
Angeles. It is of interest to see if location affects the outcome of the stop. Hence, we will 
look at search rates broken down by race for each policing district in Los Angeles. 
There are multiple benchmarks to use for comparison when looking at stop rates, each 

having its own strengths and weaknesses. Some studies have used census data to determine 
if police are stopping people at a rate proportionate to the demographics of the area. This 
is not always accurate because the census data counts everyone in the area, not just the 
driving population. This implies that the population being captured is not representative of 
the population we are studying. Another option is using data provided by the Department 
for Motor Vehicles (DMV) for drivers license holders to determine who is on the road. 
This is problematic because not everyone who drives actually has a license. To avoid these 
difficulties, we focus on what happens after the driver has been stopped and what factors 
affect the outcome of the stop. Further, to compare different police districts, we use census 
data broken down by region to compare the search rates between separate policing districts, 
grouping districts by their demographics. 

2.4 Legal Bases for Searches 

There are Constitutional and other legal constraints governing when a police officer may 
conduct a search. The Fourth Amendment guarantees “the right of the people to be secure 
in their persons, houses, papers, and effects, against unreasonable searches and seizures,” 
which includes vehicles. However, many conditions allow for a search. For example, a warrant 
is not necessary to search a vehicle as long as the officer has probable cause that the driver 
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is engaging in illegal activity. Vehicles are mobile, allow for easier escape, and generally are 
not associated with the same level of privacy as a residence. 
Reasons that are considered legal basis for a search include the following: plain sight of 

illegal or potentially dangerous paraphernalia such as drugs, alcohol or weapons; suspicious 
odor such as of marijuana or alcohol; or evidence that implicates the driver or passenger of 
committing a crime. If officers feel necessary, they can ask for consent to search the driver 
or vehicle and if given voluntarily, the consent eradicates the requirement for reasonable 
suspicion. Searches by consent are purely at the discretion of the officer, so we spend some 
time looking at this data in particular for use as an indicator to determine whether some 
searches are influenced by race. 
Race itself is not a justifiable basis for search. The Consent Decree prohibits the use 

of race, color, ethnicity, or origin as the sole basis for stops or any action except when a 
particular suspect fits a specific description, where race may be a part of that description 
(see [LAPD]). 

3 Data 

3.1 Field Data Reports 

The data we analyze comes from the Los Angeles Police Department. Following the terms 
of the Consent Decree, the LAPD is required to fill out a Field Data Report (Figure 1) 
at each traffic stop. Any time a driver, passenger, or pedestrian is detained, a Field Data 
Report (FDR) is filled out by the officer. When the Consent Decree was first established, 
police officers filled out Field Data Reports on written bubble sheets. In order to make the 
data more accurate, hand-held devices known as “Portable Officer Data Device Systems” 
(PODDS) have been developed. Since the electronic forms help eliminate misreading the 
forms, accuracy rates in data collection have improved. The most recent data is considered 
most accurate, so we focus our study on the one-year period beginning July 2004 and ending 
June 2005, which is the most recent period for which we have access to the data. 
The Field Data Report includes information such as the race, age and gender of the 

detainee. The reports also include details of the stop such as: reason for stop, whether 
the detainee was asked to be searched, if a search was conducted, reasons for the search, if 
anything was discovered, what was discovered, and the outcome of the stop such as citation, 
arrest, no action, or warning. Also, the date, time and area of city in which the stop was 
made is recorded. The race noted is the perceived race of the driver. The options are 
White, Black, Hispanic, Asian, American Indian and None of the Above. The age is the 
perceived age range of the driver and includes (in years) 1-17, 18-25, 26-35, 36-45, 46-55, 
and 55 years or older. If the stop is because of a vehicle code violation, it is noted as one 
of three types: moving violation, equipment/registration violation, and pedestrian violation. 
There are eight choices, although more than one can be indicated, for authority for a search 
by the officer: consent, odor of contraband, incident to arrest, parole/probation, impound 
authority, visible contraband, incident to frisk, and other. There are also eight types of 
discoveries: vehicle, weapon, money, drug, alcohol, other contraband, other property and 
other evidence. A vehicle discovery implies that there is legal issue regarding the vehicle 

9 



itself, e.g., a registration issue or stolen vehicle. We convert time of stop to daytime and 
nighttime, defining daytime as the hours from 6am to 6pm and nighttime from 6pm to 6am. 
The location of the stop, by policing district, is also noted, as discussed in the following 
section. 

Figure 1: Field Data Report 

 

Source: LAPD Training Manual [LAPD] 

Data from the one year period includes over 950,000 driver, passenger and pedestrian 

10 



observations. For this study, we focus only on the drivers. We are interested in determining 
how race affects what happens once the driver is stopped. A few records include incomplete 
data and were coded as “invalid” by the city; these 273 observations have been excluded from 
our study. The driver data set contains 638,732 driver records. Of the remaining number of 
valid drivers, 36.6% are Hispanic, 34.3% are White, 19.5% are African American, 7.9% are 
Asian, 1.7% are classified as Other. Although the police record Native American stops, the 
number of these cases is so small we have grouped them with the Other category. Within 
the Other category, 38.7% are classified as Middle Eastern and 10.8% are Native American. 
When the data is broken down by policing districts, 4,025 driver records were not coded, so 
they were not included in the analysis. 

3.2 Geography 

Los Angeles is a very diverse city made up of many communities, each of which has its own 
unique demographic. Some areas have a large percentage of Hispanics, some are primarily 
White, and others are more diverse. Much of our study takes a citywide look at the data. 
However, from the Field Data Reports we are aware of the general location where each stop 
was made. As seen in Figure 2, the city of Los Angeles is subdivided into 18 areas, called 
reporting districts, which we will refer to as policing districts. Each Field Data Report 
includes the district number in which the stop took place. This information allows us to 
compare the treatment of drivers between districts. Policing strategies and actions may 
differ depending on where the stop was conducted. In section 5, we analyze how the search, 
consensual search and discovery rates compare across the different districts of Los Angeles. 
As shown below in Table 1 the demographics vary by large amounts according to policing 

district. The data was compiled using census data broken down into zip codes (see [?]). By 
comparing a zip code map with a policing district map, we approximated which zip codes fit 
into each policing district. From the census data, we were able to get an approximation of the 
demographics of each policing district. The percentages do not sum to 100 because only the 
four largest racial/ethnic groups are given. In section 5, we discuss the statistical methods 
used to determine whether being in different reporting districts change the likelihood of 
getting searched. 
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Figure 2: Los Angeles Policing Districts 
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Table 1: Approximate Demographics of LA by Policing District 
Reporting District Asian African American Hispanic White 
Central Area 27.69% 15.65% 43.01% 11.84% 
Rampart Area 21.70% 3.93% 63.83% 8.71% 
Southwest Area 5.11% 38.17% 47.92% 6.34% 
Hollenbeck Area 7.16% .94% 88.20% 2.80% 
Harbor Area 8.18% 6.80% 56.54% 26.05% 
Hollywood Area 5.99% 4.36% 27.28% 58.69% 
Wilshire Area 11.88% 16.33% 25.51% 42.73% 

W. Los Angeles Area 14.37% 1.89% 8.66% 71.42% 
Van Nuys Area 7.41% 4.79% 52.76% 32.13% 
W. Valley Area 10.19% 3.89% 30.16% 52.32% 
Northeast Area 15.46% 2.53% 55.90% 23.14% 
77th Street Area .66% 50.09% 45.89% 1.54% 
Newton Area .78% 9.69% 87.10% 1.73% 
Pacific Area 12.27% 10.63% 27.30% 46.07% 

N. Hollywood Area 6.95% 5.17% 40.96% 43.40% 
Foothill Area 4.93% 3.84% 68.68% 20.73% 
Devonshire Area 16.97% 4.21% 31.20% 44.69% 
Southwest Area 9.90% 27.17% 57.68% 3.82% 

4 Methodology 

To analyze the data, we use the chi-square test and binary logistic regression. We use 
chi-square tests to determine whether or not two variables are independent of one another. 
For example, in our analysis we test to see if search rates and race are independent of one 
another. In other words, does the probability of being searched vary significantly by race? 
The chi-square test only indicates whether the variables are independent. If the variables are 
found to be dependent, then we use logistic regression models to determine how the variables 
are related and to what extent specific variables contribute to another. 
Although these methods are standard, we remind the reader of some of the details be-

low. For more details, see [Ch] and [Wa]. SPSS was used for all logistic regression model 
computations. 

4.1 Chi-Square 

A probability distribution is a mathematical description of a random variable in terms of 
its values and the probability associated with each value. We will be using the chi-square 
distribution which is a special case of the gamma distribution. The chi-square distribution 
is not symmetrical and depends on the degrees of freedom, defined as follows. 
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Definition 1. The number of independent variables required for a statistical test is known 
as the number of degrees of freedom, df . 

The number of degrees of freedom is used to determine the probability distribution, as 
follows. 
A skewed probability distribution known as the gamma distribution, which has parame-

ters α > 0 and β > 0, is defined as: ⎧ ⎪ α−1 
− 
β
y⎨y e for 0 ≤ y < ∞ 

f(y) = βαΓ(α) , ⎪⎩0, elsewhere 

where Γ(α) is the gamma function given byZ ∞ 

Γ(α) = y α−1 e −ydy. 
0 

Definition 2. A chi-square distribution is a special case of the gamma distribution with 
parameters α = v 

2 , where v is the degrees of freedom, and β = 2. 

In the chi-square distribution, the larger the degrees of freedom, the more bell-shaped 
the distribution begins to look. 

Figure 3: Chi-Square Distribution 

Using a chi-square distribution we must first calculate a chi-square statistic, defined as 
follows. Given categorical data in a table, each entry in the rows and columns represent a 
number of observations: 
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Category 1a Category 1b Total 
Category 2a O1 O2 Row Total 2a 
Category 2b O3 O4 Row Total 2b 
Total Column Total 1a Column Total 1b Total 

Let Oi denote the observed frequency in a category, which comes from the actual data 
under analysis. Let Ei denote the corresponding expected frequency, which is the theoretical 
value that we would expect if the data were distributed proportionally. In particular, given 
a table the expected frequencies can be calculated by: 

(Row Total) × (Column Total) 
Ei = 

Total 
The degrees of freedom is simply 

df = (number of rows - 1)(number of columns - 1) 

not counting the total row or total column. 

Definition 3. The chi-square statistic, χ2 , is given by the following formula: 
m 
(Oi − Ei)

2X 
χ2 = ,

Eii=1 

where the sum is taken over the number of categories m. 

Note especially that the greater the difference between the observed and expected values, 
the greater the χ2 value. 
We use the χ2 distribution and a specific χ2 value, say χ2

0, for hypothesis testing. In 
hypothesis testing there is a null hypothesis and an alternate hypothesis. 

Definition 4. The null hypothesis, denoted H0, is the statement that is being tested. If the 
probability that the null hypothesis could have happened by chance is small, then we reject 
the null hypothesis. Otherwise, we fail to reject the null hypothesis. 

Definition 5. The alternate hypothesis, denoted Ha, is the alternate to the null hypothesis. 
If the null hypothesis is rejected, then we will favor the alternate hypothesis. 

When testing multiple variables, we use the χ2 value to determine whether the variables 
are independent of each other. This is known as the Test of Independence. This test does 
not show how the variables relate to one another; it only shows if they are related. For a 
chi-square test, the following assumptions must hold: the samples are chosen at random, 
each outcome falls into one of m categories, and the sample size must be large enough so 
that the expected values are greater than or equal to five. 
When using the Test of Independence, our null hypothesis is that the variables are inde-

pendent. We reject the null hypothesis if it is unlikely to have happened by chance. Using 
a table or computer, one can find the probability of a chi-square being χ2

0 or larger. 

Definition 6. The P -value, P (χ2 > χ2
0), is the probability of χ2 being greater than χ0

2 . 
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In order to determine if a null hypothesis should be accepted, we compare the P -value to 
a threshold value of α which is determined by the researcher. Traditionally, social scientists 
often use α = 0.05 while others may use α = 0.01. If the chi-square value corresponds to 
a P -value less than α, then the null hypothesis is rejected. (Alternatively, the degrees of 
freedom and α may be used to find a critical χ2 value with which to compare the actual χ2

0 

value, rather than computing P .) 

Definition 7. The level of significance, denoted α, is a fixed probability of wrongly rejecting 
the null hypothesis when it is true. 

4.2 Logistic Regression 

The purpose of logistic regression is to determine the relationship between explanatory vari-
ables and a categorical response variable. 

Definition 8. The explanatory variables are the independent variables, Xi. 

Definition 9. The response variable is the dependent variable, Y . 

Definition 10. A variable is discrete if it has a finite number of possible values. 

Definition 11. A variable is dichotomous, also called binary, if it has only two possible 
values. For example, a dichotomous variable could have categories “Yes” and “No” or “1” 
and “0.” 

Under standard multiple linear regression, the response variable needs to be a continuous 
quantitative variable. The variables in our data, however, are discrete variables. In addition, 
our response variables, as mentioned in section 2.1, are dichotomous. Because this is the case, 
we cannot use multiple linear regression. Instead, it is appropriate to use logistic regression 
in our analysis to determine how the explanatory variables affect the response variable. 
In our study we code our response variables as either 0 or 1. Although the response 

variable must be categorical, the explanatory variables have no such restriction in logistic 
regression models. 

Definition 12. The odds is the ratio of the likelihood of success to the likelihood of failure. 
Let p denote the probability that Y = 1, which will constitute a success, i.e., p = P (Y = 1). 
Then, � � 

p
log(odds) = odds = (1)

1 − p 

For example, p = 2
3 implies that for every 2 successes, there are 3 failures. 

In equations (2) and (3), the βi value is called a partial regression coefficient, or parameter. 
Suppose there are k explanatory variables X1, X2, ..., Xk and a response variable, Y . The 
standard logistic regression model uses log odds, as follows: � � 

p
ln = β0 + β1X1 + . . . + βkXk. (2)

1 − p 
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The transformation on the left is often referred to as the logit function: � � 
p

logit(p) = ln . 
1 − pNote that as the Xi vary, logit(p) can take on any value, but 0 < p < 1, as required for 

a probability value. Solving for p, we obtain 
1 

p = . (3)−(β0+β1X1+...+βkXk)1 + e 

4.2.1 Parameter Estimates 

Generally, in linear regression, the parameters βi indicate how Y changes in response to one 
unit change in X. In logistic regression, we interpret βi via an odds ratio explained below. 
Each βi shows the relationship between Xi and the log(odds) of Y . The closer βi is to 0, the 
less important Xi is in predicting the probability of Y being a success. 

Definition 13. The odds ratio is defined as the ratio of the odds of one outcome compared 
to the odds of a second outcome. Given two possibilities� of success, p1 and p2, we have � 

p1 

odds ratio = �1−p1 � . (4) 
p2 

1−p2 

From a logistic regression model, we can find the odds ratio using eβ . In particular, if 
p1 = P (Y = 1|Xi = 1) and p2 = P (Y = 1|Xi = 0), equation 2 shows that eβi is the odds 
ratio. Note that the closer the odds ratio is to 1, the more the explanatory variables are 
independent of the response variable. When the odds ratio = 1, the variables are completely 

β 1.609independent. For example, let β = 1.609. Then e = e = 5. This means that when the 
explanatory variable increases by one unit, the odds that the response variable equals one 
increases by a factor of 5 when all other explanatory variables are held constant. 

4.2.2 Accuracy of Model and R Square 

When using logistic regression, in addition to parameter estimates statistical software outputs 
information useful for evaluating a model. Table 2 includes the likelihood ratio, -2LL, and 
two types of R Squares, Cox & Snell and Nagelkerke. We do not describe these in detail but 
make a few comments. 

Table 2: SPSS Model Summary Output 
Step -2 Log Cox & Snell Nagelkerke 

likelihood R Square R Square 
1 448152.08 .096 .175 

The likelihood ratio is close to a chi-square distribution for large sample sizes. It is used 
as a goodness of fit test for the model. As the model improves, -2LL will decrease. Along 
with -2LL, other measures of goodness of fit are given such as Cox & Snell R Square and 
Nagelkerke R Square. The R Square values typically range from 0 to 1 and the closer to 
one, the more accurate the model. These values all reveal similar information about the fit 
of the model. 
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4.2.3 Variable Selection 

An important aspect of logistic regression is variable selection. From the Field Data Reports 
we have over 50 variables. However, to limit the number of variables, our goal is to determine 
which explanatory variables significantly affect the response variable and which do not. There 
are many ways to do this one of which is the chi-square test. By comparing the different 
chi-square values, we can take note of which variables lead to significant P -values. The 
explanatory variables that lead to significant values are the variables which will contribute 
the most to the prediction of the response variable. The explanatory variables with an 
insignificant P -value are the variables we can potentially eliminate from the model since 
they will not help much in predicting the response variable. 
There are also methods implemented by SPSS that will select the most valuable variables. 

Forward Selection is a method in which variables are added one at a time in the order of their 
significance. For example, a variable with a P -value of 0.04 will be added after a variable 
with a P -value of 0.01. Once the model contains the most significant variables, as defined by 
the user, the selection process stops. Furthermore, Backward Elimination chooses variables 
in the opposite manner. It inserts all variables into the model and removes them in the order 
of least contribution. Lastly, there is a method known as Stepwise. This method combines 
Forward Selection with Backward Elimination. The process continually adds and removes 
variables based on the significance of each. This gives us a balance of Forward and Backward 
methods. If used correctly, each model should yield similar results, however, not always the 
same variables. 

5 Findings/Analysis 

Within our findings, we first look into citywide data. We consider at search rates, purely 
consensual search rates, discovery rates, and discoveries from purely consensual searches. 
Also, discussion is included regarding which variables contribute to predicting whether the 
driver is asked for search. The data is then broken down by policing district to determine 
how the data changes as the geography changes. We look at search rates and discovery rates 
followed by models to analyze demographic differences throughout the city. 

5.1 Analyzing Disparities Citywide Across Los Angeles 

5.1.1 Search Rates 

A search rate as it is used in this paper is defined as the number of drivers of a race or 
ethnicity searched over the number of drivers of that race stopped. If drivers of different 
races each had an equal chance of being searched, search rates for each group would be 
similar. Analyzing Los Angeles and the total number of drivers stopped and searched per 
race, we find striking disparities. As seen in Figure 3, search rates are highest for Hispanics 
and African Americans and lowest for Asians and Whites. There is a large disparity, African-
American and Hispanic drivers are approximately 4 times more likely to be searched than 
White drivers. Also, Hispanic drivers are 7 times more likely to be searched than Asian 
drivers. 
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Figure 3: LAPD Search Rates, July ’04- June ’05 

To see if these disparities are statistically significant, we used a chi-square test where there 
are 4 degrees of freedom with α=0.01. Here, our null hypothesis is that search rates are 
independent of race and our alternate hypothesis is that search rates are not independent 
of race. We obtained a chi-square value of over 35,000 from the observation data, Table 
3. The area under the curve to the right of this chi-square value is effectively zero (and in 
fact, a χ2 value such as this is literally off the chart). We reject the null hypothesis, and 
conclude search rate is not independent of race. The probability that these numbers could 
be distributed this way by chance is effectively zero. 

Table 3: Number of Drivers Searched by Race 
White African American Latino Asian Other Total 

Searched 10944 23983 51017 1557 726 88227 
Not Searched 208061 100789 182572 48649 10434 550505 

Total 219005 124772 233589 50206 11160 638732 

χ2 = 35346.38 

5.1.2 Logistic Regression: Search Conducted 

The χ2 tests showed us that our variables were not independent of the search variable. To 
find how the explanatory variables affect the response variables, we used a logistic regression 
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model. We tested how explanatory variables such as age, race, sex, reason for stop and 
time of stop affect the probability of being searched (Table 4). The parameters given by 
logistic regression are known as parameter estimates, β̂, and refer to the values that SPSS 
finds through an iterative algorithm. These values tell how much the explanatory variables 
contribute to the prediction of the response variable. We test at the 1% level of significance. 
If the value in the significance column is less than 0.01, the explanatory variable is consid-
ered significant. That is, the explanatory variable contributes significantly to the model. 
Significance in this case refers to the probability that β̂  = 0, or that the variable does not 
contribute to the model. For the interested reader, the standard error for the parameter 
estimate and 95% confidence intervals (C.I.) for the odds ratio are included. 

Table 4: Variables that may Affect Search Conducted 

Explanatory Variable β̂ Standard Error Significance β̂e 

95% C.I. 
Lower 

95% C.I. 
Upper 

Sex(Female = 1) -1.133 .012 .000 .322 .314 .330 
Race .000 
Asian -.507 .031 .000 .603 .567 .640 
African American 1.471 .014 .000 4.355 4.238 4.238 
Hispanic 1.488 .013 .000 4.429 4.321 4.541 
Other .051 .047 .276 1.052 .960 1.154 
Age Range .000 
1-17 years 2.242 .040 .000 9.408 8.692 10.182 
18-25 years 1.578 .032 .000 4.847 4.551 5.162 
26-35 years 1.302 .032 .000 3.678 3.453 3.918 
36-45 years 1.012 .033 .000 2.752 2.581 2.936 
46-55 years .650 .035 .000 1.916 1.789 2.053 
Moving -.229 .008 .000 .795 .782 .809 
Night .672 .008 .000 1.957 1.925 1.990 
Constant -4.182 .033 .000 .015 
(Significance = 0.000 implies P -value < 0.001) 

In this table, the odds ratio is interpreted with respect to a baseline value. The baseline for 
race is White, so each race is compared to it. This analysis shows that the odds of being 
searched for an African American is 4.355 times the odds of being searched for a White 
driver. Similarly, the odds of being searched for a Hispanic is 4.429 times the odds of being 
searched for a White driver. 
In this model, female drivers are coded as 1 and male drivers as 0. The baseline is male, so 

female drivers are compared to male drivers when interpreting the data. The odds of a female 
being searched is 0.322 times the odds of a male being searched. The Age Range variable 
represents the age group of the driver. Recall from the Field Data Report that these are 
divided into drivers who are 1-17 years, 18-25, 26-35, 36-45, 46-55 and 55 and older. Here 
the baseline is the group, 55 and older. Each age group is significant in computing the 
probability the driver is searched. The younger the driver is, the higher the odds ratio. For 
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example, the odds of a driver between the age of 1-17 being searched is 9.408 times the odds 
of a driver 55 years and older being searched. 
The parameter estimate value for “Moving” is negative, which means when stopped for 

a moving violation, the odds of being searched is less than the odds of being searched when 
stopped for a non-moving violation. The variable Night represents which half of the day the 
driver was pulled over, day (6am to 6pm) or night (6pm to 6am). From this model, we know 
that when drivers are stopped at night, the odds of being searched are almost two times as 
much as if stopped during the day . 
This test resulted in a -2LL of 382699.5 and a Cox and Snell R2 value of 0.201, which 

implies there are other significant variables not accounted for in this model. However, we 
should not expect variables such as race to completely determine search practice; rather, we 
are testing to if they have a significant effect. 

5.1.3 Discovery Rates 

A discovery rate is defined as the number of discoveries over the number of searches con-
ducted. This number tells us out of all the searches, what percent resulted in a discovery, 
of success. Some may argue that disparities in search rates can be attributed to previous 
findings from searches. However, when comparing the different types of discoveries from the 
Field Data Report, we find this is not always the case (Table 5). 

Table 5: Discovery Rate Breakdown 
Asians African Americans Hispanics Whites Other Total 

Weapon 
Discovered 

1.0% 1.4% 1.1% 1.6% 1.1% 1.2% 

Money 
Discovered 

1.1% 1.5% 1.2% 1.7% 2.3% 1.3% 

Drug 6.6% 7.4% 4.6% 10.9% 8.3% 6.2% 
Discovered 
Alcohol 
Discovered 

0.6% 1.0% 1.3% 1.1% .83% 1.2% 

Other Contraband 
Discovered 

1.9% 1.5% 1.0% 3.4% 3.6% 1.4% 

Other Evidence 
Discovered 

1.5% 1.5% 1.8% 2.6% 2.5% 1.8% 

Vehicle 46.2% 30.1% 53.5% 35.3% 32.9% 44.6% 
Discovered 

Other Property 
Discovered 

4.5% 4.2% 5.4% 7.1% 6.5% 5.3% 

Any Discovery/ 59.4% 44.6% 66.2% 56.2% 51.5% 55.6% 
Discoveries Made 
No Discovery 

Made 
40.6% 55.4% 33.8% 43.8% 48.5% 44.4% 

Total Drivers 1557 23983 51017 10944 726 88227 
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Among the eight types of discoveries shown in the table, weapons, money and alcohol 
are the least likely to be found overall. When we compared discoveries of weapons, money 
and alcohol by race, we found that the percentage differences between the races are not 
significant. All other differences by race are statistically significant. 
Notice that of all discovery types, a vehicle discovery is by far the most common, where 

a vehicle discovery is may be a stolen vehicle or other registration issue, for example. Break-
ing the vehicle discovery rate down by race, we see that Hispanic drivers have the highest 
discovery rate and African American drivers the lowest. Furthermore, White drivers are over 
2 times more likely to have drugs discovered and 3 times more likely to have other contra-
band discovered than Hispanic drivers. Although vehicle discoveries make up the majority of 
discoveries, non-vehicle discoveries include drugs, money, and weapons, among other things. 
African Americans and Whites had more non-vehicle discoveries. Notably, Hispanics, who 
have more vehicle discoveries, have fewer non-vehicle discoveries than White and African 
American drivers. 

5.1.4 Purely Consensual Search Rates 

There are many reasons for an officer to conduct a search. At times, however, police officers 
may simply ask a driver for consent to search. For example, if there is no visible contraband 
or open alcohol present, the officer still has the authority to ask the driver to consent to a 
search. Moreover, drivers may not know that they have a legal right to refuse a consensual 
search. Hence, a consensual search is an example of a search for which an officer exercises 
much discretion. On the Field Data Report, the officer can indicate more than one reason 
for the search; here we analyze searches for which the only basis indicated was consent of 
driver, or purely consensual searches. 
As we compare the purely consensual search rates across the races, we note statisti-

cally significant differences. When looking at the purely consensual search rate, Asians are 
searched the least (Figure 4). In addition, African Americans have the highest consensual 
search rate. A chi-square test shows these disparities to be statistically significant, meaning 
they could not have been distributed in such a way by chance. 
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Figure 4: Consent Only Searches by Race 

5.1.5 Discovery Rates from Consent Based Searches 

Because of the high discretion officers have in conducting consent-based searches, we consid-
ered the discovery rates for purely consensual searches. As you can see in Figure 5, purely 
consensual searches of African-American drivers result in a discovery much less than for 
any other race, although the consensual search rate for African-Americans is the highest. 
White drivers have the second highest discovery rate from purely consensual searches. The 
differences in discovery rates of consensual searches by race are statistically significant. A 
chi-square test gives a value of about 189 which means the probability of the rates occurring 
in this way by chance is effectively zero. 
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Figure 5: Discovery Rates of Consensual Searches Only 

5.1.6 Logistic Regression: Discoveries from Purely Consensual Searches 

Now that the differences have been shown to be statistically significant, we can determine 
what variables play a part in determining if a discovery is made from a purely consent based 
search. We use logistic regression on purely consensual searches with the response variable 
as discoveries. Race, sex, age, reason for stop and time are included as explanatory variables. 
The next table, Table 6, shows the resulting parameter estimates, standard error, signif-

icance, the odds ratio eβ̂  
, and the 95% confidence interval for the odds ratio. Each race is 

being compared against the baseline, White drivers. The only race for whom the parameter 
estimate, β̂, is significantly different from White drivers is African American. The odds of 
making a discovery during a consensual search of an African-American driver is just over 
half the odds of making a discovery when searching a White driver. Other than this, the 
race of the driver generally does not significantly affect the odds of making a discovery from 
a purely consensual search, as can be seen by the Significance column. 
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Table 6: Logistic Regression – Discoveries out of Consensual Only Searches 

Explanatory Variable β̂ Standard Error Significance β̂e 

95.0% C.I. 
Lower 

95.0% C.I. 
Upper 

Race .000 
Asian -.287 .239 .230 .750 .469 1.199 

African American -.836 .082 .000 .434 .369 .509 
Hispanic -.067 .077 .380 .935 .804 1.087 
Other Race .163 .243 .504 1.176 .730 1.896 
Sex(Male = 1) -.357 .103 .001 .700 .572 856 
Age Range .000 
46-55 years .616 .184 .001 1.852 1.291 2.656 
26-35 years .407 .152 .007 1.503 1.115 2.024 
36-45 years .497 .160 .002 1.644 1.202 2.249 
18-25 years .057 .150 .701 1.059 .790 1.421 

55 years and up .655 .306 .032 1.925 1.057 3.505 
Moving .183 .050 .000 1.201 1.088 1.325 
Night -.097 .054 .073 .908 .817 1.009 
Constant -1.537 .189 .000 .215 

(Significance = 0.000 implies P -value < 0.001) 

The baseline used to compare the age range is the drivers in the 1-17 years category. 
The drivers who are 26 years or older have significantly higher odds of having a discovery 
made through a consensual search than the odds of having a discovery made if 1-17 years, 
although the parameter estimate for age 55 and up is not significant at the α = 0.01 level. 
Also, the odds of having a discovery made from a consent search if pulled over for a 

moving violation is 1.201 times the odds of a discovery made from a consent search if pulled 
over for a non-moving violation. From this table, it can also be deduced that the odds of 
a discovery made for males during a purely consensual search is actually 30% less than the 
odds of making a discovery for females. The time of day in which the stop took place is 
not statistically significant to discovery rates through consensual searches only. Overall, the 
explanatory variables with the highest significance to the outcome of a discovery by purely 
consensual search in our logistic model are the age range of the driver and the the type of 
violation that resulted in the initial stop and African American race. 

5.1.7 Logistic Regression: Driver Asked to be Searched 

A portion of the FDR contains information about whether the driver was asked to be 
searched. We are trying to determine if all of our explanatory variables contribute a signifi-
cant amount to this outcome. Table 7 shows the parameter estimates and how they change 
as new variables are added to the model. Age is added first, then reason for stop, then time. 
As the table shows, the parameter estimates do not change a large amount as each variable 
is added, but they do change. This means that the new variable contributes to the model 
and changes how much the old variables contribute, whether positive or negative. 
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Table 7: Parameter Estimates, Four Models: Driver Asked to be Searched 

Model 1 β̂ Model 2 β̂. Model 3 β̂ Model 4 β̂ 
Sex(Female = 1) 

Asian 
African American 

Hispanic 
Other Race 
18-25 years 
26-35 years 
36-45 years 
46-55 years 

55 years and up 
Moving 
Night 

-1.925 
-.672 
1.732 
1.353 
.226 
-
-
-
-
-
-
-

-1.897 
-.707 
1.637 
1.150 
.176 
-.366 
-.842 
-1.194 
-1.613 
-2.641 
-
-

-1.881 
-.727 
1.585 
1.127 
.186 
-.392 
-.866 
-1.209 
-1.619 
-2.621 
-.353 
-

-1.801 
-.752 
1.510 
1.068 
.139 
-.425 
-.860 
-1.160 
-1.536 
-2.454 
-.266 
.962 

Table 8 gives the complete SPSS output when all the explanatory variables are added. 
From this table, we can see that all the variables except for Other as race are significant at 
the 1% level (and in fact all are significant at the 5% level), so the explanatory variables 
play a significant role in predicting whether the driver is asked to be searched. The highest 
magnitude of the parameter estimates are with the variables sex, African American, 46-55 
years, and 55 years and up. This can be interpreted as these four explanatory variables 
contributing the most to predicting whether the driver is asked to be searched. Since all the 
variables are significant, they all contribute to the model, but the variables with the highest 
odds ratios contribute most. 
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Table 8: Logistic Regression - Driver Asked to be Searched as Response Variable 

Explanatory Variable β̂ 
Standard 
Error Significance β̂e 

95% C.I. 
Lower 

95% C.I. 
Upper 

Sex(Male = 1) 1.801 .025 .000 .165 5.767 7.367 
Asian -.752 .053 .000 .471 .425 .523 
African American 1.510 .021 .000 4.528 4.350 4.714 
Hispanic 1.068 .020 .000 2.910 2.800 3.023 
Other Race .139 .067 .039 1.150 1.007 1.312 
18-25 years -.425 .036 .000 .654 .609 .701 
26-35 years -.860 .036 .000 .423 .394 .454 
36-45 years -1.160 .038 .000 .313 .291 .338 
46-55 years -1.536 .043 .000 .215 .198 .234 
55 yrs and up -2.454 .070 .000 .086 .075 .099 
Moving -.266 .013 .000 .767 .748 .786 
Night .962 .013 .000 2.617 2.551 2.685 
(Significance = 0.000 implies P -value < 0.001) 

Notice the odds ratios for all variables, especially sex, where male is compared to the 
baseline, female, race, and night. The odds of an African-American driver being asked to 
be searched is 4.714 times the odds of a White driver being asked to be searched. Also, the 
odds of an Asian driver being asked to be searched is 0.523 times the odds of a White driver 
being asked to be searched. The odds of a male driver being asked to be searched is 7.367 
times the odds of a female driver being asked to be searched. 

5.2 Analyzing Disparities Across Policing Districts 

5.2.1 Search Rates Across Policing Districts 

As we have seen, search rates differ greatly by race. African Americans and Hispanics are 
searched at higher rates than Whites, so a question we want to answer is whether or not 
these rates also differ by policing district. The FDR designates which policing district they 
were stopped in. 
Analyzing the 18 districts (Table 9), we found the two districts with the highest search 

rates are 77th Street and Southeast Area. These two with lowest search rates are the Pacific 
Area and West Los Angeles. Comparing the extremes, the search rate in the top two districts 
is about 4-5 times that of the lowest two districts. This shows the great disparities within 
districts. Overall, the search rates of the districts range between 2.8% and 29.8%. 
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Table 9: Policing District Search Rates 
Policing District Search Rate Policing District Search Rate 
RD 1: Central Area 12.1% RD 10: West Valley Area 12.6% 
RD 2: Rampart Area 23.5% RD 11: Northeast Area 13.1% 
RD 3: Southwest Area 16.2% RD 12: 77th Street Area 27.3% 
RD 4: Hollenbeck Area 22.1% RD 13: Newton Street Area 29.8% 
RD 5: Harbor Area 19.0% RD 14: Pacific Area 2.8% 
RD 6: Hollywood Area 13.5% RD 15: North Hollywood Area 12.1% 
RD 7: Wilshire Area 15.5% RD 16: Foothill Area 21.8% 
RD 8: West Los Angeles 4.6% RD 17: Devonshire Area 13.4% 
RD 9: Van Nuys Area 11.0% RD 18: Southeast Area 28.7% 

When each area is broken down by race, we are able to see if certain races are searched 
more depending on the policing district (Figure 6). For example, looking at Newton Street 
Area and Southeast Area, areas with the highest overall search rates, we observe that His-
panics are searched the most, followed by African Americans. Using the chi-square test, the 
differences by race are found to be statistically significant in all areas. 

Figure 6: Search Rates Per Race by Policing District 
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5.2.2 Logistic Regression: Search Conducted Across Policing Districts 

Previously, logistic regression was performed on the citywide data. Now, we take a closer 
look at each policing district to see which variables help to accurately predict the response 
variable. After performing a chi-square test, it was shown that search rates and policing dis-
tricts were not independent of each other. In order to investigate which variables contributed 
the most to search rates by district, we performed logistic regression on each district. In 
these models, the only drivers considered were those stopped for a moving violation or an 
equipment/registration violation. Explanatory variables include race, sex, age, reason for 
stop, and time of day. The baseline comparisons are the following: for race, White; for sex, 
male; for age, 55 years and up; for reason for stop, non-moving; and for time of stop, day. 
The logistic regression model outputs can be found in the appendix. The results show 

that in every district the odds of a male being searched is higher than the odds of a female 
being searched. In every policing district except the Pacific Area, the odds for being searched 
if pulled over for a non-moving violation is higher than the odds for being searched when 
pulled over for a moving violation. 
The variables that contribute the most to the model in all districts are the first three age 

groups, ages 1-35, and the two races/ethnicities African American and Hispanic. In every 
district except the Van Nuys Area, the variable with the largest odds ratio is the youngest 
age group, 1-17 years. Finally, we note that for two areas, Foothill and Newton Street, all 
of the variables that are statistically significant. 

5.2.3 Discovery Rates Across Policing Districts 

Next, we examine discovery rates and how they differ by the different geographic locations. 
In section 5.1, we saw that there are disparities in discovery rates citywide. Recall that 
African Americans are searched at a rate roughly four times higher than Whites, but these 
searches have a low discovery rate. Overall, discovery rates range from roughly 35% to a 
little over 80%. Hispanics have the highest overall discovery rates. In Figure 7, we can see 
that the discovery rates do indeed differ by policing district. 
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Figure 7: Discovery Rates by Policing District 

Next, we focus in particular on searches based purely on consent, for each policing dis-
tricts. Figure 8 shows these percentages by race. African American consent search rates are 
higher than Hispanic and White consent rates most of the time. The consent search rates 
for Hispanics are never highest in any of the policing districts. 
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Figure 8: Purely Consensual Search Rates by Policing District 

Next, we can compare the discovery rates from purely consensual searches to see if the 
high consent search rates for African Americans are accompanied by a high discovery rate 
within those searches, in contrast to the lower overall discovery rates. In fact, however, 
discovery rates for consensual searches are lower overall. Figure 9 shows the varying discovery 
rates from purely consensual searches across the policing districts. The range of discovery 
rates is from 5% to 35% for African-American and Hispanic drivers and 0% to roughly 
40% for White drivers. This is in marked contrast to the discovery rates from all searches, 
which ranged from roughly 35% to a little over 80%. Thus from purely consensual searches, 
discoveries are much less likely than from searches with other bases. 
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Figure 9: Discoveries From Purely Consensual Search Rates by Policing District 

5.2.4 Demographic Models 

We have seen that search rates vary by policing district. Next, we consider how race plays a 
role in the make up of the policing district. We categorized policing districts by percentage 
of African American and Hispanic residents, using demographics by zip-code from the U.S. 
2000 Census ([Zp]). The districts were then grouped into three categories; less than 50% 
African American and Hispanic, 50%-75%, and 75% and higher. This gives an indication of 
how policing may vary between communities with higher percentages of African Americans 
and Hispanics and the communities with lower percentages. In Figure 10, search rates by 
race/ethnicity are given for each category. 

Table 10: Search Rates by Percentage of African Americans and Hispanics in Policing District 
Percent African Americans 
and Hispanics in districts 

Asian African American Hispanic Other White Total 

A. 0-50% 2.6 16.0 17.9 6.1 4.3 9.7 
B. 50-75% 4.2 18.6 23.2 7.5 6.7 15.7 
C. 75-100% 3.5 22.7 26.3 7.0 7.0 23.3 
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Comparing these demographic areas, we find that search rates do differ depending on the 
demographics of the area. We note two patterns which emerge. First, for the largest groups 
of drivers (African American, Hispanic, and White), as the percent of African American and 
Hispanic residents increase, so does the search rate. In category C, a driver is over 2 times 
more likely to be searched than in category A. Second, the absolute difference in search rates 
(e.g. 16%-4.3% for African American search rate-White search rate in category A) is lower 
in areas with lower percentages of African American and Hispanic residents. However, in 
each grouping, African American and Hispanics have much higher search rates than others. 

5.2.5 Simpson’s Diversity Index Trial 

The coding of the demographics of policing districts allowed us to test the idea that although 
overall search rates increase with the percentage of minorities, a person of color could be 
more likely to be searched both in a majority White area and in a majority African American 
or Hispanic area, relative to a more diverse area. To do this, we used Simpson’s Diversity 
Index, which is the sum of the squares of each of the demographic percentages, to compare 
or rank the disparity of each area in relation to one another. After ordering the districts by 
diversity index (but not combining them in categories) and comparing to the corresponding 
search rates for each race/ethnicity, there was only a weak correlation. In general, areas that 
are more diverse or are majority African American and Hispanic have higher search for all 
drivers rates, as seen in the previous section. 

6 Conclusion 

Initially, our concern was with whether or not racial profiling was being practiced in Los 
Angeles. Our results give sufficient evidence to support the possibility that racial profiling 
is indeed occurring. This is demonstrated by the fact that in every chi-square test and 
logistic regression model that we ran, the variable of race had a statistically significant 
effect. Specifically, chi-square tests and logistic regression models show that search rates and 
race are not independent in Los Angeles. Search rates have large disparities when compared 
by reporting districts, suggesting that in different areas of Los Angeles, officers policing the 
areas are using different tactics. However, it is important to note that although race is a 
significant factor as to whether one is searched or not, it is not the only factor. When testing 
search rates citywide, other explanatory variables were also significant. 
Our study focuses on data between July 2004 and June 2005. From the data, we found 

that officers from the Los Angeles Police Department searched African-American and His-
panic motorists approximately four times more than White drivers and almost six times 
more than Asian motorists. The disparities between the search rates for African Americans, 
Hispanics, Whites and Asians are statistically significant and do not give reason to rule out 
that racial profiling may be occurring in Los Angeles. 
Not only is search rate important, but so is the rate at which discoveries are made. If 

fewer discoveries are made in tandem with high search rates, it is hard to justify searching 
certain races more than others. In particular, discovery rates for White drivers are higher 
than the rates for African American drivers; at the same time, African-American drivers 
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are subjected to searches more often. Also, Hispanics have the highest discovery rates, the 
majority of which are concern the vehicle which is being driven. It is interesting to note that 
African Americans are asked for consensual searches at high rates, but their discovery rates 
from consensual searches are always lower than Hispanics and often lower than Whites. 
In each of the logistic regression models, the -2LL was very large, and the R2 values 

were very small, which implies that the fit of the model is poor. However, this was to be 
expected, as we are considering the affects of various explanatory variables, and outcomes 
such whether or not a search is conducted should not depend purely on the variables to 
which we have access, such as gender. Our goal is not to see if these variables completely 
determine search practice but rather to test to see if they have significant effect. Moreover, 
the data set contains over 600,000 observations and the -2LL value is magnified by the size 
of the sample, all things being equal, and hence we expect a fairly large -2LL value for tests 
which include the entire set of drivers. 
Because of the significance of the disparities found, it would be beneficial for the LAPD 

to consider what is contributing to these differences. The findings do not allay concerns that 
racial profiling may be happening in Los Angeles. 

7 Future Work 

Our work thus far is limited to the use of logistic regression models which only include binary 
categorical response variables. However, not all of our response variables need be binary. 
For the variables which are not, we would next consider an ordinal logistic regression model. 
This model accounts for variables that are still categorized but have more than two responses 
with a particular ordering. For example, we would like to see how outcomes of a stop relate 
to race. Traffic stop outcomes includes arrest, citation, warning, and no action. These can 
be ordered by severity, e.g., an arrest is more severe than a citation and so on. Preliminary 
analysis indicates that African Americans are cited less than other drivers although they 
often searched at higher rates. 
Also, our models have not taken into account interaction between variables. This phe-

nomenon occurs when one explanatory variable effects another explanatory variable which 
in turn effects the response variable. An example of interacting variables may be geography 
and race. From the demographic breakdown of the policing districts, we know that the racial 
composition of the neighborhood changes depending on the location. Therefore, if a certain 
outcome impacts one race more than another, in turn it impacts the areas that contain a 
high percentage of that particular race. The regression models included above do not simul-
taneously include race and policing district as explanatory variables. In order to account for 
interaction, a different type of regression model known as log-linear may be used. However, 
the variables race and policing district may also raise issues of multi-collinearity. 
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8 Appendix 

Variable Descriptions for Logistic Regression Output in Figure 10 

Race of Driver 
RACE(1): Asian 
RACE(2): African American 
RACE(3): Hispanic 
RACE(4): Other 
BASELINE: White 

Sex 
Female = 1 
Male = 0 

Age of Driver 
AGERNG(1): 1-17 years 
AGERNG(2): 18-25 years 
AGERNG(3): 26-35 years 
AGERNG(4): 36-45 years 
AGERNG(5): 46-55 years 
BASELINE: 55 years and up 

Reason for Stop 
MOVREG: Moving violation = 1 
Registration/equipment violation = 0 

twlvhrblck 
Night (6pm-6am) = 1 
Day (6am-6pm) = 0 

Constant 
The value of β0 in the regression model. 
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Figure 10: Logistic Regression: Search Conducted by Policing District 
(Sig. = 0.000 implies P -value < 0.001) 

Policing District 1- Central Area 

Policing District 2- Rampart Area 

Policing District 3- Southwest Area 
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Policing District 4- Hollenbeck Area 

Policing District 5- Harbor Area 

Policing District 6- Hollywood Area 
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Policing District 7- Wilshire Area 

Policing District 8- West Los Angeles Area 

Policing District 9- Van Nuys Area 
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Policing District 10- West Valley Area 

Policing District 11- Northeast Area 

Policing District 12- 77th Street Area 
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Policing District 13- Newton Area 

Policing District 14- Pacific Area 

Policing District 15- North Hollywood Area 
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Policing District 16- Foothill Area 

Policing District 17- Devonshire Area 

Policing District 18- Southeast Area 
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