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 Abstract:  Each year, more than $3 billion is wagered on the NCAA Division I men’s 
basketball tournament.  Most of that money is wagered in pools where the object is to 
correctly predict winners of each game, with emphasis on the last four teams remaining 
(the Final Four).  In this paper, we present a combined logistic regression/Markov chain 
(LRMC) model for predicting the outcome of NCAA tournament games given only basic 
input data.  Over the past 6 years, our model has been significantly more successful than 
the other common methods such as tournament seedings, the AP and ESPN/USA Today 
polls, the RPI, and the Sagarin and Massey ratings. 

 
1. Introduction 
 
 More money is bet on the National Collegiate Athletic Association (NCAA) 
Division I men’s basketball tournament than on any other sporting event in the United 
States.  The FBI estimates that every year, more than $3 billion is wagered (legally and 
illegally) on the tournament’s outcome [1].  With so much money on the line, a model 
that predicts outcomes more effectively than standard ranking and rating systems can be 
useful, especially if it requires only basic input data.  In this paper, we present such a 
model. 
 Before describing the model, we provide a short introduction to the NCAA 
tournament for readers to whom it might not be familiar.  At the conclusion of each 
college basketball season, the NCAA holds a 64-team tournament.  The participants are 
the champions of the 31 conferences in Division I, plus the best remaining teams (as 
judged by the tournament selection committee).  In addition to choosing the teams, the 
selection committee also seeds them into four regions, each with seeds 1-16.  The four 
teams judged best by the committee are given the #1 seeds in each region, the next four 
are given the #2 seeds, etc.  Within each region, the 16 teams play a 4-round single-
elimination tournament with matchups determined by seed (1 vs. 16, 2 vs. 15, etc.); the 
winner of each region goes to the Final Four.  The Final Four teams play a 2-round 
single-elimination tournament to decide the national championship.  Throughout all 6 
rounds of the tournament, each game is played at a neutral site rather than on the home 
court of one team or the other. 
 In most NCAA tournament pools (the primary outlet for tournament wagers), 
participants predict the winner of each game.  All predictions are made before the 
tournament starts, so it is possible that the predicted winner of a late-round game might 
not even be a participant, if that team lost in an earlier round.   
 Pool participants have several sources that can help them make their predictions.  
The most common such ranking systems are the Associated Press poll of sportswriters, 
the ESPN/USA Today poll of coaches, the Ratings Percentage Index (a combination of a 
team’s winning percentage and that of the team’s opponents), the Sagarin ratings 
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published in USA Today [18], the Massey ratings [15], Las Vegas betting odds, and the 
tournament selection committee’s seedings.  Other sports ranking and rating systems 
have been developed (see Wilson [23] for an extensive bibliography), but to our 
knowledge none has been shown to dominate those listed above.   
 A separate question is, once a ranking or rating system has been selected, how to 
use the information in a pool setting.  Kaplan and Garstka [13] describe a dynamic 
programming model which, given estimated probabilities of each team beating each other 
team head-to-head in a tournment game and given point values for each game in the pool, 
suggests a prediction strategy that can be used to maximize one’s pool score.   Breiter and 
Carlin [4] obtain similar (though slower) results via a brute force algorithm.  Of course, 
the quality of the dynamic programming and brute force solutions is dependent on having 
good probability estimates.  Schwertman et al. [10,11] suggest methods for estimating 
win probabilities based on teams’ seedings in the tournament.  Carlin [7] suggests 
methods for estimating win probabilities based on the Sagarin ratings and Las Vegas 
point spreads; Breiter and Carlin [4] use those methods to illustrate their algorithm.  
Boulier and Stekler [2] fit a probit model to estimate win probabilities based on seedings 
in order to maximize the number of games predicted correctly.  Caudill [8] uses a 
maximum score estimator model that is also based on seedings and also tries to maximize 
the number of correct predictions.  Caudill and Godwin [9] use a heterogeneously-
skewed logit model for the same purpose.  Kaplan and Garstka [13] propose methods for 
estimating win probabilities from scoring rates, Sagarin ratings, and Las Vegas point 
spreads. 
 Metrick [17] and Clair and Letscher [10] discuss a third relevant question: should 
one’s prediction strategy change based on the number and relative skill of other, 
competing predictors?  They observe that sometimes differentiating one’s predictions 
from the competition yields a higher chance of having the best predictions. 

In this paper, we focus on the first question – how to accurately rank (and/or rate) 
teams using only on basic input data.  We present a new model for ranking college 
basketball teams and estimating win probabilities.  Our model uses a logistic regression 
to populate transition probabilities of a Markov chain.  We describe the underlying 
Markov chain model in Section 2, and in Section 3 we describe the logistic regression 
model.  Section 4 presents our computational results, and in Section 5 we make a 
conjecture as to why our model is significantly more successful than both standard 
ranking systems and the NCAA tournament selection committee’s seeds when used alone 
and in the dynamic programming framework.  Section 6 summarizes the paper. 
 
2. A Markov Chain Model 
 
 In this section, we describe a Markov chain model for ranking teams.  We begin 
with a model used to construct NCAA football rankings by Callaghan, Porter, and Mucha 
[5,6]; Massey [16] also discusses a similar, but slightly less flexible, model.  The 
underlying model is a Markov chain with one state for each team.  The intuition is that 
state transitions are like the behavior of a hypothetical voter in one of the two major 
polls.  The current state of the voter corresponds to the team that the voter now believes 
to be the best.  At each time step, the voter reevaluates his judgement in the following 
way:  given that he currently believes team i to be the best, he picks (at random) a game 
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