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ABSTRA CT

The Role of S tatistical and Taste Discrim ination in Racial Disparities 

Sham ena Yasmin Anwar 

2006

The theoretical literature on discrim ination has proposed two m ain reasons why dif

ferential outcomes can arise for observationally equivalent individuals of different races. 

Taste-based theories postulate th a t differences in outcomes can develop if economic agents 

have a distaste or prejudice towards a particular racial group. On the other hand, statis

tical discrimination models a ttribu te  these outcomes to decision-making evaluators having 

incomplete inform ation about the individuals under consideration. If evaluators believe th a t 

an individual’s unobservable skill level is correlated w ith their racial background, they will 

have an economic incentive to  take an individual’s racial group into account when assessing 

their skill level.

Although there is an extensive empirical literature studying discrimination, most studies 

have focused on quantifying how much of the outcome differentials between racial groups 

can be attribu ted  to  discriminatory behavior. Very few studies have attem pted to empiri

cally determine whether these practices have arisen from taste or statistical discrimination. 

This is an im portant distinction because the effectiveness of policies to reduce discrimina

tory behavior depends upon the type of discrimination th a t is present. My dissertation 

provides empirical evidence on why discrimination arises by distinguishing between these 

two theories. The first chapter investigates w hether people statistically discriminate when 

evaluating the skill level of others in the environment of the television game show Street 

Smarts. The second chapter develops an empirical test th a t determines whether racial dif

ferences in m otor vehicle searches are due to  racial prejudice on the part of police troopers. 

The th ird  chapter evaluates whether taste discrimination on the p art of customers might be 

responsible for the wage differential between black and white professional basketball players.
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Introduction

There are two leading theories as to why disparities can arise between observationally equiv

alent individuals from different racial and gender groups. Taste-based theories a ttribu te  

these disparities to economic agents being prejudiced against certain groups. Statistical 

discrimination theories ascribe these disparities to evaluators using an individual’s group 

membership as a proxy for their unobservable skill level. My dissertation empirically in

vestigates the role of taste  and statistical discrim ination in the disparities we observe. It is 

composed of three chapters, each of which examines a different area where an individual’s 

group membership is likely to affect their outcome.

C hapter 1 tests whether statistical discrimination plays a role in skill assessment when 

evaluators have limited information. It is difficult to determ ine this in a standard labor 

m arket hiring setting, because the effects of statistical discrimination on hiring practices 

are empirically similar to  the effects of taste  discrimination. To circumvent this problem, I 

instead use data  from the television game show Street Smarts. Due to  the unique incentive 

structure present in this game I am able to develop a research design th a t can credibly 

distinguish between these two types of discrimination. This identification strategy is used 

to test for statistical discrimination both  descriptively and within a formal structural model.

1
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2

Both analyses indicate th a t contestan ts’ statistically  discrim inate when evaluating the skill 

level of other individuals. In  particular, I find th a t contestants perceive the unobservable 

skill level of blacks and females to  be lower th an  th a t of non-blacks and males, respectively. 

These results imply th a t statistical discrim ination may also play a significant role in hiring 

decisions.

C hapter 2, co-authored w ith Hanming Fang, investigates whether police troopers exhibit 

racial prejudice in their decision to search m inority m otorists at a higher ra te than  white 

motorists. One prom inent approach to  test for racial prejudice is the outcome test, which 

involves comparing the m arginal search success rates of different racial groups of motorists. 

However because the marginal m otorist is unobservable, researchers have not been able 

to accurately implement this test. We use a unique da ta  set which contains demographic 

information about bo th  the m otorists searched on Florida highways and the troopers th a t 

conducted each search during a two-year period. The data  also records the outcome of 

each search. Exploiting the inform ation we have about trooper race allows us to develop 

a simple theoretical model of trooper search behavior. This model makes predictions we 

can use to design empirical tests for whether troopers of different races are monolithic in 

their search behavior, and whether they exhibit relative racial prejudice in motor vehicle 

searches. Our test of relative racial prejudice relies only on comparing the search outcomes 

of the average m otorist searched, which is observable, and thus provides a partial solution 

to the well known inframarginality and omitted-variables problems th a t have plagued the 

empirical application of outcome tests in the past. W hen applied to  the data, our tests 

soundly reject the hypothesis th a t troopers of different races are monolithic in their search
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3

behavior, but the tests fail to reject the hypothesis th a t troopers of different races do not 

exhibit relative racial prejudice.

C hapter 3 estim ates the mean salary differential between equivalent black and white 

basketball players in the National Basketball Association (NBA) for the 2000-01 season, and 

tests whether fan preference for white basketball players (customer discrim ination) might be 

a factor in this wage differential. The NBA provides a unique environm ent to estim ate wage 

differentials because, unlike standard labor m arket situations, the productivity statistics of 

players are observable to  the researcher. I find th a t, among players who are in at least their 

second contract, black players made 24% less than  equivalent white players. Fan preference 

for white players is estim ated by looking at the effect the racial composition of the road 

team  has on the home team ’s attendance. Because the home team ’s preferences are unlikely 

to affect the racial composition of the road team , this identification strategy alleviates the 

endogeneity problem th a t is present in previous studies which measure fan preference as the 

effect the home team ’s racial composition has on the home team ’s attendance. Overall I 

find no significant evidence th a t fans prefer white players. However, when fan preference is 

estim ated separately for each team, I find th a t a few team s’ fans do have a strong preference 

for white players. This indicates th a t while customer discrim ination might be a factor in 

the wage premium th a t is paid to white players, it is unlikely to be the main factor.
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Chapter 1

Testing for Statistical 

Discrimination: Evidence from the

Game Show Street Smarts

1.1 Introduction

Statistical discrimination can arise in screening situations where an individual must make 

a decision about someone else based on limited information. A prime example occurs 

w ith hiring in the labor m arket. In order to choose a potential employee from a group of 

applicants, employers will have to assess each applicant’s skill level based on the information 

th a t is observable to them. If employers believe th a t the distribution of unobservable 

skills is different among racial and gender groups, defined as cultural groups, they will 

have an incentive to take these characteristics into account when they make their skill 

assessment.1 This will cause employers to  trea t observationally equivalent applicants from

'U no b serv ed  skill level should  not be confused w ith inherent ability. U nobservable skill refers to factors 
like quality  of education  and p a s t job  experience, which will affect an ind iv idual’s learned skill level b u t are

4
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1.1 Introduction 5

different cultural groups differently.

Despite the im portant im plications statistical discrim ination can have, it has proven to 

be very difficult to empirically determ ine whether this practice is a factor in hiring decisions. 

This is prim arily because the effects of statistical discrim ination on hiring practices are 

similar to  the effects of another type of discrimination based on employer prejudice, term ed 

taste-based discrimination. While employers will want to  select the applicant they view 

as having the highest skill level, their selection decision will also depend on any personal 

prejudice they have towards the applicant’s cultural group. From a researcher’s standpoint, 

it is very difficult to tell if the negative effect a particular applicant’s cultural background 

has on an employer’s hiring decision occurs because the employer views them  as having 

a relatively worse unobservable skill level or because employers have a personal prejudice 

towards them. It is im portant to distinguish between these two types of discrimination 

because the effectiveness of policies to reduce discrim inatory behavior will depend on the 

type of discrimination present.2,3

The difficulty in distinguishing between the effects of statistical and taste  discrimination 

arises because both  have the same effect on an employer’s hiring decisions. To circumvent 

this problem, I instead a ttem pt to determine whether statistical discrimination is a factor 

in skill assessment in the unusual environment of the television game show Street Smarts.

not typically  observed by em ployers.

2 By s ta tin g  th a t  th e  effect of group m em bership  on an em ployer’s h iring  decisions reflects discrim ination ,
I am im plicitly  assum ing th a t  researchers have all of th e  inform ation  a b o u t ap p lic an ts’ observable skill th a t  
em ployers have a t th e  tim e th ey  m ake th e ir decisions. If researchers d id n ’t  have full in form ation , then  th is 
effect would no t necessarily  reflect d iscrim ination .

2If s ta tis tica l d iscrim ination  is p resen t, one possible policy rem edy w ould be to  require employers to
g a th e r m ore ob jective  in form ation  ab o u t applicants. T h is policy w ould have no effect if it is instead  tas te  
d iscrim ination  th a t  is driv ing h iring  d isparities.
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1.1 Introduction 6

During this game, contestants earn money by predicting how three random  people, known as 

street savants, answered basic triv ia questions. Like a hiring situation, any use of statistical 

or taste discrimination by contestants will affect the decisions they make in the game. The 

main contribution of this chapter is th a t, due to the unique incentive structu re present, I 

am able to develop a new research design th a t can credibly distinguish between these two 

types of discrim ination w ithin this game.4

There are two unique features about this show which allow me to accomplish this. 

The first is th a t at the beginning of the th ird  round, contestants will have to select the 

street savant who they perceive as having the most extrem e skill level (i.e., the savant 

who has either the highest or lowest skill level). The second feature is th a t contestants’ 

perception of a savant’s skill level when they make this selection will depend on both  their 

perception about the savant’s unobservable skill and the savant’s performance in answering 

five questions during the first two rounds of the game.

The combination of these two features will cause statistical and taste  discrimination 

to  have different effects on a contestant’s choice of savant at the beginning of the third 

round. Specifically, if contestants statistically discrim inate against a particular group of 

savants, the effect of a savant’s cultural group on their likelihood of being selected will 

depend on their prior performance. In contrast, if there is taste  discrimination against this 

same group, the effect of a savant’s cultural group on their likelihood of being selected will 

be independent of their prior performance. This identification strategy is used to test for 

statistical discrimination both  descriptively and w ithin a formal structural discrete choice

4A nother nice feature  ab o u t using th is gam e show is th a t  we are  privy  to  th e  sam e inform ation ab o u t 
savants th a t  co n te stan ts  have when th ey  m ake decisions. T h is will reduce th e  presence o f om itted  variable 
bias.
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1.1 Introduction 7

model.

Both the descriptive and structu ra l analyses indicate th a t  contestants strongly sta tis

tically discrim inate against black and female savants. Furtherm ore, the s tructu ra l results 

indicate th a t contestants perceive the differences in unobservable skill between these cul

tu ra l groups to  be quite large. At the beginning of the game contestants feel a college 

educated non-black male savant has an 89% chance of answering a question correctly. A 

college educated black male savant is perceived to have a 62% chance, a college educated 

non-black female has a 54% chance, and a college educated black female has a 27% chance. 

I also find evidence of taste-based discrim ination towards female savants.

These perceptions about unobservable skill are adm ittedly identified from a case study 

and are thus not directly applicable to real world settings. However they strongly imply th a t 

statistical discrimination may play a significant role in hiring decisions also. Furtherm ore, 

the methodology proposed here provides insight as to w hat types of situations would be 

necessary in the labor m arket to  be able to  test for statistical discrimination.

The remainder of this chapter is organized as follows. Section 1.2 discusses the related 

literature. Section 1.3 describes the game Street Sm arts in detail. Section 1.4 outlines the 

identification strategy. Section 1.5 presents the results from the descriptive analysis, while 

Section 1.6 presents the structural model and estim ation results. Section 1.7 provides 

empirical support for the assumptions necessary for the identification strategy. Section 1.8 

concludes. Tables and figures are included in an appendix in Section 1.9.
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1.2 R elated Literature 8

1.2 R elated Literature

While it has been difficult to  distinguish between statistical and taste discrim ination in the 

labor market, there have been some studies th a t have accomplished this in o ther areas, 

although the m ethods developed cannot be directly applied to  labor m arket settings. In 

C hapter 2 of this dissertation my co-author Hanming Fang and I try  to  determ ine why 

minority m otorists are more likely to  be searched by highway patrol officers. We fail 

to reject the null hypothesis th a t officers do not exhibit racial prejudice in their search 

decisions. List (2004) tries to  determ ine why minorities are likely to receive inferior offers 

in situations which require m arket negotiations. Conducting a field experim ent in the 

setting of sports card dealing, he finds this behavior arises due to  statistical discrim ination- 

dealers have different perceptions about the reservation wage distributions of minorities and 

whites.

The approach I take in this paper follows the general strategy proposed by Levitt (2004). 

He tries to distinguish between the effects of statistical and taste  discrim ination using con

testan t behavior on the game show Weakest L ink.0 Similar to  Street Smarts, this game show 

provides a unique environment where statistical discrim ination will have a different effect on 

contestant behavior than  taste  discrimination will. He finds no evidence of discrimination 

towards women or blacks, b u t does find some evidence th a t Hispanic contestants are treated 

adversely due to statistical discrimination.

This study improves on L ev itt’s study in two key ways. The first is th a t contestant 

behavior on Weakest L ink  is strategic, as there are many different factors th a t affect a con

5Antonovics e t. al (2003) also perform  a  sim ilar s tu d y  to  L ev itt’s using d a ta  from Weakest Link.
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1.3 Background on Street Sm arts 9

te s tan t’s decisions. In contrast, there is virtually no strategic behavior between contestants 

on Street Smarts. This allows me to  structurally  model contestan ts’ decisions and actually 

estim ate the perceptions contestants have about the unobservable skill level of different 

cultural groups. This is helpful when trying to determ ine how large an im pact statistical 

discrimination is likely to  have.

The second issue is th a t the identification strategy used in L ev itt’s paper relies on the 

idea th a t in the beginning of the game contestants vote off the weakest players, b u t towards 

the end of the game they will vote off the strongest players. But a separate study by 

Antonovics et. al. (2003) has shown tha t there is no empirical support th a t this is how 

contestants actually  vote, which sheds doubt on the identification argument. In contrast, I 

will show strong empirical support for the identification assum ptions necessary in my model.

1.3 Background on Street Sm arts

Street Smarts is a game show in which two contestants com pete for a winner take all 

prize by predicting w hat other people know. Prior to the show, the host goes out to 

popular locations and talks separately to three random  people.6 Each of these three people, 

term ed street savants, are asked the same set of trivia questions. These trivia questions 

are all designed to  have the same (moderately easy) difficulty level but they span many 

different categories, including general knowledge, entertainm ent, sports and more. Table

1.1 shows the six different question categories, as well as some examples of each.7 The

6W hile th e  show is based in so u thern  C alifornia, th e  host travels all over th e  U.S. to  interview  people,

7T h e  questions in th e  gam e do no t have official categories. T he categ o rizatio n  in th is tab le  reflects my 
sub jective  classification.
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1.3 Background on Street Sm arts 10

two contestants playing the game will then have to  predict whether these stree t savants 

answered the questions right or wrong. The game consists of four rounds, w ith each round 

introducing a slightly different structure.

At the s ta rt of the show, the host introduces the  two contestants and viewers can observe 

their race, gender and age.8 The contestants are then introduced to the savants they will 

be making predictions about by being shown a short interview between the host and each 

of the three street savants. C ontestants will typically learn the occupation of each of 

the savants during the course of the interview, and can observe their race, gender and age. 

Because there is such a wide variety of occupations, I assume th a t contestants use a savant’s 

occupation level as an indicator of their education level (i.e., whether they went to  college 

or not).

During Round 1 the host reads a question and contestants are told th a t one of the 

three street savants answered the question right and the other two got the question wrong.9 

The contestants m ust simultaneously predict which street savant got the question righ t.10 

Contestants then  observe how each street savant answered the question, by viewing the 

videotaped clip of the host asking the savant the particular question.11 There are three

In R ound 3, 39.6% of th e  questions asked are "general know ledge", 20.4% are "e n te rta in m en t" , 4.9% are 
"sp o rts" , 9.8% are "slang”, 6.5% are "ch ild rens’ in te res ts" , and  18.8% are  "m iscellaneous". T he category  
"m iscellaneous" groups together ab o u t eight d ifferent categories, each of which com prises less th a n  4% of 
th e  to ta l  am ount of questions.

8 O ften , viewers also learn c o n te s tan ts’ occupation .

9D uring  th e  first season of th e  show R ound  1 was slightly  different th a n  it was in la te r seasons, because 
it was no t necessarily th e  case th a t  only one savan t got th e  question  right. C o n tes tan ts  were ju s t  to ld  to 
pick which savant they  th ough t had answ ered th e  question  correctly  and it was som etim es th e  case th a t  two 
of th e  th ree  savants answered the  question  correctly.

10 C o n tes tan ts  are no t to ld  th e  answ er to  th e  tr iv ia  question  before they  m ust m ake th e ir prediction ,

11 C o n tes tan ts  will always observe how th e  savant th ey  chose answered th e  question, b u t if a  savant is not
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1.3 Background on Street S m arts 11

questions in this round and each right prediction by a contestant is w orth $100. There are 

no penalties for wrong answers.

During Round 2 the host picks two of the three street savants and then  reads a question. 

Contestants are told th a t one of the  two savants got the question right and the other got 

the question wrong. Contestants m ust simultaneously predict which of the two savants got 

the question wrong, and are then shown how each of the two savants answered the question. 

There are three questions in this round, and for each question a different combination of 

two of the three street savants is chosen. Each question is w orth $200 w ith no penalties 

for wrong answers.

At the sta rt of Round 3 contestants must each choose a savant th a t they will have to 

make predictions about during this round. The two contestants cannot choose the same 

savant, so the player trailing at the s ta rt of the round chooses first, and the other contestant 

chooses their savant from the remaining two.12 The contestant th a t chose first is then told 

a question, and will have to predict whether the savant they picked answered the question 

right or wrong. They are then shown how their savant answered the question. The other 

contestant is then told a different question and m ust predict how their savant answered this 

question. This process repeats until bo th  contestants have predicted how their savants 

answered three questions. Each correct prediction is worth $300 in this round with no 

penalties for wrong answers.

picked, th e  host does no t always show th a t  sav an t’s v ideo taped  clip. B u t because th e  s tru c tu re  of th e  game 
forces tw o of th e  co n te stan ts  to  get th e  question  wrong, and one to  get it righ t, co n te s tan ts  will usually  know 
how all th ree  savants answ ered th e  question , even if th ey  d o n ’t observe all of th e ir  answers.

D uring  th e  first season, though , w hen up to  two players could p o ten tia lly  have answ ered th e  question  
correctly  co n testan ts  will no t always know how each savant answ ered th e  question .

12 If b o th  players have th e  sam e score a t  th e  s ta r t  of th e  th ird  round, th e  p layer th a t  won th e  backstage 
tie  breaker before th e  s ta r t  of th e  show gets to  choose first.
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1.3 Background on Street S m arts 12

In Round 4 the host reads a question to the contestants. Each contestant will then  

pick a street savant and predict if they answered the question right or wrong and wager 

an amount of money th a t cannot exceed what they have currently earned in the game. If 

the contestant predicts the savant’s answer correctly they will add the amount of money 

they wagered to their total. If the contestant incorrectly predicts the savant’s answer they 

will lose the amount of money they wagered from their total. This concludes the gam e- 

the player with the most money wins and keeps their win to ta l and the losing player gets 

nothing.13

The data  was collected by manually videotaping episodes and transcribing them. In 

total, da ta  for 299 episodes were collected, resulting in a to ta l of 598 contestants and 897 

street savants.14 Tables 1.2 and 1.3 provide inform ation about the demographic character

istics of both  the contestants and savants. Table 1.2 shows th a t 62.7% of the contestants 

are white, 22.4% are black, 6.5% are Hispanic, 6.4% are Asian, and 2.0% are unknown. For 

the savants, 59.4% are white, 24.1% are black, 7.9% are Hispanic, 5.7% are Asian, and 2.9% 

are unknown.

One can see th a t bo th  genders are, for the most part, equally represented in the game: 

for contestants, 51.8% are female and 48.2% are male, while for savants 55.1% are female, 

and 44.9% are male. Information on both  contestant and savants’ occupation level was

1'’P ro d u cers  have com plete contro l over how th is gam e is p u t to g e th e r- th e y  choose which savant answ ers 
to  show and th e  order in which these answ ers appear. T h is opens up th e  possib lity  th a t  p roducers could 
m an ipu late  th e  gam e to  try  and trick  co n testan ts . I will d iscuss th e  possible im plications th is  could have 
in Section 1.7.3.

14Street Sm arts  w ent on for five seasons, beginning in Fall 2000 and finishing in Spring  2005. T he episodes 
used include all of th e  episodes from th e  fifth season (which were recorded from  a local television s ta tio n ), 
and random  episodes from each of th e  previous four seasons (which were recorded  from  th e  cable television 
s ta tio n  Game Show Network  which shows re runs of Street  Smarts) .
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1.3 Background on S tree t Sm arts 13

transformed into w hether or not they might be perceived to be college educated or n o t.10 

The percentages of college educated people are very similar across bo th  contestants and 

savants, w ith 24.1% of the contestants and 23.4% of the savants being college educated. In 

terms of age, people were classified into two groups: less th an  or equal to 35 years old,

and greater th an  35.16 One can see th a t the age composition of bo th  the contestants and 

savants is young, w ith 89.1% of the contestants and 75.3% of the savants less than  or equal 

to 35 years old.

Table 1.3 provides a more in-depth look at the demographic characteristics shown in 

Table 1.2. The first panel of Table 1.3 shows how the m ale/fem ale composition differs across 

the races for bo th  contestants and savants. For example, we can see th a t about half of the 

white contestants (50.9%) are female, while 61.2% of the white savants are female. The 

second panel of Table 1.3 shows how the different racial and gender groups of contestants 

and savants differ across education levels. One can see th a t a higher percentage of blacks 

are college educated th an  whites are across both contestants and savants. Because in 

the general population blacks, on average, have a lower education level than  whites, this 

indicates th a t the show m ight be using a sample of blacks th a t is more educated relative to 

whites than  a random  sample from the general population would have been. We can also 

see th a t while male contestants tend to  be more educated than  female contestants, female 

savants are more educated than  male savants, although the differences are not too large.

10 T he O ccupationa l O u tlook  H andbook  was used to  de term ine  th is  in th e  following way: if an  in d iv idual’s 
occupation  requires a college degree or if th e  ind iv idual says they  are cu rren tly  in college, they  are classified 
as college educa ted . Ind iv idua ls w ith  occupations th a t  do no t requ ire  a college degree, or whose occupations 
are unknow n, a re  classified as non-college educated .

16 C o n tes tan ts  and savan ts do not s ta te  th e ir age du ring  th e  show, so I sub jectively  grouped these individ
uals in to  two age groups, A lthough th is is a ra th e r  difficult v isual classification to  m ake, it is th e  best we 
can do w ith o u t explicit age da ta .
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1.4 Identification Strategy 14

1.4 Identification Strategy

The goal of the empirical estim ation is to identify the perceptions cultural groups of con

testants have about the average unobservable skill of one group of savants relative to  another. 

It will also identify whether contestants have any taste-based preference for interacting w ith 

certain cultural groups of savants.17 This will require us to  distinguish between the effects 

of statistical and taste discrimination. A lthough contestants make m any decisions regard

ing savants throughout the game, their choice of savant at the beginning of the th ird  round 

is the only one th a t will allow us to  distinguish between the two types of discrimination. 

There are two unique features about this particular decision which enable this.

The first feature is th a t contestants selection of savant is based on how extrem e the 

savant’s skill level is. Recall th a t during the th ird  round contestants will have to make 

predictions about how this savant answers three questions. Thus, they will want to  choose 

the savant whose future answers will be easiest to  predict. This means they will choose 

the savant who they feel is either most likely to  get the next question right or most likely 

to get the next question wrong.18

The second feature of this game is th a t a contestant’s perception of a savant’s skill level 

when they make this selection will depend on both  their prior perception of the savant’s

1' A lthough  we will be able to  identify b o th  ta s te  and  s ta tis tica l d iscrim ination , th e  focus of th is  ch ap te r  is 
m ore on tes tin g  for th e  la tte r . T his is p rim arily  because we are  te s tin g  for th is in a  second-best s itu a tio n  and 
try in g  to  apply  th e  results to  a  m ore s ta n d a rd  lab o r m arket s itu a tio n . T he n a tu re  of ta s te  d iscrim ination  
in th is  show is qu ite  different th a n  it would be in a  h iring  se ttin g , as co n testan ts  only in te rac t w ith  savants 
for a  sh o rt period  of tim e. In co n trast, one m igh t th in k  th a t  th e  n a tu re  of s ta tis tica l d iscrim ination  in 
th is show is m ore rep resen ta tive  of a hiring  s itu a tio n . B oth  s itu a tio n s  involve an evaluator m aking a skill 
assessm ent of an o th er ind iv idual based on lim ited  inform ation.

18 T h ere  is no o th er decision in th e  game w here co n te stan ts  select a savant based on th e  ex trem eness of 
th e ir skill level.
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1.4 Identification Strategy 15

skill level, as well as the savant’s perform ance in answering five questions during the first 

two rounds of the  game. T he con testan t’s prior perception about the savant’s skill level is 

just their perception about the savant’s unobservable skill.19

It is the com bination of these two features which will cause statistical and taste  discrim

ination to  have different effects on a con testan t’s choice of savant in the th ird  round. To 

see why, consider the following example: suppose we have two groups of savants, term ed 

Group A and Group B, and th a t contestants statistically discrim inate against Group A. 

In particular, they have a very low prior perception about savants from Group A, and a 

very high prior perception about savants from Group B. The following diagram  shows how 

the perception of the two groups’ skill level and their likelihood of being selected at the 

beginning of the th ird  round depend on their performance in the first two rounds:

Group A ’s 

skill level

Group B ’s 

skill level

Group contestants are 

most likely to  select

high performance average high Group B

low performance low average Group A

Examining the second column, one can see tha t among Group A savants, those tha t 

perform extremely well in the first two rounds (answering basically all of their five questions 

correctly) will be considered to be average skilled at the beginning of the th ird  round. This 

is because contestants combine their low prior perception about these savants with a high

19T he prior percep tion  a  c o n te s tan t has ab o u t a savant is th e ir percep tio n  of th e ir  skill level a t th e  
beginning of th e  gam e before th ey  have observed how th ey  have answ ered any questions. T he only reason 
these percep tions should differ betw een two otherw ise equivalent savan ts from  different cu ltu ra l groups is if 
th e  level of unobservable skill is perceived to  differ am ong th e  two c u ltu ra l groups.
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1.4 Identification Strategy 16

observed signal. Since a t this stage contestants want to select the savant with the most 

extreme skill level, these savants will not be likely to be selected. The savants in Group A 

who perform extrem ely poorly in the first two rounds (answering most or all of their five 

questions wrong) will be considered to  be very low skilled overall, and thus will be likely to  

be selected.

W ith  savants in Group B we get the opposite pattern . Those th a t perform well in the 

first two rounds will be considered highly skilled overall and will be likely to be selected. 

Those th a t perform  poorly will be considered to  be average skilled and so will not be likely 

to  be selected.

Thus, as the last column shows, among savants who perform  extremely well in the game, 

Group B savants will be more likely to be selected. Among savants who perform poorly, 

Group A savants will be more likely to be selected.

Now suppose th a t contestants have the same prior about bo th  groups (meaning there 

is no statistical discrimination), but instead have a personal prejudice against Group A 

savants. The following diagram shows how contestants’ selection decision depends on the 

savant’s performance during the first two rounds:

Group contestants are 

most likely to select

high performance Group B

low performance Group B

Contestants having taste  discrimination against Group A savants means they will not 

want to interact with them  and so would prefer not to select them  in the third round. This
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1.5 D escriptive A nalysis 17

means tha t among savants w ith bo th  high and low performance levels G roup B savants will 

be more likely to be selected.

By comparing the selection pattern  under statistical and taste  discrim ination the fol

lowing idea should be clear: w ith statistical discrimination the effect a savant’s cultural

group has on their likelihood of being selected depends on their past performance, while 

w ith taste discrim ination this effect is independent of past performance. This is the key 

distinction th a t will allow us to use this decision to  distinguish between these two types of 

discrim ination.20

Finally, it should be pointed out th a t several assumptions have been m ade in this section, 

both  implicitly and explicitly, in order to ensure the validity of this identification strategy. 

In particular, we have assumed th a t contestants will choose the savant with the most extreme 

skill level, use a savant’s past performance as a predictor of future performance, trea t all 

questions as though they come from the same category, and use their true prior perception 

about each group of savants when making a decision. Empirical support will be shown for 

each of these assumptions in Section 1.7.

1.5 D escriptive Analysis

The diagram of statistical discrimination shown above indicates th a t the prior perception 

of a particular group will determ ine how likely they are to be chosen at high performance

20We can com pare th is decision co n te stan ts  m ake to  a  hiring  decision m ade in th e  lab o r m arket. Note 
th a t  in th e  labor m arket we typically  th in k  em ployers will w ant to  select th e  app lican t th a t  has th e  highest 
skill level. E xam in ing  th e  d iagram  for s ta tis tica l d iscrim ination , one can see th a t  th is  would im ply th a t  
am ong savants who perform  poorly, G roup  B savants w ould be m ore likely to  be  selected (because average 
skill is g reater th a n  low skill). T hus th e  choice p a tte rn  will be th e  sam e under b o th  s ta tis tica l and ta s te  
d iscrim ination , and  so we canno t d istingu ish  betw een them .
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1.5 D escriptive A nalysis 18

levels and at low performance levels. This implies th a t examining how likely a group is to 

be chosen at these different performance levels should allow us to infer something about the 

prior perception of th a t group. Comparing these rough estim ates of prior perceptions about 

each group will then  allow us to conduct a more descriptive test for statistical discrimination.

Table 1.4 shows how the probability of a person in a particular racial or gender group 

being selected in the th ird  round depends on their performance in the first two rounds. 

The upper-left cell entry means th a t of the black savants th a t answered between zero to 

twenty percent of their questions correctly in the first two rounds, 45.8% of them  were 

selected by contestants at the beginning of the th ird  round . 2 1 ,22 To get a more clear idea 

about how this selection probability depends on past performance we can graph these trends 

and compare them  among groups. Figure 1.1 compares the trends for black versus non

black savants .23 The downward sloping trend present for black savants means th a t as they 

perform better, their probability of selection decreases. This implies th a t contestants’ prior 

perception about them  is below .5 .24 In contrast, the trend for non-black savants is upward 

sloping-the probability th a t they are selected steadily increases as performance improves.

21 If a  savan t was selected by th e  first co n te stan t th ey  were represen ted  in th e  d a ta  set once and coded as 
being  selected. If a  savant was no t selected by th e  first c o n te s tan t b u t was selected by th e  second, th ey  were 
represen ted  in th e  d a ta  set tw ice and coded once as no t being  selected and  once as being  selected. Finally  
if a savant was no t selected by e ith e r co n testan t, they  were represen ted  in th e  d a ta  se t tw ice and coded bo th  
tim es as not being selected.

22Technically, th ere  should be six previous perform ance categories in stead  of th ree  (corresponding to 
w hether savants got zero, one, two, th ree , four, or five questions co rrect). D ue to  th e  paucity  of observations 
th a t  were in these  cells, these  six categories were condensed into three.

23D ue to  th e  lim ited  num ber of savants th a t  fall into th e  racial category  ou tside  of blacks and  whites, 
these savants were com bined w ith  w hites into th e  "non-black" category.

24If th e  prior ab o u t blacks is less th a n  .5, th en  w hen th ey  perform  poorly  th ey  will be considered to  be 
m ore ex trem e th a n  they  will when th ey  perform  well. T hus th ey  will be m ore likely to  be  selected a t lower 
perform ance levels.
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1.6 Structural A nalysis 19

This corresponds to  a prior perception th a t is greater than  .5. These differences in prior 

perceptions imply th a t contestants are statistically  discrim inating against black savants .25

Figure 1.2 compares the trends for female versus male savants. For males, there is an 

upward sloping trend  which is consistent w ith a prior perception about them  th a t is greater 

than  .5. For females, the p a tte rn  is slightly U-shaped so th a t the more extrem e their 

performance is in either direction, the more likely they are to  be selected. This coincides 

with a prior perception of around .5. Thus this descriptive analysis indicates it is also likely 

th a t contestants are statistically discriminating against female savants.

1.6 Structural Analysis

Although the descriptive analysis is informative, it is unlikely th a t the perceptions we are 

identifying are entirely accurate. We are measuring the probability th a t a given person 

is selected as simply whether or not they were chosen in the th ird  round. This does not 

control for the characteristics of the other two savants th a t were available to  be chosen, nor 

does it control for any of the other characteristics about the savant besides their race and 

gender. Since these factors will affect the likelihood th a t a given savant is chosen it will be 

necessary to control for them.

Another disadvantage is th a t we cannot explicitly estim ate w hat the prior perception 

about each racial and gender group is. This is im portant because it will give us an idea 

about how large the effects of statistical discrimination are likely to  be.

2jT he sign of th e  slope (positive or negative) is w hat ind icates w hat th e  p rio r percep tio n  of th e  group of 
savants is. N ote th a t  th e  m agn itude  of th e  slope will de term ine  how m uch w eight is p u t on th e  signal. The 
steep er th e  slope, th e  m ore weight th a t  is p u t on th e  signal (the  selection p ro b ab ility  is m ore responsive 
to  th e  signal). T h u s if the  tren d  line for one group was s teeper th an  for a n o th e r it would ind icate  th a t  
co n te s tan ts  have m ore fa ith  in th e ir p rio r percep tion  ab o u t th e  la tte r  group.
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1.6 Structural A nalysis 20

In order to solve bo th  of these problems it will be necessary to  do a more formal analysis. 

Specifically, I will estim ate a structura l discrete choice model of a contestan t’s choice of 

savant at the beginning of the th ird  round. This model will formalize the identification 

strategy th a t was presented in Section 1.4 and allow us to  explicitly estim ate w hat the prior 

perception about each racial and gender group is.

This section is organized as follows: Section 1.6.1 presents the structura l model, Section 

1.6.2 discusses the estim ation procedure, and section 1.6.3 presents the results.

1.6.1 T he M odel

I assume th a t contestants view each question a savant answers as a Bernoulli trial, where 

Pi  £  (0,1) denotes the true probability th a t savant i  will get each question correct. This 

requires th a t contestants do not view questions as being category-specific .26 Because 

contestants do not know the questions they will have to  make predictions about at the time 

they choose their savant, this is a reasonable assum ption .2 7 ,2 8 ,29 One can think of pi as a

26If questions are considered to  be category-specific, th en  a sav an t’s pi will d epend  on th e  type  of question.

27N ote  th a t  th is  a ssum ption  does not require co n te s tan ts  to  m ake pred ic tions based on pi when th ey  
actually  learn th e  question  in th e  th ird  round. It only requ ires co n te stan ts  to  behave th is  way when they  
are choosing th e ir savan t a t th e  beginning of th e  round.

28B ecause co n te s tan ts  will learn th e  question  before th ey  m ake an a c tu a l p red ic tion  ab o u t th e  savant, 
one c ritique  of th is  specification  is th a t  co n testan ts  m ight choose savants who are  th e  m ost extrem e in each 
category , ra th e r th a n  choosing savants whose skill level in answ ering th e  average question  asked is th e  m ost 
ex trem e. In Section 1.7.2 I will provide em pirical evidence su p p o rtin g  why th e  m odel I specify here is an 
accu ra te  rep resen ta tio n  of co n testan t behavior.

29T h e  p rim ary  reason  co n te s tan ts’ choice of savant a t  th e  beginning of th e  th ird  round  is used to  identify 
p rio r percep tions is because th is is th e  only decision th a t  will allow us to  d istingu ish  betw een sta tis tica l 
and  ta s te  d iscrim ination . However, th ere  is one o th er key advantage  to  using th is decision: since it
is reasonable  to  assum e th a t  con testan ts will be  selecting  th e  savant based  on how extrem e they  are at 
answ ering th e  average question , co n testan ts will be m aking th e  sam e decision in every game. T his will 
allow us to  aggregate  th e  d a ta  from all shows together.

N ote th a t  all o th er decisions th a t  co n testan ts make in th e  gam e occur afte r th ey  have a lready heard  a 
p a r ticu la r  question. T his m eans th e ir  predic tions will a t  least be p a rtly  based  on how they believe th a t  
p a r ticu la r  savan t can answer th a t  p a rticu la r question. Since these  questions will differ during  a show and
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savant’s true skill level in answering triv ia questions asked in the game. C ontestants do 

not know a savant’s true p; and thus have to use their perception of this.

I assume th a t contestants view the distribution of pi among savants to  be b e ta  distrib

uted w ith param eters a  and /3.30 The be ta  distribution works well here because it lies on 

the support (0,1), and has a very flexible shape. Since it is unlikely th a t contestants will 

view savants with different observable characteristics as coming from the same skill distri

bution, I assume th a t contestants perceive the particular beta  d istribution savants come 

from, and thus the param eters a  and /?, as being a linear com bination of the savant’s race, 

gender, and education.

The beta distribution represented by the param eters a* and /3̂  is the prior distribution 

th a t a contestant views savant i  as coming from. Before the th ird  round starts, contestants 

will also have observed how the savant has answered questions in rounds 1 and 2. They 

will use this inform ation to update this prior perception about the distribution  a savant 

comes from.

The number of questions a savant answers correctly in the first two rounds is d istributed 

binomially. Since the be ta  distribution and the binomial distribution are a conjugate pair, 

contestants posterior distribution for each savant is also beta distributed, albeit with new

across shows, we will not be able to  aggregate  d a ta  from all shows together.

,,0T h e  beta{a, 0)  p df  is:

f ( P  I a ,0 )  =  -  < p  <  l , a  >  0./3 >  0a(a,p)
w here B(a, /3)  denotes th e  b e ta  function,

B ( a , P ) = [  p a ~ l {l  ~ P ) P~ Xdp 
Jo

T he m ean and variance of th e  b e ta  d is tr ib u tio n  are given in (1.3) and (1.4).
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param eters th a t incorporate the inform ation provided by this signal. The new posterior 

distribution a contestant views savant i as coming from is:

Beta(yi  + a i , n l - y i + /?,)

where y; is the num ber of questions savant i answered correctly and n; is the number of 

questions savant i answered. I assume th a t at the s ta rt of the th ird  round contestants 

perceive savant i ’s skill level, pi, in playing the game to be the m ean of this posterior 

distribution:

-  Vi + a i ^
*  = « , + f t  + n. (L1)

This can be rew ritten in a more intuitive way:

=  (  Hi  \ ( M l )  + ( f  ai \  Q 2)
^  \ a i + /3{ + n i )  \ r i i j  ycti + Pj + riiJ y a ;  +  /3 j/

sig n a l p r io r  m ean

This shows th a t the posterior m ean pi is just a weighted average of the mean of the prior 

distribution and the signal sent during the first two rounds of the game.

W ith  this specification, the param eters we will be estim ating will identify how the cul

tu ral background of the savants affect the shape of the prior distribution. These param eters 

will be difficult to interpret, though, because it is not a t all intuitive w hat an increase in a  

or (3 really means. To facilitate understanding, we could instead directly parameterize the 

mean (p) and variance (a) of the prior distribution. In order to  do this we need to rewrite

ai  and (a* +  Pi) in term s of p ? and o p 31 The mean p, and variance oy of the prior beta

1 Since only Qi and (c*i +  /3; ) en ter in to  th e  expression for p i , it is easier to  p a ram ete rize  a ;  and (ai  + j3i
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distribution are related to  the param eters in the following way:

(1.3)

OCifti
(1.4)

(ai + /3j)2 (ai + /3j + 1)

Using this relationship we can rewrite a,  and (a , +  (3J  as:

a i Mi
Mi( 1 ~  Mi) __ 1 (1.5)

+  Pi —
M»(l ~  Mi) _  j ( 1 .6 )

We can then rewrite pi as:

The mean, fi,, will be a linear combination of the characteristics of the savant. In particular:

where C O L L E G E i  indicates savant i has attended or is currently attending college, and 

B L A C K i  and F E M A L E i  indicate whether the savant is black and /o r female, respectively. 

The param eter uq will measure a contestant’s perception about the m ean of the prior skill 

d istribution of a non-black male savant who is not college educated. This corresponds 

to the contestant’s view of how likely th a t savant is to  answer a question correctly at the

instead  of ai  and /3i .

p t= ujr+oj2'■ COLLEG E.+los  ■ B L A C K 1+oj4 ■ F E M A L E , ( 1.8)
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beginning of the gam e .32

Technically the variance <7 j will also be a function of the same characteristics specified in 

(1.8), although it will have different param eters. Unfortunately, though, it will be difficult 

to identify this many param eters w ith the am ount of d a ta  th a t is present. To simplify the 

estim ation, I assume th a t Oi =  a . 33

In order to  determ ine whether statistical discrim ination is a factor in skill assessment 

we need to  identify a contestant’s perception of one cultural group of savant’s average 

unobservable skill level relative to  another. The m ain reason the cu ltural group of the 

savant affects a contestan t’s prior perception of their average skill level, once all observable 

characteristics are controlled for, is because average unobservable skill differs between these 

cultural groups. The param eters and oj4 identify w hat these relative differences are. 

Thus finding either 0J3 < 0 or W4 < 0 will indicate th a t contestants statistically discriminate 

against black and female savants, respectively.

At the beginning of the third round, the utility a contestant gets from selecting sa

vant i will be a function of both  the extremeness of the savant’s skill level and any taste

32T h ere  are several o th er variables th a t  a re  observed b u t no t contro lled  for in (1.8) sim ply to  keep down 
th e  num ber of p a ram ete rs  th a t  need to  be  estim a ted . Ideally, we would w ant to  include add itional controls 
for savan ts who are n e ither w h ite  nor black, savan ts who have an  unknow n education  level, and savants who 
are older th a n  35. T he race and  gender of th e  co n te s tan ts  a re  also likely to  affect th e ir  skill p e rcep tion  of a 
p a rticu la r  savant and th u s we would w ant to  include contro ls for these  also.

,i'1 Identify ing  th e  p a ram ete rs  com posing th e  variance would essentially  reveal how m uch faith  co n testan ts  
have in th e ir  p rio r percep tion  ab o u t a given c u ltu ra l group  of savants. T he resu lts  would be particu la rly  
in te resting  if we found th a t  co n te stan ts  had m ore fa ith  in th e ir p rio r ab o u t savants from their own cu ltu ra l 
group.
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discrimination they may have towards the savant:3 4 ,30

Ui = 7  • m ax(pi, 1 — pi) + 8 \ ■ B L A C K i  +  ' F E M A L E {  + et (1-9)

If contestants have a personal prejudice against black or female savants they will get less 

utility from picking them . However, th is personal prejudice should not affect their percep

tion of the savant’s skill level, p,, and so it will enter into the u tility  function separately .36 

The param eters and 6 2  will measure this taste based prejudice against black and female 

savants.

Thus, the race and gender group of the savant will enter into a contestan t’s choice 

function twice. The im pact a savant’s group status has on the contestan t’s perception of 

their skill level (identified by the param eters W3 and W4 ) reflects statistical discrimination, 

while the direct im pact their group status has on the contestan t’s choice of savant (identified 

by 6 \  and 6 2 )  picks up taste  discrimination. To see how we can separately identify W 3 ,  t o 4 ,  d i  

and 6 2 , note th a t the u tility  specification given in (1.9) is ju st a formalization of the intuitive

34N ote th a t  th e  savant w ith  th e  largest value of m ax(pi, 1 — p i) will have th e  m ost extrem e skill level.

15T h ere  are two o th er facto rs th a t  one m ight th in k  will affect a  c o n te s ta n t’s choice of savant th a t  are not 
represented  in (1.9). T he first is th a t  co n te s tan ts  m ight select th e  savan t whose answ ers they  pred ic ted  best 
in th e  first two rounds. T h is is no t a valid con tro l, as co n testan ts  actu a lly  p red ic t all sav an ts’ answ ers in th e  
first two rounds equally well. Recall th a t  a t  th e  sam e tim e co n te s tan ts  p red ic t a savan t will answer a question  
correctly, th ey  are sim ultaneously  p red ic tin g  th a t  an o th e r savant will answ er th e  question  incorrectly. T hus 
if th e ir p red iction  is incorrect, they  are w rong ab o u t b o th  savants.

A no ther facto r th a t  m igh t en te r (1.9) is th a t  co n te stan ts  m ight select th e  savan t who is m ost like them , 
because they  th in k  th e ir  answ ers will be  easier to  p red ict. Technically, th is should  no t m a tte r . Say a 
co n te stan t and savant are  alike and b o th  have a 50% chance of g e ttin g  a given question  correct, Ju s t 
because th e  co n testan t knows th e  answ er to  a  specific question  d o esn ’t  change th e  fact th a t  th e  savant still 
only has a  50% chance of answ ering  th e  question  correctly. T h e  idea is th a t  th ey  m ay b o th  answ er th e  
sam e percen tage of questions correctly , b u t th ey  will not necessarily answer th e  sam e questions correctly. 
However, if co n testan ts do  believe choosing savan ts sim ilar to  th em  will help, th is  preference will show up 
in th e  ta s te  param eters. I t  shou ld  no t affect th e  identification  of s ta tis tica l d iscrim ination .

36T his assum es co n te stan ts  get no d isu tility  from perceiving o th er cu ltu ra l g ro u p s’ skill level accurately.
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identification example presented in Section 1.4. W hen statistica l discrim ination is present 

the effect of a savant’s group status on contestants’ choice will depend upon the savant’s prior 

performance y{. In  contrast, when taste  discrimination is present, the effect of a savant’s 

group status on contestants’ choice will be independent of prior performance. This key 

distinction between statistica l and taste discrimination allows the separate identification of 

each of their effects.

1.6.2 E stim ation  P rocedure

In order to determ ine the param eters 7 , wi,..., W4 , cr, 9\,  and 6 2 , I estim ate a discrete choice 

model where the contestan t’s choice of savant at the beginning of the th ird  round will be 

used to identify these param eters. I use maximum likelihood estim ation, which is designed 

to find the param eters th a t make the choice of savant contestants make as likely as possible. 

As laid out in Section 1.6.1 the utility contestants receive from selecting savant i is:

Ui = 7  • max(pi, 1 — pi) + 6 \ ■ R A C E _ _ M A T C H i  

+ 6*2 • G E N D E R  J v l A T C H i  +  a

For simplicity we can define the observable portion of utility  as V{:

Vi =  7  • max (pi, 1 — pi) + 9\ • R A C E _ M A T C H {

+d 2 ■ G E N D E R _ M A T C H i

Contestants will choose savant i if and only if Ui >  U k ^ k  ^  i, where k  denotes the three
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savants who could potentially be chosen . 37 Thus, the probability th a t contestants choose 

savant i is:

P  =  P r {Ui > Uky k  ^  i)

= P r (Vi +  £j >  Vfc +  <r,V£: ^  i)

= Pr(<T <  +  Vi -  Vfc.VA: ^  i) (1-10)

In order to determine the probability of the event in (1.10) happening, we need to  specify 

the distribution of the error term  efc. I assume th a t each e*. is independently, identically 

distributed extreme value so th a t the choice probability specified above will be logit. This 

assumption means th a t the unobserved portion of u tility  for one alternative is unrelated to 

the unobserved portion of utility for another alternative (Train, 2003). The unobservable 

utility for choosing a given savant is likely to reflect a contestant’s positive or negative

taste for qualities about the savant th a t are unobservable to the researcher, such as their

personality. Since it is very uncommon for people to have the same personality, we would 

not expect to  know how a contestant felt about the second savant’s personality ju st by 

knowing how they felt about the first. Thus specifying the choice probability as logit 

should not be too restrictive.

3 ,Only th e  co n testan t th a t  selects first will choose from am ong all th ree  savants. T h e  c o n te s tan t th a t  
selects second only chooses am ong th e  rem ain ing  two. I will take th is in to  account when I perform  th e  
ac tu a l estim ation .
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W ith a logit choice probability, (1.10) will have a simple closed form solution given by :38

~ ~  £ * e V k

Now th a t we know the probability th a t a contestant will choose a given savant, we need 

to determine the probability th a t a contestant will choose the savant th a t they were actually 

observed to choose. This is given by:

n {Pi)xt
i

where Xi = 1 if a contestant chose savant i and zero otherwise. If we assume th a t each 

contestant’s choice of savant is independent of th a t of other contestants, then the probability 

th a t each contestant in the sample will choose the savant th a t they were actually observed 

to choose can be given by the following likelihood function:

l {  7 ,w ,<r,0 ) = n r w r
j = 1 i

where 7 , ui, a , and 0  are vectors containing the param eters of the model, j  denotes an 

individual contestant, and J  is the to tal number of contestants in the d ata  set. The 

log-likelihood function is then:

L L ( 7 ,w , o-,0) =  ] T 5 > j l n P  (1.11)
j = 1 i

Our estim ator will be the values of 7 , u,  a, and 6  th a t maximize this function, subject

,!8See T rain  (2003) for a derivation  of th is logit choice probability.
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to  the necessary constraints. The fact th a t the underlying param eters, a  and /3, of the 

b e ta  distribution m ust bo th  be strictly positive implies two constraints on the transform ed 

param eters, /i and a. Namely , 39

0 <  p, < 1 ,Vi (1.12)

0 <  a < fii {1 -  fii) ,\/i (1.13)

Because the log-likelihood function specified is not continuously differentiable, the Nelder- 

Mead search algorithm  was used to  find the param eters.

To verify th a t the estim ation m ethod used uncovers the true  param eters, a Monte Carlo 

simulation was performed. These results are shown in Table 1.5. The specified param eters 

are the underlying param eters th a t were used to  create the sim ulated data. Although

the actual d a ta  set only contains 598 observations, this sim ulated da ta  set contains 15,548

observations. (The initial observations were replicated twenty-six times.) The estim ated 

param eters were obtained by performing the above estim ation m ethod on the simulated 

data. The estim ates are reasonably close to  the true param eters, indicating th a t this 

estim ation m ethod does fairly well a t finding the correct solution.

39From  (1.3) we can  see th a t ,  since b o th  a ;  >  0 and f3i > 0, th is  will requ ire  0 <  <  1.
From  (1.5) and  (1.6) we can see th a t  in order to  have b o th  a ;  >  0 and (a ;  +  /3 J >  0 we m ust have:

a (1 - a ) _ i > q

Vi
Solving for <7i, we see th a t  cr* <  (1 — ^ ) .  From  eq uation  (1.4) it is ev id en t th a t  ai > 0.
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1.6.3 S tructural R esu lts

Table 1.6 presents the results of the  structural estim ation. I have d a ta  on 299 shows, which 

results in a to ta l of 598 observations (in every show, each of the two contestants will select 

a savant). The param eters to\ , ..., W4 correspond to  the demographic variables of the savant 

th a t compose the m ean of a savant’s prior skill d istribution, /q. The param eters 6 1 and 6 2  

estim ate the im pact of taste  discrimination.

Before examining the param eters associated w ith the cultural group of the savant it 

is useful to check whether the other results seem realistic. Most im portantly, we want 

to check the param eter 7 , which will tell us how utility  depends on the extremeness of a 

savant’s skill level. The results show th a t 7  is positive and significant, indicating th a t the 

more extreme a savant’s skill level is, the more utility  a contestant gets from selecting them. 

This is consistent w ith the model. The param eter a  tells us how much weight contestants 

pu t on the performance of the savant when forming their posterior perception of their skill 

level. A value of <r =  .02 can be interpreted as follows: if a con testan t’s prior perception 

about a savant was .5, and the savant answered five out of five questions correctly in the 

first two rounds, their posterior perception of them  would be .65. This is also consistent 

w ith what we would expect.

The param eter 0\ is not statistically significant, indicating there is no taste-based dis

crim ination against black savants. In contrast, the param eter 6 2  is negative and statistically 

significant, indicating contestants have taste discrimination against female contestants.

The param eter ui\ is equal to  .64, which corresponds to a contestan t’s perception of the 

prior mean of a non-college educated, non-black male savant’s skill distribution. Recall
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tha t this corresponds to  the perceived probability th a t th a t savant will get a given question 

correct a t the beginning of the game. All the other w’s are relative to  this. To find the 

prior perception about any other group one would add the param eter associated with th a t 

group to  th a t of the reference group (uq). The param eter uq is equal to  .24, which indicates 

th a t contestants believe th a t savants who are college educated have a 24% higher chance of 

getting a question correct. This implies th a t contestants view savant performance in this 

game as depending on some form of learned skill, as learned skill level should be positively 

related to having a college education.

The param eters ui3 and uq will pick up the effects of statistical discrimination. I find 

th a t bo th  param eters are negative and strongly significant, indicating th a t contestants have 

a lower prior perception of both  black and female savants. This is consistent with the 

results from the descriptive analysis.

To get an idea of how large these differences in perceptions are, we can use these pa

ram eter estim ates to  determ ine w hat the prior perception is about each cultural group. 

Figure 1.3 shows how the prior perceptions about college educated savants differs among 

each racial and gender group. At the beginning of the game, contestants feel a non-black 

male savant has an 89% chance of answering a question correctly, a black male has a 62% 

chance, a non-black female has a 54% chance, and a black female has a 27% chance. These 

are relatively large differences, indicating th a t statistical discrim ination is a very im portant 

factor in contestants’ decisions. I will discuss what these results m ight imply about labor 

m arket hiring situations in the concluding remarks in Section 1.8.
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1.7 Support for M odel A ssum ptions

To ensure the validity of the identification strategy it is im portant to empirically verify the 

key assumptions th a t were made earlier. Section 1.7.1 examines whether contestants choose 

the most extreme savant. Section 1.7.2 examines whether contestants take into account 

the categories of the questions when making decisions. Finally, Section 1.7.3 tests w hether 

contestants believe savants’ past performance is predictive of their future performance, and 

if they are likely to  be using their true beliefs about savants when making decisions.

1.7.1 D o C ontestan ts Select th e  M ost E xtrem e Savant?

The idea th a t contestants will select a savant based on the extremeness of their skill level 

is crucial to  the identification strategy. To examine whether contestants actually behave 

in this way, we can estim ate a simple discrete choice model of a contestant’s selection of 

savant at the beginning of the th ird  round .40 The utility  a contestant gets from selecting 

a savant is specified as:

Ui = Ai • max(pi, 1 -  pt) +  A2 ■ Pi + et (1-14)

where pi = !— )
Ui

Column 1 in Table 1.7 presents the results of this estim ation when A2 =  0. The

param eter Ai is positive and statistically significant, implying th a t a contestant’s decision

depends on how extreme the savant’s performance is. To further make sure this is all th a t

40If co n testan ts  prefer to  pick the  m ost ex trem e savant in te rm s of skill, th ey  will also show a preference 
to  pick th e  savant w ith  th e  m ost extrem e perform ance. T his is because a sav an t’s perceived skill level will 
depend  on th e ir  perform ance.
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is im portant, we can allow utility  to  depend only on pi. Column 2 presents these results. 

We find th a t A2 is almost zero, indicating th a t it is the extremeness of perform ance th a t  is 

the most im portant factor in contestants’ decisions.

Finally, Column 3 presents the results w ith the full u tility  specification. We find th a t 

both  Ai and A2 are positive and significant in this case. W hile we w ouldn’t expect A2 to 

be significantly positive, w hat is most im portant is th a t we find Ai >  A2 . These results 

indicate th a t if contestants were given the choice between two equally extrem e savants, 

where one was a high performer and one was a low performer, they would prefer the high 

performer.

1.7.2 C ategory-Specific Q uestions

Earlier it was assumed th a t when contestants choose their savant at the beginning of th ird  

round they view each question th a t will come up as being the same. A lthough we do 

not expect them  to make predictions like this when they actually hear the question, it 

was claimed they might behave this way because at this point in the game they do not 

know w hat the questions will be. The potential problem w ith this specification is th a t we 

are implicitly assuming th a t contestants behave as though they will not learn the question 

before they must make their predictions about savant answers, which is not the case.

The following example will show why the assumption made might be problematic: sup

pose a given savant is perceived as doing very well at one type of question, such as general 

knowledge, but doing relatively poorly at another type of question, such as sports. If a 

savant was asked questions of bo th  types in the first two rounds, and answered all of the 

general knowledge questions correctly and all of the sports questions incorrectly, then their
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overall performance would be average. Under the model I specified, contestants would then  

be unlikely to  choose this savant because they want the savant w ith the m ost extreme skill 

level. But because contestants know they will learn the question before having to make a 

prediction, this savant would be ideal to  choose.

The above example indicates th a t it would be more ideal for contestants to  take into 

account th a t questions come from different categories and choose the savant who is the 

most extreme in every category. I will now present an alternative category-specific model 

which coincides w ith this notion. This model requires th a t contestants have a perception 

of a savant’s skill level a t answering each of the six types of questions, as well as know 

the likelihood th a t the next question will be from a given category .41 The utility th a t 

contestants would get from each savant would then depend on a weighted average of how 

extreme the savant’s skill level was in each category, where the weights would represent how 

often each type of question came up. More formally, we could specify the utility contestants 

get from choosing savant i to be:

C

Ui = £ ( % 0  • m ax ( p l  1 - p f )  + €i
C =  1

where c indicates the category of question, %C  indicates the percent of to ta l questions asked 

th a t are of a given category c, and p? is a contestant’s perception of a savant’s skill level in 

answering questions of category c .42

Although theoretically this category-specific model seems more plausible, it will be dif

41 See Table 1.1 for inform ation  ab o u t th e  six categories of questions, including th e ir  relative frequencies 
in th e  game.

'12For sim plicity, th is specification ignores ta s te  d iscrim ination , a lthough  th is could be easily added in.
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ficult to  estim ate this m any param eters. W hile before we had four param eters (uq, oq) 

th a t composed the mean of the prior skill d istribution, we would now have four param eters 

for each of the six categories. W ith the am ount of d a ta  th a t is present identification would 

be extremely difficult. Furtherm ore, ju st because we think contestants would do be tte r to 

choose a savant in this way does not mean this is w hat they actually do. This would be a 

much more complex calculation on their part which would require a lot more inform ation 

than  the previous specification.

In order to  determ ine which model contestants are more likely to  use, we can take 

advantage of the following idea: if they are using the alternative category-specific model to 

select their savant when they don’t know the question, then  it is extremely likely th a t they 

will use information about category performance when they make predictions during the 

th ird  round. Thus we can test whether contestant predictions in the th ird  round depend 

more on the overall previous performance of the savants or the category-specific previous 

performance.

Table 1.8 shows the results of regressing a con testan t’s predictions about a savant’s 

answer in the th ird  round on the overall percent of questions they got correct in the first 

two rounds, and the category-specific percent of questions they got correct in the first two 

rounds. For example, if the question asked in Round 3 was a sports question, category- 

specific performance is the percent of sports questions the savant answered correctly in the 

first two rounds. If the savant had not previously faced a sports question, this observation 

was eliminated. The dependent variable is an indicator th a t takes on the value of one if 

contestants predict th a t a savant will get a given question in Round 3 correct. Results
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from logit estim ation of this regression clearly show contestants base their predictions in 

the th ird  round on the overall past perform ance of the savant and not the category-specific 

performance. The coefficient on overall percent correct is positive and strongly significant 

while the coefficient on category percent correct is actually negative, although it is s ta tis ti

cally insignificant. Thus if contestants behave this way when they know the  questions, it 

is rather likely they will also behave this way when choosing their savant w ithout knowing 

the questions.

1.7.3 M anipulation  o f th e  G am e

Up until now it has been implicitly assumed th a t the producers of Street Smarts  do not 

m anipulate the game. However, due to the way in which the game is pu t together, producers 

will have ample opportunity  to do this. Prior to  the actual in-studio game, savants are asked 

numerous questions. From these, producers will select which ten questions to  use in the 

game, as well as the order in which they will be shown. This could lead to two potentially 

serious problems.

Producers could select questions in such a manner th a t savants who would be perceived 

as highly skilled perform relatively poorly during the game. If contestants realized this, 

they would have no incentive to base their decisions on their true perception of the savant’s 

skill level. This would prevent us from identifying a contestant’s true perceptions about a 

savant’s unobservable skill. A second problem would arise if producers select the ordering 

of questions such tha t savants who do well in the first two rounds do poorly in the third. 

C ontestants aware of this would not positively update their perception of a savant who 

performed well in the first two rounds. This is one of the key identifying features th a t
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allows us to distinguish between statistical and taste  discrim ination. If contestants do not 

positively u pdate  their beliefs in this m anner it would invalidate the identification strategy 

used here.

To determ ine whether producers m anipulate the game, I regress a savant’s actual per

formance in the th ird  round on their previous performance, their age group, education level, 

race, and gender. The results are shown in the first column of Table 1.9 . 43 The depen

dent variable is the percent of the three questions in the th ird  round th a t a savant answers 

correctly. If the game is not being m anipulated we would expect two things. F irst, the 

coefficient on education should be positive, as this is the only characteristic about savants 

th a t is objectively related to  their skill level in the gam e .44 Second, the coefficient on per

formance in the first two rounds should also be positive. T he results from an ordered logit 

estim ation show th a t this is clearly not the case. A savant’s education level is negatively 

related to their performance, although this is not statistically  significant. Furthermore, 

past performance is strongly negatively related to future performance.

Producers’ m anipulation of the game will only result in the two problems mentioned 

earlier if contestants are aware the game is being m anipulated. Recall th a t the only 

assumptions made were w ith respect to contestant behavior: contestants must believe past 

performance predicts future performance, and th a t players who are more skilled will perform 

better in the game. Thus these assumptions do not necessarily require th a t the game not

43T he variab le  y ou ng  refers to  savants who are less th an  or equal to  35 years old. T he variable other  
indicates savants who are n e ither w hite  or black.

44We would expect college educated  savants to  perform  b e tte r  in th is  gam e because abou t 40% of the  
questions p e rta in  to  general knowledge, which th ey  should be b e tte r  a t. T h ere  is also no reason to  believe 
th a t  th ey  would do worse th a n  non-college educa ted  savants in answ ering th e  rem ain ing  60% of th e  questions.
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be m anipulated, bu t only th a t contestants do not realize th is . 40 The results shown in the 

second column of Table 1.9 indicate th a t contestants do not play the game as though it is 

being m anipulated. The dependent variable is now a contestan t’s predictions of the percent 

of the three questions in the th ird  round th a t a savant answers correctly. One can see th a t 

contestants believe th a t a savant’s performance in the first two rounds positively predicts 

their performance in the th ird  round. They also believe th a t more educated savants will 

perform better in the game. These results support bo th  of the assum ptions we have m ade 

about contestant behavior.

1.8 Conclusion

In the past it has proven quite difficult to empirically identify the role of bo th  taste  and 

statistical discrimination in labor m arket hiring decisions. This is prim arily because both  

types of discrimination can lead to  the same outcome, where the affected group is less 

likely to be hired. This chapter attem pts to  distinguish between taste  and statistical 

discrimination by finding an alternative situation, contestant behavior on the game show 

Street Smarts , where this problem doesn’t arise. This game has two unique features th a t 

distinguish it from other settings: contestants will make decisions based on how extrem e a 

savant’s skill level is, and contestants will update  their prior perceptions about savants with 

information they receive during the game. As was shown, the combination of these two 

features will lead to  taste and statistical discrim ination having different effects on contestant 

behavior, enabling us to separately identify each of their roles.

4jIf th e  gam e was m anipu lated  and co n testan ts failed to  realize th is , it would only m ean co n testan ts  do a 
poor jo b  of p red ic tin g  savan ts’ answers. T his is not im p o rta n t, because we do no t care ab o u t how accurate  
th e ir  percep tions of savants are-w e only care ab o u t identifying th e ir  perceptions.
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This identification strategy was used to  test for statistical discrim ination bo th  descrip

tively and in a formal structu ra l model. B oth analyses show th a t s tatistica l discrim ination 

plays a strong role in contestants’ behavior. In particular, I find th a t contestants have 

a significantly lower prior perception of the skill level of bo th  black and female savants. 

The structural estim ation results also indicated th a t contestants have a distaste towards 

interacting w ith female savants.

The results concerning statistical discrim ination will not directly reflect w hat is hap

pening in labor m arket situations, as the skills th a t are required in each situation will be 

quite different. However, we can still garner im portance from these results. In particular, 

they show th a t statistical discrim ination plays a strong role in skill assessment in this game. 

Because hiring situations also rely on employers making skill assessments based on limited 

information, it is likely th a t statistical discrim ination will be a factor there, too. This 

implies th a t policies th a t require employers to gather more objective inform ation about 

applicants, which would reduce their reliance on cultural background, might be effective in 

reducing hiring disparities.

Finally, the methodology used in this chapter can provide insight about what types 

of situations in the labor m arket could potentially be exploited in the future to test for 

both  statistical and taste discrimination. The unique feature about this game show is 

th a t contestants make decisions based on how extrem e a savant’s skill level is. W hile it 

is unlikely th a t we would find this feature in a labor m arket setting, there are situations 

where we might expect to find the opposite feature. Namely, there are certain occupations 

in which we might expect employers to  hire medium-skilled applicants (as opposed to  the
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most highly-skilled applicants), because they feel high-skilled workers will leave if a be tte r 

job opportunity comes along. T he same identification arguments th a t were presented here 

would be valid in tha t setting also. S ituations like this could potentially be exploited in 

future research.
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1.9 Appendix: Tables and Figures

Table 1.1: Examples of Questions Listed by Category
Category Examples of Questions
general knowledge W hat sta te  was founded by W illiam Penn?

W hat letter is silent in the word autum n?
In w hat U.S. city would you find the gateway arch?

entertainm ent W hat is Jam es B ond’s numeric code name?
The show Nip/Tuck  is about people in w hat profession? 
R apper M arshall M athers is better known as whom?

sports W hat sport do the LA Clippers play? 
In baseball, what is a grand slam? 
Tony Hawke is a legend in w hat sport?

slang/sayings In slang, w hat happened if you blew a fuse?
Complete the saying: looks can be deceiving?
In slang, what does it mean if someone’s got your back?

childrens’ interests In the nursery rhyme, w hat is the London Bridge doing? 
Grranimals is a popular line of kids w hat?
On Sesame Street, what color is Grover’s fur?

miscellaneous W hat color is pesto sauce?
W hat store’s m otto is "always low prices, always"? 
W hat tasty  herb is believed to ward off vampires? 
W hat university is nicknamed the Fighting Irish?
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Table 1.2: Demographic Characteristics of Contestants and Savants
C ontestants Savants

race white 62.7% 59.4%
black 22.4% 24.1%

Hispanic 6.5% 7.9%
Asian 6.4% 5.7%

other/unknow n 2 .0 % 2.9%
gender male 48.2% 44.9%

female 51.8% 55.1%
education non-college 75.9% 76.6%

college 24.1% 23.4%
age < 35 89.1% 75.3%

> 35 10.9% 24.7%

NOTE: The sample consists of 598 contestants and 897 savants.
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Table 1.3: Detailed Demographic C haracteristics of C ontestants and Savants
Contestants Savants

male female male female
race white 49.1% 50.9% 38.8% 61.2%

black 41.0% 59.0% 53.7% 46.3%
Hispanic 69.2% 30.8% 60.6% 39.4%

Asian 47.4% 52.6% 43.1% 56.9%
other /  unknown 33.3% 66.7% 57.7% 42.3%

non-college college non-college college
race white 77.6% 22.4% 76.9% 23.1%

black 73.1% 26.9% 75.9% 24.1%
Hispanic 76.9% 23.1% 77.5% 22.5%

Asian 65.8% 34.2% 76.5% 23.5%
other/unknow n 89.3% 16.7% 73.1% 26.9%

gender male 72.6% 27.4% 78.9% 2 1 .1 %
female 79.0% 2 1 .0 % 74.7% 25.3%
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Table 1.4: Relationship Between Previous Perform ance and Selection in the T hird R ound

proportion correct
proportion of savants selected in the th ird  round

black non-black male female
0-.2 .458 (107) .368 (302) .389 (203) .393 (206)
.4-.6 .455 (220) .385 (801) .429 (436) .378 (585)
.8-1 .368 (19) .500 (46) .482 (27) .447 (38)

NOTE: Num ber of observations in parentheses.
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Table 1.5: M onte Carlo Simulation
specified param eters estim ated param eters

u)i (constant) 0.55 *0.5615 (.006)
w 2 (C O L L E G E i ) 0.2 *0.1959 (.013)
uj3 (B L A C K i ) -0.2 *-0.199 (.013)
w 4 ( F E M A L E i ) -0.2 *-0.2104 (.013)
Ox (BLACKi) -0.5 *-0.4376 (.047)
02 (F E M A L E i ) -0.5 *-0.5023 (.029)
7 6 *5.9289 (.226)
a 0.025 *0.0258 (.001)
log-likelihood -13,245
observations 15,548

NOTE: S tandard  errors are in parentheses.

* denotes a param eter significant at the 10% level.
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Table 1.6: S tructural E stim ation Results
param eters

<jj\ (constant) *0.6448 (.079)
oj2 (COLLEGEi) *0.2447 (.114)
lo3 (B L A C K i ) *-0.2702 (.092)
0J4  {FEM ALEi) *-0.3446 (.093)
9x ( B L A C K i ) 0.1671 (.153)
92 (F E M A L E i ) *-0.2208 (.134)
7 *2.0143 (.854)
£7 *0.0204 (.009)
log-likelihood -529.1
Observations 598

NOTE: S tandard  errors are in parentheses.

* denotes a param eter significant a t the 10% level.
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Table 1.7: The Effect of Previous Performance on a C ontestan t’s Choice of Savant
(1) (2) (3)

Ai *.5376 (.251) — *1.0244 (.258)
A2 — .0239 (.0539) *.3627 (.19)
observations 598 598 598

NOTE: S tandard  errors are in parentheses.

* denotes a param eter significant at the 10% level.
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Table 1.8: The Effect of Savants’ Average and Category-Specific Perform ance on Con
testan ts’ Predictions in Round 3_______________________________________

questions predicted correct 
in th ird  round

overall percent correct *1.22 (.371)
category percent correct -0.118 (.163)
constant *-.468 (.146)
observations 1242
Pseudo- R 2 .0067

NOTE: S tandard  errors are in parentheses.

* denotes a  param eter significant at the 10% level.
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Table 1.9: The Relationship Between Savant C haracteristics and their Actual and Predicted  
Performance in Round 3________________________________________________________

(1)
percent correct 
in th ird  round

(2)
percent predicted 

correct in th ird  round
percent correct in rounds 1  & 2 *-2.84 (.498) *1.80 (.448)
youngl -.290 (.195) .153 (.184)
collegei -.064 (.194) *.290 (.183)
otheri -.065 (.232) -.076 (.216)
blacky .012 (.195) *-.312 (.184)
female i -.176 (.164) -.224 (.155)
observations 598 598
Pseudo- R 2 .0348 .0186

NOTE: S tandard  errors are in parentheses.

* denotes a param eter significant a t the 10% level.
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Figure 1.1: Relation Between Selection and Performance for Black vs. non-Black Savants
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Figure 1.2: Relation Between Selection and Performance for Female vs. Male Savants
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Figure 1.3: Prior Perception of College Educated Savants from Different C ultural Groups
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Chapter 2

An Alternative Test of Racial 

Prejudice in Motor Vehicle 

Searches: Theory and Evidence 

(co-authored with Hanming Fang)

2.1 Introduction

Black m otorists in the United States are much more likely than  white m otorists to  be 

searched by highway troopers. Several recent lawsuits against state governments have used 

this racial disparity in treatm ent as evidence of “racial profiling,” a term  th a t refers to 

the police practice of using a m otorist’s race as one of the criteria in their motor vehicle 

search decisions. Racial profiling originated with the a ttem pt to interdict the flow of drugs 

from Miami up Interstate 95 to the cities of the Northeast. For example, in 1985 the 

Florida D epartm ent of Highway Safety and M otor Vehicles issued guidelines for police on

53
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“The Common Characteristics of Drug Couriers,” in which race/ethn icity  was explicitly 

mentioned as one characteristic (Engel et al., 2002). W hile the initial m otivation for such 

guidelines may have been to  increase the troopers’ effectiveness in interdicting drugs, it also 

unfortunately opened up the possibility for troopers to  engage in racist practices against 

minority motorists.

Following the public backlash generated by several cases in the 1990s such as Wilkins v. 

Maryland State Police [1996] and Chavez v. Illinois State Police [1999], almost all highway 

patrol departm ents have denounced using race as a criterion in stop and search decisions. 

But many citizens, especially minorities, are skeptical of this claim: m otor vehicle search 

decisions, by their very nature, are made in the m idst of face-to-face interactions, and thus 

it is simply hard  to  imagine th a t troopers can block the race and ethnicity  information 

th a t a m otorist presents. Moreover, d ata  on trooper searches continue to  show th a t they 

tend to search a higher proportion of m inority m otorists th an  white m otorists. As is now 

well known, however, racial disparities in the aggregate rates of stops and searches do not 

necessarily imply racial prejudice (see, for example, Knowles et al., 2001, and Engel et al., 

2002). If, for example, black drivers are more likely than  white drivers to  carry contraband, 

then the aggregate ra te of stops and searches would be higher for black drivers even when 

race was not a factor in troopers’ decision-making. Moreover, racial profiling may also arise 

if police attem pt to  maximize successful searches and race helps predict whether a driver 

carries contraband. This situation is called statistical discrimination  in the terminology of 

Kenneth Arrow (1973).

How can we empirically distinguish racism from statistical discrim ination? This question
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has garnered enormous public and academic interest (see, for example, National Research 

Council 2004), bu t it is also challenging, partly  as a result of d a ta  lim itations. For exam 

ple, unless tru ly  random  searches are conducted, researchers typically will not observe the 

true proportion of drivers who carry contraband. Furtherm ore, ethnographic studies such 

as Sherman (1980) and Riksheim and Cherm ak (1993) have shown th a t m any situational 

factors, including suspects’ demeanor in the police-citizen encounter, influence police be

havior. Such d a ta  are also typically unavailable. Because we have no way of controlling for 

all of the legitim ate factors th a t might cause m inority drivers to  be searched w ith higher 

probability th an  white drivers, it becomes very difficult to  determ ine the true m otivation 

behind racial profiling with the available data.

One prom inent approach th a t has been used to  distinguish between racial prejudice and 

statistical discrim ination is the “outcome te s t,” whose idea originated in Becker (1957).1 In 

the context of m otor vehicle searches, the outcome test is based on the following intuitive 

notion: if troopers are profiling minority m otorists due to racial prejudice, they will search 

minorities even when the returns from searching them , i.e., the probabilities of successful 

searches against minorities, are smaller than  those from searching whites. More precisely, if 

racial prejudice is the reason for racial profiling, then the success ra te against the marginal 

m inority m otorist (i.e., the last m inority m otorist deemed suspicious enough to be searched) 

will be lower th an  the success ra te against the marginal white motorist. In contrast, if 

racial profiling results from statistical discrim ination (i.e., if the troopers are profiling to 

maximize the number of successful searches), then the optim ality condition would require

'B ecker (1993a, 1993b) fu rth er e laborated  on th is  idea and Ian  A yres (2001) p resented  several in teresting  
applications.
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th a t the search success ra te against the m arginal m inority m otorist be equal to th a t against 

the marginal w hite m otorist. W hile this idea has been well understood, it is problem atic 

in empirical applications because researchers will never be able to  directly observe search 

success rates against marginal m otorists. This is due to  the fact th a t we cannot identify 

the marginal m otorist, since accomplishing this would require having complete inform ation 

on all of the variables th a t troopers use in determ ining the suspicion level of m otorists. 

Because of this omitted variables problem, we can only observe the average success ra te  of 

searches against w hite and m inority m otorists, and not the m arginal success rate. Since 

the equality of marginal search success rates does not imply and is not implied by the 

equality of the average search success rates, we cannot determ ine the relationship between 

the marginal search success rates of white and m inority m otorists by looking at average 

success rates. In past literature this has been referred to  as the infra-marginality problem. 

These problems severely limit the rigorous application of the outcom e test idea, especially 

in situations where the decision or the outcome is dichotomous.2

A seminal paper by Knowles et al. (2001, K PT  hereafter) provides the first solution 

to  the infra-m arginality problem associated w ith the outcome test. They develop a simple 

b u t elegant theoretical model about m otorist and police behavior and show th a t in equilib

rium  the infra-marginality problem may not arise. In their model, m otorists differ in their 

characteristics, including race and possibly other factors th a t are observable to troopers 

bu t may or may not be available to  researchers. Troopers decide whether or not to  search

'S e e  S tephen L. Ross and John  Y inger (1999 and 2002, C h ap te r 8) and  Ayres (2002) for deta iled  discus
sions of th e  in fra-m arg inality  problem  in th e  con tex t of m ortgage lending and police p ractices respectively. 
In fact, in th e  case of m ortgage lending, Ross (2003) and  Ross and Y inger (2002, C h ap te r 8) argue th a t  the  
com plete e lim ination  of th e  om itted  variable bias resu lts in a tes t w ith no power.
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m otorists while m otorists decide whether or no t to carry contraband. In this “m atching 

pennies”-like model they show th a t  if troopers are not racially prejudiced, all m otorists, 

if they are searched at all, m ust in equilibrium carry contraband w ith equal probability 

regardless of their race and other characteristics. Thus in their model there is no difference 

between the m arginal and the average search success rates. A nice feature of the K PT  

model is tha t it allows the m otorists of different races to have different distributions of 

characteristics, as long as those characteristics are observable to  the police (though they 

may not be observable to the researcher). M otorists w ith different characteristics may have 

different costs and benefits from carrying contraband, but these differences only imply th a t 

in equilibrium troopers will search m otorists w ith different characteristics at different rates, 

which in fact provides the necessary deterrence to  ensure th a t all m otorists will carry con

traband with equal probabilities. Because the infra-m arginality problem does not arise at 

all in the equilibrium of K P T ’s simple model, they provide a solid theoretical basis for an 

empirical test based on the comparison of the average search success rates by the race of 

the motorists, a statistic  typically available to researchers. A lower average search success 

ra te  implies racial prejudice against th a t group. Applying their test to a d ata  set of 1,590 

searches on a stretch of the 1-95 in M aryland from January 1995 through January 1999, 

they find no evidence of racial prejudice against African-American motorists, bu t do find 

evidence of racial prejudice against Hispanic motorists.

While K P T ’s model provides a good starting  point to distinguish between racial prej

udice and statistical discrimination empirically, there are a couple of drawbacks to  their 

theoretical model which cast doubt on the validity of their empirical test. First, K P T ’s
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model predicts th a t  all m otorists of a given race, if they are ever searched, will carry con

traband  with equal probability regardless of their other characteristics th a t  may be observed 

by the police. This is the vital prediction th a t allows them  to equate the average search 

success rate in a given racial group of m otorists to  the m arginal search success rate, thus 

avoiding the infra-m arginality problem. This prediction, however, also implies th a t a mo

to ris t’s characteristics other th an  race should provide no inform ation about the presence of 

contraband when a trooper decides whether to search. This im plication of police behavior 

goes against trooper guidelines which require them  to base their search decisions on the 

information the m otorist presents to  the trooper at the time of the stop, including the mo

to ris t’s personal characteristics, their demeanor, and the contents of their vehicle th a t are 

in plain view, etc. (see, e.g., Sherman 1980 and Riksheim and Cherm ak 1993). K P T ’s basic 

model assumes th a t m otorists’ characteristics are exogenous, thus ruling out the plausible 

scenario tha t a m o torist’s actions when stopped are intim ately related to  whether or not 

he or she is carrying contraband. This is not ju st a minor quibble about details: once we 

allow the m otorists’ actions when stopped to  enter into the officers’ search decisions, the 

infra-marginality problem  reappears into the empirical analysis. Our m ain contribution to 

the racial profiling literature in this chapter is th a t we develop a more realistic model of 

trooper behavior th a t allows officers to use information th a t they gather about motorists 

during traffic stops when they make their search decisions. We exploit the theoretical im

plications of our model to propose an alternative empirical test to detect racial prejudice in 

the presence of potential infra-marginality and om itted-variables problems associated with 

outcome tests.
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The second issue we have concerning K P T  (and this field of research in general) is th a t 

they implicitly assume th a t all troopers’ behavior is monolithic. This assum ption may not 

be valid.3 M ost existing d a ta  sets on police behavior do not contain detailed inform ation 

about the trooper characteristics and thus it is assumed th a t all troopers, regardless of 

their race, have the same racial prejudice against m inority m otorists.4 Donohue and Levitt 

(2001), in their study on arrest patterns and crime, find th a t the racial composition of a 

city’s police force has an im portant im pact on the racial patterns of arrests, suggesting 

th a t police behavior (or information they possess) is not monolithic. W ithin the framework 

of K PT , an invalid monolithic trooper behavior assum ption can lead to wrong conclusion 

about whether officers are racially prejudiced. Imagine a world in which minority troopers 

are racially prejudiced against white motorists, while white troopers are prejudiced against 

m inority motorists. It is possible th a t when examining the aggregate search outcomes of 

white and m inority troopers, we would reach a conclusion th a t the police as a whole are 

not racially prejudiced. But this may seriously underestim ate the harassm ent experienced 

by both  white and minority motorists. This chapter deviates from the K PT  model and 

embraces the possibility th a t police behavior m ay vary by their racial group, which is our 

second main contribution to the existing literature. As will be shown later, the variation 

of trooper behavior by their race will provide the key additional information th a t allows us 

to  develop our empirical test.5 We are able to  relax the typical assumption th a t requires

3A formal  definition of m onolithic behavior is given in Section  2.3.

4T h e  M aryland d a ta  set K P T  used has only very lim ited  inform ation  ab o u t tro o p ers  (see K P T  2001 and 
Sam uel R. Gross and K atherine  Y. B arnes 2002)

JWe are g ratefu l to  an anonym ous referee for clarifying th is  im p o rtan t po in t.
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troopers to behave m onolithically because we have a unique d a ta  set of highway stops and 

searches conducted by the Florida Highway P atro l th a t contains inform ation on both  the  

race of the trooper making the stop as well as the inform ation about the m otorist th a t is 

stopped.

The inform ation we present in Table 2.1 further illustrates why it is unrealistic to impose 

the assum ption th a t all troopers behave monolithically in our Florida d a ta  set.6, 7 Panels 

A and B, respectively, show the search ra te  given stop and the average search success ra te  

against m otorists for the different combinations of m otorist and trooper racial groups. The 

first row of Panel A shows th a t, of the white m otorists stopped by white, black and Hispanic 

troopers, respectively 0.96, 0.27 and 0.76 percent of them  were searched. Monolithic search 

behavior requires all troopers to search white m otorists at the same rate, which clearly is not 

the case. Thus any empirical test th a t relies on this assum ption will not be valid for our data  

set. The “All Troopers” column in Panel B of Table 2.1 also contains the information used 

in K P T ’s tes t.8 Because the average search success rates against both  black and Hispanic 

m otorists fall below th a t against white m otorists, K PT  would conclude th a t troopers have 

racial prejudice towards black and Hispanic motorists. But, when we adm it the possibility 

th a t the unobservable characteristics among m otorists of different races may differ (in a 

possibly arbitrary  way), we will argue th a t even such strong disparities in search rates and 

average search success ra te  may not prove racial prejudice.

6T able  2.1 is our m ain tab le  and we will discuss it m ore in Section 2.5. T he form al te s t of m onolithic 
behavior is p resen ted  in Section 2.5.4.

' T h e  num bers in th e  colum n labeled “All T roopers” are calcu la ted  d irec tly  from th e  raw d a ta , bu t th e  
num bers in th e  colum ns labeled “T rooper R ace” are calcu la ted  from rew eighted sam ples constructed  from 
the  raw  d a ta . See Section 2.4.3 for deta ils ab o u t how we co n stru c t th e  rew eighted sam ples.

8M ore discussion of th e  K P T  te s t on th is d a ta  se t is provided in Section 2.5.7.
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Our model of trooper search behavior follows the spirit of labor m arket statistical dis

crim ination models (see, e.g., Coate and Loury 1993). Police officers observe noisy bu t 

informative signals about whether or not a driver carries contraband when they decide if a 

search is warranted. Guilty drivers, i.e., drivers who actually carry contraband, are more 

likely than  innocent drivers to  generate suspicious signals. A police officer incurs a cost 

of search t (rm \ rp) th a t depends on both  h is/her own race rp and the race of the m otorist 

rm. Troopers of a particular race, say rp, are said to  be racially prejudiced if their cost of 

searching m otorists depends on the race of the m otorist.9 The police force exhibits non- 

monolithic behavior if the cost of searching m otorists of a given race r m depend on the 

race of the trooper. Troopers are assumed to  make their search decisions to  maximize the 

number of successful searches (or arrests). The optim al decision of a race-rp police officer 

in deciding whether a race-rm m otorist should be searched satisfies a threshold property: 

m otorists should be searched if and only if their posterior probability of being guilty ex

ceeds the search cost of race-rp officers against race-rm m otorists, t (rm ;rp). We show th a t 

the police officers exhibit monolithic behavior if and only if both  the search ra te and aver

age search success ra te against any given race of m otorists are independent of the race of 

the troopers conducting the search. Moreover, if none of the racial groups of troopers are 

racially prejudiced, then the ranking over the race of troopers of search rates and average 

search success rates against a given race of m otorists should not depend on the race of 

the motorists. T hat is, if troopers of race rp have a higher search ra te (and lower average 

search success rate) against race-rm m otorists than  troopers of race rp, then race-rp troop

9We assum e th a t  race is th e  only characte ris tic  of tro o p ers  th a t  is likely to  affect th e ir search behavior. 
T h is is a  p lausib le  assum ption  because we are exam ining if tro o p ers  search  w hite and  m inority  m otorists 
differently, so th e  race of th e  tro o p er is th e  m ost likely ch aracteris tic  to  affect th e ir search  p a tte rn s .
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ers should also have a higher search ra te  (and lower average search success ra te) against 

race-r'm m otorists th an  race-r'p troopers. We use these theoretical predictions of the model 

to  design empirical tests for bo th  monolithic behavior and racial prejudice. The key idea 

of our empirical test is as follows: when there is no racial prejudice the race of m otorists 

should not affect the ranking of search rates and search success rates over officer races.

An additional desirable feature of our model is th a t it has direct im plications on the 

ranking of bo th  the search rates and the average search success rates, and thus our model 

could potentially be refuted by the d a ta  we have available. It is also im portan t to point 

out, though, th a t our test can only detect w hat we term  to be relative racial prejudice 

and not absolute racial prejudice. This is because when the ranking of search rates and 

search success rates over officer races depends on the race of the m otorists, we know th a t 

a t least one of the racial groups of officers is using racial prejudice, but we cannot identify 

which group it is. Thus all we can conclude is th a t one group of troopers is more racially 

prejudiced relative to another group of troopers, instead of an absolute conclusion which 

would identify which groups of troopers were racially prejudiced.10

The im plementation of our empirical tests relies on d a ta  sets th a t have race information 

on both  troopers and m otorists.11 W hile such data  has not been available for use in ear

lier empirical studies on racial profiling, we are able to  obtain a data set from the Florida 

Highway Patro l which contains information on all vehicle stops and searches conducted on 

Florida highways between January 2000 and November 2001, together w ith the demograph

10M ore discussions on th is  issue is provided in Section 2.4.2 when we discuss th e  power of our test.

" W h ile  our tes ts  can in principle be im plem ented w ith only search d a ta  (by looking only a t average search 
success ra te s), having d a ta  on all stops would be m ore desirable because we can then  exam ine w hether our 
m odel is refu ted  by th e  d a ta  by providing su p p o rtin g  evidence from th e  search rates.
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ics of the trooper th a t conducted each stop and search. In im plem enting our empirical tests, 

we find strong evidence th a t  the Florida Highway P atro l troopers do not exhibit monolithic 

behavior, but we fail to reject the hypothesis th a t troopers of different races do not exhibit 

relative racial prejudice.

The remainder of the chapter is structured as follows. Section 2.2 provides some addi

tional discussion of the related literature. Section 2.3 presents and analyzes our model of 

trooper search behavior. Section 2.4 proposes empirical tests based on the theoretical pre

dictions of the model. Section 2.5 describes the d ata  set from the Florida Highway Patrol, 

presents our test results, and contrasts our results with those using K P T ’s test. Finally, 

Section 2.6 concludes. In A ppendix A (located in Section 2.7) we present a simple equilib

rium model of drug carrying behavior to show th a t our focus on trooper behavior in Section 

2.3 is not problematic. Tables and figures are included in A ppendix B in Section 2.8.

2.2 R elated Literature

Dharm apala and Ross (2004) and Antonovics and Knight (2004) also discussed the possible 

shortcomings of the K PT  m odel.12 Dharm apala and Ross (2004) point out th a t K P T ’s 

test does not generalize if potential drug carriers may not be observed by the police or 

if there are different levels of drug offense severity.13 Under those circumstances K P T ’s 

test fails because the infra-marginality and om itted variables problems re-emerge. More

12H ernandez-M urillo  and  Know les (2004) use K P T ’s fram ew ork and sem i-p aram etric  bounds to  reject the  
official exp lanation  th a t  lower h it ra te s  on m inorities are due to  higher ra te s  of non-d iscretionary  search using 
M issouri’s annual aggregate  traffic-stop  rep o rt for th e  year 2001. D om in itz  an d  Know les (2004) consider 
tes ts  of racial pre jud ice  when officers are assum ed to  m inim ize crime.

l.iR P T  recognized th is  issue in th e ir footnote  16.
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specifically, the equilibrium of the K P T  model under those circum stances may involve a 

group of m otorists carrying drugs w ith  probability  one (being a “dealer” ) even w hen they 

are searched w ith probability one whenever the  troopers observe them. If the probability 

of being a “dealer” is higher for m inorities, then  the average success ra te  against minorities 

should be greater th an  th a t for whites under statistica l discrim ination, and equal average 

success rates would actually indicate taste  discrim ination, contrary to  K P T ’s conclusion.

Antonovics and Knight (2004) argued th a t K P T ’s test may not be robust when its model 

is generalized to allow for trooper heterogeneity.14 They also proposed using data  w ith both  

m otorist and officer information. As we do in our paper, they show th a t if officers of different 

races have the same search cost against m otorists of a given race, then  the search ra te  against 

these m otorists should be independent of the officers’ race. They run a P robit regression 

using data  from the Boston Police D epartm ent where the dependent variable is an indicator 

for whether a search took place for a given stop, and the explanatory variables include some 

observable characteristics of the driver and officer and a dummy variable indicating whether 

there is a racial m ismatch between the officer and the driver. In their baseline regression, 

they find a positive coefficient on the “racial m ism atch” variable, indicating th a t officers are 

more likely to  conduct a search against m otorists of races different from their own. They 

in terpret this finding as evidence of racial prejudice. We argue in Section 2.4.2 tha t their 

in terpretation  of the evidence may be misleading. It is also useful to  point out th a t their 

da ta  is from the Boston Police D epartm ent and consists mainly of stops and searches in 

local neighborhoods. There are two potential problems with such data. F irst, as Hernandez-

14However, Persico  and  Todd (2004) show th a t, if officers’ goal is to  m axim ize search success ra te s  ra th e r 
th a n  to ta l  num ber of successes, K P T ’s tes t can be generalized to  allow for police heterogeneity.
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Murillo and Knowles (2004) argued, m any stops and searches conducted in local streets are 

in response to specific crime reports. In these situations, officers tend  to  have less discretion 

over who they search. Second, as argued by Donohue and Levitt (2001), for stops and 

searches conducted in local neighborhoods, it is much more likely th a t officers of different 

races may possess different am ounts of inform ation about m otorists, as residents in the 

neighborhood may be more willing to  share inform ation w ith officers w ith  the same race as 

them. In contrast, our da ta  consists only of stops and searches conducted on highways, and 

as a result the above two issues are less concerning.

We would also like to  point out th a t, besides the “outcome te s t” approach, a large 

field of literature has used a different statistical test, known as the “benchmarking tes t,” 

to test whether troopers impose disparate treatm ent on m otorists of different races.10’ 16 

The benchmarking test typically compares the shares of racial or ethnic minorities in the 

population to their shares in the sample of m otorists selected for discretionary stops and 

searches by police. The main drawback of the benchmark test is th a t it cannot determ ine if 

racial disparities arise out of racial prejudice or statistical discrimination. Furtherm ore, the 

benchmark test suffers from two m ain problems. The first problem is called the denominator 

problem, which refers to  the question of w hat should be the right benchmark to  compare 

the stop and search rates. It ideally should be the racial or ethnic composition of drivers on 

the road, but such information is typically unavailable. The second problem is the omitted-

15 A refined version of th is tes t uses regressions to  estim a te  th e  p robab ility  of being  searched as a function 
of race and o ther observable ch aracteris tics th a t  m ay be re la ted  to  p ropensity  to  com m it crim es. Fridell 
(2004) provides a  com prehensive review of different benchm arks in th is  approach.

16 T here  are  paralle l and closely re la ted  approaches to  te s t for d isp a ra te  tre a tm e n t in th e  lite ra tu re  on 
m ortgage lending d iscrim ination  (see Ross and Yinger, 2002, and Ross, 2003, for com prehensive lite ra tu re  
reviews). P a ired -au d it is a th ird  frequently  used m ethod  in th e  con tex t of housing m ark e t, m ortgage lending 
and car purchases (Ayres, 2001).
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variables problem. If there exist certain characteristics whose distributions are correlated 

with m otorists’ race or ethnicity and if such characteristics m ay be observed by police b u t 

not available to researchers, benchmarking tests will not be completely inform ative about 

whether m otorists’ race affected the search decision.

2.3 The M odel

We now present a simple model of trooper search behavior th a t underlines the empirical 

work in Section 2.5.17 There is a continuum of troopers (interchangeably, police officers) 

and m otorists (interchangeably, drivers). Let rm and rp g {M, W }  denote the race of the 

m otorists and the troopers respectively, where M  stands for minorities and W  for w hites.18 

Suppose th a t among m otorists of race rm g {M , W }  , a fraction 7rrm g (0,1) of them  carry 

contraband.19

The inform ation th a t is available to an officer when he or she makes the search decision 

consists of the m otorist’s race and many other characteristics pertaining to the motorist. 

Such characteristics m ay include, for example, the gender, age and residential address of the 

driver, the interior of the vehicle th a t is in the trooper’s view, the smell from the driver or 

the vehicle, w hether the driver is intoxicated, the demeanor of the driver in answering the 

trooper’s questions, the make of the car, whether the car has an out-of-state plate, whether 

the car is rented or owned, location and time of the stop, as well as the seriousness of the

17B orooah (2001) and B jerk  (2004) develop som ew hat re la ted  m odels of policing behavior.

18In th e  em pirical p a r t  of th e  paper, we will exam ine th ree  racial or e th n ic  groups: whites, blacks, and 
Hispanics. For now, though , we group blacks and H ispanics to g eth e r as m inorities for ease of exposition.

19For th e  purpose  of deriv ing  our em pirical te s t, we will assum e th a t  n Tm is exogenous. In A ppendix  A, 
we p resen t an  equilibrium  m odel in which 7rr,,> is endogenously determ ined .
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reason for the stop, e tc .20 Note th a t while the police officer observes all the characteristics 

in the decision to  search, a researcher will typically have access to  only a small subset 

of them. We assume, however, th a t  the police officer will use a single-dimensional index 

9 £ [0,1] th a t summarizes all of the inform ation th a t these characteristics indicate about 

the likelihood th a t a driver may be carrying contraband.21 We assume th a t, if a driver of 

race rm £ { M , W }  actually carries contraband, then the index 9 is randomly drawn from 

a continuous probability density distribution / ”m (•); if a race rm driver does not carry 

contraband, 9 would be randomly drawn from /£ m (•). [The subscripts g and n  stand for 

“guilty” and “not guilty,” respectively.] W ithout loss of generality, we can assume th a t the 

two densities / ”m and /£ m satisfy the strict monotone likelihood ratio  property (M LRP), 

i.e., for rm e  {M,  W ] ,

M LRP: f gm (9) / / ”m (9) is strictly increasing in 9.

The MLRP property on the signal distributions essentially means th a t a higher index 

9 is a signal th a t a driver is more likely to be guilty.22 To the extent th a t there may be 

obviously guilty drivers (for example, if illicit drugs are in plain view), we assume that:

U nbounded Likelihood Ratio: / ”m (9) / / ”m (9) —> +oo as 9 —> 1.

20T h e  questions th e  tro o p er will ask th e  m oto rist are typically  focused on w here th e  m otorist is headed 
and th e  purpose  of th e ir  visit. In listening to  th e  response th e  tro o p er will t ry  to  discern how nervous or 
defensive th e  m o to rist is, and how logical th e  m o to ris t’s response is.

2’i t  is useful to  th in k  th a t  troo p ers  aggregate th e ir observed variables in to  th e  index 6 by assigning them  
different weights. T he weights troo p ers  assign to  a  p a rticu la r variable, however, can  be different for m otorists 
of d ifferent races. For exam ple, H ispanic m otorists in F lo rida  ten d  to  have m ore lim ited  English skills th an  
W hites. T hus th e  weights on English skills in th e  form ation  of 9 should differ for H ispanic and W hite  drivers.

2 2 For any one dim ensional index 9, we can always reorder them  according to  th e ir likelihood ra tio  
f g m {&) /  f n m ($) in an ascending order. T hus th e  M LR P assum ption  is w ith  no loss of generality.
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The MLRP also implies th a t the cum ulative d istribution function Fpm (•) first order 

stochastically dom inates FJ™ (■), which implies th a t  drivers who actually carry contraband 

are more likely to generate higher and thus more suspicious signals. We think this single 

dimensional index formulation summarizes the inform ation th a t is available to  troopers 

when they make their search decisions on the highway in a simple bu t realistic manner.

Each police officer can choose to search a vehicle after observing the driver’s vector 

(rm, Q), where rm is the driver’s race and 0  is the single-dimensional index th a t summarizes 

all other characteristics observed during the stop. We assume th a t a trooper wants to  

maximize the to ta l number of convictions (or the num ber of drivers found carrying illicit 

contraband) minus a cost of searching cars. This is an im portant assum ption because it 

requires tha t police officers always use any statistical inform ation contained in the race of 

the m otorist in their search decisions.23

Let t (rm; rp) be the cost of a police officer w ith race rp searching a m otorist with race rm , 

where rp, rm € {M, W } . We normalize the benefit of each arrest (or successful drug find) to 

equal one, and scale the search cost to be a fraction of the benefit, so th a t t (rm; rp) € (0,1) 

for all rm ,rp. It is worth emphasizing th a t, different from K PT , we allow the troopers’ cost 

of searching a vehicle to depend on the races of bo th  the m otorist and the officer, and thus 

we can directly confront the possibility th a t police officers may not be monolithic in their 

search behavior.

We now introduce some definitions. F irst, a police officer of race rp is said to be racially

2,iT h is is also th e  police objective p o stu la ted  in K P T . It is a plausible assum ption  because awards (such as 
T rooper of th e  M onth honors) a n d /o r  p rom otion  decisions are p a rtly  based on tro o p e rs ’ success in catching 
m o to ris ts  w ith con trab an d . T his assum ption  rules ou t th e  possibility  th a t  som e officers ignore th e  race 
of a  m o to rist even when it provides useful inform ation. See Section 2.3.2 for m ore discussion on th is key 
assum ption .
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prejudiced if he or she exhibits a preference for searching m otorists of one race. Following 

K PT, we model this preference in the cost of searching m otorists.24,2o

Definition 2.1. A police officer of race rp is racially prejudiced, or has a taste for discrim

ination, i f t { M \ r p) 7  ̂ t (W ; rp) .

Next, we say th a t police do not exhibit monolithic behavior if officers of different races 

do not use the same search criterion when dealing with m otorists of some race.

Definition 2.2. The police officers do not exhibit monolithic behavior if  

t (rm; M ) ^ t  (rm ; W )  for  some rm e  {M , W )  .

Note th a t a monolithic police force does not m ean th a t they are not racially prejudiced: 

it could be th a t police officers of bo th  races are equally prejudiced against some race of 

motorists. Likewise, a non-monolithic police force does not necessarily imply th a t some 

racial group of troopers are racially prejudiced: it could be th a t each group of troopers has 

the same search cost against all groups of motorists, but th a t search costs depend on the 

race of the trooper.

2.3.1 T heoretical Im plications

Let G  denote the event th a t the m otorist searched is found w ith illicit drugs in the vehicle. 

W hen a police officer observes a m otorist of race rm and signal 0, the posterior probability

14S tric tly  speaking, we should have a  b road  in te rp re ta tio n  of th e  search cost t (rm; rp) . For exam ple, the  
cost of decoding th e  dem eanor m ay be sm aller if rm =  rp . We are not able to  d istingu ish  such cost differences 
from racial prejudice.

Z5We are  in te rp retin g  racial prejud ice  as “consequential an im us” in th e  term inology of Ayres (2001, C hap
te r  3). In o th er con tex ts such as m ortgage lending, racial prejudice m ay be m an ifested  as “association  
an im us,” i.e., a lender m ay be prejudiced against borrow ers of a  given race by no t being  willing to  engage in 
tran sac tio n s  w ith them . We believe th a t  “consequential an im us” is an ap p ro p ria te  in te rp re ta tio n  of racial 
pre jud ice  in m otor vehicle searches. We th a n k  an anonym ous referee for bring ing  th is  d istinction  to  our 
a tten tio n .
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th a t such a m otorist may be guilty of carrying contraband, P r (G\rm, 8 ) , is obtained via 

Bayes’ rule:

r> i n \  o\ 'KTm (9)P r (G\rm, 6) =  ^ ^  +  ^  f rm ■

It immediately follows from the M LRP th a t P r (G\rm,9) is m onotonically increasing in 6. 

From the unbounded likelihood ratio assum ption, we know th a t P r (G\rm, 8) —> 1 as 9 —> 1.

The decision problem  faced by a police officer of race rp when facing a motorist w ith 

race rm and signal 8 is thus as follows:

max {Pr (G\rm, 6) — t (rm; rp) ; 0} (2.1)

where the first term  is the expected benefit from searching such a m otorist and the second 

term  is the benefit from not searching, which is normalized to  zero. Thus the optim al 

decision for a trooper of race rp is to search a race-rm m otorist w ith signal 8 if and only if

P r (G\rm, 9) > t ( r m;rp).

From the monotonicity of P r (G\rm, 8) in 9, we thus conclude:

P roposition  2.1. A race-rp police officer will search a race-rm motorist if and only if

9 > 9* ( r m ; r p )  

where 9* (rm; rp) is uniquely determined by

Pr (G\rm, 8* ( r m ; rp)) =  t ( r m ; rp) .
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Moreover, the search threshold 9* (rm; rp) is monotonically increasing in t  ( rm; rp) .

Proposition 2.1 says th a t the probability of a successful search for the marginal m otorist 

is equal to the cost of search. Any infra-m arginal m otorist will have a higher search success 

probability. In w hat follows, we will refer to  9* ( rm; rp) as the equilibrium search criterion 

of race-rp police officers against race-rm m otorists. We define the equilibrium search rate of 

race-rp police officers against race-rm m otorists as 7  (rm; r p) , which is given by

7  (rm;rp) = n r-  [l -  F r™ (9* (rm; r p))] + ( 1  -  M™) [1 -  F f r  (9* (rm]rp))\ . (2.2)

The equilibrium average search success rate of race-rp police officers against race-rm mo

torists, denoted by S  ( rm; r p), is given by

?rrm [l -  Fffi (9* (rm; r p))]

^ (fm; ^  = Mm [1 -  FI™ (9* (rm; r p))] +  (1 -  M™) [1 -  K m (0* (rm; r p))] ' (2'3)

We say th a t race-rp police officers exhibit statistical discrimination if they have no taste  

for discrimination and yet they use different search criterion against m otorists with different 

races.

D efinition 2.3. Assume t (M; rp) — t (W ; rp) . Then race-rp police officers exhibit statistical 

discrimination if  9* (M ; rp) ^  9* { W ; rp) .

Officers will choose to use statistical discrimination if the distribution of the signal 

9 among white and minority m otorists is different. W hen these distributions differ and 

t ( M ; r p) = t ( W ; r p) (as assumed), Proposition 2.1 implies th a t the race-rp police will 

choose search criteria 9* (M ;rp) and 9* (W ;r p) so th a t the marginal search success rates

R eproduced  with perm ission of the copyright owner. Further reproduction prohibited without perm ission.



2.3 The M odel 72

against white and m inority m otorists are bo th  equal to  the search cost. This typically 

implies th a t 9* (M ;r p) ^  9* (W ;rp). One reason why the d istribution  of the  signal 6 m ight 

be different across m otorists of different races is th a t one group m ight be more likely to 

carry contraband. For example, if m inority drivers are more likely to  carry contraband 

< nM), then it will be optim al for a non-prejudiced officer to  search relatively more 

m inority drivers (assume everything else is the same for white and m inority drivers), and 

thus they will set 9* (M ;rp) < 6* ( IT ;rp). A nother reason why the distribution of 6 m ight 

be different for whites and minorities is th a t  (6) and (9) can differ between m otorist 

races.

Now we derive some simple implications of the model th a t will serve as the basis of our 

empirical test. First, note th a t if police officers are monolithic, then the cost of searching any 

given race of m otorists is the same, regardless of the race of the officer. T h a t is, t  (IT; IT) =  

t (IT; M )  and t (M ; W) = t (M; M ). If we assume th a t white and m inority troopers face the 

same population of white motorists and the same population of m inority motorists, then 

Proposition 2.1 implies th a t both races of officers will use the same search criterion against 

a given race of m otorists ,26 so th a t 9* (IT; IF’) =  6* (IT; M)  and 6* (M; IT) =  9* (M; M ) . 

Thus, following from the formula for the search rate (2.2) and average search success rate 

(2.3), we have:

P roposition  2.2. If the police officers exhibit monolithic behavior, then 

7  (rm; M ) =  7  (rm; IT) and S  (rm; M) =  S  (rm; IT) for all rm e { M, W}  .

Next, if none of the police officers are racially prejudiced, then it immediately follows

2f>In Section 2.4.3 we describe a  resam pling procedure  to  em pirically  deal w ith  d a ta  sets in which this 
assum ption  m ay be invalid in th e  raw da ta .
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from Definition 2.1 th a t the ranking of t (rm; M)  and t (rm; W)  does not depend on the mo

to rist’s race rm , regardless of whether or no t troopers are m onolithic . 27 We can illustrate the 

implication of this using an example where white troopers find searching b o th  m inority and 

white motorists more costly th an  m inority troopers do. More formally this can be w ritten 

as t ( M; M)  = t ( W; M)  < t ( M; W)  — t ( W ; W ) . 28 Because the search threshold given in 

Proposition 2.1 is monotonically increasing in t (rm; rp) and bo th  w hite and m inority troop

ers face the same population of white and m inority motorists, this implies th a t  9* (M ; M) < 

9* (M ; W)  and 9* (W; M)  < 9* (W; W).  Because the equilibrium search ra te  given in (2.2) 

is monotonically decreasing in 9* (rm; rp) , we immediately have th a t 7  (M ; M)  > 7  (M ; W)  

and 7  ( W; M)  > 7  ( W; W) ,  so th a t rac e-M  officers’ search rates will be higher for bo th  

races of motorists. Similarly, if =  t ( W] M)  > t{M\ W ) = t ( W ; W),  then race-Af

officers’ search rates will be lower for bo th  rates of m otorists th an  vace-W officers. Finally, 

if = t ( W\ M)  — t ( M; W)  = t ( W; W) ,  then rac e-M  officers’ search rates will be

equal to those of race-W  officers for bo th  races of motorists.

We can also show th a t if none of the police officers are racially prejudiced, then the rank 

order of average search success rates between white and m inority troopers for any race of 

motorists should also be independent of the m otorists’ race. Recall the previous example 

where white troopers had a higher overall search cost than  m inority troopers. We showed

27Consider, for illu stra tiv e  purposes, th e  case w here t ( W ; M )  <  t ( W ] W ) .  Since rac e - M  officers are 
assum ed no t to  be racially  p re jud iced , we have t ( W ] M )  = t ( M \ M ) .  S im ilarly  since race - W  officers are 
no t racially  prejudiced, we have t ( W h, W )  = t  (M ; W )  . T hus it m ust be th e  case t(M ; M )  < t ( M ; W) .  T hus 
t ( r m ;M )  <  t ( r m ; W )  for all r m . Sim ilar argum en ts show th a t  if t ( W ; M )  > t ( W ; W ) ,  th en  we m ust have 
t(Af; M )  >  t ( M ; W ); and if t ( W;  M )  =  t ( W;  W )  th en  we m ust have t { M\  M )  = t ( M;  W) .  T hus th e  ranking 
of t ( r m ; M )  and t ( rm ; W )  does no t depend on th e  m o to ris t’s race r m .

28N ote th a t  th e  re la tionsh ip  t ( M ; r p) = t ( W ; r p) does no t im ply th a t  8*(M- , rp) = 8 * ( W ; r p), because 
tro o p ers  can  be engaged in s ta tis tic a l discrim ination .
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this would imply th a t 8*{M\ M)  < 9*{M\W)  and 9*(W;M)  < 9*{W]W).  The average 

search success ra te  w ith a search criterion 9* against race-rm m otorist is simply

7rr"> [l -  f ;™ (0*)]
7Trm  [1 -  Fgm {9*)} +  (1  -  nrrn) [1 -  Fnm (61*)] ’

and one can show th a t it is strictly increasing in 0* . 29 Thus we have S {W\ M) < S {W\ W)  

and S ( M ] M )  < S ( M ] W ) .  T hat is, the ranking of S { r m\ M)  and S (rm'W)  does not 

depend on r m.

The above discussion is summarized in the following proposition:

P roposition  2.3. If neither race-M nor race-W of police officers exhibit racial prejudice, 

then neither the ranking of 7  (rm; M) and 7  (rm; W) nor the ranking of average search 

success rates S (rm; M) and S (rm; W) depends on rm e {M, W }  . Moreover, for any rm, the 

ranking of 7  ( rm; M) and 7  (rm; W) should be the exact opposite of the ranking of S (rm; M ) 

and S  (rm; W)  ,30

In our model if race-rp troopers are not racially prejudiced, we know th a t race-rp troop

ers’ marginal search success rate against white m otorists will be equal to  their marginal 

search success rate against minority motorists. B ut because in our model the m arginal

i 9 To see th is , n o te  th a t  it will be s tric tly  increasing  in 8* if and  only if

1 - F I
H ( 9

l -  FT” (0*)

is s tr ic tly  increasing in 8*.  N ote th a t,  after som e sim plification,

H , m  =  / ; »  [ f n n  ( n  f f f i  ( 9 )  -  f f f i  {8' )  f n n ( g ) ]  dd
[1 - F T ” (<r)]2

From  M LRP, we know th a t ,  for all 8 > 6*, (8) / / ”m (8) >  (8*) / (8*) , th u s  th e  in tegrand  in th e
n u m era to r is always positive. Hence H'  (8*) >  0.

30T h e  last s ta te m en t in P roposition  2.3 holds regardless of w h e th er or not tro o p ers  are racially prejudiced.

R eproduced  with perm ission of the copyright owner. Further reproduction prohibited without perm ission.



2.3 The M odel 75

m otorist’s guilt probability is smaller th an  th a t of the infra-m arginal m otorists, we cannot 

conclude that race-rp troopers’ average search success ra te against white m otorists will be 

equal to  their average search success ra te  against m inority m otorists. This is in stark  con

trast to  K P T ’s model where there is no distinction between m arginal and average m otorists. 

Nonetheless, Proposition 2.3 provides robust testable implications of our model based on 

rank orders of observable statistics -  the search rates and the average search success ra te s . 31

The contrapositive of Proposition 2.3 is simply that, if the ranking of 7  (rm \ M )  and 

7  0"mj W) j or the ranking of S  (rm; M )  and S  (rm; W ) , depend on rm , then  at least one 

racial group of the troopers exhibit racial prejudice. W ithout further assum ptions, it is not 

possible to determine which group of troopers are racially prejudiced.

2.3.2 D iscussion  o f  th e  M odel 

A ssum ption on the Signal D istributions

Our model allows the signal distributions fg m and /£ m to be specific to the racial group 

of the drivers. This flexibility is im portant if we intend to use our model as a basis for an 

empirical test. As we explained in the introduction, black and white drivers may exhibit 

different characteristics in their encounters w ith highway troopers, and thus imposing 

and f j f  to be equal to  and respectively, would be a very strong assum ption and 

may be empirically implausible. Indeed, it is possible for example th a t m inority drivers 

not carrying contraband might tend to be more nervous during a stop th an  whites. Also

31Proposition  2.3 provides tes tab le  im plications on th e  rank  orders of b o th  search ra te  and average search 
success rates. In th is regard , our tes t is in agreem ent to  Ross and Y inger (2002, C h ap te r  8) in th e  con tex t of 
m ortgage lending d iscrim ination , w here th ey  em phasize th e  inextricable link betw een loan approval decisions 
and loan perform ance (see also Ross, 1997).
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note that, since 9 is most likely not observable by researchers, we do not want to  impose 

param etric distributional assumptions. W hile sharper tests m ay be designed if we were to 

impose more param etric distributional restrictions on /£ m and /£ m, the desirable feature of 

our test is its robustness.

Despite this flexibility, our formulation does assume th a t the signals of race-rm m otorists 

are drawn from the same distributions independent of police officers’ race. For example, we 

do not allow for the possibility th a t m inority drivers will present a signal th a t is drawn from 

one distribution when they are stopped by a m inority trooper and another signal th a t is 

drawn from a different distribution when they are stopped by a white trooper. This would 

be a suspicious assum ption, for example, if the stops and searches occur on local streets. As 

argued in Donohue and Levitt (2001), a black community may be more willing to  cooperate 

with a black officer, and thus black officers may obtain more inform ation about a black 

m otorist on the streets. However, we m aintain th a t this is a realistic assum ption in high

way searches. W hen stopping a black driver on highways, a trooper typically does not have 

any other citizens to rely on for additional information. Thus any inform ational advantage 

th a t black officers have about black m otorists on local streets may not extend to  the high

ways. Thus as long as white and black troopers observe the same list of characteristics and 

summarize them  in the same way, our assum ption will be valid.

One may also argue th a t minority drivers might be more nervous w ith white officers than 

they are w ith m inority officers, regardless of whether or not they are carrying contraband. 

But as long as white officers properly take this fact into account, they should put a lower 

weight on the observed nervousness from a black m otorist when they formulate the signal
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index 6. Thus this argum ent does not necessarily invalidate our assum ption th a t / ”m and 

/ ”m do not depend on the race of the police officers rp.

A ssum ptions on the Officers’ O ptim ization Problem

We assume in officers’ optim ization problem (2.1) th a t they maximize the to ta l number 

of convictions minus a cost of searching cars. We also assume th a t officers exploit all 

statistically valid racial inferences in making their search decisions. Our assum ption th a t 

troopers will always use the race of m otorists as a factor in deciding whether or not to 

search is not necessarily at odds with the official policies on racial profiling. Most highway 

patrol departm ents prohibited using race as the prim ary cause for police-citizen contact, 

but did not rule out using it as one of m any factors. For example, California Highway 

Patro l prohibits racial profiling which it defined as occurring “when a police officer initiates 

a traffic or investigative contact based prim arily on the race/ethn icity  of the individual. ” 32 

Federal courts have ruled th a t race cannot be the only basis for search and seizure, but 

it can be one among other factors (see, for example, Whren v. United States [1996] and 

United States v. Waldon [2000]).

Finally, in officers’ optim ization problem (2.1), we assume th a t  they do not have search 

capacity constraints and thus they judge each stopped vehicle individually to  determine 

whether it is w orth a search. But if officers did have a search capacity constraint they 

would choose to  search only the most suspicious motorists. In reality, however, capacity 

constraints are not likely to  be im portant: in our data, an officer has on average less than  

7 searches in a span of almost two years. One might also think th a t an officer may also

32See C alifornia Highway P a tro l Public  C o n tac t D em ographic D a ta  S um m ary  (pp. 1).
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care about the quality of the contraband found and th a t this should be reflected in their 

objective function, bu t unfortunately we do not have such inform ation in our d a ta  set and 

thus cannot include this in our m odel .33

A ssum ption on the Pool of M otorists Faced by Troopers of Different R aces

In the model, we assume th a t the fraction of race-rm m otorists carrying contraband n rm £ 

(0,1) does not depend on the race of the troopers searching them . T hat is, we assumed th a t 

the pools of m otorists faced by troopers of different races are the same. This assum ption 

may not be empirically valid if white and m inority troopers are system atically assigned to 

patrol in different locations and different times of the day (indeed, our raw data  indicate 

th a t this is the case-see Tables 2.6 and 2.7). In  Section 2.4.3 we describe a resampling 

procedure to  deal w ith this problem empirically.

2.4 Empirical Tests

2.4.1 Test for M onolith ic Trooper B ehavior

Proposition 2.2 suggests a test for whether troopers of different races exhibit monolithic 

search behavior th a t is implementable even when researchers have no access to the signals 

6 observed by troopers in making their search decisions. Under the null hypothesis tha t 

police officers exhibit monolithic behavior, then, for any race of drivers, the search rates and 

average search success rates against drivers of th a t race should be independent of the race 

of the troopers tha t conduct the searches. T hat is, under the null hypothesis of monolithic

JST h e  M ary land  d a ta  set used by K P T  does con tain  th e  q u an tity  of drugs found in th e  searches (see 
Know les et al., 2001).
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trooper behavior, we must have, for all rm G {M, W }  ,

7  ( r m ; M )  =  7 ( ’ m ; V P ) ,  (2.4)

S ( r m ; M )  =  S ( r m ; V P ) .  (2.5)

Any evidence in violation of any of these equalities would reject the null hypothesis.

It is worth pointing out th a t b o th  equalities (2.4) and (2.5) hold if and only if the 

null hypothesis is true. To illustrate why this is true we need to  show th a t when the 

null hypothesis is not true we will never satisfy equality (2.4) and (2.5). W ithout loss of 

generality, suppose th a t troopers are not monolithic in their search behavior against white 

m otorists (rm =  V P ) .  T hat is, t (W; W)  ^  t ( W\ M) .  If f ( V P ;  V P )  >  t ( W \ M ), then, because 

both  white and m inority troopers face the same population of w hite m otorists, we know 

from Proposition 2.1 th a t 9* ( W; W)  > 8*( W] M) ,  i.e. white troopers will use a more 

strict search criterion th an  m inority troopers when searching white motorists. This then 

simultaneously implies th a t 7 ( V P ; W) <  7 ( V P ; M)  and th a t S ( W ; W)  > ; M ), following

from the proof in footnote 29. Thus the test using either (2.4) or (2.5) has an asym ptotic 

power of one.

Moreover, the relationship between search rates and average search success rates sug

gests that, in principle, our model can be refuted. According to our model, whenever 

7 ( V P ;  W) < 7 (W; M),  this m ust be because 9* ( I P ;  V P )  >  6** ( V P ;  M)  which directly implies 

th a t S ^ V P ;  V P )  > S ( V P ;  M).  Thus if the rank order between the search rates between racial 

groups of troopers for a given race of m otorists is not exactly the opposite of the rank order 

between the average search success rates, then we know tha t a t least some of the conditions
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of our model are not satisfied .34

2.4.2 Test for R acial P rejudice

Proposition 2.3 suggests a test for whether some racial groups of troopers exhibit racial 

prejudice in their search behavior. Under the null hypothesis th a t none of the racial groups 

of troopers have racial prejudice, it m ust be true  th a t b o th  the ranking of search rates 

for a given race of m otorists rm across the races of troopers [ 7  (rm ; M )  and 7  (rm; W)] 

and the ranking of average search success rates [S' (rm; M ) and S  (rm; W)\ do not depend 

°n rm G { M , W }  . The null hypothesis will be rejected if the ranking of and

7  {rm \ W ),  or the ranking of S  (rm; M )  and S  (rm ; W ) , depends on the race of the m otorists 

r̂n-

Power of the Test

Two features of our empirical test for racial prejudice are w orth discussing in further detail. 

First, our test will only indicate whether or not there is a “relative bias” among troopers. 

This is because when we do find evidence of racial prejudice, we only know th a t at least one 

racial group of officers are racially prejudiced, bu t cannot determ ine which one. Second, 

the power of our test is not one, even when the sample size goes to  infinity. To illustrate, 

suppose tha t the tru th  is t ( M ; M )  = t { W \ M )  < t ( M ; W )  < t ( W \ W ) .  T hat is, rac e-M  

officers are not racially prejudiced, but race-lU officers are prejudiced against minorities 

(race-IT officers’ cost of searching minority m otorists is smaller). In this case, race-IT

34 O f course, if th e  search ra tes  betw een racial groups of tro o p ers  for a  given race of m otorists are equal, 
th en  th e  average search success ra tes betw een racial groups of tro o p e rs  for a given race of m otorists m ust 
also be equal.
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officers will apply higher search criteria toward both  races of m otorists, and thus the race-IT 

officers’ search rates will be lower regardless of the race of the motorists. Therefore the null 

hypothesis is not rejected even it is false and we as a result commit a type-II error. In general, 

our test has an asym ptotic power of zero if [t (W;  W )  — t (W; M)} [t (M ; W )  — t (M ; M) \  > 

0 ;35 it has an asym ptotic power of one if [ t (W; W )  — t (W ; M)] [t (M ; W )  — t (M ; M )] <  0.

The low power of our test may be considered a weakness of our test. On the other hand, 

if we do find evidence against the null hypothesis, we can be quite confident th a t at least 

one racial group of troopers is racially prejudiced. If we were willing to  assume th a t the 

signal distributions /^ m and do not depend on rm , then  one can derive more powerful 

tests for racial prejudice. Our test can be considered to be the robust implication from 

a plausible behavioral model th a t does not impose strong and unverifiable distributional 

assum ptions . 36

Finally it is worth pointing out th a t even though our test has low power, it is able to 

detect racial prejudice when we apply it to  the Boston d a ta  analyzed in Antonovics and 

Knight (2004). Their Table 1 indicates th a t in their data, black officers’ search ra te  is higher 

than  white officers against white m otorists, but white officers’ search ra te  is higher th an  

black officers against black motorists. This is a violation of the rank order independence 

for search rates, which indicates th a t at least one racial group of the officers are racially

35T his will be  tru e  e ither when t ( W \ W )  > t ( W \ M ) and  t ( M ; W )  >  or when t ( W \ W )  <
t ( W \ M )  and t ( M ; W )  <  t ( M \ M ) .  T h a t  is, our te s t will fail to  d e tect relative racial prejudice if th e  
tro o p e rs  of some race have sm aller (or larger) costs of searching drivers of any race th a n  tro o p ers  of o th er 
races.

'!f’In th is  regard , our position  is sim ilar to  M anski (1995) who preached  th e  to lerance of am bigu ity  in 
em pirical research in social sciences.
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prejudiced .37

Difference from Test o f A ntonovics and K night (2004)

Now we relate our test of racial prejudice to  the test proposed in Antonovics and Knight 

(2004). As we described in the introduction, they use evidence th a t police officers are 

more likely to  conduct a search if the race of the officer differs from the race of the driver 

as evidence of racial prejudice. F irst, it is useful to point out th a t their test is different 

from our rank order test proposed above. Consider the following simple example. Suppose 

th a t rm ,rp G {IK, M} and let the search rates be as follows: y ( M ; M )  =  .05 , 7  {W\ M ) = 

.10, 7  (M ; W )  — .20 and 7  (W; W )  =  .15. T h at is, m inority officers are more likely to search 

white m otorists than  m inority m otorists, and white officers are more likely to search mi

nority m otorists than  white motorists. Thus officers in this example are more likely to 

conduct a search if the race of the m otorist is different from their own, causing Antonovics 

and K night’s test to conclude th a t racial prejudice is occurring. However, such patterns 

of search rates satisfy our rank independence condition, th a t is, 7  (rm; W )  >  7  (rm; M ) for 

rm G {W. M }  , and thus our test would not consider this as evidence of racial prejudice . 38 

If we allow for arbitrary  differences, including higher moments, in the signal distributions 

between white and m inority m otorists [determined by {nw , and (nB , f B, f B) re~

spectively], a positive coefficient on “racial m ismatch” can be consistent w ith the hypothesis

J7T h eir pap er did not p resen t inform ation  a b o u t average search success ra te s  w hich, as we rem arked 
earlier, could have been used to  p o ten tia lly  re fu te  our model.

!8W h en  we ran  P ro b it regressions as specified in Table 6 of A ntonovics and  K nigh t (2004) on our F lorida  
d a ta  set, th e  coefficient on th e  “racial m ism atch” variable is positive and significant (th e  p o in t e stim a te  is 
ab o u t 0.1 w ith  a robust s ta n d a rd  error of 0.013). T hus th e ir  te s t, in co n tra st to  ours, w ould have concluded 
racial prejudice,
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tha t both  racial groups of officers are not prejudiced, even though they m ust behave non- 

monolithically. We would like to  emphasize, however, th a t we do not m ean to say th a t 

our test proves no racial prejudice: our conclusion is simply th a t no racial prejudice could 

not be ruled out by the d ata  w ithout making stronger and non-verifiable distributional 

assumptions on the signal distribution.

A second difference between Antonovics and K night’s (2004) test and ours is th a t we 

use both  search ra te and average search success rates in our test, while their test uses 

only search rates. Using both  pieces of inform ation perm its us to potentially refute the 

behavioral model on which our test is based. We think this is an additional strength of our 

test (see Ross and Yinger, 2002, C hapter 8  for related discussion in the context of mortgage 

lending).

2.4.3 R esam pling Procedure

As we mentioned in Section 2.3.2, our model assumes th a t the fraction of race-rm m otorists 

carrying contraband 7Trm 6  (0 , 1 ) does not depend on the race of the troopers searching 

them. Our raw data, summarized in Tables 2.6 and 2.7, indicates th a t w hite and minority 

troopers are systematically assigned to patro l in different locations and at different times 

of the day, and thus might face different populations of motorists. We will now explain an 

empirical m ethod th a t can possibly resolve this problem so th a t we can use our empirical test 

even when the raw data does not satisfy this condition. For illustration purposes, suppose 

th a t there are two trooper stations, denoted 1 and 2, each w ith 100 officers. Suppose th a t 

in station 1 , 80 officers are white and 2 0  are minorities; in station 2 , 60 officers are white 

and 40 are minorities. Thus, on average 70 percent of the troopers are white and 30 percent
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are minorities. If the m otorists th a t drive through the patro l areas of stations 1 and 2 differ 

in their characteristics, then  the assum ption th a t on average w hite and m inority troopers 

face the same pool of m otorists may be invalid. To deal w ith  this issue we create reweighted 

samples in the following way. We keep all the m inority officers (20 of them ) in station 

1, bu t randomly select 47 out of the 80 white officers. Similarly, we keep all the white 

officers (60 of them) in station 2, bu t random ly select 26 out of the 40 m inority officers. 

Thus we create a reweighted sample of 107 white officers and 46 m inority officers. Among 

the 153 officers in the artificial sample, (roughly) 70 percent of them  are whites and 30 

percent are minorities, and they are equally likely to  be assigned to  stations 1 and 2. We 

can calculate the various search rates and average search success rates in this reweighted 

sample. To alleviate the sampling error, we use independent resampling to  create a list of 

such reweighted da ta  sets . 39

This resampling m ethod can effectively ensure th a t, when we calculate the search rates 

and average search success rates, the white and m inority officers in the sample are assigned 

to  different trooper stations with equal probability. Thus on average, white and minority 

officers are facing the same pool of motorists.

39As po in ted  o u t by a referee, our resam pling  procedure  is rem in iscen t of th e  “rew eighting” m ethod  
proposed  in D iN ardo et al. (1996) in the  con tex t of decom posing th e  effects of in s titu tio n a l and labor 
m arke t factors on changes in th e  U.S. wage d is trib u tio n s. T h e  m ain difference from  our procedure  is th a t  
we use in d ependen t m ultip le  resam pling  to  a llev ia te  sam pling  error.
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2.5 Empirical R esults

2.5.1 D ata  D escrip tion

We now apply the tests described above to  d a ta  from the Florida S tate Highway Patrol. The 

Florida data  is composed of two parts. The first is the traffic d ata  set th a t consists of all 

the stops and searches conducted on all F lorida highways from January  2000 to  November 

2001. For each of the stops in the d a ta  set, it includes (among other things) the date, 

exact time, county, driver’s race, gender, ethnicity, age, reason for stop, w hether a search 

was conducted, rationale for search, type of contraband seized, and the ID num ber of the 

trooper who conducted the stop and /o r search. This part of the d a ta  is similar to those 

used in earlier studies of racial profiling (e.g., K PT , 2001, and Gross and Barnes, 2002) . 40 

The unique feature of our d a ta  set is the second part, which is the personnel da ta  th a t 

contains information on each of the troopers th a t conducted the stops and searches in the 

traffic data  set, including their ID number, date of birth, date of hiring, race, gender, rank, 

and base troop station. We merge the traffic da ta  and the personnel data  by the unique 

trooper ID number tha t appears in bo th  d ata  sets. The merged data  set thus provides 

information about the demographics of the trooper th a t made each stop and search. After 

eliminating cases in which there was missing inform ation on the demographics of the trooper 

th a t conducted the stop, we end up with 906,339 stops and 8,976 searches conducted by a 

to tal of 1,469 troopers .41 Florida State Highway Patrol troopers are assigned to  one of ten

40Even though  K P T  have d a ta  on stops, they  d id  no t use them  in th e ir  analysis. Gross and B arnes (2002) 
provided some basic s ta tistics ab o u t th e  stop  d a ta .

41 We also e lim inated  cases w here th e  race of th e  m o to rist and tro o p er was neither w hite, black, or H ispanic, 
since th ere  are no t enough observations of th e  o th er racial groups to  consider them .
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trooper stations. Except for trooper station K, which is in charge of the Florida Turnpike, 

all other stations cover fixed counties. Figure 2.1 shows the coverage area of different troop 

stations.

2.5.2 D escrip tive S ta tistics

Tables 2.2 and 2.3 summarize the means of the variables related to the m otorists in our 

sample. Of the 906,339 stops we observe, 66.5 percent were carried out against white 

motorists, 17.3 percent against Hispanic m otorists, and 16.2 percent against black motorists. 

In all race categories of the m otorists, male m otorists account for at least 67 percent of the 

stopped motorists. Among all the m otorists th a t were stopped, 48 percent were in the 16-30 

age group, 33.6 percent were in the 31-45 age group and 18.3 percent were 46 and older. 

Close to  90 percent of stopped m otorists have in-state license plates, and close to 70 percent 

of the stops were conducted in the daytime (defined to be between 6 am and 6 pm).

Of the 8,976 searches we observe, 54.6 percent were perform ed on white m otorists, 23.4 

percent on Hispanic m otorists, and 22.1 percent on black m otorists. In all race categories, 

more than  80 percent of searches were performed on male m otorists, and overall, 84.8 percent 

of searches were against male drivers. Among the m otorists th a t were searched, 58.4 percent 

were in the 16-30 age group, 31.7 percent were in the 31-45 age group and only 9.9 percent 

were in the 46 and older age group. Vehicles w ith in-state plates account for 85.7 percent of 

the searches, and 52.5 percent of the searches were conducted at night (recall 30.3 percent of 

the stops were at night). 79.2 percent of searches were not successful (they yielded nothing). 

Drugs were the most common contraband seized in successful searches (15.1 percent of to tal 

searches), followed by alcohol/tobacco (2.1 percent) and drug paraphernalia (1.5 percent).
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Tables 2.4 and 2.5 summarize the means of variables related  to the troopers in our 

sample. The first column of Table 2.4 shows th a t  in our data, blacks, Hispanics and whites 

account for 13.7, 10, and 76.3 percent of the troopers respectively. 89 percent of the troopers 

are male. From Tables 2.4 and 2.5 we see th a t w hite troopers conducted 73 percent of all 

stops and 8 6  percent of all searches. The corresponding num bers for black troopers are 

16 and 4.6 percent; for Hispanic troopers they are 11.4 and 9.5 percent. Female troopers 

conducted 9.3 percent of all stops and 6.9 percent of all searches.

2.5 .3  E xam ining th e  A ssum ption  th a t Troopers Face th e  Sam e P opu la

tion  o f  M otorists

Before we conduct our tests of monolithic behavior and racial prejudice we first examine 

whether a crucial assum ption of our test, th a t all troopers face the same population of 

motorists, is satisfied in the raw data (before resampling). This assumption, of course, is 

not directly testable, because n Tm, f g m { 0 ) , /£ m (9 ) and 9 are all unobservable. The best 

we can do is to  examine the distribution of observable m otorist characteristics faced by 

troopers of different races. Table 2.6 shows the proportions of stopped m otorists with 

given characteristics faced by troopers of different races. The characteristics of m otorists 

reported in the table include race, gender, age, and time of stop. For each row, we also 

report in the last column the p-values for Pearson y 2 tests of the null hypothesis th a t the 

proportions of stopped motorists with the characteristics specific to th a t row are the same 

for all three racial groups of troopers. As one can see, the hypothesis th a t troopers of 

different races face the same population of m otorists can be statistically rejected in the raw 

data, even though the differences are numerically quite small. One may suspect th a t the
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reason that troopers of different races are stopping m otorists w ith different characteristics 

is th a t black, Hispanic and white troopers are assigned to  different troops. For example, 

Hispanic troopers are likely to have an over-representation in Troop E (covering Miami 

in Dade County) relative to  Troop A and H (covering counties in the Florida Panhandle). 

Indeed, Table 2.7 shows th a t the allocations of troopers of different races to  different troops, 

and time of assignment, do not seem random  in the raw data. For this reason, we think 

it is im portant to conduct the resam pling m ethods we described in Section 2.3.2 .42 By 

construction, in the reweighted d a ta  we created w ith the resampling m ethod, troopers of a 

given race are assigned to different troops with the same probabilities. The Pearson \ 2 test 

also reveals th a t in the reweighted sample troopers of different races are assigned to night 

shifts with the same probability. Thus we can m aintain our hypothesis th a t the distribution 

of the observable characteristics of the stopped m otorists faced by troopers are the same 

in the reweighted sample. We report our test results below using d a ta  from the reweighted 

samples.

2.5 .4  Em pirical R esu lts for th e  Test o f M onolith ic T rooper Behavior

Our main empirical results are presented in Table 2.1 in the introduction. Panel A shows 

two facts: first, regardless of m otorists’ race, white officers search the highest percentage 

of the m otorists they stop, and black officers search the lowest percentage; second, for all

42 O ne m ay argue th a t  all of th e  stops occurred  on F lo rid a  highways, and th e  d rug  flow in F lo rid a  tends 
to  go from  M iam i (a city  in th e  sou thern  tip  of F lorida) to  cities in th e  n o rth ea s te rn  U n ited  S ta tes; th a t  is, 
d rug  couriers are m oving th ro u g h o u t F lo rid a  (except for possibly th e  panhandle). T h u s troopers sta tioned  
in different a reas are  likely to  face sim ilar p opu lation  of drivers, and  th e  differences in th e  stopped  m o to ris ts’ 
ch aracteris tics reflect th e  differences in sto p  behavior of th e  troo p ers  of different races, ra th e r th a n  th e  
differences in th e  driver p o pu lation . I t  is p lausible, b u t in th is pap er we tak e  th e  popu lation  of stopped 
m o to rists  as given.
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officers’ races, the percentage of black m otorists searched is higher th an  Hispanic m otorists, 

which in tu rn  is higher th an  white m otorists.

We now implement our test for determ ining w hether troopers of different races exhibit 

monolithic behavior in their search decisions. Recall th a t we said th a t if troopers are 

monolithic they will all search a given race of m otorists a t the sam e rate. Thus we need 

to test whether or not the search rates th a t are given in Panel A of Table 2.1 differ among 

trooper racial groups for a given group of motorists. To accomplish this, we compute 

the p-values from the Pearson x 2 test under the null hypothesis th a t  troopers of all races 

search race-rm m otorists with equal probability. These p-values are shown in Table 2.1. 

Specifically, the Pearson’s x 2 test statistic  under the null hypothesis all troopers w ith race 

in 1Z search race-rm m otorists with equal probability is given by

where 7  (rm; rp) is the estim ated search probability of race-rp officers against race-rm mo

torists, 7  (rm) is the estim ated search probability against race-rm m otorists unconditional

the null hypothesis th a t the three search rates corresponding to  th a t row are equal, which 

is the prediction under the null hypothesis of monolithic behavior. Because all the p-values 

are less than  0 .0 0 1 , this provides strong evidence against monolithic trooper behavior.

Panel B presents the average search success ra te for given m otorist/trooper race pairs. 

The first finding from Panel B is exactly converse to  the first finding from Panel A: for

p

on the race of the officer, and R  is the cardinality of the set of troopers’ race categories 1Z.

The p-value for a given m otorist race gives the significance level above which we can reject
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any given m otorist race, black officers’ average search success ra te  is higher th an  th a t of 

Hispanic officers, which in tu rn  is higher th an  th a t  of white officers. To test for m onolithic 

behavior, we need to see whether all racial groups of troopers have the same average search 

success rate against a given racial group of m otorists. The p-value in each row is from the

search success ra te against m otorists of the race in th a t specific row. Again the Pearson

where S  (rm; r p) is the estim ated average search success rate of race-rp officers against 

race-rm motorists, and S  (rm) is the estim ated average search success ra te  against race-rm 

m otorists unconditional on the race of the officers. All p-values are less than  .001, which 

again provides strong evidence against monolithic trooper behavior.

The second finding from Panel B is th a t, for all officers, the average search success ra te is 

highest against white motorists, followed in order by black and Hispanic motorists. Though 

this finding is not directly related to  our test for monolithic behavior, it provides strong 

support for our modelling assum ption th a t the distributions of unobservable characteristics 

for m otorists of different races may be very different, not only in means bu t also in higher 

moments. For example, Panel A shows th a t black officers search about the same percentage 

of white and Hispanic motorists (0.27 vs. 0.28), bu t their average search success rate against 

white motorists are much higher th an  th a t for Hispanic motorists (39.4 vs. 21.0).

Pearson y 2 test under the null hypothesis th a t troopers of all races have the same average

X2 test statistic under the null hypothesis th a t all troopers w ith race in 1Z have the same

average search success rate against race-rm m otorists is given by

p1
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2.5.5 Em pirical R esu lts  for th e  Test o f  R acial P rejud ice

We have so far provided strong evidence th a t troopers do not exhibit monolithic search 

criteria when deciding whether to search m otorists of a given race. Now we describe the 

results from our test for racial prejudice as described in Section 2.4.2. Under the null 

hypothesis th a t none of the racial groups of troopers are racially prejudiced, we argued th a t 

the rank order over the search rates 7  (rm; W ) , 7  (rm; B)  and 7  (rm; H ) , and the rank order 

over the average search success rates S (rm; W ) , S (rm; B)  and S  (rm; H ) , should both  be 

independent of rm. From the estim ated mean search rates and average search success rates 

in Table 2.1, we know th a t, for all rm € {W, B, H)  , 7  (rm; W )  > 7  (rm; H)  > 7  (rm;B),  

and S  (rm; W ) < S (rm; H) < S (rm\ B). We can use a simple Z -sta tistic  to formally test 

whether

7 > 7  (rm; H) > 7  (rm; B ) , (2.6)

S( r m]W) < S{ r m]H ) < S { r m]B) .  (2.7)

For example, let the null hypothesis be 7  (rm; W)  =  7  (rm; W). We can test it against the

one-sided alternative hypothesis 7  (rm; W ) > 7  (rm; 77) by using

z  = 7  irm\ W ) — 7  (rm; H)
/ SVar'tv | SVar//

\ j  n w  ^  n H

where and u h  are the number of stops conducted by white and Hispanic officers, 

respectively, against race-rm motorists, and SVar^y and SVar# are respectively the sample 

variances of the search dummy variables in the samples of stops against race-rm motorists
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conducted by white and Hispanic officers. By the Central Lim it Theorem (due to our large 

sample size), Z has a standard  norm al d istribu tion  under the null hypothesis. The null will 

be rejected in favor of the alternative at significance level a  if Z  > za where $  (za ) =  1 — a.  

W hen r m =  W,  the value of the Z -statistic is 27.4 under the  null, thus we can reject it in 

favor of the alternative 7  (IF; W)  > 7  (IF; H)  a t a significance level close to  0. Similarly, for 

the test of the null hypothesis 7  ( W ; H )  =  7  (IF; B) against 7  (W;  H)  >  7  (IF; B ) , we obtain 

a Z -statistic of 65, thus again rejecting the null in favor of the alternative. Implementing 

this test to other races of m otorists, we find th a t the evidence supports inequality (2 .6 ).

Analogously we can formally test inequality (2.7) by using a Z-test

variances of the search success dummy variables in the sample of searches against race-rm

alternative at significance level a  if Z'  < —za where $  (za) = I — a.  For example, when we

and thus we are able to reject the null in favor of the alternative S  (IF ; W)  < S  (IF; H)  at a 

significance level essentially equal to 0. Likewise, we can reject the null S  (IF; H)  =  S  (IF; B)  

in favor of the alternative S  (IF; H)  < S  (IF; B)  at a significance level close to 0 (with a 

Z -statistic  of —254). Implementing this test to other races of motorists, we find tha t the 

evidence supports inequality (2.7).

(2 .8 )

where n'w  and n'H are the number of searches against race-rm m otorists conducted by

white and Hispanic officers respectively, and SVar(y and SVar'^ are respectively the sample

m otorists conducted by white and Hispanic officers. The null will be rejected in favor of the

consider white motorists, we obtain a Z -statistic of —324.1 for white and Hispanic officers,
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To summarize, we cannot reject the null hypothesis th a t troopers do not exhibit relative 

racial prejudice. Of course, we would like to  emphasize caution in interpreting our finding: 

while we do not find definitive evidence of racial prejudice, it is still possible th a t some or 

all groups of troopers are racially prejudiced. If the la tte r is true, then  we have com m itted 

a type-II error as a result of the weak test.

2.5.6 O ther Em pirical Im plications

It is interesting to note some additional implications from the tests we conducted above. 

F irst of all, inequality (2.6) implies th a t the search criterion used by troopers against race-rm 

m otorists have the ranking

0* (rm ; W ) < 8* (rm; H) < 8* ( rm; B ).

In light of Proposition 2.1, this implies a ranking over the search costs: for any rm,

t ( rm; W ) < t ( rm; H) < t  ( rm; B ) .

T hat is, white troopers seem to have smaller costs of searching m otorists of any race, 

followed by Hispanic troopers. Black troopers have the highest search costs.

Second, as we mentioned at the end of Section 2.4.1, our model is refuted if, for each 

rm, the rank order of the search rates against race-rm m otorists 7  (rm; W ) , 7  (rm ; B)  and 

7  (rm) H ) is not exactly the opposite of the rank order of the corresponding average search 

success rates S  (rm; W ) ,  S  (rm; B)  and S  (rm; H ).  As we showed above, the statistical evi

dence in our data  does not refute our model.
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2.5 .7  R ep licating  K P T ’s T est

It is useful to  contrast our findings w ith those from K P T ’s test. Recall th a t K P T ’s test relies 

on the prediction from their model th a t, under the  null hypothesis of no racial prejudice, the 

average search success rates should be independent of the m otorists’ race. The last column 

in Panel B of Table 2.1 shows the average search success ra te  for different races of m otorists 

in the raw data, and Table 2.8 shows the p-values from a Pearson x 2 test on th e hypothesis 

th a t the average search success rates are equal across various race groupings. Their test 

immediately implies th a t the troopers show racial prejudice against black and Hispanic 

motorists, especially Hispanics. However, as we argued, this conclusion is only valid if their 

model of m otorist and trooper behavior is true. We would like to  emphasize, though, th a t 

our test does not necessarily refute the presence of racial prejudice. Our results are simply 

th a t, without strong (and possibly untenable) assumptions, we cannot confidently prove the 

presence of relative, let alone absolute, racial prejudice.

2.6 Conclusion

Black and Hispanic m otorists in the United States are much more likely than  white mo

torists to be searched by highway troopers. Is this apparent racial disparity driven by racist 

preferences by the troopers, or by motives of effectiveness in interdicting drugs? This chap

ter presents a simple bu t plausible model of police search behavior, and we define racial 

prejudice, statistical discrimination and monolithic trooper behavior within the confines of 

our model. We then exploit the theoretical predictions from this model to design empir

ical tests th a t address the following two questions. Are police monolithic in their search
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behavior? Is racial profiling in m otor vehicle searches m otivated by troopers’ desire for 

effective policing (statistical discrim ination) or by their racial prejudice (racism)? Relative 

to  the seminal research in Knowles et al. (2001), our model allows troopers of different 

races to  behave differently, thus allowing us to  examine non-m onolithic trooper behavior; 

moreover, our model does not yield, and the subsequent em pirical test does not rely on, 

the convenient, bu t in our view unrealistic, im plication th a t all drivers of the same race 

carry contraband w ith the same probability regardless of characteristics other than  race, 

which is the vital prediction underlying their tests. We also propose a resampling m ethod 

to deal with raw d ata  sets where one of the m ajor assum ptions underlying our model and 

empirical tests is violated. O ur tests require da ta  sets w ith race inform ation about both  

the motorists and troopers. W hen applied to  vehicle stop and search d a ta  from Florida, 

our tests soundly reject the hypothesis th a t troopers of different races are monolithic in 

their search behavior, bu t fail to  reject the hypothesis tha t troopers of different races do 

not exhibit relative racial prejudice. Finally we would like to  emphasize th a t our test for 

racial prejudice is relatively conservative in th a t we may not always conclude there is racial 

prejudice when it is actually present. Although our test is a low-power one, which implies 

a high probability th a t a type-II error will occur, the positive side of this is th a t when we 

do find evidence of racial prejudice it is rather conclusive.

This chapter only focuses on the officers’ search decisions. B ut the trooper must first 

stop the m otorist prior to  a search. In our analysis, we took the sample of cars th a t are 

stopped as our population and focus solely on determining racial prejudice in troopers’ 

search decisions. Given data  limitations, examining the possibility of racial prejudice in
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highway stops is beyond the scope of this paper. However, it is possible tha t the racial 

prejudice of police officers are reffected in their stop decisions as well as (or instead of) 

their search decisions. Because our model allows for general differences in the unobservable 

distributions among m otorists of different races, the presence (or lack thereof) of racial 

prejudice at the stop level should not affect our conclusions about additional racial prejudice 

in the search decisions. Investigating racial bias in stops is clearly an im portant topic for 

future research, when suitable d a ta  sets th a t include random  samples of drivers on the road 

become available.

Finally, our proposed test of racial prejudice in m otor vehicle searches in the presence 

of infra-m arginality and om itted variable problems may also be applicable to  detect racial 

prejudice in m ortgage lending. The analog of troopers of different races in the context of 

m ortgage lending is different banks operating in the same m etropolitan area. For example, 

the analog of search rates by driver races will be mortgage denial rates by applicant races, 

and the analog of search success rates is mortgage default rates. The tests developed in 

this paper suggest th a t the comparison of m ortgage denial rates and default rates for banks 

operating in the same m etropolitan area can potentially reveal (relative) racial prejudice on 

the p art of banks.
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2.7 A ppendix A: A M odel w ith  Endogenous D rug Carrying  

D ecisions

In Section 3 we assumed th a t the proportion of m otorists in race group rm is exogenously 

given as 7rr'm £ (0 ,1 ). For the purpose of testing for monolithic behavior and racial prejudice, 

this partial equilibrium approach suffices. However, for other purposes such as public policy 

considerations like reducing crimes and the “war on drugs,” one may want to  know how any 

changes in trooper behavior may affect the m otorists’ drug carrying decisions . 43 One needs 

an equilibrium model to  address such questions. In this appendix, we propose a simple 

model. We show th a t closing our partia l equilibrium model in Section 2.3 is easy; moreover, 

such an equilibrium model has nice equilibrium uniqueness properties under reasonable 

conditions. This is in contrast to  the labor m arket statistical discrim ination models where 

multiple equilibria naturally  arise and are the driving force for statistical discrimination 

(see, among others, Coate and Loury 1993).

Consider a single m otorist race group r m, and two trooper racial groups, rv and rp.i4 

Suppose th a t in the trooper population a fraction a  is of race rp and the remainder fraction 

1 — a  is of race r'p. Suppose th a t N ature draws for each driver a utility  cost of carrying 

contraband v £ from CDF G  w ith a continuous density. The utility  cost v represents 

feelings of fear experienced by a driver from the act of carrying contraband. If a driver 

carries contraband and is not caught, he/she derives a benefit of b > 0. If a guilty driver

43See Persico (2002) for an analysis on how racially  b lind  search policies m ay affect th e  to ta l  crim es 
co m m itted  by m otorists.

44Because we are only considering one racial group of m otorists, we will om it r m from th e  subsequent 
n o ta tio n . Having m ore th a n  one racial groups of m otorists will not change any of th e  results below.
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is searched and thus arrested, he/she experiences an additional cost (over and above v) of 

cg. If a driver does not carry contraband, he/she  does not incur the  utility  cost of v. B ut 

the inconvenience experienced by an innocent driver when he/she  is searched is denoted by 

cn . Naturally we assume th a t cg >  cn . We assume th a t a driver’s realization of v is his or 

her private information; b, cg and cn are constants known to all drivers and police officers. 

Each driver decides whether to carry contraband.

As before, we normalize the benefit of each arrest to  the police officer to be one, and 

for notational simplicity, the cost of search for a race-rp trooper is w ritten  as tp £ (0 , 1 ) 

and th a t for a race-r'p trooper is t' £ (0 ,1 ). As in Section 2.3, troopers observe noisy bu t 

informative signals regarding whether or not a driver is carrying contraband: if a driver is 

guilty, the signal 6 £ [0,1] is drawn from PD F f g (•); if the driver is not guilty, then 9 is 

drawn from PD F /«(•)■ As before f g/ f n is strictly increasing in 9. Let Fg and Fn denote 

the corresponding CDFs of f g and f n . We assume th a t a trooper wants to maximize the 

to ta l number of convictions minus the cost of searching cars.

We first suppose th a t a proportion 7r of drivers choose to  carry contraband and analyze 

the optimal search behavior of the troopers. Let P r (G\9) denote the posterior probability 

th a t a driver w ith signal 9 is guilty of carrying illicit drugs, which is given by

P r (G\6,7r) =  n f 9 ^
7r/ s ( 6l) +  ( 1 - 7 T  ) f n { 9 ) '

A race-rp trooper will decide to  search a driver with signal 9 if and only if

P r (G\9,7r) -  tp > 0;
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which, from the MLRP, is equivalent to  0 > 9* (n) where 9* (n) e  [0,1] is the unique solution 

to

P r {G\6, it) — tp.

Obviously 0* (n) is strictly  decreasing in it. Similarly, race-r'p troopers will search a m otorist 

if and only if the m otorist’s signal 0  exceeds 0 *, ( t )  where 6*, (7r) solves

Pr {G\9) = t'p.

Now suppose th a t race-rp and race~r'p troopers use search criteria of 9* and 0*, respec

tively. The expected payoff of a driver w ith u tility  cost v from carrying contraband is given

by

Term 1 Term 2

[aFs (9*p) +  (1 -  a ) Fg (0;,)] b -  { a  [l -  Fg (0;)] +  (1 _  a ) [i -  Fg (0 ;,)]}  c9 -  u

where Term 1 is the probability of not being caught multiplied by the benefit from drugs if 

the m otorist is not caught. Note th a t a fraction a  of the troopers are of race-rp and use a

search criterion of 0*, and 1 — a  of the troopers use 0*/. Thus the expected probability of

not being caught is a F g (0*) +  (1 — a) Fg (0*,). Term 2 is the expected probability of being 

caught multiplied by the cost of being caught w ith illicit drugs. Of course, the driver suffers 

a disutility v whenever he or she carries drugs.

The expected payoff of a driver, whose utility cost is v, from not carrying contraband is 

simply the inconvenience cost of being searched by mistaken troopers:

-  { a  [1 -  Fn (0;)] +  (1 -  a )  [1 -  Fn (0;,)] } cn.
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Thus a driver w ith utility  cost realization v will decide to  carry illicit drugs if and only if 

v < v* {9*p,9*pl) where

u* (e;, e;,) = [aFg (9; )  + ( l - a )  Fg (0 ;,)]  b - { a [ l - F g (0 ;) ]  +  (I -  a )  [1 -  Fg (t?;,)} } C g  

+  { a  [1 -  Fn (0 ;)]  +  (1 -  a ) [1 -  Fn (0 ;,)]}  cn . (2.9)

Thus if the troopers follow search criteria 9* and 9p, respectively, the proportion of drivers 

who will choose to carry contraband is given by G (y* (9*, 9p,)) .

An equilibrium of the model is a triple {y, 9*, #*,) such that:

Pr {G\e;,n) 

P r {G\e;,,7T) 

G{v* (e; ,e; ,) )

—  tp

=  tp/ 

=  7T

(2 .10 )

( 2 . 1 1 )

(2 .12 )

The existence of equilibrium follows directly from Brouwer’s Fixed Point Theorem. Now we 

show th a t in fact for any CDF G w ith non-negative support (i.e., v G M+), the equilibrium 

is unique. Suppose th a t there are two equilibria in which the proportion of guilty m otorists 

are 7r and fr with ir > n. Observe from (2.9) th a t v* (0,0) =  cn ~~ cg < 0 and

dv*
de;

8 v * (e;,6*p,)

89*i

aCnfn (9*) 

OiCn f n  (9*,)

fg (®p) b +  cg
f n  ( 9 p ) Cn

f g  ( 9 p i ) b + cg 
f n  { 9 pi) cn

- 1

- 1

By the MLRP, we know tha t there exists ^6*, 9*,J G [0, l ) 2 such th a t v* {9p, 9p,) is strictly 

increasing in both  9* and 9*p, when (0*, 9*,) > ^9*, 9*,J . Since v* (0, 0) <  0 and the support
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of G is non-negative, we have G (v* (0 ,0)) =  0. Moreover, G  (n* (0*, 0*,)) will be zero for 

all < ^8*, 9*,^ . Thus any (6*, 9*,) < (^8*,8*,^ cannot be p a rt of the equilibrium

(because if rr =  0 , the optim al thresholds should be 1 from the troopers’ best response). 

Thus in both equilibria of the model, we m ust have (9*, 8*,J > ^8*, 9*,^ and ^8p,9p, ĵ > 

. T hat is, bo th  equilibria lie in the region where v* (•,•) is strictly  increasing in 

both arguments. If 7r >  ff, equilibrium conditions (2.10) and (2.11) im ply th a t 9* < 6p 

and 8*, < 8*,, therefore 0 <  v* (8*, 9*,) < v* ^6*, 8*,J . But then it implies th a t n > n,  a 

contradiction.
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2.8 A ppendix B: Tables and Figures

Table 2.1: Search Rates and Average Search Success R ates against M otorists of Different 
Races ______________________________________________________________________

M otorist’s Trooper Race All
Race W hite Black Hispanic p -value Troopers

Panel A: Search R ate  Given Stop (percent)

W hite
0.96 0.27 0.76

<0.001
0.81

(6.68E-4) (7.73E-4) (9.26E-4) (.090)

Black
1.74 0.35 1.21

<0.001
1.35

(1.30E-3) (1.42E-3) (2.28E-3) (.115)

Hispanic
1.61

(1.46E-3)
0.28

(0.76E-3)
0.99

(3.03E-3)
<0.001

1.34
(.115)

Panel B: Average Search Success R ate  (p ercent)

W hite
24.3 39.4 26.0

<0.001
25.1

(9.43E-3) (5.57E-2) (2.28E-2) (.434)

Black
19.9 26.0 20.8

<0.001
20.9

(1.26E-2) (5.32E-2) (2.67E-2) (.407)

Hispanic
8.5

(9.78E-3)
21.0

(4.55E-2)
14.3

(6.63E-2)
<0.001

11.5
(.319)

NOTE: S tandard  errors of the means are shown in parentheses.
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Table 2.2: Means of Variables R elated to  M otorist Stops
Stops

M otorists’ All By M otorist Sex
Characteristics Stops Female Male

Black .162 (.368) .327 (.470) .673 (.470)
Hispanic .173 (.378) .225 (.417) .775 (.471)
W hite .665 (.472) .319 (.466) .681 (.466)
Female .304 (.460) 1.00 (.00) 0.00 (.00)
Male .696 (.460) 0.00 (.00) 1.00 (.00)
Age:
16-30 0.481 (0.500) 0.325 (0.468) 0.675 (0.468)
31-45 0.336 (0.472) 0.295 (0.456) 0.705 (0.456)
46+ 0.183 (0.386) 0.269 (0.444) 0.731 (0.444)

License Plate:
In-state 0.899 (0.302) 0.310 (0.462) 0.690 (0.462)
O ut-of-state 0.101 (0.302) 0.252 (0.434) 0.748 (0.434)

Time:
Day (6am-6pm) 0.697 (0.459) 0.316 (0.465) 0.684 (0.465)
Night 0.303 (0.459) 0.275 (0.447) 0.725 (0.447)

Number of Observations: 906,339 275,527 630,812

NOTE: S tandard  errors of the means are shown in parentheses.
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Table 2.3: Means of Variables R elated to  M otorist Searches
Searches

M otorists’ All By M otorist Sex
C haracteristics Searches Female Male

Black .221 (.415) .146 (.354) .851 (.354)
Hispanic .234 (.423) .098 (.296) .902 (.296)
W hite .546 (.498) .178 (.382) .822 (.382)
Female .152 (.359) 1.00 (.00) 0.00 (.00)
Male .848 (.359) 0.00 (.00) 1.00 (.00)
Age:
16-30 0.584 (0.493) 0.149 (0.356) 0.851 (0.356)
31-45 0.317 (0.465) 0.162 (0.368) 0.838 (0.368)
46+ 0.099 (0.299) 0.136 (0.343) 0.864 (0.343)

License Plate:
In-state 0.857 (0.350) 0.155 (0.362) 0.845 (0.362)
O ut-of-state 0.143 (0.350) 0.132 (0.338) 0.868 (0.338)

Time:
Day (6am-6pm) 0.475 (0.499) 0.161 (0.367) 0.839 (0.367)
Night 0.525 (0.499) 0.144 (0.351) 0.856 (0.351)

C ontraband Seized:
None 0.792 (0.406) 0.155 (0.362) 0.845 (0.362)
Drugs 0.151 (0.358) 0.137 (0.344) 0.863 (0.344)
Paraphernalia 0.015 (0.122) 0.156 (0.364) 0.844 (0.364)
Currency 0.003 (0.051) 0.174 (0.388) 0.826 (0.388)
Vehicles 0.010 (0.100) 0.154 (0.363) 0.846 (0.363)
Alcohol/Tobacco 0.021 (0.142) 0.151 (0.359) 0.849 (0.359)
Weapons 0.006 (0.078) 0.055 (0.229) 0.945 (0.229)
O ther 0.003 (0.049) 0.318 (0.477) 0.682 (0.477)

Number of Observations: 8,976 1,364 7,612

NOTE: S tandard  errors of the means are shown in parentheses.
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Table 2.4: Means of Variables R elated to  Trooper Stops
Troopers Stops

T roopers’
C haracteristics

All
Troopers

All
Stops

By Trooper Sex 
Female Male

Black
0.137 0.160 0.115 0.885

(0.344) (0 .366) (0.319) (0 .319)

Hispanic
0.100 0.114 0.070 0.930

(0.300) (0 .318) (0.256) (0 .256)

W hite
0.763 0.726 0.092 0.908

(0.425) (0 .446) (0 .289) (0 .289)

Female
0.106 0.093 1.00 00.00

(0.307) (0.291) (0.00) (0.00)

Male
0.894 0.907 00.00 1.00

(0.307) (0 .291) (0.00) (0.00)

Ranks:
C aptain

0.022 0.002 0.239 0.761
(0.148) (0.041) (0.426) (0.426)

Lieutenant
0.070 0.013 0.023 0.977

(0.255) (0.112) (0.151) (0.151)

Sergeant
0.145 0.062 0.054 0.946

(0.352) (0.241) (0.226) (0.26)

Corporal
0.147 0.112 0.068 0.932

(0.354) (0.316) (0.252) (0.252)

LEO
0.602 0.810 0.101 0.899

(0.490) (0.392) (0.301) (0.301)

NOTE: S tandard  errors of the means are shown in parentheses.
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Table 2.5: Means of Variables R elated to  Trooper Searches
Searches

Troopers’ All By Trooper Sex
C haracteristics Searches Female Male

Black
0.046 0.044 0.956

(0.208) (0.206) (0 .206)

Hispanic
0.095 0.025 0.975

(0.293) (0 .155) (0 .155)

W hite
0.859 0.076 0.924

(0.348) (0 .265) (0 .265)

Female
0.069 1.00 00.00

(0.254) (0.00) (0.00)

Male
0.931 00.00 1.00

(0.254) (0.00) (0.00)

Ranks:
C aptain

0.002 0.474 0.526
(0.046) (0.513) (0.513)
0.007 0.000 10.000

Lieutenant
(0.081) (0.000) (0.000)

Sergeant
0.053 0.052 0.948

(0.224) (0.223) (0.223)

Corporal
0.071 0.030 0.970

(0.257) (0.170) (0.170)

LEO
0.866 0.073 0.927

(0.341) (0.261) (0.261)

NOTE: S tandard  errors of the means are shown in parentheses.
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Table 2.6: D istribution of Characteristics of Stopped M otorists by Trooper Race in the Raw 
D ata_____________________________________________________________________________

M otorist's
Race

M otorist’s
C haracteristics

W hite
Troopers

Black
Troopers

Hispanic
Troopers

p -value

W hite Male 0.679 0.684 0.701 <0.001
Night stops 0.288 0.272 0.318 <0.001
Age: 16-30 0.471 0.460 0.445 <0.001
Age: 31-45 0.325 0.341 0.349 00.02

Black Male 0.671 0.667 0.686 <0.001
Night stops 0.332 0.308 0.354 <0.001
Age: 16-30 0.514 0.514 0.507 0.001
Age: 31-45 0.340 0.344 0.356 00.03

Hispanic Male 0.783 0.774 0.761 <0.001
Night stops 0.322 0.288 0.393 <0.001
Age: 16-30 0.516 0.497 0.494 <0.001
Age: 31-45 0.350 0.363 0.355 0.01
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Table 2.7: P roportion  of Troopers w ith Different Races by Troop and Tim e Assignment in 
the Raw D ata______________________________________________________________

T roopers’ Race
W hite Black Hispanic

Troop
A 0.930 (0.256) 0.054 (0.227) 0.016 (0.124)
B 0.889 (0.316) 0.081 (0.274) 0.030 (0.172)
C 0.816 (0.389) 0.116 (0.321) 0.068 (0.253)
D 0.793 (0.406) 0.117 (0.322) 0.090 (0.287)
E 0.412 (0.494) 0.236 (0.426) 0.352 (0.479)
F 0.880 (0.326) 0.056 (0.231) 0.063 (0.245)
G 0.833 (0.374) 0.135 (0.343) 0.032 (0.176)
H 0.886 (0.320) 0.114 (0.320) 00.00 (0.00)
K 0.698 (0.461) 0.147 (0.355) 0.155 (0.364)
L 0.603 (0.491) 0.298 (0.459) 0.099 (0.300)

% Night Stops 0.283 (0.172) 0.284 (0.192) 0.349 (0.179)

NOTE: S tandard  errors of the  means are shown in parentheses.
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Table 2.8: p-values from Pearson’s Chi-Squared Tests on the Hypothesis th a t Average 
Search Success R ates are Equal Across Various Groupings: K P T  Test

Average Search
Groupings Success R ate
W hite, Black, Hispanic <  0.001
W hite, Black <  0.001
W hite, Hispanic <  0.001
Black, Hispanic <  0.001
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Figure 2.1: Troop S tation Coverage M ap
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Chapter 3

Wage and Customer 

Discrimination in the Professional 

Basketball Labor Market

3.1 Introduction

Wage discrimination against minorities in the labor m arket has always been a hotbed of 

interest because of its large social implications, bu t it is a question th a t  is often very hard 

to  answer. Most studies of discrimination model a worker’s wages to  be a function of their 

ability, productivity, and a variety of demographic variables including race. The effect tha t 

a worker’s race has on their wages is then taken to  be the measure of discrimination. But 

the reliability of this estim ate of wage discrimination depends on how well we can control 

for worker productivity. If we cannot control for worker productivity accurately then it is 

very likely th a t the unexplained wage differential between blacks and whites th a t we are 

a ttribu ting  solely to discrimination could also be partly  due to a productivity differential

111
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between them  th a t we cannot observe. In most labor m arkets there is no productivity d a ta  

available on workers and so the best proxy for this m easure becomes a worker’s education 

level and work experience. To the extent th a t  these variables do no t pick up all of the 

productivity differences between blacks and whites, these estim ates of wage discrim ination 

may not be very reliable.

In order to resolve this problem m any economists have tu rned  to the sports labor m arket 

to study wage discrim ination. The sports labor m arket differs from m ost other labor m arkets 

because it provides an extensive set of statistics on productivity. Specifically, in the National 

Basketball Association (NBA), detailed statistics are kept on the p layer’s performance in 

every game they play in, which should provide an accurate, comparable, and objective 

measure of productivity . 1 This reduces the im pact of the om itted [productivity] variable 

bias and increases the reliability of the estimates of racial wage discrimination.

At first glance, the NBA seems like the last place where wage discrimination against 

black players might be occurring, because most of the highest paid players are black. But 

past studies have shown tha t this is not necessarily the case. K ahn and Sherer found 

th a t, after controlling for a variety of productivity and m arket characteristics, white players 

earned 20% more th an  black players on average in the 1985-86 NBA season and th a t this 

difference was significant (1988). Other studies have repeated Kahn and Sherer’s experiment 

for more recent years bu t they have not found any significant racial wage premium for whites 

or blacks after controlling for player productivity: during the 1990-91 season whites earned 

9.1% more than  blacks on average (Bodvarsson and P artridge 2001); in the 1994-95 season

' i f  th e  p ro d u c tiv ity  s ta tis tic s  were not objective th en  th ey  m ight them selves reflect discrim ination.
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whites actually earned 1.3% less th an  blacks on average (Ham ilton 1997); and in the 1996-97 

season whites earned 6 % more th an  blacks on average (Johnson 1999), although all of these 

percentages are statistically insignificant. So it seems th a t in the mid-1980s whites enjoyed 

a substantial wage premium over black players b u t th a t this prem ium  has disappeared in 

the 1990s.

W hat can account for the wage prem ium  th a t whites received in the 80s? Becker pro

posed th a t blacks would receive lower pay th an  whites for the same work if they are a 

victim of any or all of the following: co-worker discrim ination, employer discrimination, 

and customer discrimination. He predicted th a t under competitive forces only custom er 

discrimination could survive .2

Customer discrimination can arise in the NBA if fans prefer to see white players 

over black players with equal ability, and thus will be willing to pay a premium to see them. 

Profit maximizing owners will then be willing to pay more for white players because they get 

a greater re tu rn  on them. Consequently fan preferences will be reflected in a wage prem ium  

for white players. If customers in most NBA m arkets prefer to see white players over black 

players with equal ability, then black players will not be able to  segregate into m arkets 

in which they are not discriminated against, and so this wage premium will persist under

S ta t i s t i c a l  d iscrim ination  is an o th e r form  of d iscrim ination  th a t  will lead to  wage differences betw een 
equ ivalen t blacks and w hites th a t  will p e rsist in th e  long run . S ta tis tica l d iscrim ination  arises when uncer
ta in ty  ab o u t a w orker’s p ro d u c tiv ity  encourages th e  em ployer to  use s ta tis tic s  ab o u t th e  average perform ance 
of th e  [racial] group to  pred ic t a  p a rticu la r w orker’s p roductiv ity . If em ployers were uncerta in  ab o u t th e  
p ro d u c tiv ity  of two players, one black and one w hite, and if w h ite  players were m ore productive  th a n  black 
players on average, th en  th e  w hite player would earn  m ore th a n  the  black player on th e  basis of th e ir  group 
m em bership . S ta tis tica l d iscrim ination  against blacks is no t a p lausib le phenom enon in th e  N B A -th e  readily  
available p ro d u c tiv ity  sta tis tics  on each player m ake it unlikely th a t  em ployers would be uncertain  ab o u t th e  
p ro d u c tiv ity  of p a rticu la r players. F u rtherm ore , since on average black players are actually  m ore p roductive  
th a n  w hite  players in th e  NBA, s ta tis tica l d iscrim ination  would lead to  black players earning m ore th an  
w h ite  players, after controlling for p roductiv ity , which is no t w h a t we observe.
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competition. Thus custom er discrim ination is a conceivable cause of the wage differential 

observed between black and white players.

In their pioneering study of custom er discrim ination in the NBA, K ahn and Sherer use 

a panel data set containing the attendance and other characteristics of all NBA team s for 

the years from 1980-1986 to try  to estim ate the degree to  which fans prefer to  see white 

players. Specifically, they regress a particular team ’s home attendance in a given year on 

the percent of the team  th a t is white and on other relevant characteristics of the team  for 

th a t year th a t would be expected to  affect home attendance (such as winning percentage, 

ticket price, etc.). The coefficient on the race of the team  is w hat they use as their estim ate 

of customer discrimination. In their study they find th a t replacing one black player w ith 

an equivalent white player would raise each team ’s to ta l home attendance by 8 , 0 0 0  to 

13,000 fans per season from 1980-1986. One potential problem w ith their specification, 

however, is th a t team  owners might determine the racial m akeup of the team  based on their 

fans’ preferences, which would cause the race of the team  to be endogenous and bias their 

estim ates of customer discrimination.

In this chapter I investigate whether wage and customer discrim ination are a factor in 

the NBA during more recent times. The key contribution is the development of a new 

m ethod to test for custom er discrimination th a t is not subject to the endogeneity issues of 

Kahn and Sherer’s m ethod. Using the intuition th a t for a particular NBA team  game by 

game attendance should predominantly be affected by the road team , I regress per game 

attendance on the racial composition of the road team , along w ith a num ber of other relevant 

controls. Because the racial composition of the road team  should not be affected by the
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preferences of the home team  fans, this should elim inate the endogeneity problem present 

in the previous specification.

The findings suggest th a t during the 2000-01 NBA season, among players th a t were in at 

least their second contract, white players m ade 24% more th an  equivalent black players, a 

result which is strongly significant. In term s of custom er discrim ination, I find no evidence 

of fan preference for w hite players on the visiting team  during the 2 0 0 0 - 0 1  and 2 0 0 1 - 0 2  

seasons when d ata  from all teams are combined together. However, when fan preference 

is estim ated separately for each team , I find th a t certain  team s’ fans (namely, Houston, 

Milwaukee, and Phoenix) do have a strong preference for white players. This indicates 

th a t while custom er discrimination might be a factor in the wage prem ium  th a t is paid to 

white players, it is unlikely to be the m ain factor.

This chapter is organized as follows. Section 3.2 presents the strategy th a t will be used 

to  estim ate wage and customer discrimination. Section 3.3 presents the results of this 

estim ation, and Section 3.4 concludes. Tables and figures are included in an appendix in 

Section 3.5.

3.2 M ethodology

3.2.1 M easuring W age D iscrim ination

To determ ine the wage premium given to white basketball players in the 2000-01 NBA 

season, I will estim ate the following model using the ordinary least squares (OLS) estimator:

Yi = /3q ■ X i  -\- @2 ■ Ci + /33 ■ Ri  + Si (3-1)
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where i refers to  the player, Y  is a m easure of the player’s salary, X  is a vector of player 

characteristics, C  is a vector of characteristics pertain ing to  the player’s contract, R  is a 

binary variable which takes the value of 1 if the player is w hite and 0  if the player is black, 

and Si is an error term .

The dependent variable Y  is the log of the average annual salary th a t a player earned 

over the course of the contract they were currently in during the 2000-01 season. These 

contracts are usually anywhere from three to  five years long; players’ salaries tend to  be 

structured so th a t they either get more money later in the deal or more money earlier in the 

deal. Using the player’s average annual salary over the course of their contract, as opposed 

to  their salary for a particular year, should be a more accurate measure of what the team  

feels the player is worth.

The vector of characteristics X  includes the following variables: the seasons played 

and a quadratic term  of seasons played (S E A S O N S  and S E A S O N S 2, respectively), an 

indicator for players who are centers ( C E N T E R ) ,  field goal percentage (F G P C T ), per 

game rebounds ( R E B O U N D S ) ,  per game assist to turnover ratio ( A S S / T O ) ,  per game 

steals ( S T E A L S ) ,  per game blocks ( B L O C K S ) ,  and per game points scored ( P O I N T S ) .

W ith  the exception of C E N T E R  and seasons played, each of these statistics are aver

aged over the four years prior to the player signing their current contract .3 This differs 

from previous studies (Kahn and Sherer, 1988) which used the player’s career averages up 

until the current season. The specification used here is likely to be more realistic for several

3For exam ple, if a player signed their cu rren t co n trac t a t th e  beginning of th e  1998-99 season, then  th e ir  
average sa lary  during  th is  co n trac t would be regressed on th e  average of th e ir  p ro d u c tiv ity  sta tis tics  from 
th e  1994-95 season th ro u g h  th e  1997-98 season. If players had only played betw een one and th ree  years 
in th e  league a t th e  tim e th ey  signed th e ir co n tract, their career averages before they  signed th e ir cu rren t 
co n trac t were used.
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reasons. Most players in the NBA sign long term  deals (usually at least five years), so if, 

for example, they are in the th ird  year of th a t  contract then  their current income should 

have no direct connection w ith their statistics for the past two years, because their pay was 

set before they played those two years. It is also unlikely th a t a ten  year veteran’s current 

income is based on his statistics from his first year, because it is often the case th a t a play

ers’ skill set improves or declines over their career so th a t their first year statistics are no 

longer a good predictor of their ability. Furtherm ore, when players sign their first contract 

they have yet to play a single NBA game so their salary during this period cannot be a 

reflection of their NBA statistics. W hile choosing to average a player’s statistics over the 

previous four years before they signed their contract m ay seem like an arb itra ry  number, it 

is long enough to account for the consistency of a player’s performance, while short enough 

to not hold a player accountable for his performance earlier in his career.

The variables S E A S O N S  and S E A S O N S 2 are included because while a player’s salary 

does depend on the number of seasons he has played, the relationship is not linear—in the 

beginning, more seasons played usually contributes to higher earnings, bu t after a point the 

player becomes worth less as he gets older due to the physical wear and tear on his body. 

W hether or not a player is a center is included to allow for the possible wage premium th a t 

might be paid to centers due to their scarcity. The other statistics included in X  are all
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obvious indicators of on-court productivity .4 ,5

The vector of contract related variables C  includes indicator variables for whether the 

player signed their contract after the NBA lockout in 1998 ( L O C K O U T ) ,  is earning the 

minimum wage ( M I N W A G E ) ,  or is a free agent who resigned w ith their previous team  

( R E S I G N ) 6

The salary structure rules in the NBA are actually quite complex, bu t the gist of them  

are as follows: each team  has a soft salary cap, m eaning the sum of players’ salaries are not 

allowed to go over this cap unless they are resigning their own player . 7 Thus I controlled 

for whether or not a player resigned with their own team  in the variable R E S I G N .  The 

NBA has a minimum wage specified for players depending on the num ber of years they have 

been in the league. This might cause players to  get paid more than  w hat team s feel they 

are worth and so whether or not a player was m aking minimum wage is controlled for in 

the variable M I N W A G E .  The NBA changed its collective bargaining agreement after the

4 C ontro ls for th e  num ber of gam es played, m inu tes played pe r gam e, and num ber of playoff gam es played 
were left ou t due to  th e  possible endogeneity  of these  variables. T hese variables all share  th e  com m on tra i t  
th a t  som eone else besides th e  player is d e term in ing  th e ir  value.

For exam ple, th e  te a m ’s coach decides how m any m inu tes th a t  a player will play. If a  player had som e 
unm easured  ch aracte ris tic  th a t  caused him  to  get a  h igher sa lary  which would also cause him to  play m ore 
m inu tes (a quality  like floor leadership) th en  th is variab le  will be corre lated  w ith  th e  erro r term  and  we will 
have an  endogeneity  problem .

“O ne possible problem  w ith  these p ro d u c tiv ity  s ta tis tic s  is th a t  th ey  canno t m easure th e  a c tu a l co n trib u 
tio n  of a  player to  th e  te a m ’s perform ance and hence we can n o t assess th e ir  overall im p ortance  to  th e  team . 
A lthough  s ta tis tic s  are im p o rtan t to  team  perform ance, som e players have ch aracte ris tics like leadership  
w hich canno t be m easured in s ta tistics . T here  are  also com plem en tarities th a t  exist betw een players (which 
is th e  case when a s ta tem en t such as “P layer X m akes every one a round  him  b e tte r” is said), causing a 
player to  be w orth  a lot m ore on a team  in which he fits in w ith o th er players b e tte r. B u t since th e  only 
m easure  of team  w orth we have is th ro u g h  a  p layer’s s ta tis tic s  we canno t tak e  these  factors in to  account. 
If  blacks ten d ed  to  excel in these unm easured  charac te ris tics , th en  th is would bias our e stim a te  of wage 
d iscrim ination  against blacks downward.

6T h is includes “sign -and-trades” , w hereby th e  player resigns w ith  th e  team  th ey  had been w ith  previously 
and  is then  im m ediately  trad ed  to  a n o th e r team .

7T h ere  a re  a  few o th er exceptions, b u t th is is th e  m ost im p o rtan t one.
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lockout in 1998. The m ain im pact this had on player’s wages was th a t the new agreement 

restricted the am ount th a t players who were resigning w ith their previous team  could sign 

for, and it significantly raised the minimum wage . 8 This caused wages for players who 

signed their contracts after the lockout to be a lot lower, and so this factor is controlled for 

in the variable L O C K O U T  9

The players in the sample play on 27 team s located in 26 cities . 10 One m ight expect 

salaries to differ between equivalent players th a t  signed contracts w ith team s located in 

different cities simply because of m arket factors affecting the revenues of the team . 11 For 

example, we would expect team s w ith a higher home attendance, a higher winning percent

age and located in a city w ith a higher population (which indicates th a t the team  is in a 

larger market) to  earn higher revenues, and thus possibly be able to pay their players more 

for a given level of productivity. We might also expect team s’ m arkets to  differ in many

8P rev ious to  th is , players could be resigned for any am oun t, because th e  team  was allowed to  go over its 
sa lary  cap to  resign th e  player. T h is caused players to  d em and  ex trem ely  high salaries, and  th e  team  was 
forced to  pay th is  if th ey  w anted  to  keep th e  player. T hese  restric tions still allow th e  p lay er’s form er team  
to  sign them  for m ore th a n  th ey  could get elsewhere, b u t it is no longer an  u n lim ited  am ount.

9 T he reason why signing afte r th e  lockout causes p layers’ wages to  fall in th e  sam ple is because we do 
no t observe players m aking th e  m inim um  wage who signed th e ir  co n tracts before th e  lockout (these  players 
do no t typically  sign long term  deals), and so we are only picking up th e  effect of th e  players th a t  signed 
long te rm  deals (which are th e  b e tte r  players). T hus in our sam ple L O C K O U T  will affect p layers’ wages 
negatively.

10Players th a t  e ith e r signed th e ir co n trac t w ith or were curren tly  p lay ing  on th e  tw o C anad ian  team s 
(T oronto  R ap to rs  and Vancouver G rizzlies) were excluded from th e  sam ple. T hese  team s m ust be excluded 
from  th e  custom er d iscrim ination  analysis since it is h a rd  to  get d a ta  on th e ir  m arket th a t  is a t a com parable 
level to  th e  m arket d a ta  available for cities in th e  U n ited  S ta tes. T hey  a re  excluded here also so th a t  we 
can com pare th e  resu lts  of th e  wage and custom er d iscrim ination  analyses.

11 A bout 25% of th e  sam ple cu rren tly  plays for a team  th a t  is different th a n  th e  team  th ey  signed w ith (i.e. 
they  were trad ed ). W hen  a player is trad e d  the  term s of th e ir  con tract rem ain  th e  sam e, a lthough  another 
team  is now responsible for paying them . I chose to  contro l for the  m arket s ta ts  p e rta in in g  to  th e  team  th e  
player signed th e ir  co n trac t w ith  because I felt th is was w here th e  exact sa lary  d e te rm in a tio n  was made. 
W hen  I controlled for th e  ch aracteris tics of the  team  th e  player cu rren tly  plays on instead , th e  resu lts did 
not change much.
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other ways than  these th a t are hard  to  observe and control for: some team s might be closer 

to their salary cap lim it which would restrict the am ount they can pay players, some cities 

(like Los Angeles) have much higher tax  rates th an  other cities so they might have to  pay 

players more in gross term s in order to  compete w ith other team s in a ttracting  players, and 

some team owners m ay just have preferences towards paying players less money th an  other 

team s would. Since these are all valid ways in which team s differ (and since there are likely 

to  be many more), I will estim ate th is model controlling for team  fixed effects. This should 

control for all of the observed and unobserved differences between teams.

In this model, the coefficient j33 will be the estim ate of wage discrimination. It will 

give the wage premium  th a t is paid to  a white player over a black player at the m ean 

of the wage distribution, after holding productivity, contract and m arket characteristics 

constan t . 12 Finally, it should be pointed out th a t because of the way the productivity 

variables are defined, all players in the sample m ust have played in the NBA before signing 

their current contract; this effectively restricts the sample to those players who signed their 

contract in the free agent m arket . 13 Robustness checks will be done to determine if the 

results found are specific only to the free agent m arket or if they apply to all NBA players.

12 A b o u t 4% of th e  players in th e  d a ta se t were E u ro p ean  players. T hese  players were excluded from  th e  
sam ple  to  m ake it easier to  d irectly  com pare  blacks w ith  w hites.

13In th is  paper, any player who is in a t least th e ir second co n trac t is defined as a  player who signed 
th e ir  c o n trac t in th e  free agent m arket. Typically  after a  player com pletes th e ir  first co n trac t th ey  becom e 
a restric ted  free agent. In  th is  s itu a tio n  team s are free to  b id  on th em , b u t  th e ir  cu rren t team  has th e  
o p p o rtu n ity  to  m atch  th is  salary. A fter th e ir second co n trac t, players becom e com pletely  free to  sign w ith 
w hichever team  th ey  w ant. In b o th  situ a tio n s, though , players have m uch m ore inflence over th e  salary  
th ey  can  get th an  th ey  do in th e ir first con tract.

R eproduced  with perm ission of the copyright owner. Further reproduction prohibited without perm ission.



3.2 M ethodology 121

3.2.2 M easuring C ustom er D iscrim in ation

As a first a ttem pt to  estim ate custom er discrim ination against black NBA players, I will 

estim ate the following model w ith OLS using panel d a ta  on fan attendance for all NBA 

team s from the 1990-91 season through the 2000-01 season:

Log(ATTENDi t)  = a 0 +  ai  ■ Y E A R u  +  a 2 • W I N P C T it 

+ a 3 • P R E V W I N lt +  a 4 ■ S T A R S lt 

+cr5 ■ A R E N A n  T  ^ 6  ■ R R I C E lt 

+ a 7 ■ P C T W H I T E u  +  o 8 ■ I N C M S A h (3.2)

+ o 9 • R A C E M S A it +  o 10 ■ P O P M S A it 

+ o n  ■ L O C K O U T Y R u  +  elt

where i refers to the particular team  and t refers to  the particular year . 14

This model is similar to  the one used in most previous studies th a t have tested for 

custom er discrimination (Kahn and Sherer, 1988; Hamilton, 1997; Johnson, 1999; and 

Bodvarsson and Partridge, 2001). A T T E N D  (the to tal home attendance of a team in 

a particular year) is a good reflection of fan (customer) preferences. In addition, home 

attendance has a direct impact on team  revenue, so it is likely th a t fan preferences here will 

be reflected in player’s salaries, which is exactly the link we need to  propose th a t customer 

discrim ination against black players will cause them  to be paid lower on average than  white

u T h e  T oronto  R ap to rs  and Vancouver Grizzlies are excluded from th e  sam ple.
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players . 15

W I N P C T  (the num ber of wins the team  had in the  current year), S T A R S  (the num ber 

of players on the team  th a t were all-stars) and P R E V W I N  (the num ber of wins the team  

had last year) are all indicators of how popular the team  is—the higher these indicators are, 

the greater fan attendance should be. A R E N A  (the to ta l capacity of a team ’s home arena), 

POPMSA,  I N C  M S  A, RAC E M  S  A, (population, real per capita income, and percentage 

of the population th a t is black, respectively, in the S tandard  M etropolitan Statistical Area 

where one’s team  was located) and P R IC E  (the average ticket price to  a team ’s home game) 

are all indicators of the m arket the team  is located in and thus should have an im pact on 

fan attendance. To control for any other unobserved heterogeneity between team s, this 

model will be estim ated w ith team  fixed effects. 16 L OC KOU TYR  is a dummy variable, 

which takes on a value of 1 if the year is 1999 and 0 otherwise. This controls for the NBA 

lockout in 1999 which reduced the num ber of home games from 41 to  25.

W ith  this specification, the coefficient on P C T W H I T E  (the percentage of the players 

on the team  th a t are white) will be the estim ate of customer discrimination. It will tell 

us how to tal annual home attendance is affected when the racial composition of the home

15In add ition  to  hom e a tten d an ce , team  revenue also comes from  selling team  m erchandise and  television 
deals, b o th  of which are  affected by fan preferences, b u t it w ould be extrem ely  hard  to  get d a ta  on these 
variables. W hile hom e a tte n d an c e  is not alw ays th e  best m easure  of to ta l fan ap p ea l (since p resum ab ly  only 
re la tively  w ealthy people will go to  NBA gam es), m ost of team  revenue comes from  hom e a tte n d an c e  so it 
is likely th a t  th e  preferences of th e  fans w ho a tte n d  th e  gam es will be th e  m ost d o m inan t in d e te rm in ing  
p lay er’s salaries.

16As was ind icated  in th e  wage regression section, cities m ay differ in o th er ways th a n  th a t  w hich we can 
con tro l for and these differences m ay affect th e  hom e a tte n d an c e  of these  team s. For exam ple, team s th a t  
have d irec t public tra n sp o rta tio n  into th e  a rena , are in a m ore densely popu lated  a rea  (so th a t  th e  d istance  
of th e  a rena  is no t as far), and which do no t have m any o th er su b s titu te s  (o ther professional sp o rts  team s in 
th e  area) are m ore likely to  have higher hom e a tten d an ce , holding all else constan t. Also, while th e  d ifferent 
racia l m akeup of th e  p opu lations in different cities was contro lled  for, th ere  m ight be o th er ways in which 
th e  d is trib u tio n  of these  popu lations differ (such as in th e  age d istrib u tio n ) w hich would also affect hom e 
a tten d an ce .
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team is altered, holding all else constant.

Although this approach has been used in previous custom er discrim ination studies, there 

are a couple problems w ith it. The main problem is th a t  the variable P C T W H I T E  is 

likely to be endogenous: owners m ight know the preferences of their fans and thus will 

choose the racial composition of their team  accordingly. This will bias the estim ate of 

customer discrimination, <2 7 , towards zero . 17 A second problem is th a t the price variable is 

also likely to  be an endogenous regressor. Teams th a t are likely to  have some unm easurable 

quality about them  th a t will cause team  attendance to  be high (an effect th a t is included 

in the error term ) will also tend to have high ticket prices, because this “quality” will allow 

the team  to command higher prices.

One way to  solve bo th  of these problems and get a more accurate estim ate of customer 

discrimination is to  take a completely different approach. In particular, we could look at 

fan attendance for a particular team  at a game by game level. For th a t  particular team , 

fan attendance should depend prim arily on the characteristics of the visiting team, once we 

have controlled for how the winning percentage of the home team  varies from game to game. 

We can then test how home team  attendance varies in response to the racial composition 

of the visiting team . Using data  from the 2000-01 and 2001-02 NBA seasons I estim ated 

the following model, controlling for team  fixed effects:

In At =  A0 +  Ai ■ Gi +  A2 • H  +  A3 ■ R4  +  A4 ■ P C T W H I T E < +  e, (3.3)

' 'F o r  exam ple, le t’s say th a t  over th e  ten  year tim e period included in th e  panel d a ta  se t fan preference 
in U tah  for w hite  players has increased. If team  owners know th is , a ra tio n a l response for them  would be 
to  have m ore w hite players on th e  team . It is plausible th en  th a t  a tte n d an c e  w ould no t change over th is 
tim e period  (holding all o th er variables constan t). T his would m ake it seem as if th e  coefficient on th e  
P C T W H I T E  variable should be zero.
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where i refers to  a particular game, A  is the attendance of a particular game, G  refers to 

game controls (the year the game was played in [Y EAR]  and w hether or not the game 

was played on a weekend [ W E E K E N D ] ) ,  H  refers to  home team  controls (the winning 

percentage of the home team  going into the game [ H O M E W IN ] ) ,  R  refers to road team  

controls (the winning percent of the road team  going into the game [R O A D W I N ], the 

road team ’s winning percentage from the previous season [P R E V W I N ], the num ber of 

past and present all-stars on the road team  [STARS],  and how deep the road team  went 

in the playoffs the year before [P R E V P L O F ], and P C T W H I T E  refers to  the percent of 

the road team  th a t is white. This is measured as the percent of the to ta l minutes in the 

season th a t were played by white players on th a t team.

Each of the 27 team s in the sample plays 82 home games (41 for each of the two seasons). 

The m ain reason we would expect attendance to vary game by game for a given home team  

is because of the characteristics of the road team , which are controlled for in (3.3). B ut since 

this specification combines all 27 team s together, there might be many other reasons why 

attendance could differ between two different games (from different home teams). Thus it 

will be necessary to use a fixed effects approach, as this will only look at the game-by-game 

variation for a given home team, and average the results over all the team s in the sample. 

W ith  this specification, A4 will be the estim ate of fans’ preference for white players.

Note th a t the endogeneity of the price variable is not a problem anymore. It is no 

longer necessary to use price as a regressor since game by game attendance for a particular 

team  will not depend on the price of the ticket (this is constant across games). More 

im portantly, the specification in (3.3) also takes care of the endogeneity of the team  racial
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composition variable, because we would not expect the road team ’s owners to choose the 

racial composition of their team  based on the home team ’s fan preferences.

Additionally, we might want to determ ine whether or not fan preference for white play

ers is the same in all cities. In particular, we m ight want to  see if cities th a t have a 

larger percentage of whites have a stronger preference for white players . 18 Since the racial 

composition of a particular city hardly changes from year to  year, we cannot estim ate an 

interaction term  between P C T W H I T E  and th a t variable and still used a fixed effects ap

proach. To get around this problem I will instead run a separate regression for each of the 

27 team s . 19 We can then determine if the fan preference for white players in each city is 

correlated w ith the percent of whites in the city.

3.3 Estim ation

3.3.1 T he W age D iscrim ination  M odel

D ata was collected on all non-European players who were under contract for the 2000-01 

NBA season. Player salary da ta  was obtained from the newspaper USA Today (12/08/00), 

and player performance d a ta  was taken from NBA.com, the NBA’s official website.

Table 3.1 presents the mean values for bo th  black players and white players for most of 

the variables th a t were used in the wage regression. The m ean values for the productivity 

statistics for black players are, w ith a couple exceptions, higher th an  those for white players, 

although not all of these differences are significant. Black players also earn higher salaries,

18We m ight expect th is if we th o u g h t it was only w hite fans th a t  preferred  w hite  players, and th a t  black 
fans actually  preferred black players.

19Because I have two years of d a ta , th ere  will be  82 observations for each team  regression.

R eproduced  with perm ission of the copyright owner. Further reproduction prohibited without perm ission.



3.3 Estim ation 126

are less likely to earn the minimum wage, and are more likely to have resigned with their 

own team.

Table 3.2 presents the OLS estim ates for the wage regression. In all three specifications 

team  fixed effects are taken into account and the dependent variable is the log of a player’s 

average salary during their current contract. Column 1 presents the results of specification 

(3.1) from the methodology section: a player’s average annual salary is regressed on the

average of their statistics from the four years prior to the signing of their contract. As 

expected, a player’s productivity statistics are all positively related to  their salary, although 

only one of these effects is statistically significant (averaging an ex tra point results in a 7% 

pay increase). The main coefficient we are interested in is R A C E , which estim ates the 

unexplained wage differential between white and black players. It indicates th a t, on average, 

white players make 24% more than  black players, an effect which is statistically significant.

These results strongly imply th a t white players are paid a premium over equivalent black 

players. As pointed out earlier, however, due to the way the productivity statistics are 

constructed the sample used here consists solely of players th a t signed their contracts in the 

free agent m arket. To determine if this effect is present among all players, we could instead 

regress a player’s salary on the career average of their productivity statistics measured up 

through the 1999-2000 season. This would allow us to  expand the sample to  include all 

players except those th a t were rookies in the 2000-01 season. Column 2 presents the results 

of this specification. One can see th a t the wage premium whites receive falls quite a bit, 

and the effect is no longer significant. 20

20T h e  specification in C olum n 2 also includes two additional con tro ls not listed in th e  table. T he first is 
a con tro l for players m aking th e  m axim um  wage allowed. T his h appens qu ite  often am ong players in th e ir 
first c o n trac t, because th e  NBA sets a  very low lim it on th e  salaries th a t  can be paid  to  these players. T he
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But there could be two reasons the results in Column 2 differ from those in Column 

1. The first is th a t the sample in Column 2 includes m ore players, and the second is 

tha t the construction of the productivity variables differs. To determ ine which one drives 

the results, Column 3 runs the same specification as in Column 2, except now the sample 

is restricted to  free agents. As one can see, the coefficient on R A C E  is similar to th a t 

from Column 1 , which indicates th a t the difference in the construction of the productivity 

variables are not having a significant im pact on the results. R ather, it seems th a t the wage 

premium tends to  be present only among free agents, and thus declines when we expand 

the sample to  include players who are in their first con tract .21

The main result found here of wage discrim ination among players who signed their 

contracts in the free agent m arket, but not among all players, is somewhat counterintuitive. 

Free agents are allowed to  sign with any team  they want, so one would think th a t black 

players would sign w ith the team  th a t discriminates against them  the least, causing the 

estim ate of wage discrim ination to fall among this sample. One possible reason we might get 

these results is th a t team s do not know w hat the NBA productivity  of players will be when 

they sign them  to their first contract, bu t they have a much b e tte r idea about this when they 

sign them  to succeeding contracts. Thus statistical discrim ination m ight be present when 

players are signed to  their first contract. Since white players are on average less productive

second is a con tro l for players who signed th e ir  co n trac t in th e  free agen t m arket b u t did no t resign w ith 
th e ir  own team .

21 D ue to  th e  presence of large ou tliers am ong N BA  p layer’s salaries one m ight m ake th e  case th a t  a  m edian 
regression m ight actually  be m ore ap p ropria te . M edian regressions were ru n , b u t th ey  do no t change th e  
results significantly. O ne possible reason for th is is because while th e  a c tu a l sa lary  d is trib u tio n  is skewed 
due to  th e  presence of large ou tliers, th e  log of th is  sa lary  d is trib u tio n  (which is w h a t is used in th is paper) 
is actually  very close to  a  norm al d istrib u tio n , th u s  causing th e  resu lts  of th e  m ean and  m edian  regression 
to  be very sim ilar.
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than  black players, white players might receive lower salaries than  they otherwise would 

have been. W hen they sign later contracts, though, statistical discrim ination is no longer 

present, and so their wages will be higher for a given productivity  level as a result. Thus 

among all players the wage premium in favor of whites could be reflecting positive fan 

preference for white players tem pered by statistica l discrim ination which adversely affects 

white players, while among free agents the wage gap in favor of whites only reflects the 

positive fan preference for white players, thus causing the wage gap to be higher among free 

agents.

One other possible explanation for these results has to  do w ith the NBA salary structure 

for players in their first contracts. These players are subject to  maximum salaries th a t are 

specified by the NBA and th a t are based on the draft position of the player. In fact, most 

players in their first contract are making the maximum they are allowed to. This will 

reduce the amount of variability th a t is present among these players, which could depress 

the wage premium white players in their first contract would have received.

3.3 .2  T he C ustom er D iscrim ination  M odel

To estim ate customer discrimination it was necessary to collect d ata  from several sources. 

D ata  on the racial composition and population of each team ’s SMSA were taken from the 

Census B ureau’s Government Inform ation Sharing Project, while da ta  on real per capita 

income was obtained from the Bureau of Economic Analysis. D ata on the price of tickets 

was taken from Team M arketing Research. All m onetary variables were put in term s 

of 1990 dollars. Game attendance was obtained from ESPN.com. Finally, the racial 

composition of each team was obtained from The Complete Handbook of Pro Basketball, a
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book published each year which contains pictures of players on every team  roster for th a t 

year. The race of each player was determ ined by looking at their picture. All other data  

was obtained from NBA.com.

Table 3.3 presents the OLS estim ates of the standard  home attendance regression spec

ified in (3.2), controlling for team  fixed effects. This model was estim ated using data  from 

the years 1991-2001, and determines how a particular team ’s attendance depends on its 

characteristics. The results indicate th a t a team ’s winning percentage, previous winning 

percentage, and arena capacity are all positively and significantly related to their home 

attendance. If a team  increases its winning percentage by one percent, home attendance 

should increase by .24%.22 The coefficient on P C T W H I T E  will indicate whether or not 

customer discrimination is taking place. The results imply th a t increasing the percentage 

of white players on the home team  by one percent will increase th a t team ’s fan attendance 

by .09%. This effect is statistically  significant, implying custom ers do have a preference 

for white players.

A lthough this model is the standard  one run in past studies of custom er discrimination, 

it can be problem atic because bo th  P R I C E  and P C T W H I T E  are endogenous . 23 This 

might give us an inaccurate estim ate of customer discrimination. As discussed in the 

methodology section, one way to eliminate these endogeneity issues would be to estim ate 

an alternative model, which was specified in (3.3). Game by game home attendance is 

regressed on the home team ’s winning percentage and a variety of characteristics of the

22All of th e  percen tage  variables m entioned  in th is p ap er were recorded in p ro p o rtio n s in th e  d a ta se t, so 
th e  coefficients should be in te rp re ted  accordingly.

2,iT h e  resu lts clearly  ind icate  th a t  th e  P R I C E  variable is endogenous; it is postive  and  significant, while 
a sim ple dem and sto ry  would p red ic t th e  price effect to  be negative.
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road team, including their racial composition, taking team  fixed effects into account. Table 

3.4 presents the results of this estim ation th a t  was run  using OLS w ith d a ta  from the 

2 0 0 0 - 0 1  and 2 0 0 1 - 0 2  seasons . 24

The results indicate th a t, for a particular team , their winning percentage as well as 

the road team ’s winning percentage are bo th  positively related  to the attendance for a 

particular game. In addition, road teams th a t had been in the playoffs the previous year, 

and games th a t took place on weekends were a bigger crowd draw. All of these results are as 

expected. To determ ine if customer discrim ination is present, we can look at the coefficient 

on P C T W H I T E ,  which is close to zero and statistically insignificant. This indicates th a t 

a one percent increase in the percent of the visiting team ’s m inutes th a t are played by white 

players will not change fan attendance significantly, implying th a t customers do not have a 

preference for white players .20

Thus, when the endogeneity of the P C T W H I T E  variable is taken into account, fan 

preference for white players falls to almost zero. This is somewhat surprising, because 

endogeneity of the team ’s racial composition should bias the estim ate of fan preference 

towards zero, so we would expect the coefficient on P C T W H I T E  to increase in m agnitude 

once this problem  is corrected for. One possible explanation for these results lies in the 

fact th a t these two models are measuring different things. It could be the case th a t fans

24 A lthough th ere  are  29 team s in th e  NBA, I e lim inated  th e  two C an ad ian  team s (the  T oronto  R ap to rs  and 
th e  Vancouver G rizzlies). T he C h a rlo tte  H ornets were also e lim inated  from  th e  analysis because th ey  were 
in th e  process o f m oving th a t  year and fans were angry, causing a tte n d an c e  to  be unusually  low. Also, th e  
New York K nicks, Sacram ento  K ings, and W ashington W izards were e lim ina ted  from th e  analysis because 
they  sold ou t all of th e ir hom e games during  th is tim e  period , re su lting  in no varia tion  in th e  dependent 
variable.

25W hile th is  is th e  m ost accu rate  m easure of P C T W  H I T E ,  m any o th e r specifications were tried , such as 
th e  percen t of th e  players th a t  are  w hite, percen t of th e  s ta r te rs  th a t  are  w hite, and  percen t of th e  to p  ten  
players (in te rm s of m inutes played) th a t  are w hite. T h e  resu lts did no t change appreciably.
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care a lot about the racial composition of the home team  (which is measured in (3.2)), bu t 

do not care much about the racial composition of the road team  (which is m easured in 

(3.3)). Thus if we could correct for the endogeneity of the home team ’s racial composition 

in such a way th a t we could still measure how home team  attendance depends on the racial 

composition of the home team , we might indeed find th a t fan preference for white players 

increases. So even though the results indicate th a t there is no preference for whites on the 

road team, we cannot definitively conclude th a t this means there is no preference for whites 

on the home team.

To determine whether fan preference for whites on the road team  varies as the percent 

of blacks in the home team ’s SMSA changes, specification (3.3) was estim ated separately 

for each team . 26 Figure 3.1 shows how the coefficient on the P C T W  H I T E  variable for 

each of these team  regressions (represented on the y-axis) is related to the percent of blacks 

in the home team ’s SMSA. Almost two thirds of the team s have positive coefficients, which 

indicates a positive preference for white players. A few of these coefficients are statistically 

significant (Houston, Milwaukee, and Phoenix), indicating th a t some team s have a strong 

preference for w hite players on the road team , although among all team s there is basically 

no preference. We might expect th a t as the percentage of blacks in a city increases, the 

fan preference for white players would decrease, which would imply a negative relationship 

between these two variables. As the figure shows, though, there is basically no relationship 

between these two factors, implying th a t fan preference for whites is independent of the 

racial composition of the city . 27

21lT here  a re  82 observations for each team  regression.

"7T he co rre lation  betw een these two variables is -.054, b u t is not s ta tis tica lly  significant.
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3.4 Conclusion

This chapter tests w hether white professional basketball players earned a wage premium 

during the 2 0 0 0 - 0 1  season, and, if so, whether custom er discrim ination was one cause for 

this. I accomplish this by developing a new m ethod to test for custom er discrimination in 

which preference for white players is m easured by how home team  fan attendance varies in 

response to the racial composition of the road team . This m ethod solves the endogeneity 

issue that was present in past studies which measured fan preference by seeing how home 

team  attendance depended on the racial composition of the home team.

The findings presented here suggest th a t white players who are in at least their second 

contract earn a significant wage prem ium  over similar black players. In term s of customer 

discrimination I find that, overall, fans do not prefer to  see white players on the opposing 

team . However, when estim ating customer discrim ination separately for each team  I find 

th a t several team s do have a preference for white players. I also find th a t customers may 

have a preference for white players on their own team . Overall, these results are consistent 

w ith weak evidence of customer preference for w hite players.

These results are consistent w ith Becker’s theory tha t the presence of customer dis

crimination will cause wage differentials to  arise .28 One way to  find stronger evidence of 

a direct causal link between these two types of discrimination would be to gather more 

extensive salary d ata  and run wage regressions separately for each team. This could then 

be compared w ith the estimates of customer discrimination for each team . Finding th a t 

the specific team s th a t preferred white players were also the ones th a t paid the highest

28 Any situ a tio n  w here th e  am ount of wage d iscrim ination  is a t least as g rea t as th e  am oun t of custom er 
d iscrim ination  will be consistent w ith B ecker’s theory.
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premiums to w hite players would provide much stronger empirical support for Becker’s 

theory.

These results, however, are not consistent w ith  the idea th a t custom er discrim ination 

is the only cause of wage discrimination: while I find only m arginal evidence of customer 

discrimination, there is strong evidence of wage discrimination. This indicates it is highly 

likely tha t other factors are driving this wage premium. Future work in this area could 

attem pt to determ ine w hat these factors are, and whether they can explain why the wage 

premium disappears when the sample is expanded to include all players.
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3.5 Appendix: Tables and Figures

Table 3.1: Mean Values of the Wage Regression Sample
Blacks W hites

In salary* 14.85 14.54
S E A S O N S 5.77 5.53
C E N T E R * 0.13 0.34
F G P C T 0.449 0.45
R E B O U N D S * 4.33 3.53
A S S / T O 1.34 1.37
S T E A L S * 0.87 0.62
B L O C K S 0.56 0.49
P O IN T S * 10.3 7.12
L O C K O U T* 0.79 0.89
M I N W A G E * 0.09 0.19
R E S IG N * 0.5 0.36
observations 245 53

N OTE: * indicates mean difference between black and white players is significant at 10% level.
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Table 3.2: OLS Results for the Wage Discrim ination Model
free agents all players free agents

(4yr s ta ts  avg) (career stats) (career s ta ts)
(1 ) (2 ) (3)

constant *13.3 (.392) *13.9 (.338) *12.8 (.445)
S E A S O N S .037 (.038) *.166 (.032) *.100 (.040)
S E A S O N S 2 *-.005 (.003) * - . 0 1 0  (.0 0 2 ) *-.008 (.0 0 2 )
C E N T E R .160 (.123) *.171 (.097) *.206 (.126)
F G P C T .674 (.766) .017 (.627) 1.16 (.867)
R E B O U N D S .031 (.026) *.068 (.0 2 1 ) *.047 (.027)
A S S / T O .095 (.067) *.163 (.051) *.172 (.069)
S T E A L S .159 (.118) .011 (.094) .086 (.123)
B L O C K S .138 (.094) *.160 (.078) .155 (.098)
P O I N T S *.070 (.010) *.056 (.008) *.073 (.010)
R A C E *.240 (.097) .103 (.073) *.221 (.097)
L O C K O U T .093 (.093) *-.305 (.081) .051 (.091)
M I N W A G E *-1.36 (.123) *-.849 (.112) *-1.31 (.125)
R E S I G N *.310 (.074) .252 (.161) *.356 (.074)
R 2 .789 .833 .791
observations 231 297 233

NOTE: S tandard  errors are in parentheses.

* denotes a param eter significant at the  10% level.
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Table 3.3: OLS Results for the S tandard  Custom er Discrim ination Model
annual attendance

constant *12.4 (.250)
Y E A R *.008 (.004)
W I N P C T *.240 (.053)
P R E V W I N *.099 (.048)
S T A R S -.005 (.008)
A R E N A * . 0 0 0  (.0 0 0 )
P R I C E *.006 (.0 0 1 )
P C T W H I T E *.094 (.056)
I N C M S A . 0 0 0  (.0 0 0 )
R A C E M S A -.614 (.795)
P O P M S A . 0 0 0  (.0 0 0 )
L O C K O U T Y R *-.532 (.020)
R 2 .879
observations 295

NOTE: S tandard  errors are in parentheses.

* denotes a  param eter significant a t the 10% level.
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Table 3.4: Effect of the Percent W hite of the Road Team on the Home Team s’ A ttendance
game attendance

constant *9.40 (.028)
Y E A R -.004 (.007)
H O M E W I N *.375 (.041)
R O A D W I N *.113 (.033)
W E E K E N D *.076 (.007)
S T A R S .004 (.003)
P R E V W I N -.037 (.047)
P R E V P L O F *.032 (.004)
P C T W H I T E .018 (.041)
R 2 .597
observations 1850

NOTE: S tandard  errors are in parentheses.

* denotes a param eter significant a t the 10% level.
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Figure 3.1: Preference for W hite Players versus Racial Composition of SMSA
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