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Abstract

We introduce a penalizedmaximum likelihood approac for ranking all NCAA Division
1-A collegefootball teams. The model does not consider margin of victory and is based
solely on win/loss data. Despite the simplicity, the model leadsto rankings which exhibit
greater agreemen with expert opinion (i.e. AP and Coades polls) than the models his-
torically and currently usedby the Bowl Championship Series(BCS). The model can be

implemented using standard statistical software packages.
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1. INTR ODUCTION

Prior to 1998, the national championship of US Division 1-A collegefootball was based
solely on two opinion polls, commonly referred to as the Coades and the AP (Associated
Press) polls. The ranking of the teamsin thesetwo polls is determined by coadesand sports
writers respectively who vote weekly for the top 25 teams basedon the teams' performances
in all gamesplayed. Up until 1998,the team that "nished the year in the number one position
in both polls was deemedto be the national champion. In casesin which the two polls did
not agreeon the choice of the top team, the two teams involved shared the title of national
champion, which occurred most recertly in 1997with Michigan and Nebrasla.

With the 1998 seasoncamethe inception of a new system under which the top two teams
at the end of the seasonwould play one nal gamefor the championship, thereby eliminating
the possibility of a sharedtitle. This new system was called the Bowl Championship Series,
or BCS. The BCS system employed rankings produced by a number of computer models in

addition to the rankings of the AP and Coadespolls in order to determine the top two teams.



The purposeof thesecomputer modelswasto lessendependenceon the AP and Coacdespolls
which, although historically trusted asrepresening expert opinion, have often beencriticized
on the following two accourts. First, the human pollsters are not objective obseners and
may have biasestoward certain schools basedon regional loyalty, historical perception, etc.
Secondly it is impossible for a human pollster to recall all outcomesof all gamesinvolving
the 117 Division 1-A teams over the courseof an 11 to 14 week season,even if he or she had
witnessedor read about every game.

Although the computer models employed by the BCS do not have any such bias and are
able to consider the outcomes of all gamesplayed, they have also proven to be extremely
controversial asa result of many instancesin which they produced nonintuitiv e rankings which
di®ered signi cantly from the AP and Coades polls. For instance, in 2001 the University
of Oregon which nished 2nd in both the AP and Coades polls, nished 8th in one of the
eight BCS computer models and 7th in two of the others. The low ranking of Oregon in
these three computer polls was thought to be attributable to their many victories by narrow
point margins, sincethe four BCS computer modelsthat did not usemargin of victory ranked
Oregon no lower than third. This was not the rst time that cortroversy resulted from the
computers polls weighing margin of victory much more heavily than public opinion, and as a
result it was mandated that all computer polls either ignore margin of victory or be excluded
from the BCS system beginning in 2002. The idea was that by forcing computers to ignore
margin of victory, the resulting rankings would be more consistert with the public's opinion,
which tends to be more a function of a team's winning percertage and quality of opposition
than a function of the point margins. Furthermore, this would remove any incentiv e for a team
to \run up the score"in a gamethat is a foregoneconclusion,which is universally considered
to be bad sportsmanship.

It should be noted that the belief that the BCS computer models are more in°uenced by
margin of victory than public opinion is not sharedby everyone. Somepeople,including the
creators of some of these computer models, would argue the human pollsters themseles can
be highly in°uenced by large victory margins, citing examplesin which a team that wins by
a large margin climbs higher in the polls than a team that wins by a small margin. While it
is in fact possiblefor human pollsters to be in°uenced in such a way, a humber of instances
similar to the one involving Oregon described above were enoughto corvince the BCS that
the computer polls tended to weigh margin of victory too heavily (even after a restriction was

madelimiting the maximum margin to 21 points). Further evidencethat human pollsters tend



to put relatively small weight on margin of victory is given by Harville (2003), who noted
that the version of his model which ignores margin of victory agreedmore strongly with the
human pollsters for the football seasonhe considered. Sertiment for eliminating margin of
victory from the computer polls also aroseas a result of the fact that a computer poll cannot
discern betweena large margin of victory resulting from one team dominating another for an
erntire game versusa large victory margin as a result of a large amourt of scoring occurring
after the gamehas already e®ectiely beendecided. A human polister, on the other hand, can
di®ereriate thesetwo situations.

In this article we examine the problem of constructing a computer model to rank the
(currently) 117 Division 1-A football teams without using victory margins. A new computer
model is proposedthat is showvn to produce rankings which on average agree more strongly
with the AP and Coadespolls than the models usedby the BCS as well as other competing
models. The proposedmodel usesa penalizedlikelihood approad which results in a ranking
processthat attempts to mimic the thought processeof the human pollsters of the AP and
Coadespolls. The paper is organizedasfollows. Section 2 givesa simple exampleillustrating
the complexities involved in ranking teamswithout using victory margins. Section 3 describes
some of the models used in the statistics literature for ranking football teams. Section 4
discussesthe models that are or have been used by the BCS. Sections5 and 6 presernt the
proposedmodel and discussits implementation using statistical software. Section7 compares
the rankings produced by the proposedmodel to those of somecompeting models, including

the BCS computer models. Section 8 describes somepossiblemodi cations to the model.

2. A SIMPLE EXAMPLE

To illustrate the complexity in fairly ranking teams basedsolely on win/loss data, consider
the following seasonin which 5 teams (A, B, C, D, and E) played a total of 8 gameswith the

following outcomes:

Game 1l: TeamA defeatedTeam C Game 2: Team A defeatedTeamE

Game 3: Team B defeated Team A Game 4: TeamB defeatedTeam E
Game5: Team C defeatedTeam D Game 6: Team C defeatedTeamE
Game7: TeamD defeatedTeam E Game 8: TeamD defeatedTeam E

Team B nishes the seasonwith a win/loss record of 2 wins and zero losses(denoted 2-0),

Team E nishes with a record of 0-5, and TeamsA, C, and D all nish with records of 2-1.



Now supposeno scoresare available and we seekto fairly rank the v e teams basedonly on
the above outcomes. We can judge the strength of ead team basedon its win/loss record
as well as on the strength of its opponerts, who in turn are judged basedon their win/loss
records and the strength of their opponerts, and so on. An argumert for ranking these ve
teams may go as follows.

Team B should be ranked as the rst place team, having no lossesand having defeated
team A, who is a strong opponert sinceif not for being defeatedby team B, would have no
losses. Team E should be ranked as the worst team, having no wins and having lossto team
D twice, who is a weak opponert sinceif not for defeatingteam E (twice) would have no wins.
TeamsA, C, and D remain to be ranked from 2nd to 4th. Although all three have the same
record of 2-1, Team A should be ranked 2nd since their only loss cameto team B, who is a
strong opponert sincethey are the number oneteam. Finally, Team C should be ranked above
team D since team C defeatedteam D while team D defeated only team E, who is a weak
opponert sincethey are ranked as the worst team. Thus the ranking of the teams from rst
to last should be B, A, C, D, and E.

While such an argumert is tractable for the v e teams playing eight gamesin the example,
for the 117 Division 1-A teamswho ead play 11to 14 gameson averagethe problem becomes
extremely ditcult for a human pollster to handle. The voters of the AP and Coades polls
attempt to reasonin a similar fashionasabove, but it is impossiblefor them to simultaneously
considerall gamesplayed. This is the motivation for dewveloping a computer model that can
simultaneously judge the strength of all 117 teams basedon winning percertage and strength

of opposition.

3. FOOTBALL RANKING MODELS IN THE STATISTICAL LITERA TURE

A number of articles exist in the statistics literature dealing with the ranking of college
football teams. Many of theseusea linear model approac in which margin of victory is mod-
elled as a function of the two competitors in eady gameas well asa number of covariates. For
instance, Harville (1977) proposeda linear model which consideredas covariates the location
of the game (i.e. which team was the home team), the date of the game, and the division
membership of the two teams involved in ead game. In order to downplay victories by large
margins he alsoconsideredtwo variations on this model, onein which the margin of victory was
truncated at 15 points and onein which the margin of victory wastruncated at 1 point. Note

that latter model in essencdgnores margin of victory and as such o®ersa possible solution
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to the problem of interest in this paper. Results from Harville's models will be consideredin
Section 7. In addition to truncating margin of victory at a certain value as Harville did, other
approadesto downplaying the e®ectof large victory margins in linear models are o®eredby
Stern (1992) and Bassett (1997). In Stern's (1992) model a smaller weight was givento games
in which the victory margin was large, while Bassett (1997) proposedusing absolute error as
opposedto least squares.

In addition to linear model approades,likelihood basedapproachescanalsobe found in the
statistics literature. Keener (1993) considereda number of models for ranking collegeteams,
including a version of what is often called the Bradley-Terry model after a paper dealing with
paired comparisonsfor experimental design (Bradley and Terry 1952). In this model, each
Teami is assigneda parameter | that can be thought of as represerning its strength. The
probability that team X defeatsteam Y is then given by H—X*‘;(T and the estimatesfor the |
valuescan then be obtained by maximizing the likelihood over all the game outcomesfor the
entire season.Ordering the MLE estimatesfor the 1 valuesthen determinesa ranking of the
teams. While in his model Keener used a weighting factor to weigh large margins of victory
more than closevictories, it is not necessary

It is important to note that a problem with the Bradley-Terry model is that if team i has
no losses,the likelihood becomeslarger as |4 becomeslarger. It follows that the maximum
likelihood estimator for the | value of any undefeatedteam is in nit y. As a consequencethe
model will produce a tie for rst among all undefeatedteams. This is problematic due to the
substartial variability in the strength of opponerts among the di®erert Division 1-A teams.
It is undesirableto restrict all teamswith at least onelossto be ranked below all undefeated
teams. Moreover, a two- or three-way tie for rst is a rather unsatisfactory answer to the
guestion of who is number one. Keener applies the model to a seasonin which all teams have
at least onelosssothat this is not a problem; however, for generaluse the model would need
to be modi ed sinceit is not uncommonto have one or more undefeatedteam in Division 1-A
football.

A di®erer likelihood basedapproac was proposedby Thompson (1975) for ranking the
professionalteams of the National Football League (NFL). Similar to the model above, eath
team i was assigneda strength parameter |, but in this model the probability that team
X defeatedteam Y was given by ©(k(ux i My)) where px and py are the | parameters for
teams X and Y respectively and © is the standard normal cumulativ e distribution function.

The reasonfor the inclusion of the parameter k in the model is that Thompson restricted



the valuesfor the |i's to be the integers1;::;;n where n is the number of teams. While this
restriction eliminates the problems assaiated with undefeatedteams described in the above
paragraph, it also makesmaximization of the likelihood extremely ditcult, requiring a searh
over n! possibilities. Thompson avoids this problem by further restricting that no team can
be ranked below a team having a lower winning percertage. While such a restriction may
be reasonablefor the teams of the NFL who play schedulesthat are relatively comparable
in dixcult y, such a restriction is undesirable when ranking collegefootball teams due to the
variability in the schedule strengths mentioned above. Note that the use of the normal CDF

for paired comparisonscan be traced badk to Thurstone (1927).

4. COMPETING MODELS USED BY THE BCS

In the v eyearsof existenceup to the time of the writing of this article, ten di®erert models
have been used by the BCS for ranking the Division 1-A collegefootball teams. Moreover,
some of these ten models have been modi ed during this period. Due to the large number
of models and the fact that in somecasesthe technical details regarding the models are not
public, we will not give descriptions of ead speci ¢ model. Instead, we will evaluate these
models based on the rankings they produced for the speci ¢ football seasonsduring which
ead model wasincluded in the BCS. This will be donein Section7. While we do not provide
a description of each BCS model, it should be noted that the BCS models cover a wide range
of complexity. Somemodels take into accourt only win/loss data while others consider suc

factors aslocation, date, rankings from previous seasonsand margin of victory (prior to 2002).

5. THE PROPOSED MODEL

To begin, let us supposethe intrinsic performance level of eat team i varies from day
to day accordingto a normal distribution with mean | and variance of 1=2 (for simplicity).
Treating the performance level as random is consistert with the fact that even very good
teamscan be be \upset” by weaker teams. The useof the normal distribution wasusedlargely
becauseit results in a model that producesreasonablerankings, but it can also be motivated
by supposingthat the performancelevel is a sum of a large number of independert factors and
invoking the certral limit theorem. Further supposethat this intrinsic performance level of
ead team is independert of its opponert's level and that every gameis won by the team that

has the greater performancelevel on that day. Under these assumptionsthe probability that



team X defeatsteam Y is©(ux i My ), similar to the Thompson model described earlier. Note
that the sameexpressionalso arisesfrom the model of Harville (2003) by supposing that the
di®erencein the scorewhenteam X plays team Y is normal with meanpy i Yy and variance
1 and that only win/loss data is available. However, we prefer the interpretation of the
parameter as a mean performancelevel rather than a mean scorefor modelling win/loss data.

This is the basicidea behind our likelihood which is givenin its ertirety for the n teams by

. _Pat2 .
Y ooy Y )
(W) = ©M i I £ ©W)OG ) E O(n+1)O(i Pns1) £ O i i)
fl,] )25 {Z } i=1 | {;I,j )25“ }
Part 1 Part 3

and discussedn detail in the following paragraphs. This likelihood function I(p) is maximized
asa function of u= (Wu;:::; th+1 ) Where pn+1 is a nuisanceparameter. We will rank the teams
accordingto the MLE's of their respective | valuessud that the team with the largest value
of | is ranked asthe top team.

Part 1 of the likelihood captures the motivation from the rst paragraph in this section
where we proposedthat the probability that team X defeatsteam Y is ©(ux i My ). For Part
1 we de ne the set S to consistof all ordered pairs (i; j) for which team i defeatedteam j and
both team i and team j are members of Division 1-A. The value njj is the number of times
team i defeatedteam j. Tie gamesare courted as half a win and half a loss.

In the maximization of Part 1, a team earnsa large value of | by defeating other teams
who themselves have earned relatively large | values. In this way, maximization of Part 1
simultaneously judgesthe strength of ead team basedon its win/loss record and basedon the
strength of its opponerts, which is in turn determined basedon their win/loss recordsand the
strength of their opponens. Thus, the processof maximizing Part 1 alone mimics the thought
processes human would attempt to useto rank the teamsasdescribed in Section2. Howeer,
there are a couple of problemswith using Part 1 alone.

The rst problem is the dizcult y mertioned earlier in conjunction with the Bradley-Terry
model. That is, if ateam i hasno losses,Part 1 increaseswithout bound as |, becomedarger
sothat the MLE for any undefeatedteam is in nite. To solve this problem we penalize the
likelihood by multiplying by | L; ©(4)©(i i) as given by Part 2. For more discussionon
estimation basedon penalizedlikelihood the readeris directed to Green (1998) and Silverman
(1985).

While the main reason for using the penalty term above is that it restricts the MLE

estimatesof the |'s to be nite, it will alsobe shown that it leadsto rankings which consisterily
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agreewith human polls (i.e. AP and Coades polls). Furthermore, the use of this penalty
term is easily justi ed. Two justi cations for the penalty term are given in the following two
paragraphs.

One way to view the penalty term is as Bayesian prior distribution. To illustrate this we
will assaiate with a team X the parameter »x de ned by »« = ©(ux): Note that these »
parameters can be thought of asthe probability of defeating a team with a | value of zero.
Now if we treat the unpenalizedlikelihood described before as the conditional distribution of
the game outcomesgiven the »'s and assignindependernt Beta distributions with parameters
® and ~ asthe prior for the » of eah team, the posterior of the »'s is proportional to the

unpenalizedlikelihood and
o ML o) T E L o) LT o) T

Taking ® = = 2 givesthe likelihood proposed. The motivation for taking ® =  is to give
an equal prior probability of winning and losing for ead team, while the choice of the value 2
for thesetwo parameterswas selectedafter testing the model on actual football seasons.

A secondway to view the penalty term is by considering one additional \virtual" team
with a p; value of zero. Giving every team exactly one win and onelossto this virtual team
alsoresults in a likelihood with the penalty term proposed. (Note that in general one could
give ®j lwinsand | 1 lossesto this virtual team.) Viewing the penalty term in this way
makes it clear how the problems presened by undefeated teams are solved, since when the
virtual team is consideredead team actually has at least one loss. Furthermore, this view of
the penalty term also suggestswhy it is simpleto t the model using existing binary response
regressionproceduresto be described in Section 6.

Finally, maximization of the product of Parts 1 and 2 will produce an adequateranking of
the teams, but without using Part 3 we would be ignoring all gamesin which one opponert
was a menmber of Division 1-A but the other was not (recall the set S doesnot include suc
pairings). Sincesud gamesare not extremely common, it is not unreasonableto ignore such
games. In fact, the BCS computer model of Wes Colley does exactly that. Howewer, it is
foreseeableahat this could lead to considerablecortroversy if, say, a certain team's only loss
was to a non-Division 1-A opponert. In such a case,ignoring this losswould make this team
undefeated and ranked as one of the best teams, despite having a lossto an extremely weak
opponert. In place of ignoring these games, another solution would be to expand the set S
to include all gamesof any team who has played a Division 1-A team. However, these extra

gameswould involve yet another set of teams for which we would be ignoring gamesagainst
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opponerts not in the set. Thus, unlesswe are willing to rank almost all collegefootball teams
in the nation, a di®eren solution must be found.

The solution that waschosenis to combine all teamsnot in Division 1-A who play a Division
1-A opponert into one genericn + 1st team. The set S” is then taken to be all ordered pairs
(i; j) for which team i defeatedteam j and one of i or j is equalto n + 1 and the other is
in f1;::;ng. The term Q(i;j y2se[©(li i 1)]" in Part 3 of the likelihood then accourts for all
gamesinvolving Division 1-A teams that were not included in the set S. As before, the nj;
are the number of times team i defeatedteam j. Note that most of the gamesin the set S®
are lossesfor the genericnon-Division 1-A team, and as sud pn+1 invariably hasa very small
MLE value. Thus, the reward for a Division 1-A team beating a team not in Division 1-A is
very small while a lossto a non-Division 1-A has a strong negative e®ecton the ranking, as
should be the case. Finally, the term ©(pn+1)O(i Hn+1) is included in Part 3 to penalizethe

likelihood of this genericn + 1st team just as Part 2 did for the other n teams.

6. IMPLEMENT ATION OF THE MODEL USING STATISTICAL SOFTW ARE

Standard statistical software padkagescan be used to maximize the likelihood function
for the model by tting a binary regressionmodel employing the probit link function. The
procedure for doing this is similar to the method used by Fienberg and Larntz (1976) for
‘tting the Bradley-Terry model. The data matrix should consist of one column for ead team
in Division 1-A as well as one additional column to represen the generic non-Division 1-A
team. For eadh gameplayed involving at least one Division 1-A team, a row is included in the
data matrix in which the value 1 is placedin the column for the winner of the gameand a -1
is placedin the column for the loser of the gamewhile the valuesfor the other columnsare all
setto zero. In addition to theserows, the data matrix should also contain two additional rows
for each team. For any given team thesetwo rows are as follows. The rst row should cortain
a 1 in the column for that team with the rest of the entries being zero, while the secondrow
should contain a -1 for that team with the rest of the valuesbeing zero. Thesetwo additional
rows provide the penalty term for the likelihood. Finally, the responsevector should be set to
a vector of all 1's equalin length to the number of rows in the data matrix.

If a probit regressionmodel with no intercept is 't to the data matrix and responsevector
constructedin this way it canbeveri ed that the likelihood being maximized is exactly the like-
lihood for the proposedmodel. As sudh, the parameter estimatesoutput from the software cor-

responding to ead of the di®erert columns of the data matrix will be the maximum lik elihood

9



estimatesfor the |4's in the proposedmodel. Thus, the singleparameter estimate for the generic
non-Division 1-A team can be discardedand the remaining valuescan be usedto rank all the
Division 1-A teams. Code for implemernting this procedurein SAS for the example preseried
in Section 2 can be found at http://mem bers.accesstoledo.com/measefam/SASde.html.
Note that if tie gamesexist in the data the above procedure must be modi ed slightly
sincenot all nj will beintegers. In these cases,ead row in the data matrix described above
that doesnot correspond to a tie game should be ertered twice, while rows corresponding to
tie gamesshould still be entered only once. In this way the likelihood being maximized is
proportional to the square of the desired likelihood, and the ranking of the teams produced

will be correct.

7. RESUL TS AND COMP ARISONS WITH COMPETING MODELS

In this sectionwe will examinethe rankings resulting from the competing modelsintro duced
earlier. We will comparethese rankings to those of the proposedmodel in terms of similarity
to the AP and CoadesPolls. This similarity will be quarti ed in terms of the averageabsolute
di®erencebetweenthe rankings of eady model and the averageranking of the AP and Coadhes
Polls, although one may argue that a measurewhich giveslarge di®erencesmaller weight (or
larger weight) than doesthe absolute value function may be more appropriate.

Harville (1977) gave his rankings for the 1975 collegefootball season. Theserankings are
included in Table 1 along with the rankings for the model proposedin this paper (\Mease").
The teams listed are the top 15 teams in terms of averagerankings of the AP and Coades
Polls (\P oll Avg."). The three columns listed for Harville's model correspond to the original
model (\no cap") as well as the two models in which the margin of victory is limited to 15
points and 1 point. The nal row in the table givesthe averageabsolute di®erencebetween
the rankings for each model and the AP and Coatesaveragerankings for the 15teams. From
these valuesit can be seenthat for the 1975 seasonthe proposed model agreesmore closely
with the AP and CoachesPolls than the \15 point" and \no cap" Harville models, while the
\1 point" Harville performs better than the proposedmodel with regard to averageabsolute
di®erencefrom the AP and CoadesPolls.

Keener(1993) gave rankings basedon his model for the 1989collegefootball season.Table
2 givestheserankings for the top 15teamsasdetermined by the averageof the AP and Coacdes
Polls for 1989 (\P oll Avg."). From this table it can be seenthat the model proposedin this

paper has an average absolute ranking di®erenceof 1.60 from the AP and Coades average
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rankings. By comparison,the Keener model has an averagedi®erenceof 2.87 and as suc did
not perform aswell in terms of similarity to the AP and CoadesPolls asthe model proposed
in this paper. It is alsointeresting to note that Houston, the secondranked team in the Keener
model, is not included in the table sinceit was not ranked by the Coades Poll, which only
ranked 20 teams at that time. The model proposedin this paper ranked Houston as 15th,

which is similar to their AP ranking of 14th.

Table 1: Comparison to Harville's Mo dels (1975 Season)

Harville Harville Harville
Poll Avg. Team Record (Wins-Losses-Ties) Mease 1 point 15 point no cap
1 Oklahoma 11-1-0 2 1 6 3
2 Arizona State 12-0-0 1 2 9 14
3 Alabama 11-1-0 5 3 4 1
4 Ohio State 11-1-0 3 4 2 2
5 UCLA 9-2-1 16 16 16 15
6.5 Texas 10-2-0 7 7 3 5
6.5 Ark ansas 10-2-0 9 10 5 6
8 Mic higan 8-2-2 13 19 14 8
9 Nebrask a 10-2-0 6 5 7 4
10 Penn State 9-3-0 12 9 10 11
11.5 Texas A&M 10-2-0 10 6 12 12
12 Maryland 9-2-1 27 23 15 17
14 Miami(Ohio) 11-1-0 8 8 25 26
14 Pitt 8-4-0 21 13 13 7
14.5 California 8-3-0 15 18 22 22
0 Avg. Abs. Di®. 3.93 3.67 4.13 4.53

Table 2: Comparison to Keener's Mo del (1989 Season)

Poll Avg. Team Record Mease Keener
1 Miami(Florida) 11-1-0 2 1
25 Notre Dame 12-1-0 1 3
25 Florida State 10-2-0 5 5
4 Colorado 11-1-0 3 7
5 Tennessee 11-1-0 4 11
6 Auburn 10-2-0 9 8
7.5 Mic higan 10-2-0 8 9
8 Alabama 10-2-0 6 12
8.5 Southern  California 9-2-1 10 4
10 lllinois 10-2-0 7 14
115 Nebrask a 10-2-0 14 13
115 Clemson 10-2-0 11 6
13 Ark ansas 10-2-0 13 17
15 Penn State 8-3-1 16 18
16 Mic higan State 8-4-0 19 15
0 Avg. Abs. Di®. 1.60 2.87
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The nal tables listed give comparisonswith the BCS models. Tables3-7 give the rankings
for the BCS models for the v e college football seasonsbeginning in the years 1998, 1999,
2000,2001and 2002respectively along with the rankings for the model proposedin this paper
(\Mease"). The rankings for all models as well as the average of the AP and Coades Polls
(\P oll Avg.") excludethe bowl gamesplayed at the end of the season.This wasdonesincethe
primary function of the BCS is to selectteamsto participate in thesebowl games. The teams
included in Tables 3-7 are the top 15 teams as computed by the overall BCS ranking system
prior to the bowl gamesand are listed in the order of these overall BCS rankings.

From Table 3 it can be seenthat the model proposedin this paper outperformed two of
the three models used by the BCS in 1998 in terms of average absolute di®erencefrom the
AP and Coades averageranking. In Tables 4-6 the proposedmodel outperformed 3, 7 and
7 of the eight models usedin the years 1999, 2000, and 2001 respectively and Table 7 shows
the proposed model outperformed 4 of the seven models usedin 2002. Table 8 summarizes
the averageabsolute ranking di®erencedrom the AP and Coades averagerankings over the
v e seasonsn which the BCS existed. From this comparisonit can be seenthat the model
proposedin this paper in fact had the smallest average di®erencefrom the AP and Coades

averageover the v e year period amongall BCS models.

Table 3: Comparison to 1998 BCS Mo dels

Je® New York Anderson/

Poll Avg. Team Record (Wins-Losses) Mease Sagarin Times Hester
1 Tennessee 12-0 1 2 2 1
2 Florida State 11-1 2 3 1 2
4 Kansas State 11-1 4 1 5 4
3 Ohio  State 10-1 8 6 3 7
5.5 UCLA 10-1 3 4 6 3
8.5 Texas A&M 11-2 5 5 4 6
55 Arizona 11-1 6 9 9 5
7 Florida 9-2 10 8 11 10
8.5 Wisconsin 10-1 9 10 10 9
10 Tulane 11-0 7 14 23 8
15 Nebrask a 9-3 11 7 15 11
125 Virginia 9-2 15 18 17 13
11 Ark ansas 9-2 14 12 22 17
13 Georgia Tech 9-2 16 20 12 16
17.5 Syracuse 8-3 24 16 7 24
0 Avg. Abs. Di®. 2.47 3.07 3.80 2.33
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Table 4. Comparison to 1999 BCS Mo dels

Je® New York Anderson/ Ric hard Kenneth Herman David

Poll Avg. Team Record Mease Sagarin Times Hester Billingsley Dunk el Massey Mathews Rothman
1 Florida State 11-0 1 1 1 1 1 1 1 1 1
2 Virginia Tech 11-0 2 2 2 3 2 2 2 2 2
3 Nebrask a 11-1 3 3 4 2 3 3 3 3 3
5.5 Alabama 10-2 4 6 3 4 5 7 6 4 4
5.5 Tennessee 9-2 9 5 5 8 7 6 5 5 6
7 Kansas State 10-1 6 4 6 5 4 5 4 6 5
4 Wisconsin 9-2 13 7 8 12 8 4 7 11 9
8 Mic higan 9-2 8 9 7 6 10 9 8 7 10
9 Mic higan State 9-2 7 8 10 7 6 8 9 8 8
10 Florida 9-3 10 11 16 9 9 12 12 9 7
15 Penn State 9-3 11 10 20 11 11 10 10 10 11
11 Marshall 12-0 5 13 11 15 33 31 11 22 12
12 Minnesota 8-3 24 15 21 21 14 19 17 15 15
15.5 Texas A&M 8-3 16 17 15 14 13 16 15 19 16
16 Texas 9-4 14 14 21 13 17 13 16 14 13
0 Avg. Abs. Di®. 2.77 1.57 2.43 2.83 3.10 2.90 1.30 2.50 1.77

Table 5: Comparison to 2000 BCS Mo dels

Je® New York Anderson/ Ric hard Kenneth Herman David

Poll Avg. Team Record Mease Sagarin Times Hester Billingsley Dunk el Massey Mathews Rothman
1 Oklahoma 12-0 1 3 3 1 1 3 2 2 1
3 Florida State 11-1 2 1 1 3 2 1 1 1 2
2 Miami(Florida) 10-1 3 2 2 4 3 2 3 3 3
4 W ashington 10-1 4 8 5 2 10 11 5 4 4
5.5 Virginia Tech 10-1 6 5 4 6 5 5 4 7 7
55 Oregon State 10-1 5 7 8 5 7 9 8 5 5
7 Florida 10-2 7 6 6 7 4 4 7 6 9
85 Nebrask a 9-2 9 4 10 9 6 13 6 8 6
10 Kansas State 10-3 11 9 12 12 8 12 11 11 8
9.5 Oregon 9-2 8 14 15 8 12 17 14 9 11
10 Notre Dame 9-2 10 16 8 10 14 15 15 10 12
12 Texas 9-2 15 10 11 15 11 6 9 12 10
16 Georgia Tech 9-2 12 11 7 11 9 8 10 13 14
14.5 TCU 10-1 14 12 20 20 16 7 12 14 15
14.5 Clemson 9-2 13 15 19 13 13 21 13 15 13
0 Avg. Abs. Di®. 1.00 2.47 2.73 1.60 2.33 4.33 2.33 0.87 1.33
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Table 6: Comparison

to 2001 BCS Mo dels

Anderson/ Wes Ric hard Kenneth Da vid Je® Herman Peter
Poll Avg. Team Record Mease Hester Colley Billingsley Massey Rothman Sagarin Mathews W olfe
1 Miami  (Florida) 11-0 1 1 1 1 1 1 1 1 1
4 Nebrask a 11-1 2 2 2 2 3 2 3 2 2
3 Colorado 10-2 4 4 5 4 4 5 5 5 3
2 Oregon 10-1 3 3 3 3 2 8 7 6 7
5 Florida 9-2 7 9 8 7 8 4 2 3 5
8 Tennessee 10-2 5 5 4 8 6 7 8 7 4
9 Texas 10-2 8 8 9 10 9 3 4 4 6
7 lllinois 10-1 6 7 6 6 12 13 12 10 12
11 Stanford 9-2 10 6 7 11 5 9 9 8 8
6 Maryland 10-1 9 14 10 5 10 11 11 14 11
10 Oklahoma 10-2 11 10 11 9 13 6 6 9 9
13 W ashington  State 9-2 12 12 12 12 7 10 10 11 10
12 LSuU 9-3 15 11 13 14 14 12 18 13 14
14 South Carolina 8-3 18 20 19 19 17 17 23 23 17
205 W ashington 8-3 16 13 15 15 11 16 25 17 13
0 Avg. Abs. Di®. 1.90 2.70 2.30 1.57 3.03 3.03 3.63 3.10 2.90
Table 7: Comparison to 2002 BCS Mo dels*
Anderson/ Wes Ric hard Kenneth New York Je® Peter
Poll Avg. Team Record Mease Hester Colley Billingsley Massey Times Sagarin W olfe
1 Miami  (Florida) 12-0 2 2 1 1 1 1 1 2
2 Ohio  State 13-0 1 1 2 2 2 3 2 1
4 Georgia 12-1 3 3 3 3 4 4 3 3
5 usc 10-2 4 5 4 6 3 2 4 4
3 lowa 11-1 5 4 5 5 8 5 5 5
7 W ashington  State 10-2 8 8 8 9 5 9 6 6
8 Oklahoma 11-2 6 7 7 4 7 6 8 7
6 Kansas State 10-2 11 14 12 11 10 7 11 10
115 Notre Dame 10-2 7 6 6 8 6 135 7 8
9 Texas 10-2 9 10 9 7 11 11 9 11
115 Mic higan 9-3 10 9 10 16 9 8 10 9
10 Penn State 9-3 13 11 13 14 14 10 15 13
13.5 Colorado 9-4 15 13 15 22 13 16 13 15
15.5 Florida State 9-4 14 12 11 23 12 18 12 12
13.5 West Virginia 9-3 18 18 16 15 18 15 18 17
0 Avg. Abs. Di®. 2.03 217 2.03 3.10 2.43 1.67 1.97 2.10
*Note: Rankings of all models were adjusted to exclude Alabama whic h was on probation in 2002 and consequen tly not rank ed by the

Coac hes Poll or the BCS.
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Table 8 Summary of Av erage Absolute Di®erences for all BCS Mo dels

Mo del 1998 1999 2000 2001 2002 Av erage
Prop osed Mo del (Mease) 2.47 2.77 1.00 1.90 2.03 2.03
David Rothman 1.77 1.33 3.03 2.04
Herman Mathews 2.50 0.87 3.10 2.16
W es Colley 2.30 2.03 2.17
Kenneth Massey 1.30 2.33 3.03 2.43 2.27
Anderson/Hester 2.33 2.83 1.60 2.70 217 2.33
Peter Wolfe 2.90 2.10 2.50
Ric hard Billingsley 3.10 2.33 1.57 3.10 2.53
Je® Sagarin 3.07 1.57 2.47 3.63 1.97 254
New York Times 3.80 243 273 1.67 2.66
Dunk el 2.90 4.33 3.62

8. POSSIBLE MODIFICA TIONS TO THE MODEL

Although the purpose of this paper is to presert a model that performs well using only
win/loss data, the model in fact can be easily adapted to incorporate other available informa-
tion sud asthe location of the game,the date of the game, and even the margin of victory if
so desired.

The location of eadh game played is almost always on the campus of one of the two com-
peting teams. This team is called the \home team" and is thought to generally have an extra
advantage due to crowd support and a number of other factors. This \home- eld" advantage
can be incorporated into the model by replacing 1 i 1§ by i i + , if teami is the home
teamor by | i I i , if teamj is the hometeam. The likelihood can then be maximized
over this single home- eld advantage parameter , along with p. The teams can be ranked
basedon their respective valuesof | asbefore. The model consideredby Harville (1977,2003)
usesan analogoussingle parameter to capture the home- eld advantage. Alternativ ely, one
can consider a separatehome- eld advantage parameter for ead team as is done by Harville
and Smith (1994) for collegebasketball teams. While this model is more °exible and may in
fact be more realistic, it is not as useful for ranking teams sinceit will generally result in two
di®eren ranks for eath team depending on whether the teams are ranked with their home- eld
advantage included or not.

In addition to the location of the games,it is sometimessuggestedthat the date of the
gamesshould be consideredwhen ranking the teams. Speci cally, somefeel that gamesthat

occur later in the seasonshould be weighed more heavily in the nal rankings than games
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that occur earlier in the season.One method for doing this in the proposedmodel would be

to incorporate these weights into the valuesof njj . As a simple example, if the gamesin the

secondhalf of the seasornwere thought to be twice asimportant asthe gamesin the rst half,

one could double the nj; valuesfor all gamesoccurring in the secondhalf of the seasons.Note

that in generalif one scalesthe weights for the gamessud that they are integers, the model

can still easily be 't using standard software as described in Section 6. The only necessary
changewould be to create replicate lines for someentries in the input matrix to re°ect these
weights, analogousto the method for dealing with tie gamesdescribed earlier.

Similar to weighting gamesbasedon date, gamescould also be weighted basedon some
measureof di®erencein the nal score. That is, the n; valuescould be usedto accourt for
margin of victory. Again, by scaling the weights to be integers, standard software can still be
usedto t the model. Careful selection of the nj may produce a model which agreeseven
more strongly with the polls by giving more weight to large victories (as some suggestthat
human pollsters do) but not to the large extent that previous models have done.

A nal possible modi cation to the model is to replace the normal CDF function © by
someother function. The logit CDF function is one possiblealternativ e that still allows for
the model to be t using standard software. Although the logit CDF and normal CDF have
quite di®erent tail behavior, the use of the logit CDF function did not a®ectthe resulting

rankings substartially for the football seasonsconsidered.
9. SUMMAR Y

We have described a penalizedmaximum lik elihood model for ranking collegefootball teams
independen of victory margins. By analyzing resulting rankings from actual collegefootball
seasonswe have showvn that the model on average agreesmore strongly with the AP and
CoadesPolls than many of the more complex models discussedn the statistics literature and
used by the BCS. We have shown that the model can be implemented using binary response
regressionproceduresavailable in most standard statistics software padkages.

While no one model for ranking teams is necessarily\b etter" than any other model, the
proposedmodel has many attractiv e features. Its strong agreemem with the AP and Coades
polls suggeststhat it is consistet with popular/exp ert opinion, while at the sameis free
from the problems of personal bias and limited memory inherent in human polls. Secondly
the model ignores all factors other than wins and lossesand is simple in form, suggestinga
parsimonious solution to the problem of ranking collegefootball teams. Finally, the model is

motivated by statistical theory and can be t using standard statistical software.
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