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ABSTRA CT

The popularit y of the sport of auto racing is increasing rapidly, but its fans remain less interested in statis-

tics than the fans of other sports. In this paper, we propose a new class of models for permutations which

closely resembles the behavior of auto racing results. We posethe model in a Bayesianhierarchical framework.

This framework permits hierarchical speci�cation and fully hierarchical estimation of interaction terms. The

methodology is demonstrated using several rich datasets which consist of repeated rankings for a collection of

drivers. Our models can potentially identify individuals who are racing in \minor league" divisions who have

higher potential for competitiv e performanceat higher levels. We also present evidencethat one of the sport's

more controversial �gures, Je� Gordon, is a statistically dominant �gure.
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1 In tro duction

Stock car racing is the fastest growing sport in the United States with a 91% growth in attendance in the

1990's(Martin 2000). Furthermore, the National Association for Stock Car Auto Racing (NASCAR) is second

only to the National Football League in television viewership with over 180 million viewers in 1998. Despite

the popularit y of the sport, NASCAR has received little attention as a subject of study by statisticians. As a

classroom example, Tenebein (1971) proposeda simple probabilit y model for the number of cars on a track at

any given time. Sullivan (2000) used ordered probit modeling (under which all drivers' �nishing positions in

the samerace are treated as independent) to estimate driver abilities on each of four typesof tracks, overall, in

qualifying, and in avoiding accidents. Mockus, Hibino, and Graves(2000) usedNASCAR data to demonstrate

visualization tools.

NASCAR is big business.Racing teams are composedof pit crews,mechanics, drivers, and owners. Owners

must �nd drivers, pit crews, and mechanics who they think will be most successfulracing their cars, and

successfulteamsgeneratesponsorshipsthat equateto money. The three NASCAR racing seriesare the Winston

Cup (WC), the Busch Grand National (BGN), and the Craftsman Truck (CT) series. The WC is considered

the major leagueseries,and BGN and CT are analogousto the minor leaguesin baseball. New drivers for the

WC seriesare generally selectedfrom the BGN and CT series. Therefore, signi�cant money is at stake when

deciding which BGN or CT driver will be promoted to the WC series.Reliable prediction of how performances

in the lower levels translate to higher levels (CT ! BGN, CT! WC, and BGN! WC) of competition are of great

interest.

In this paper we construct a probabilit y model for �nishing positions in a NASCAR race. A feature of this

modeling is that we can addresssuch questions as: \Ho w likely would it be for Jason Keller (a BGN driver)

to win a title if he were to race in the Winston Cup?" or \what is the probabilit y that Dale Earnhardt would

have won the championship in 2001?" Earnhardt, arguably the greatest driver in NASCAR history, was killed

on the last lap of the Daytona 500, the �rst raceof the 2001season.He shareswith Richard Petty the record of

seven NASCAR championships,and his attempt to win his eighth after a secondplace �nish at age49 in 2000

would have beenwatched carefully in the 2001season.

These types of questionshave led us to develop a rich classof models for permutation data. Racing data
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is well-suited to explore such models becausewe have repeated rankings of subsetsof individuals, where the

ranking mechanismsmay di�er in interesting ways (e.g. di�eren t tracks or di�eren t competition) and are subject

to substantial noise.

While repeated rankings allow us to estimate driving abilities, there are a number of complicating factors.

Exploring rates of improvement of youngdriversis of great interest, sowe exploreabilities that changeover time.

Most sports have home �eld advantagesas complicating factors, but auto racing has potentially as many home

�eld e�ects asthere are track{driv er combinations. One measurablecharacteristic of a track is its predictabilit y,

that is, to what extent good drivers are more likely than averagedrivers to perform well there. We will also

explorethe driver{trac k interaction to measurethe extent to which driversspecializeon certain (t ypesof) tracks.

This is done via a hierarchical speci�cation of interactions. Our modeling approach is somewhatexploratory in

nature: rather than striving for a single model explaining all the data, we list several factors that we expect to

be important, and for each, usean appropriate subsetof our data to explore that factor. This approach keeps

each individual analysis small enough to be computationally feasible, and makes concessionsto the fact that

the data set is too small to considerall hypothesessimultaneously.

Inherent in our modeling approach is the parameterestimation associated with driving team abilit y. Through-

out this paper we refer to driver abilities; however, the modeling employed in this paper is only able to rate

all members of the racing teams together, including owners, crew chiefs, pit crews, and mechanics. Our data

are insu�cien t to assessdriver abilit y independent of team abilit y. Another concern is that drivers who drive

partial seasonscan chooseraceson tracks for which their skills are well-suited. For most comparisonsbetween

drivers, this is not an issue, in part becausemost of the above-averagedrivers compete in every race, missing

racesonly at random due to injury . However, race selectionbias can potentially be a problem when estimating

the abilit y of road coursespecialists who drive only in the one or two racesper year that feature right turns.

This paper is organized as follows. In Section 1.1 we review related work in both sports and non-sports

applications. The data on which our analysis is based is discussedin Section 2. Our fundamental model is

presented in Section 3. Section 4 details the strategy for estimation of the model we pose. Results from and

extensionsto that model arecontained in Section5. In Section6 weconcludewith somediscussionand proposals

for future work.
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1.1 Related Work

While the statistical literature contains little evidenceof work on auto racing, there is a substantial literature

on permutation models. Marden (1995) provides a nice review of models for permutations.

Bradley and Terry (1952) present the seminal work on modeling head-to-headcompetition, in which two

opponents have abilit y parameters� 1 and � 2, and the probabilit y of a win by the �rst opponent is � 1=(� 1 + � 2).

Luce (1959) presents a natural extension of the Bradley-Terry model by allowing more general comparisons

than just paired comparisons. Plackett (1975) presents a saturated logistic model for probabilities of winning

and illustrates his methodology with voting results.

Yu and Lam (1996) provide a nice analysis of duplicate bridge tournament data, using the Bradley-Terry

model. Ties are quite common in bridge, which severely restricts modeling choices. Johnson, Deaner, and van

Schaik (2000) proposea latent variable model for primate intelligence. The responsesare multiple rankings of

the skills of several generaof primates at performing di�eren t tasks, and thus this is a competing model for that

proposedhere. The approach is couched in the Bayesianhierarchical modeling framework. A strength of such

an approach is that the Gaussianerror structure makes it possibleto study correlated rankings. We studied a

similar approach for racing data, but Gaussianerrors �t the data poorly.

Stern (1990) presents a generalclassof models for permutations basedon gammarandom variables. Stern's

approach is to estimate the distribution of �nishing position assuminga given �rst place probabilit y for each

individual. The results of the model are applied to horse racing. Our model most closely resembles Stern's

model, except that we usea last placeprobabilit y for each individual, which results in a better �t for car racing,

where early exits from a race are common (due to wrecks, enginefailure, etc.).

Little work has beendone on hierarchical modeling of interactions. Several authors indicate a desire to �t

interaction terms in a hierarchical sense(Berry, Reese,and Larkey 1999, for example), but are limited by the

type of data collected. Spiegelhalter,et al. (1999) present Bayesianhierarchical models for problems posedby

Breslow (1984), Breslow and Clayton (1993), and Clayton (1994) that were originally analyzed under a more

classicalframework. In this work we present an approach to modeling interactions in a hierarchical framework

and in the next section we describe the data that support our speci�cation.
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2 Data

We obtained race data from 1996-2000from NASCAR's web site, www.nascar.com, for the WC, BGN, and CT

series. Typical numbers of racesper year are 34 for WC, 32 for the BGN series,and 25 for CT. Data quality

for the WC seriesis essentially 
a wless. Periodically the BGN data are missing certain �nishing positions (in

these rare caseswe act as if the missing drivers did not participate at all and move the remaining drivers up

one �nishing position if necessary). The CT data are the most incomplete; someresults from past years are

missing, and archived data include fewer data �elds.

Available data �elds include �nishing position, starting position (determined by speed in a qualifying lap),

driver, car number, sponsor, car manufacturer, number of laps completed, indicator of whether driver led

any laps, indicator of whether driver led more laps than any other driver, status of driver at end of race

(either \Running" or a reasonwhy the car wasn't running), money and championship points earned(points are

determined by �nish position and the indicators of laps led), date of race, and the track (and therefore various

qualities of the track, such as its length, amount of banking in degrees,and qualifying speed). The data are

available for download at the web site madison.byu.edu/racing/racing.html .

The WC seriesis more prestigious than the BGN series,but WC drivers (e.g. Mark Martin) frequently drive

in BGN races,making it possible to compare the relative strengths of drivers in the two series. There is less

cross-driving with the CT series,but there is somepotential for comparison using multiple years of data and

drivers who werepromoted from the CT to either the BGN or WC series.Thesecomparisonswill needto allow

for the possibility that somedrivers improve over time.

3 Fundamen tal mo del

We usethe model of Luce (1959), a natural extension of the Bradley-Terry paired comparisonmodel (Bradley

and Terry, 1952), and a modi�cation of the models discussedin Stern (1990) as the basisof our analyses.

In each serieswe observe R ij , the �nishing position of the i th driver in the j th race. From these �nishing

positions we want to estimate the abilit y of each driver for a given race. Letting � ij represent the i th driver's

5



abilit y in the j th race, our simplest model is

� ij � � i and � i � N (�; � 2
� ); (1)

in which each driver hasa singleabilit y parameter that is constant acrossraces. � 2
� is given a prior distribution,

and for our models, � can be taken to be zero without lossof generality. In more sophisticated models, we will

put structure on the � ij 's and analyze the parameters inherent in this structure.

To create �nishing order from the � ij coe�cien ts, we choosea driver to �nish in last place with probabilit y

proportional to � ij = exp(� � ij ). We then choosethe second-to-lastplace �nisher from the remaining drivers,

again with probabilit y proportional to � ij , and repeat this processuntil drivers i 1 and i 2 remain, and the second

place �nisher is chosento be driver i 1 with probabilit y � i 1 j =(� i 1 j + � i 2 j ). This model is appealing becauseit

resembles what actually happensin a race, as drivers often drop out one by one; we refer to it as the \attrition

model." (Slower cars can also be viewed as \dropping out," though perhapsnot at well-de�ned times.) Let � j

be de�ned so that � j (k) = i meansthat driver i �nished in kth place in race j . If the data set consistsof J

racesand I j drivers took part in race j , this model givesrise to the likelihood function

P(� j� ) =
JY

j =1

I jY

i =1

� � j ( i ) ;j

 
iX

k=1

� � j (k ) ;j

! � 1

:

For example, consider a race j with three drivers, with � 1j = 1, � 2j = 2, and � 3j = 3. Then the probabilit y

that driver 3 �nishes third and driver 2 �nishes second,P(123), is 3=(1 + 2 + 3) � 2=(1 + 2) = 1=3. Similarly,

P(132) = 1=4; P(213) = 1=6; P(231) = 1=10; P(312) = 1=12; and P(321) = 1=15.

The model has a further intuitiv e interpretation: one mechanism that would lead to this probabilit y model

for permutations is if each driver remains in the race for an exponential length of time with rate (inversemean)

parameter � ij . The �nishing positions are then determined by ranking the \failure times." (This follows from

the facts that if Z1 and Z2 are independent exponentials with rates � 1 and � 2, P f Z1 < Z2g = � 1=(� 1 + � 2),

the minimum of several independent exponentials is exponential with rate equal to the sum of rates, and the

memorylessproperty of the exponential distribution.) A consequenceof this formulation is that the probabilit y

that driver i 1 �nishes ahead of driver i 2 in race j is equal to � i 2 j =(� i 1 j + � i 2 j ), independently of which other
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driversare in the race. The model for the ranks alsoresults from a more generalmodel for failure times in which

the various drivers have failure intensities given by � ij (t) = � ij gj (t), where the � ij 's are positive constants and

the gj 's are positive functions not varying acrossdrivers, so we are not in e�ect assumingfailure rates which

are constant in time.

This formulation di�ers from the one in Stern (1990) in a subtle way: Stern's model also in e�ect determines

the �nishing order basedon exponential random variables, but Stern's winner is the racer with the smallest

exponential variable, while our winner has the largest. Stern's exponential variables are to be interpreted as

lengths of time each competitor requires to complete the course, rather than as failure times. Stern's models

also allow the ranking times to take on non-exponential distributions; in particular, a gamma time with integer

shape parameter r can be interpreted as the time it takes to scorer (independent exponentially distributed)

points. Stern was motivated by horse racing, in which there is the appealing interpretation that each of these

points represents a fraction of the race length. In auto racing, in which many cars that could have won the race

seetheir chancesend due to mechanical problemsor crashes,the failure time interpretation is more appropriate.

An appealing characteristic of the attrition model is that it captures the fact that a strong �nish in a race

is a much more accurate measureof a driver's abilit y than a poor �nish. While any driver can su�er an early

mechanical failure or drop out due to an early accident, it is nearly impossible for a subpar driver to �nish

strongly. In the attrition model, the kth place�nisher is in essenceinvolved in K � k + 1 comparisonswith other

drivers. Consider a single race with K drivers and observed �nishing positions � 1(�). The diagonal elements of

the observed information matrix are then:

I ii = �
@2

@� 2
i

ln p(� j� 1(�) ) =
KX

k= i

ak +
1
� 2

�
(2)

where

ak = e� � i

 
kX

m =1

e� � � 1 ( m ) � e� � i

!  
kX

m =1

e� � � 1 ( m )

! � 2

Since ak is non-negative, the sum in Equation 2 will be larger for smaller values of i . That is, the better the

�nish, the greater the information about the driver's parameter, except that the information is the samefor the

�rst and secondplace drivers, sincea1 = 0.
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4 Analysis strategies

In this section we include somediscussionabout how we analyze these data. We discussour choice of prior

distributions, our system for estimating Bayesianmodels, and which convergencediagnosticswe use.

4.1 Prior selection

Our goal was to uncover di�erences betweendriversand tracks that weredriven by the data setswe used,sowe

chosepriors under which the driversand tracks wereexchangeable.(If instead onewereinterested in integrating

other information to attain better estimates of di�erences in driver abilities, one would use nonexchangeable

priors, presumably basedon results of racesprior to 1996or in other racing series.)

We did not, however, make any e�ort to usepriors which were fully non informativ e, such asusing a normal

prior for � i with a large standard deviation. Instead we placed hyperprior distributions on these standard

deviations and chosethe hyperprior parametersto give reasonablequantiles for quantities like the probabilit y of

the 25th percentile driver �nishing aheadof the 75th percentile driver. For example,considerthe model with a

singleabilit y parameter for each driver � ij � � i , where(� i j� � ) � N (0; � 2
� ), and where� � is exponential with mean

b. To select the hyperparameter b, supposethat � � is equal to its pth quantile given b (i.e. � � = � blog(1 � p)).

In this casethe probabilit y that the � th percentile driver (whose� is equal to � � z� , where z� is the � th normal

quantile) beats the median driver (whose � is zero) is (1 + (1 � p)bz� ) � 1. If, for instance, we chooseb = 1, the

probabilit y that the 90th percentile driver beats the median driver is 0.71 if � � is equal to its prior mean, while

this probabilit y rangesfrom 0.53 to 0.95 if we allow � � to range from its 10th to 90th percentiles. Our most

common choice in what follows is b = 1; we can seefrom this discussionthat this corresponds to a relatively

non informativ e prior sincethis is a large range of probabilities.

The exchangeableprior strategy does have a weaknessin that it does not take into account the fact that

if drivers participate in only someof the races, they are likely to participate in the onesin which they would

perform best. The e�ect is potentially to lead to overestimatesof the abilities of thesedrivers. Several drivers

specializein road courseracing and enter only those races;somedrivers preferentially enter racesat their home

tracks; and drivers who would be unlikely to do well can fail to qualify.
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4.2 An Ob ject-Orien ted System for Bayesian Data Analysis

We performed the analysespresented in this paper using a software system written in Java being developed at

Los Alamos (seeGraves, 2001). The goals for this system include making it as easyas possibleto implement

MCMC analysesof new models. It updates parametersexclusively through Metropolis steps,so that conjugate

priors and complete conditional distributions are not needed.

However, the software also allows parameters or groups of parameters to be updated in arbitrary ways, in

principle including Gibbs stepsif they are implemented by the analysts, but so far we have found it more useful

to implement Metropolis steps where several (highly correlated) parameters are perturb ed simultaneously to

generatecandidate moves. We usedseveral typesof complex Metropolis stepsin the analysespresented here. A

simple examplewould be adding a commonrandom constant to the entire � i vector to prevent the averagevalue

of the � i 's from drifting slowly away from zero. We continue to study the circumstancesunder which complex

update stepsare useful in MCMC, and this software systemprovides an ideal framework for such studies, since

it computesMetropolis(-Hastings) acceptanceprobabilities for arbitrary changesto the parameters. A typical

MCMC algorithm generatedby this system, then, loops over all the parameters, updating each with a single-

component Metropolis step, and at the end of the loop, additional Metropolis-Hastings stepscan optionally be

added where candidatesare generatedby perturbing correlated parameterssimultaneously.

The system does not yet contain ways of automatically generating step sizes for Metropolis steps, so in

principle, a substantial amount of tuning of these step sizescould be necessary. We found that it was often

straightforward to reduce the numbers of e�ectiv e tuning parameters: for instance, we assumedthat driver

abilit y parameterscould have step sizesthat were a constant divided by the squareroot of the number of races

in which the driver participated, and tuned the constant.

4.3 Convergence diagnostics

Addressing convergenceof Markov Chains in complex models (large number of parameters) is non-trivial. To

assessmixing, time seriesplots were created for each of the parameters, and all revealed good mixing of the

chains. Convergenceof the chains weredetermined basedon diagnosticsproposedby Raftery and Lewis (1996).

While these diagnostics cannot predict absolute convergence,the criteria set forth in Raftery and Lewis were
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all met completely for our study.

5 Results

In this section we derive rankings for drivers based on their 2000 performances,estimate trends in drivers'

abilities over time, and compare drivers in di�eren t racing seriesby taking advantage of the fact that some

drivers participate in both. We also study track properties: whether tracks di�er in predictabilit y, which tracks

are most alike, and whether there is a driver-track interaction.

5.1 Track-indep endent driv er abilities

The simplest model for these data includes only an abilit y coe�cien t for each driver that does not depend on

the race (� ij � � i ). We �t this model to the results of the 2000seasonsin all three series.This model allows us

to ask whether a seasonconvincingly demonstratesoneraceteam's superiorit y to another or whether luck could

explain their di�eren t degreesof success.For example, Je� Gordon dominated the WC seriesin 1995-98with

forty wins and three championships,but he slipped to sixth in the seasonstandings in 1999and ninth in 2000

beforewinning another championship in 2001. We concludethat his 2000seasonshowed a signi�cant decline in

his racing team's abilit y parameter.

5.1.1 2000 Winston Cup season

Table 1 contains the results for the 2000NASCAR Winston Cup season,in which Bobby Labonte won his �rst

NASCAR championship. The hierarchical model employed here assumesthat driver abilit y coe�cien ts � i do

not depend on the raceand have normal prior distributions with meanzeroand variance� 2
� . The hyperprior for

� � is exponential with mean1 asdiscussedin x4.1. The results are basedon 10,000MCMC iterations after 1000

iterations of burn-in. We note that correlations betweenparameters are modest. For purposesof comparison,

we �t Stern's model aswell as the attrition model. Thirt y-one driversmissedtwo racesor fewer, socomparisons

among thesedrivers will not be a�ected by race selectionbias.

Our results are similar to the WC seriespoints standings, given in the \O�cial" column, with somedi�er-

ences.Our model, the o�cial standings, and Stern's model di�er in the extent to which they reward very good
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�nishes as opposedto punishing very bad �nishes. Our model is the most strongly in
uenced by victories and

the least strongly a�ected by poor �nishes, while Stern's model is the reverse. In o�cial NASCAR standings,

winless Ricky Rudd edgedout serieswin leader Tony Stewart for �fth place, while we place Stewart in third

and Rudd in ninth, and Stern's model lists Rudd in third and Stewart in eighth. (Racing fans and journalists

frequently complain about how the NASCAR points system fails to encourageaggressive driving and winning

races. Our model is not a seriouscandidate asa replacement, due to its relative complexity and the uncertainty

involved with MCMC estimates. However, it might be promising to develop a simple systemthat approximates

our ratings, by, say, regressingour posterior meanson numbers of �nishes in each position. The results could

then be adjusted so that drivers always earn positive points by appearing in a race, so that there is no incentiv e

to skip races.)

The biggestbene�ciary of our method is Jeremy May�eld, who is thirteen placeslower in the o�cial standings

due to missing two races,being penalizedfor an illegal part in another, and otherwise having many very good

and many very bad performances. An interesting question for future work is whether May�eld has a higher

variance in his performancethan other drivers. Ron Hornaday had the highest ranking for a driver who drove

in only one race; he �nished thirteenth in that race. Ron Fellows and Kerry Earnhardt each �nished last in

the only race they drove in, but since all drivers have prior mean abilities of zero, a single last place does not

translate to the lowest ranking (in posterior mean). (Fellows is a road coursespecialist, so there was a danger

that we would overestimate his abilit y as he entered only a race on his best track. His poor �nish solved this

problem, unlike in the Busch season;seex5.1.2.) Darrell Waltrip, oneof NASCAR's all-time greats who retired

after the season,had the lowest rating of any driver who drove in most of the races. The posterior mean and

standard deviation of � � were0.82and 0.09respectively; � � is smaller in the WC seriesthan in the BGN or CT

series,indicating that drivers are more evenly matched in the top series.

The eighth and ninth columns in Table 1 report results of 1000simulated seasonswhere we recordedwhich

drivers won racesor seasonchampionships. To simulate a season,we pick a vector of � s by choosing one of

the MCMC iterations at random and obtaining race results according to the attrition model, assumingthat the

participants in each race are the sameas those who were in the corresponding race in the real season.These

results help to addressgoodnessof �t of the model, and the model matcheswell, with the averagenumbers of
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wins closeto the observed valuesand with deviations in unsurprising directions (e.g. Stewart and Wallace won

more racesthan expected, Earnhardt and Jarrett fewer). In the NASCAR ranking system, drivers accumulate

points in each race toward the seasonchampionship, earning points for their �nishing positions according to

a piecewiselinear function (175 for �rst, 150 for sixth, 130 for eleventh, and three points fewer for each spot

below eleventh), plus �v e point bonusesfor leading at least one lap or for leading more laps than any other

drivers. Since we do not model leading laps, we approximated the leading lap points by awarding ten points

to the race winner and none to anyone else. Simulated Bobby Labontes won a quarter of the simulated season

championships, slightly more than simulated Je� Burtons. We see that the probabilit y of Dale Earnhardt

winning the championship was about thirteen percent, which provides a starting point for discussionsof the

likelihood of his winning an unprecedented eighth championship had he survived. Je� Gordon's � posterior

is not consistent with his performanceas the dominant driver in 1996-8;something was genuinely di�eren t in

2000: in fact, his crew chief left the team in mid-1999. In 2001,Gordon and his new crew chief adjusted to each

other as onceagain they convincingly won the championship.

For comparison,results from Stern's model are also given in Table 1, including the posterior mean, average

number of wins in simulated seasons,and number of seasonchampionships won in 1000 simulated seasons.

Bobby Labonte's rating is identical to ours to two decimal places,but Stern's model gives a much larger gap

between Labonte and his pursuers: Labonte won a surprisingly high 77% of simulated championships while

winning a surprisingly low number of races. In the actual season,Labonte had only one �nish of 22nd or worse,

explaining his dominance according to metrics that punish bad �nishes, as Stern's model does. The numbers

of wins for top drivers listed in Table 1 match simulated wins numbers from our model much better than for

Stern's: the excesswins in Stern's model go to drivers such as Sterling Marlin or Darrell Waltrip who had

mediocre or worseseasonsin 2000. (Dale Earnhardt Jr.'s two wins looks like the biggestpotential sign of lack of

�t for our model, as we estimate his expected number of wins to be 0.22. However, one out of 48 Poisson(0.22)

variables will be two or larger, and it is not surprising to have one outlier of this magnitude among 74 drivers.)

In 283 of the 1000simulated seasonsunder Stern's model, no driver won more than three races. At least since

1972, every WC seriesseasonhas featured at least one driver who won �v e or more races. For the attrition

model, fourteen out of 1000simulations called for four wins by the leader, and never did the leader have three
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or fewer. The attrition model's right tail for the maximum wins statistic is still too short comparedto history:

in thirteen out of thirt y-one seasons,a driver had ten or more wins, while the attrition model predicts that this

should have happenedonly 4.4 times. This is unsurprising since the drivers were more evenly matched in the

2000data than in most years. Thesecomparisonsraise interesting questionsabout choosing the best predictive

model. If our model predicts better, then drivers with high variabilit y in their �nishes should be expected to

do better in the future than drivers who are consistent but rarely outstanding. This heuristic would indicate

that it is easierfor a racing team to overcomereliabilit y and/or accident di�culties than to add enoughspeed

to win.

Table 1: Selectedresults from simplest model, �t to 2000 Winston Cup Results. Shown are the driver's rank
according to our posterior mean and according to the seasonpoints system, the posterior mean and standard
deviation of � i for our model, the posterior mean for Stern's model, and the numbers of races the driver
participated in and won in the 2000season.The ninth and eleventh columns contain results from simulations
based on our model: the average number of wins by the driver per simulated season,and the number of
championshipswon by the driver in 1000simulated seasons.The tenth and twelfth columns contain simulation
results using Stern's model.

Atr WC Driver Post. Mean SD Races Actual Sim. Wins Sim. Titles
A tr Stern Wins A tr Stern A tr Stern

1 1 Bobby Labonte 1.64 1.64 0.21 34 4 4.86 3.00 266 770
2 3 Je� Burton 1.59 0.98 0.21 34 4 4.48 1.50 231 27
3 6 Tony Stewart 1.53 0.73 0.22 34 6 3.84 1.20 155 1
4 2 Dale Earnhardt 1.47 1.28 0.20 34 2 3.64 2.10 126 141
5 4 Dale Jarrett 1.40 0.98 0.20 34 2 2.99 1.60 78 22
6 7 Rusty Wallace 1.34 0.85 0.21 34 4 2.62 1.40 51 7
7 8 Mark Martin 1.25 0.39 0.20 34 1 2.16 0.80 30 0
8 9 Je� Gordon 1.25 0.80 0.21 34 3 2.12 1.20 39 3
9 5 Ricky Rudd 1.21 1.03 0.20 34 0 1.94 1.70 22 27

10 10 Ward Burton 0.97 0.53 0.20 34 1 1.02 1.00 3 2
11 24 Jeremy May�eld 0.96 -0.16 0.21 32 2 0.98 0.50 0 0
16 16 Dale Earnhardt Jr. 0.51 0.21 0.21 34 2 0.22 0.70 0 0
21 54 CaseyAtwood 0.28 0.28 0.47 3 0 0.02 0.07 0 0
22 19 Sterling Marlin 0.27 0.21 0.20 34 0 0.10 0.70 0 0
23 61 Ron Hornaday 0.21 0.16 0.62 1 0 0.02 0.02 0 0
32 48 Kurt Busch -0.08 0.02 0.37 7 0 0.01 0.10 0 0
61 72 Ron Fellows -0.61 -0.67 0.81 1 0 0.01 0.01 0 0
63 73 Kerry Earnhardt -0.64 -0.61 0.80 1 0 0.01 0.01 0 0
71 36 Darrell Waltrip -0.85 -0.47 0.21 29 0 0.00 0.30 0 0
74 53 Je� Fuller -1.14 -0.54 0.41 7 0 0.00 0.07 0 0
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5.1.2 2000 Busc h Series season

We performed the sameanalysesusing the 2000Busch seriesGrand National Division results; theseresults can

be found in the long version of this paper at http://madison.byu.edu/racing/racing.html . Je� Green won

the BGN championship by a record-setting margin in that season. According to our model, the probabilit y

that his � was higher than that of the secondbest BGN regular was about 0.988, and he won 88% of the

simulated championships. Still, three WC seriesregularswho drove in someBGN raceswere rated more highly,

in particular Mark Martin, who �nished sixth or better in all thirteen of his raceswith �v e wins. Two road

racing specialists, Ron Fellows and Butch Leitzinger, entered a single race on a road courseand �nished �rst

and second;our method givesthem the sixth and twelfth highest ratings. This is a great exampleof a weakness

in the simple model, which assumesthat drivers are equally skilled on all tracks. Driv ers that enter only a few

racesare likely to choosethe tracks for which they are best suited, and that is certainly what happened with

road racing specialistsFellows and Leitzinger. Basedon thesedata, it is unwise to draw conclusionsabout their

abilit y on oval tracks relative to seriesregulars.

5.1.3 2000 Craftsman Truc k season

Also at http://madison.byu.edu/racing/racing.html is our analysisof the third major NASCAR series,the

Craftsman Truck series. Again our results are similar to the o�cial seasonstandings, with subtle di�erences.

Seasonchampion Greg Bi�e had a 43% chanceof winning the championship.

5.2 Who are the future stars? Trends in driv er abilit y

Fitting the models of the previous section on other individual yearsor on several yearssimultaneously makesit

clear that driver abilities are not constant over time. Berry, Reeseand Larkey (1999) usehierarchical modeling

to estimate typical abilit y trends as a function of age in baseball,golf, and ice hockey. Sincewe have only �v e

yearsof data available and sincedrivers often have long careers,sometimesperforming at top levels into their

�fties, we will be more modest and look for linear trends in abilit y over this period of time. We focus on the

CT series,since it tends to have many young, rapidly improving drivers.

Table 2 contains the results, based on 10000 MCMC iterations after 1000 iterations of burn-in. After
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collapsing all 83 drivers who drove in only one race into a single \Miscellaneous" driver, 224 drivers remained

in the data set. (The Miscellaneousdriver includes such stars as Bobby Labonte, Rusty Wallace, and Tony

Stewart, as well as many far less talented drivers.) The model assumesthat driver i 's abilit y in year 1998 is

equal to � i , and that driver i improves by an amount � i each year: � ij = � i + � i (yj � 1998), where yj is the

year in which race j took place. The � i s have a N (0; 1) prior distribution, while the � i s have a N (0; 0:32) prior

distribution, independent of the � i s. The table contains posterior meansand standard deviations of � and �

for selecteddrivers, the rank of each driver's posterior mean abilit y for 1996,1998,and 2000,and the number

of racesdriven in each of the �v e seasons.

The fastest improving driver was Greg Bi�e, who did not race in the CT seriesin 1996 or 1997, �nished

eighth in the standings in 1998, secondin 1999, and comfortably �rst in 2000. Still more interesting was the

secondfastest improving driver, Kevin Harvick, who left the CT seriesafter a 12th place �nish in 1999. Had we

�t this model at the end of 1999,we would have beenmuch lesssurprised by Harvick's third place �nish in the

BGN seriesstandings; that performancewas far better than he had done in the CT series,but his improvement

in CT racing was steady and fast. In 2001,Harvick had a strong rookie year in the WC series(he took over for

Dale Earnhardt), while alsowinning the BGN serieschampionship. We might have expectedBi�e to do well in

the BGN seriesin 2001(he �nished a strong fourth), and Andy Houston, who had the third highest improvement

rate, to do well in the WC series(he did not, being releasedby his team after qualifying for only seventeen

raceswith a best �nish of 17th). The best way to earn a highly negative � coe�cien t was to perform brillian tly

in 1996and to mostly stop racing in the CT seriesafterwards, as 1996third place �nisher and 1997-2000WC

seriesdriver Mike Skinner did. (Of course,if we included Cup results in this analysis,we might no longer claim

that Skinner was regressing,since he has performed solidly in his new series.) Joe Ruttman, now in his late

50s, remained largely consistent over the �v e years.

5.3 Comparing the three series

Since we model �nishing order for a race containing any subset of drivers, it is natural to analyze racesfrom

di�eren t seriessimultaneously, under the assumption that a driver's abilit y in a WC seriescar is the sameas

his abilit y in a CT seriestruck. Seehttp://madison.byu.edu/racing/racing.html for details. This analysis
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Table 2: Trends in driver abilit y over time. From data for Craftsman Truck series,1996-2000.The table lists
posterior means and standard deviations for � i and � i , where the abilit y for driver i in a race in year j is
� i + (j � 1998)� i . We also list the numbers of racesby the drivers in each of the �v e seasons,and the ranks
for the posterior meansin 1996,1998,and 2000. The drivers shown are listed in order of estimated 2000abilit y
(� + 2� ).

Driv er dE(� ) SD(� ) dE(� ) SD(� ) Races Ranks
Greg Bi�e 1.53 0.20 0.49 0.15 00/00/25/25/24 46/11/01

Kurt Busch 1.61 0.54 0.28 0.25 00/00/00/00/24 23/06/02
Ernie Irvan 1.83 0.36 0.16 0.24 03/01/02/01/00 10/03/03

Stacy Compton 1.39 0.14 0.32 0.14 00/22/25/25/00 38/15/04
Rich Bickle 1.69 0.27 0.14 0.18 24/22/04/02/00 12/05/05

Jack Sprague 2.10 0.11 -0.07 0.08 24/22/25/25/24 04/01/06
Mike Wallace 1.24 0.14 0.35 0.11 00/14/25/25/24 49/18/07

Ron Fellows 1.43 0.31 0.21 0.20 00/04/04/04/01 30/14/08
Andy Houston 1.11 0.17 0.36 0.13 00/04/25/25/24 59/19/10
Kevin Harvick 0.78 0.14 0.49 0.15 04/12/24/25/00 123/35/13
Joe Ruttman 1.60 0.11 0.01 0.08 24/22/25/19/24 09/07/14

Ron Hornaday 2.02 0.13 -0.22 0.10 24/22/25/25/00 02/02/15
Randy Tolsma 0.94 0.13 0.23 0.10 01/16/24/25/24 54/29/16

Mike Bliss 1.46 0.13 -0.09 0.10 24/22/25/25/00 07/13/18
Mark Martin 1.77 0.68 -0.31 0.27 02/00/00/00/00 03/04/20
Mike Skinner 1.56 0.41 -0.45 0.21 24/03/02/00/00 01/09/42

Tammy Jo Kirk 0.06 0.25 -0.07 0.24 00/16/12/00/00 71/91/100
Mike Swaim -0.13 0.59 -0.00 0.28 00/00/00/03/00 106/112/111

Dave Rezendes 0.55 0.29 -0.40 0.18 24/19/06/00/00 13/53/136
Miscellaneous -0.55 0.13 -0.02 0.08 **/**/**/**/** 174/175/175

Jerry Glanville -0.63 0.31 -0.05 0.18 05/02/02/04/00 180/189/194
Mike Hurlb ert -1.69 0.57 0.31 0.26 12/01/00/00/00 224/223/209
Phil Boni�eld -2.56 0.43 -0.28 0.25 00/00/00/13/08 223/224/224

involvessomeassumptionsthat are not entirely realistic: for example,we ignore the likely reducedperformance

of driverswhen they changeseriesand adapt to unfamiliar tracks and new vehicle types,crew chiefs, and racing

teams. Subject to this proviso, we found that in 2000 the BGN serieschampion was the eighth best overall

driver and the CT champion was 13th.

5.4 Do di�eren t trac ks have di�eren t variances?

We now explore track e�ects. Before modeling track-driver interactions in the next section, we �rst ask the

question of whether certain tracks' results are more predictable than others'. Let T(j ) denote the track for race

j , and let � ij = exp(� � T ( j ) � ij ). The � T ( j ) parametersare then precisionparameters,which are large if raceson

track T(j ) are relatively predictable. For the purposesof this analysiswe took driver abilities to be independent
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of the tracks (� ij � � i ), and to have the standard Gaussianprior. We took the prior distribution for the � 's to

be exponential with mean b� , where b� has a standard exponential hyperprior.

We studied this model using �v e years of WC seriesdata (1996-2000). We made this choice becausewe

wanted to limit the number of drivers and to assumethat their abilities remainedconstant over the racesin the

data set. Table 3 contains the results for the 22 tracks in the data set. We ran the chain for 5000 iterations

after 1000 iterations of burn-in. There are a total of 136 parameters including 113 driver abilities, 22 track

predictabilities, and b� . The posterior mean and standard deviation for b� were 2.42 and 0.61. In this analysis,

the driver abilities were also compressedrelative to previous analyses,so that the � s can all be larger than one.

The standard deviation of the set of posterior meansof driver coe�cien ts is 0.36, while this quantit y was about

one in the previous analyses.

There are somepotential identi�abilit y issueswith this model. The functions of � and � that are estimable

from the data are of the form � j (� i 1 � � i 2 ). Another way of saying this is that the likelihood is invariant to

increasing the scaleof the � s by a positive constant and decreasingthe scaleof the � s by the sameconstant.

Consequently , the prior alone determineswhether, for example, all the � s should be very large while all the � s

are closetogether. Identi�abilit y issueslike thesecan have two consequences:�rst, the parameterscan be hard

to interpret. In this case,ratios of posterior meansin Table 3 are more interpretable than the posterior means

themselves,and all of the � s are positively correlated so the marginal standard deviations lead to overestimates

of the variabilit y in ratios of � s. Second,poor identi�abilit y can lead to poor convergenceproperties of MCMC

algorithms with componentwise parameter updates, and indeed we did observe poor mixing of, for example,

the mean of the � s and the variance of the � s when we used only componentwise Metropolis updates. One

way to addressthis problem is to insist that the averagevalue of the � s is always equal to one and modify the

prior distribution accordingly. Instead, we choseto usesimple prior distributions and a new MCMC algorithm

with componentwise Metropolis steps as before, and additional Metropolis steps designedto improve mixing

of the MCMC algorithm. Speci�cally , we added the following two steps: in the �rst step, our Metropolis

candidate is obtained by generating a single Gaussianrandom variable with speci�ed standard deviation, and

adding this common value to all of the � i 's. This keepsthe average value of the � s around zero and hence

consistent with the prior. In the secondstep, we generate a random Gaussian W , and construct the new
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candidate values of the parameters as follows: let �� be the mean of the current values of the � i 's, and let

� C
i = �� + exp(W )( � i � �� ); � C

t = exp(� W )� t ; and bC
� = exp(� W )b� wherethe superscript C refersto \candidate."

The parametersare then changedto their candidatevalueswith the appropriate Metropolis-Hastingsprobabilit y.

Thesetwo movesdo not changethe value of the likelihood, only the prior. The Java systemwe are using makes

it easy to add Metropolis-Hastings steps in which multiple parameters are modi�ed at once. In the present

example,we do obtain very good mixing, according to the Raftery and Lewis convergencediagnostics: only one

parameter wassuspect, the � parameter for North Wilk esboro Raceway, for which we only had oneraceof data.

The � t 's are all estimated to be greater than their prior mean value of one, becausethe prior distribution for

the � s pulls them toward each other and henceencouragesthe � s to be large.

Table 3: Predictabilit y measuresfor Winston Cup tracks, listed from most to least predictable. The table con-
tains the posterior meanand standard deviation for the predictabilit y parameters� t , together with information
about the tracks' characteristics: their lengths in miles, numbersof degreesof banking in the corners(not listed
for road courses),and speedas measuredin miles per hour for the fastest lap ever run in qualifying.

Rank Track E(� ) SD(� ) Length Banking Speed
1 Charlotte 3.22 0.63 1.50 24 186
2 Dover 3.03 0.59 1.00 24 160
3 Rockingham, NC 2.97 0.59 1.02 22 158
4 Michigan 2.94 0.58 2.00 18 191
5 Darlington, SC 2.92 0.58 1.37 23-25 174
6 Indianapolis 2.81 0.62 2.50 31 181
7 Bristol, TN 2.80 0.57 0.53 36 126
8 Pocono, PA 2.78 0.57 2.50 6-14 172
9 Richmond, VA 2.76 0.56 0.75 14 126
10 Las Vegas 2.68 0.65 1.50 12 173
11 North Wilk esboro, NC 2.61 0.80 0.63 14 ?
12 California 2.56 0.61 2.00 14 186
13 Atlanta 2.54 0.55 1.54 24 197
14 Phoenix 2.51 0.54 1.00 11 135
15 Homestead-Miami 2.47 0.69 1.50 8 156
16 Martinsville, VA 2.45 0.52 0.52 12 95
17 Daytona 2.34 0.48 2.50 31 210
18 New Hampshire 2.18 0.46 1.06 12 132
19 SearsPoint, CA 2.07 0.45 1.95 Road 99
20 Texas 2.04 0.52 1.50 24 192
21 Talladega,AL 1.79 0.39 2.66 33 213
22 Watkins Glen, NY 1.42 0.40 2.45 Road 121

Most of the tracks have similar valuesof � , but someinteresting things emerge.The most and fourth-most

unpredictable tracks, Watkins Glen and SearsPoint, are the only road coursesin the data set. Road courses

di�er from other tracks in that they include more curves, including someright turns. Common perception is
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that driving talent di�ers for road and oval tracks (in fact, teams often hire specialists to substitute for their

normal drivers on road courses). The secondmost unpredictable track, TalladegaSuperspeedway in Alabama,

is genuinely unpredictable. It is NASCAR's fastest track with qualifying speedsin excessof 190 mph for a

lap, and the track tends to equalizethe cars becauseit is easierto build a car with good handling there. It is

one of two tracks (Daytona being the other) where carburetor restrictor plates are used, which reducesrates

of acceleration. Racesat Talladega feature all the cars bunched together for essentially the entire race, where

cars frequently can gain or lose many ranks rapidly if they line up together or fail to do so. Also, crashesat

Talladegacan easily include ten or more cars due to the closepacking and high speeds.

One of our hypothesesis that the most challenging tracks will be most predictable. Of the predictable tracks,

Lowe's Motor Speedway in Charlotte, NC is famous for changing its properties during racesas temperatures

and cloud cover change,which would favor experiencedteams and drivers, but it is also the site of NASCAR's

longest race (600 miles), and a priori one expects that longer racesprovide more time for good drivers to assert

their superiorit y regardlessof track di�cult y. The second,third, and �fth most predictable tracks, Dover Downs

(\The Monster Mile"), North Carolina Speedway in Rockingham, and Darlington, SC (\The Track Too Tough

to Tame") are also known for their di�cult y; Rockingham and Darlington are di�cult in part becausetheir

abrasive surfaceswear out tires quickly.

Another of our hypothesesis that short tracks are lesspredictable than longer tracks, becausemorecongested

racing can lead to more frequent crashes,evenby good drivers. The data contain no evidenceof this phenomenon

(or its reverse), as the four tracks in the data set of length shorter than a mile (Bristol, Richmond, North

Wilk esboro, and Martinsville) were all estimated to be of essentially averagepredictabilit y.

5.5 How strongly do driv ers' abilities depend on trac ks? Whic h trac ks are most

similar?

Home�eld advantagesare factors in most sports. In racing, this concept is much richer, sincedriverspotentially

have a di�eren t abilit y on each track. Rusty Wallace seemsto be the strongest driver on short tracks, while

the late Dale Earnhardt was unmatched on large, fast superspeedways where restrictor plates are used and

where drafting is critical. In this section we �t abilit y coe�cien ts that are di�eren t for each (track, driver)
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combination. The hierarchical form of the model encouragesdrivers that have been successfulin general to

have large abilities even on tracks where they have been unsuccessfulin limited opportunities. We can also

post-processthe track-driver interactions to explore which tracks are most similar, by measuringwhich drivers

tend to do well on both tracks.

This is a much more general model, in which � ij = 
 iT ( j ) , (
 i 1; : : : 
 iT )j� i � N (� i ; b2), and � i � N (0; b2
� ).

(Recall that T(j ) denotesthe track of race j .) The respective prior distributions for b and b� can measureour a

priori opinions about the importance of track-driver interactions. We took b� to have a gammadistribution with

mean2 and standard deviation 0.5 and b a gammadistribution with mean1 and standard deviation 0.1, so that

a priori the ratio of across-driver standard deviation to within-driv er, across-track standard deviation would be

about 2:1. Another approach would be to assumethat � 1; : : : ; � T have a multiv ariate normal distribution with

unknown covariance matrix, where the o�-diagonal elements of the covariance matrix show which tracks are

most similar to each other. We choseto instead analyzesimilarit y of tracks by post-processingthe sequencesof


 iT ( j ) 's obtained by the MCMC.

The results, basedon the 1996-2000WC data and 5000MCMC iterations after 1000 iterations of burn-in,

are presented in Table 4. We organize the results by track. We estimated that Je� Gordon is in fact the best

driver on every track. This hints that track-driv er interactions may not be particularly important, but there are

indications basedon correlations betweentracks that track-driver interactions are real but require many races

to estimate becauseof the large amount of noise in racing. We list Gordon's posterior mean abilit y on each

track, then the driver we estimated to be the secondbest at each track, and the di�erence between Gordon's

posterior meanand his. We then list the driver who has the largest posterior meandi�erence betweenhis track

abilit y and his overall abilit y (
 iT ( j ) � � i ), together with this di�erence. Theseresults are satisfying sincethey

agreewith our perceptionsof who has beensuccessfulat particular tracks. (The authors have beenusing these

results in a fantasy racing league,with reasonableresults).

We also list, for each track, the track whosedriver abilit y coe�cien ts are most similar, by constructing the

matrix of posterior meansof (
 iT ( j ) � � i )'s and computing the correlation matrix of tracks. Theseresults hint

that the track-driver interaction phenomenonis real, since tracks we expected to be similar are estimated to

be similar. The two restrictor plate superspeedways, Daytona and Talladega, tend to favor the samedrivers.
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The track most like the road courseat Watkins Glen is the other road courseat SearsPoint. The slowest oval,

the short track at Martinsville, is similar to these road courses,as is the short track at Bristol. Another pair

of tracks that we a priori expected to be similar were Darlington and Rockingham, two old Southern tracks

that wear out tires quickly. The other track similarities are more di�cult to explain, but no obvious nonsense

emerges.At the time we completedthe analysiswe believed that the biggestsurprisewasthe similarit y between

the three-quarter mile track at Richmond and mile track at Phoenix, but both of these tracks are relatively


at, and we have since heard driver Jimmy Spencer say that Phoenix was the most logical place to expect

successfrom his car that won both BGN racesat Richmond in 2001. The posterior mean of the ratio b� =b (a

measureof importance of driver-to-driver variation relative to track-driver interactions) was3.63,with standard

deviation 0.53,sothe probabilit y that this ratio exceedsits prior meanof two is quite high. That is, track-driver

interactions are smaller than we expected a priori.

Table4: Track-driver interactions. We estimated Je� Gordon to be the best driver on all tracks, sofor each track
we list his posterior mean 
 iT ( j ) . We also list the secondbest driver on each track together with the di�erence
between Gordon's abilities and theirs: these can be converted into probabilities that they beat Gordon using
the function 1=(1 + exp(x)). The next two columns contain the namesof the \sp ecialists", the drivers whose
track-speci�c abilities are above their overall abilities by the largest amount, and the size of this deviation.
Finally for each track we list the track most similar to it as measuredby correlations betweendrivers' posterior
means. Refer back to Table 3 for descriptions of thesetracks.

Track Gordon Driv er#2 < Gordon Specialist � Most Similar

Atlan ta 1.82 Dale Jarrett 0.08 Bobby Labonte 0.31 Charlotte
Bristol 1.95 Mark Martin 0.30 Rusty Wallace 0.39 SearsPoint

California 1.94 Dale Jarrett 0.38 Jeremy May�eld 0.26 Pocono
Charlotte 1.87 Dale Jarrett 0.20 Ward Burton 0.19 Dover

Darlington 2.04 Dale Jarrett 0.30 Je� Burton 0.25 Rockingham
Daytona 1.79 Dale Jarrett 0.08 Dave Marcis 0.24 Talladega

Dover 1.88 Mark Martin 0.20 Matt Kenseth 0.24 Homestead
Homestead 1.83 Tony Stewart 0.19 Tony Stewart 0.18 Dover

Indianap olisMS 1.87 Dale Jarrett 0.12 Bobby Labonte 0.17 Michigan
Las Vegas 1.80 Mark Martin 0.21 Je� Burton 0.21 Darlington

Martinsville 1.95 Tony Stewart 0.47 Bobby Hamilton 0.34 SearsPoint
Michigan 1.90 Dale Jarrett 0.10 Ernie Irv an 0.32 Indianap olis MS

New Hampshire 1.84 Je� Burton 0.22 Joe Nemechek 0.33 Talladega
North Wilk esboro 1.96 Dale Jarrett 0.33 Terry Labonte 0.16 Rockingham

Phoenix 1.75 Dale Jarrett 0.13 Bobby Hamilton 0.20 Richmond
Pocono 2.01 Dale Jarrett 0.25 Jeremy May�eld 0.28 Michigan

Richmond 1.85 Dale Jarrett 0.09 Dale Earnhardt Jr. 0.20 Phoenix
Rockingham 1.92 Dale Jarrett 0.10 Ricky Craven 0.34 Darlington
SearsPoint 2.02 Mark Martin 0.37 Darrell Waltrip 0.24 Martinsville

Talladega 1.79 Dale Jarrett 0.12 Kenny Wallace 0.32 Daytona
Texas 1.69 Dale Jarrett 0.07 Dale Earnhardt Jr. 0.20 California

Watkins Glen 1.95 Mark Martin 0.41 Robby Gordon 0.36 SearsPoint
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5.6 Bayes Factors

In Section 5.1.1 we presented results for our model and the corresponding results for Stern's model and argued

for our model basedon the results themselves. We can useBayes factors (Kass and Raftery 1995) to compare

the two models in a more quantitativ e sense.Bayes factors are ideal for comparing two models p1 (ours) and

p2 (Stern's) by computing

B12 =

R
p1(yj
 1)� 1(
 1)d
 1R
p2(yj
 2)� 2(
 2)d
 2

; (3)

where 
 1 and 
 2 are the parameters that identify the prior distributions � 1 and � 2 for models p1 and p2,

respectively. Using an optimal bridge sampling (Meng and Wong 1997) approach to calculate the numerator

and the denominator, we �nd logB12 � 13:24, so that the data suggestour model �ts the 2000 WC series

data decisively better (in the senseof Kass and Raftery (1995)) than Stern's model. We note that assuming

the model that �nishing position is purely a random arrangement of drivers versusour model provides a Bayes

factor of logB12 � 3900.

6 Conclusions and Future Work

We have demonstrated a new classof models for permutations that have natural applicabilit y in the analysis

of auto racing results. One feature of our Bayesian formulation is that interaction terms can be estimated in

a fully hierarchical manner. This hierarchical speci�cation allows \b orrowing of strength," making interaction

estimation in this framework particularly appealing. The results provide a basis for judging not only driving

teams' abilities, but the variation of driving teams' abilities on di�eren t tracks. This has implications for

sponsorswho may choosewhether to sponsor a team basedon that team's abilit y on those typesof tracks.

Several points weremadeclearer through this analysis. First, the abilit y measuredhere is really team abilit y

and not necessarilydriver abilit y. Most peopleassociate carswith drivers,but it is all but impossibleto separate

the driver and driving team e�ects. The secondpoint is that while we found one driver (Je� Gordon) to be the

best on every track, there is evidencethat drivers have di�eren t abilities on di�eren t tracks; that is, there is a

track-driver interaction. The third point is that our modeling approach permits us to identify \trac k specialists."
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Thesemay not be the best drivers on a particular track, but they are at their personalbest at that track. This

�nding has implications for sponsors,as they may want to choosea specialist if they are going to underwrite

an entire race. A potential danger for our methodology is that we can overestimate the abilit y of a driver if

he is successfulin entering raceswhere his chancesof a good �nish are better than on other tracks. We think

this is only a seriousproblem in the caseof road coursespecialists. At the Winston Cup level, regular drivers

miss racesbecausethey are hurt (and injuries happen at random for this purpose),becausethey losetheir jobs

(normally after a string of poor performances,in which casetheir abilit y is unlikely to be overestimated), or

becausethey fail to qualify for the race (though this is rare due to provisional starting rules). In recent history,

it is rare for drivers to preferentially enter raceson particular typesof oval-shaped tracks.

With regard to future work, we note that raceweekendsgeneratemore measuresof driver performancethan

just the �nishing positions, including speed(and rank of thesespeeds)in qualifying and in two or three practice

sessions.It would be of interest to model the relationships betweenthesevarious rankings. It is not clear how

to do this with our current model; in contrast, using the model of Johnsonet al. (2000), one could model race

performance as a Gaussiandeviation from mean abilit y from which the ranks are observed. One could then

estimate the properties of several correlated ranking mechanisms, although as mentioned before, asymmetric

error distributions are probably neededto model racing. In any case,the correlations between thesemeasures

are likely to be low, and theseother rankings probably do not help estimate driver abilities. However, the data

also contain the indicators of whether drivers led laps in races and whether they led more laps than any of

the other drivers, and thesemeasuresare likely to be helpful in estimating driver abilit y were we to �nd joint

distributions for modeling �nishing positions along with these indicators. An extreme example of modeling

correlated rankings would be modeling the standings in a race as it progresses;the authors obtained such data

at the time scaleof roughly a minute for several 2000races.
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