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Abstract

Every year, the NCAA basketball tournament, known as “March Madness,” has 68 of

the best college basketball teams in the country face off in a single-elimination tournament

to crown a champion. Significant work has been devoted to the development of models to

accurately predict the winner in any head-to-head matchup. In 2014, the website Kaggle

created a competition that had teams of people trying to create a model and accurately

predict the 2014 tournament. Most submissions had a higher accuracy rate than the average

person, but nobody came close to a perfect bracket. In this report, I use data from the 2014

Kaggle competition and recent advances in statistical methodology to determine the best

models for predicting winners of head-to-head matchups. I then compare my results to those

from the best submissions from the Kaggle competition.
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Chapter 1

Introduction

1.1 Problem Statement

When predicting a tournament, a lot of luck is needed to create the “perfect bracket”, i.e.

predicting all games correctly. When the tournament involves college-aged players, a lot

of variability goes into each game and personal biases factor in, making the improbable

“perfect bracket” even more impossible, especially when there are 63 total games involved.

This is why, for the NCAA Division I college basketball “March Madness” tournament, a

grand prize of over 1 million dollars is available for someone that can predict all 63 games

correctly (Huddleston Jr., 2019). While many people try to create a way of predicting

these tournament games, some statistical models created have been shown to improve the

probability of predicting the winner and minimizing loss. I will attempt to analyze the efforts

of people in past years who have attempted to model the outcomes of tournament games,

along with creating a model given the advice and methods their analysis has given.

1.2 Methods for Predicting Scores

When predicting college basketball winners and losers, many people would think base statis-

tics such as points and assists would be the biggest factors games should be modeled on.
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This, however, can be misleading since some games are more defensive than others, and

others more offensive. 30 made shots is amazing if there are 33 taken by a team total, but

bad if there are 80 total taken. Analyzing articles that have predicted college basketball

games before may help me understand the best type of factors to include in my models. A

competition by the website Kaggle in 2014 further grew the amount of models created on

the subject, so I have a lot of data to look through in terms of finding the best model for

prediction.

The first article I want to highlight comes from Kvam and Sokol (2006). In their model,

they first use a Markov chain (MC) model similar to one used to construct NCAA football

rankings by Callaghan et al. (2007), where the Markov chain has one state for each team.

The tii and tij for MC are found given the number of wins and losses of that team (along

with some scaling parameter p) for tii, and team i’s specific wins and losses against team

j for tij. The expected number of entries to state i in the model was found to be based

upon a measure of team j’s strength and two parameters rxH and rxR. Here, rxR is the

probability that a team that is outscored by x points on the road is better than its opponent,

and is measured by rxR = 1 − rxH, and rxH is the probability that if team A beat team

B at home by x points, then they are the better team and would win against team B on a

neutral court. (Note: x can be negative if team A gets beat on their home court by team

B).

Estimating these rxH and rxR prove to be somewhat more challenging than expected,

so Kvam and Sokol create a logistic regression (LR) model for calculating the transition

properties. The rxH term is mainly used in the model, and rxR is used if needed to

calculate rxH. The model focuses on teams that played each other in a home-and-home

series during the regular season, i.e. they each played one home and one road game against

the opponent. The model then has 2 steps:

1. Estimate sxH, that if team A beats teamB at home by x points, what is the probability

that team A beats team B on the road.

2. Estimate rxH, which is the probability that if team A beat team B at home by x
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points, then they are the ”better team” and therefore would win against team B on a

neutral court.

This sxH is estimated by a logistic regression model, and then fine-tuned using a Markov

Chain. Then, if home court advantage h > 0, sxH is the probability of winning when the

expected points spread is x−2h. Therefore, the probability of winning when the points spread

is x − h—that is, when the game is played at a neutral site game (which all tournament

games are)—is rxH = sx + hH. These are then input into the Markov chain model to

create the final model they use to predict games, a Logistic Regression Markov Chain model

(LRMC).

They found the model to be a good predictor of the tournament games, besting many

predicting sites such as AP poll, ESPN, RPI, Massey, etc. by a significant margin. The

model has similar outcomes to Las Vegas predictions, which the authors attribute to the

Vegas predictions being able to be influenced by injuries and things that happen such as

that from game to game that they do not incorporate into their model. Later articles have

proven the LRMC model to be especially good at predicting tournament games, but the

model does not remarkedly outperform other models for regular season predictions.

Brown and Sokol (2010) tried to “fine-tune” the LRMC model created in by Kvam

and Sokol (2006). The LR part of the model tries to estimate the probability that one

team is better than another based on the outcome of a head-to-head matchup between

the two. The MC part combines all of the single-game estimates. To attempt to improve

this model, they consider two different empirical Bayes models for the LR part and an

ordinary least squares approach for the MC part. The first Bayes model they create is

P (Z > 0|X = x) = Φ(0.0189x − 0.0756), which measures the probability of team i beating

team j on a neutral court given team i’s x-point home margin over team j. These values are

calculated by computing conditional probabilities based off of a margin of points in between

the two teams M as modeled by a normal distribution N(mij + h, σ2). The second Bayes

model they create is P (M > 0|X = x) = Φ(0.0437x− 0.1747), which is the probability that

team i is simply better than team j. This is calculated similarly to the first Bayes model,
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where conditional probabilities are calculated, but this is the probability team i beats team

j given that they play on a neutral court. By creating joint and average models using these

two basic equations, and adding in a home-field advantage value h, which is usually found

to be around 3.5, they developed the Empirical Bayes formulas they wanted to use for the

model. This 3.5 value was derived by plugging in different values for h in each of the models,

and assessing which value made the model have the best performance. The graph of these

performances peaks at around 3.5 and then decreases in performance if h is increased or

decreased/ This h value being so large (at around 3.5) shows that a team playing on their

home court has a pretty large advantage. This could be due to the road team having to

travel, the home team having comfortable surroundings, or even the fans cheering the team

on.

They found that in every test, the ordinary least squares performed worse than the MC

methods, so they kept the MC part to use with the empirical Bayes formulas in the models.

When comparing this new model to the original LRMC method, the models predicted 47 of

the 630 tournament games differently. The new model got 27 of the 47 correct, and the old

got the other 20 correct. McNemar’s test returned a p-value of 0.19, indicating that while

the new model technically predicted better, the difference between the two models is not

statistically significant.

Zimmermann et al. (2013) decided to focus more on what data and metrics to use than

an actual type of model. The first problem with data they encounter is that raw numbers do

not take into account the other team’s statistics and variables. If a team gets 30 rebounds

in a game, for example, they will most likely win if there were 35 total rebounds to get,

but is more likely to lose if there are 75 total rebounds in a game. Due to this, they

suggest to use efficiency metrics for calculating offensive and defensive efficacy: Possessions,

Offensive Efficiency (OE), and Defensive Efficiency (DE). When looking at the NBA games,

Dean Oliver singled out “four factors” that are particularly relevant, with their relative

rate in parenthesis: effective field goal percentage (0.4), turnover percentage (0.25), offensive

rebound percentage (0.2), and free throw rate (0.15) (Oliver, 2004). These efficiency measures

and four factors are calculated by specific formulas I discuss in my data cleaning section
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2.1.2. All 7 of these metrics were analyzed, with OE and DE being adjusted a bit to

include opponents strengths, creating AdjOE and AdjDE, and leading to a win probability

rating being calculated by the averages of the AdjOE and AdjDE. These adjusted values are

calculated by taking into account adjusted opponent’s efficiencies, in order to normalize the

variables based on how good their opponents were for the game.

There were two sets of data that seemed to work best:

1. Location and adjusted efficiencies

2. Location and Oliver’s ”Four Factors”

Prediction accuracies were calculated for the 2009-2013 seasons using 4 models, Multi-Layer

Perceptron, Naive Bayes, Random Forests, and J48. J48 is open-source Java implementation

of the c4.5 algorithm, which uses decision trees to create classifications. The averages using

adjusted efficiencies ranged from 0.6916 to 0.723, and the averages using the four factors

ranged from 0.6642 to 0.7184.

This lead the authors to conclude that the data you use is more important than the

complexity of the model. The authors then explain that with the knowledge of sports

statistics we have currently, along with the known prediction maximums of other sports

(usually between 72 and 79 percent depending on the sport), the upper limit for prediction

accuracy for NCAA basketball games to be between 74 and 75 percent.

In light of the amount of statisticians trying to predict tournament outcomes, the website

Kaggle decided to have a competition where the competitors tried to predict the outcomes

for the 2014 NCAA tournament. The outcomes, which were discussed in the Journal of

Quantitative Analysis in Sports (JQAS), centered on these predictions and the teams that

performed the best as calculated by the lowest values of a log loss function (Glickman and

Sonas, 2015)

logloss =
1

63

63∑
n=1

dij (1.1)

where

dij = −((yi log(pij) + ((1− yi) log(1− pij))) (1.2)
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Rank Logloss
1 0.5295
2 0.5367
3 0.5381
4 0.5469
5 0.5477
6 0.5519
7 0.55193
8 0.5536
9 0.5542
10 0.5549

Table 1.1: 2014 Kaggle Leaderboard

that factors in the probability that the competitors’ models gave team A to beat team B. yi

is a categorical value that is 0 if team A loses and 1 if team A wins. Logloss is important

for predictions because it factors in the percentage the modeler has for team A to win. A 95

percent team A win probability is much better than a 55 percent team A win probability if

team A wins, but is very much worse if team A loses.

The introduction to the competition Glickman and Sonas (2015) details the differences

between the competition and other methods of predicting the tournament, along with detail-

ing a bit of hardships experienced through the process of predicting something so strongly

based on human performance. This competition differed from other “bracket-style” predic-

tion methods by asking competitors to give the probabilities of all 2,278 potential matchups

that could occur in the tournament, so they are not constrained by the teams they picked to

win the round before. This is different than most tournament prediction sites that have you

pick a winner of a matchup, and for the next round, you can only pick a winner based on

the teams you picked to win in the previous round. New techniques found by the modelers

during the competition led many new statisticians and even statisticians outside of the sports

world to discover the possibilities of correctly predicting the outcomes of NCAA basketball

tournaments. The outcomes of the tournament are given in Table 1.1.

Lopez and Matthews (2015) won the Kaggle competition, showing that a simpler model

may be the best in terms of predicting the tournament outcomes. For analyzing regular
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season games, they looked at home/away teams, location, and final score. Tournament

games had the same data, but added region, distance between the game and the schools’

campuses, and a “seed” parameter that used Las Vegas point spreads and efficiency metrics

instead of just the basic seeding of the tournament. A big factor in finding efficiency metric

was Pomeroy’s possession-based metrics (Pomeroy, 2014). Their model was very useful in

the competition because it sought to minimize log loss, not just predicting wins and losses.

In selecting their model, they had two different ”models” in mind and sought to find a good

linear combination of the two.

Model 1 is a points-spread based model that uses logistic regression while factoring in

the Las Vegas points spread. One of the biggest issues faced with Model 1 is that only

first-round point spreads were given, so they decided to calculate the other spreads with a

linear regression model.

For Model 2, they went with an efficiency-based model that factored in Pomeroy’s rank-

ings of

1. Adjusted offensive efficiency for the home team

2. Adjusted offensive efficiency for the road team

3. Adjusted defensive efficiency for the home team

4. Adjusted defensive efficiency for the road team

5. A neutral-site indicator

To account for error, they had 2 submissions, S1 = 0.75 · Model1 + 0.25 · Model2 and

S2 = 0.25 ·Model1 + 0.75 ·Model2. Submission 1 (S1) was weighed more heavily on the

points spreads and submission 2 (S2) was weighed more heavily on the efficiencies. S2 was

the model that won, taking into account more of the efficiency metrics while point spreads

did factor in a little as well. This model is important because it was shown to win the

competition and minimize log loss while being a very simple model. This simplicity is due

to their conclusion that most of the other variables they wanted to use or other models used

were already factored into the point spreads and efficiency metrics.
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While Lopez and Matthews looked at minimizing log loss in their predictions, Hoegh et al.

(2015) decided to take a separate view of the matchups. They noticed that the transitive

property does not apply in basketball. For instance, if team A is favored to beat team B,

and team B is favored to beat team C, that does not automatically mean team A should be

favored to beat team C. Team C may be more defensive-focused than team B, for example,

and they may give team A problems that team B did not give them. They decided to use a

nearest-neighbor estimate to make the model more useful. They made a 3-step process for

their model:

1. Fit a relative strength model using home court advantage and difference in a ranking

method called Sagarin rankings that give point spread on a neutral court. One of the

simplest and best models they found for this is a linear model that also adds a normally

distributed error term. These Sagarin rankings, made by Jeff Sagarin (Sagarin, 2020),

should help with modeling predictions for the tournament since every game is played

on a neutral site.

2. Identifying neighbors by using Pomeroy’s rankings that Lopez and Matthews also used.

3. Matchup adjustments: the last addition to the model, where they add in Ri(j) and

Rj(i), which are the average residuals for team i against the set of residuals for team

j, and vice versa. In their results, they found this model to be a little bit better in

prediction, but not effecting the original relative effects model too much, as it only

changed one full game prediction.

In conclusion, the authors determined the nearest neighbor metric may be important to add

on to a model, as it is very flexible, but as a stand-alone model it may not be ideal. This is

because their model did not predict the outcomes very well compared to other models. They

decided more tuning was needed to predict better, as the model was only strong predicting

upsets correctly.

Independently of the competition, Gupta (2015) created a dual-proportion likelihood

model to just predict tournament outcomes, not trying to minimize log loss. He also did
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something different than previous articles—he looked at 6 years of data instead of just 1, and

thus was able to perform 6-fold cross validation on his outcomes. This 6-year analysis may

be helpful because just 1 or 2 years gives huge outliers for “upsets” that would be lessened

in a 6-year model. He analyzes regular season and tournament games in this model, with

added emphasis on tournament and postseason games, since they most closely resemble the

neutral-site, higher-attended games of the NCAA tournament.

His model first calculates a s(t) parameter that is the strength of team t. If team t is

playing the game at home, a home court strength sHT is added. Thus, for each game g, there

is an effective strength sadj(t, g) equal to s(t) + sHT if game g is on team t’s home court, and

equal to s(t) otherwise. Then, a d(g) value is calculated as

d(g) = sadj(h(g), g)− sadj(l(g), g) (1.3)

where h(g) is the higher-effective-strength team for game g, and l(g) is the lower-effective-

strength team for game g. He then calculates a win proportion of

P (w(g) = t) = 1− 0.5 · e−d(g) (1.4)

for h(g) = t and a win proprotion of

P (w(g) = t) = 0.5 · e−d(g) (1.5)

for l(g) = t The likelihood model created by these team ranks is also constrained so that

undefeated teams do not have a max likelihood of infinity, a problem in some models. For

the tournament predictions, he ran into an issue with “close” outcomes in his predictions.

He did this by picking either randomly or seeing if one of the teams would have a better

chance against future matchups and chose that team with the best future probabilities. The

final interesting part of Gupta’s model is the value n3(t), which is the number of times in

the past 3 years that a team has been in the tournament. It is important to note that past
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experience is added into his model, which could be an important part of tournament wins

and losses if used well (the 3-year cap is due to seniors having played for the past 3 years

as the usual maximum). When testing this model, Gupta found that his model predicted

better than most models as an average over the 6 years, but there were years when the

model worked very well and other years when it did not work as well. The model is also

competitive at achieving high log-likelihood, even though that was not necessarily the goal

when creating the model. In his conclusion, Gupta notes that the ranking method and

factoring the tournament experience into the model may contribute to a useful model, but

similarly to all the other models, this model seems to vary in accuracy from year to year.

After the Kaggle competition results were announced, Yuan et al. (2015) created over 30

models to minimize the log loss for all games of the 2014 NCAA Tournament, just like the

Kaggle competition. The best models were highlighted as

A− Logistic regression with backwards elimination

B− LR with L2 regularization

C− LR with L1 regularization (LASSO)

D− Stochastic gradient boosting

E− Neural networks

along with 4 ensemble models—ABCDE, ABC, BD, and BE, since B turned out to be the

best of the 3 LR models. Models were trained on NCAA tournament results from 2003-2004

to 2012-2013. They used “leave one season out” cross validation and log loss was calculated

on the left out season. Each modeler used different variables in their models, but a lot of

power rankings such as Pomeroy and Sagarin rankings were used in almost every model.

The logloss resulta are given in table 1.3. The log loss for all predictions being a 50

percent chance gives a log loss of 0.69, and the mean Kaggle score was log loss = 0.58.

This shows that aside from B and BD, all models performed terribly, which they attribute

to easily contaminated data along with the large amount of upsets presented in the 2014

10



Model Logloss
A 0.67
B 0.61
C 0.71
D 0.98
E 0.84
ABCDE 0.77
ABC 0.75
BD 0.63
BE 0.86

Table 1.2: Yuan Results

tournament. They give a couple of recommendations for future predictors, including paying

careful attention to the data you use to make sure it is not contaminated with rankings

or outcomes that are post-tournament when using retroactive data, and to not cast aside

simpler models, since they seem to perform better than many complex models that are

sensitive to too many tuning parameters.

Levandoski and Lobo (2017) decided to revisit the tournament predictions and look at

many models (some different and more recent than were utilized in the 2014 competition)

to try and predict outcomes. These models are: random forests (RF), k-nearest neigh-

bors(KNN), logistic regression (LR), neural network (NN), näıve bayes (NB), support vector

machines (SVM), and adaptive boosting (Adaboost). Three ways of calculating model per-

formance were also utilized:

1. Computing the outcome of every possible matchup and then compute results based on

the played games.

2. Generate an actual bracket, and use a points-based system of 10 points for every correct

first-round winner, 20 for the second round winners, 40 for the third round, etc, which

is what a lot of well-known tournament competitions use.

3. Using log loss like other papers have detailed. This is the most accurate way to predict

without it being arbitrary or suffering from pure predictions, as win percentage is

factored in.

11



Model Prediction Acc Points Logloss
Neural Networks 79.4 650 0.545
Logistic Regression 76.2 670 0.529
Random Forest 69.8 900 0.578
Naive Bayes 69.8 610 0.579
Support Vector Machine 68.3 570 0.657
Adaboost 66.7 400 1.261
K Nearest Neighbor 61.9 600 0.687

Table 1.3: Levandoski Results

This paper uses a good amount of variables (57) that are found from the Kaggle datasets.

This may lead to some problems with overfitting. These 57 break down as 14 home team

averages, 14 away team averages, 14 home team opponent averages, 14 away team opponent

averages, and 1 featuring game location, since that is determined pre-game. Results are

shown in Table 1.3

Logistic regression, random forests, and neural networks did well on all 3. Adaboost and

KNN did poorly on all 3, since they had a lot of predictions wrong with high confidence.

Support vector machines suffered from the opposite problem, as it was pretty accurate but

had much more probabilities closer to 0.5 than its counterparts, leading to a high log loss

score.

After reading these articles, a few things were made clear about how I should approach

my modeling. First, I learned a simple model may be the best, so I wanted to start off

very simple. A second takeaway was to do a logistic regression model since that consistently

showed up as a good model. Lastly, I learned what type of data I should be including in

my models. Too many base values can overfit the data, so values like efficiencies that can

combine multiple of the values can be useful. I also learned to be careful with what values

and statistics to use, as many models failed just due to corrupted data.
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1.3 Layout

In my paper, I will detail what data collection methods I use to try and predict the NCAA

tournament games. I then describe the models I used to predict, along with getting the

results for the tournament predictions. I lastly will compare these prediction outcomes to

the ones from the Kaggle competition along with other model outcomes from the articles.
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Chapter 2

Data and Modeling

2.1 Data Entry

After reading many articles about what models and data work best to model and predict

winners during the NCAA basketball tournament, many different Logistic Regression models

are fit to find the best variables needed to accurately assess outcomes (outlined in section

2). The issue of what data to incorporate became the main point of interest because it was

the problem that hurt many of the models outlined in the previous articles. To compare

my model with the modelers during the Kaggle competition, my test data will be the games

during the 2014 NCAA tournament, and the training to be done using the 5,362 regular

season games that occurred between NCAA Division I teams.

2.1.1 Data sources and variables

5 csv files were imported, which were made into the datasets:

1. allteams—a list of all NCAA Division I schools (past and present), along with their

team ID number used in other datasets, which starts at 1101 with the first team

alphabetically (Abeline Christian), and ends at 1464 with Youngstown State. This is

the same as the dataset “teams” from Kaggle.
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2. rsdat2014—a list of all 5,362 games played during the regular season, along with the

statistics from that game. This includes:

• daynum, which is the day in the season the game occurred. Goes from 4 to 132.

• wteam and lteam, which is the ID number of the winning and losing teams.

• wscore and lscore, the points scored for the winning and losing teams.

• wloc, which is H if the home team won, A if the away team won, and N for neutral

site games.

• numot, which is how many overtimes were played in the game

• wfgm, wfga, lfgm, and lfga, the field goals made(m) and attempted(a) for the

winning and losing teams.

• wfgm3, wfga3, lfgm3, and lfga3, the 3-point field goals made(m) and attempted(a)

for the winning and losing teams.

• wftm, wfta, lftm, and lfta, the free throws made(m) and attempted(a) for the

winning and losing teams.

• wor, wdr, lor, and ldr, the offensive and defensive rebounds for each team.

• wast and last, the number of assists for each team.

• wto and lto, the number of turnovers for each team.

• wstl and lstl, the number of steals for each team.

• wblk and lblk, the number of blocks for each team.

• wfls and lfls, the number of fouls for each team.

This dataset is the same as getting the 2014 games from the Kaggle data “regularsea-

sondetailedresults”.

3. tresultsdat2014—the same variables as rsdat2014, except no daynum variable and wfls

and lfls are now labeled as wpf and lpf respectively. This dataset is similar to the 2014

data of the Kaggle set “tourneyresults”.

15



4. tdat2014—has all 68 teams that made the tournament, along with various averages

and statistics from the regular season from the teams. I only use the teams and team

ID numbers from this dataset, along with changing the place variable with a single

number for seed (i.e. instead of the 1 seed in the east being labeled as “E1”, I change

it to just 1 as a seed, to create hypothetical seed advantages later. This is based off of

the Kaggle dataset “tourneyseeds”, but with team names and season data added.

5. SOS2014—a dataset created using team name, team ID, and a strength of schedule

metric from Warren Nolan, a basketball statistician (Nolan, 2014). These are for all

NCAA Division I teams. There are 2 teams that did not have a strength of schedule

listed but were Division I teams in 2013-2014. These were Abilene Christian University

and Incarnate Word. So that my model would not be influenced by SOS values of 0

while all others were around 0.4 to 0.6, I assessed both teams’ schedules for the year

and estimated a SOS value of 0.4 for both teams would be adequate.

Because of the problems detailed in previous articles, I refrained from using any metrics such

as Pomeroy rankings, RPI, or Vegas odds. Pomeroy rankings and RPI, among other ranking

systems, are equated after the tournament, so they bias predictions. Vegas odds are only

available before each game, not at the beginning of the tournament, so predicting games

past the first round cannot happen.

2.1.2 Data cleaning

I first added percentages to the rsdat2014 dataset and then trimmed it. A winners shot per-

centage (wfgm/wfga) ·100 was calculated, along with the same for the losers (lfgm/lfga) ·

100. The winners and losers 3 point shot percentage and free throw percentage were then

computed the same way, but using different statistics (wfgm3/wfga3) ·100, (lfgm3/lfga3) ·

100, (wftm/wfta) · 100, and (lftm/lfta) · 100. These 4 needed a bit more code though,

because a safeguard was enters into the code where if there were no 3 point shots or free

throws attempted in a game, the percentage would show as 0, not a n/a value. This actually

was needed for free throws in this data, but it is good that both are included, especially if
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data from earlier years was used since less 3-pointers were taken in the past. After getting

those averages, a winners and losers total rebound statistic, wtr and dtr respectively, were

calculated by adding up the offensive and defensive rebounds for each team. The last thing

I changed with the base statistics was adding in a home field advantage value. Since there

are 3 outcomes a team can have for location: home, away, and neutral, there needed to be a

winners home field advantage (whfa) and losers home field advantage (lhfa). This is because

if just whfa was used, a neutral site game and a “true road” game at the other team’s home

court would be denoted the same, but it is known that a true road game is more difficult

than a neutral site game, on average.

After calculating those base statistics, some of the metrics found in previous articles were

calculated for use in the model. The first two for each team is offensive efficiency (oe) and

defensive efficiency (de). To get those values for each game, possession statistics were first

calculated.

wposs = 0.96 · (wfga− wor + wto+ (0.475 · wfta)) (2.1)

gives the number of total offensive possessions for the winning team.

lposs = 0.96 · (lfga− lor + lto+ (0.475 · lfta)) (2.2)

gives the value for the loser’s number of offensive possessions. This is needed to normalize

the teams’ statistics for the game based on pace-of-play. The 0.96 is due to some possessions

allowing multiple shot attempts without an offensive rebound being recorded in the statistics,

such as team offensive rebounds and defensive tips out of bounds after a field goal attempt.

The 0.475 is due to most possessions ending in free throws having 2 free throw attempts.

Sometimes 1 or 3 free throw attempts are given, however, and that is why the multiplier is

0.475 and not exactly 0.5. This possessions value is created for both teams, and was detailed

in Zimmermann et al. (2013) along with the formulas for the efficiencies and ”four factors”
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I am about to detail. Winners offensive efficiency (woe) is calculated by

woe = (wscore · 100)/wposs (2.3)

and losers offensive efficiency (loe) is

loe = (lscore · 100)/lposs (2.4)

Defensive efficiency is measured similarly, but using points allowed instead of points scored,

so for a single game, winners defensive efficiency (wde) is measured as wde = loe, and

conversely, losers defensive efficiency (lde) is measured lde = woe.

The final changes to rsdat2014 that were made made computed Dean Oliver’s “four

factors” that he created for NBA predictions (Oliver, 2004), also outlined in Zimmermann

et al. (2013). To avoid being repetitive, I will only write the winners metrics, but the losers

metrics were calculated the same way only with the losers stats and not the winners. The

four factors are: effective field goal percentage (efgp):

wefgp = (wfgm+ (0.5 · wfgm3))/wfga (2.5)

turnover percentage (top):

wtop = wto/wposs (2.6)

offensive rebound percentage (orp):

worp = wor/(wor + ldr) (2.7)

(Note: lorp = lor/(lor + wdr)), and free throw rate (ftr):

wftr = wfta/wfga (2.8)
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After calculating these metrics, the regular season data was trimmed, as some variables

are used already in other metrics. I created a new dataset, named rs2014, to do this. For

rs2014, I copied the dataset rsdat2014, but removed the daynum, numot, and all of the

“normal” statistics for each team that were listed at first, such as wfgm, wfga, etc. The

values in rs2014 were just wscore, wteam, lscore, lteam, wloc, wast, wstl, wblk, wfls, last,

lstl, lblk, lfls, and the averages and metrics that were calculated.

If a model was created using only in-game values, there would be no actual prediction

since the team with better values always would win, and future values would not be able to

be calculated. Therefore, averages for all of the teams is needed to use in the model. For

this, I started with the allteams dataset. After removing the 13 teams listed who did not

play in Division I for the 2013-2014 season, 7 values were added for each team: oe, de, efgp,

top, orp, ftr, and sos. The first 6 were calculated by averaging the specific team’s values, no

matter whether they were the winners or losers of the game. For instance, oe was calculated

by adding up all woe when the team won, and all loe when the team lost. I then took the

mean of those values to get the oe. This was easier than calculating average efficiencies by

season-long data because each game’s efficiencies were based on the number of possessions

in each game. Strength of schedule (SOS) was just calculated by getting the corresponding

value for each team from the SOS2014 dataset I detailed above. After getting these averages,

they need to be added into the rs214 dataset.

My model would have a problem if the rs2014 data kept the same format when averages

are added, since having winners and losers team statistics would tell the model immediately

who won or not. To combat this, the home team is labeled as team a, whether they won or

lost, and the away team is labeled as team b. Then predictions are made on whether or not

team a (the home team) won. Therefore, if the wloc was listed as “H”, the averages for the

winning team are listed as team a statistics, with the losers values being team b values. If

the wloc was listed as “A”, the averages for the losing team are listed as team a statistics,

with the winners values being team b values. Along with this, two brand new variables were

made: teamawin, which was 1 if team a won and 0 if team b won, and teamahfa, which is 1

if the home team played at their own court. For wloc = H, teamawin = 1 and teamahfa =
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1, while for wloc = A, teamawin = 0 and teamahfa = 1. Neutral-site games made this more

complicated. A randomized value that chose the values 1 or 2 at random was created, and

for each game the value 1 or 2 decided on how to label the teams. If wloc = N and val = 1,

team a would be the winning team and team b would be the losers, along with teamawin =

1 and teamahfa = 0. If wloc = N and val = 2, team a would be the losing team and team b

would be the winners, along with teamawin = 0 and teamahfa = 0. This created a dataset

that could be used in the model to actually make a prediction of what percentage team a

had to win. To make coding the models a bit easier, another dataset named moddata, but

it is not necessary. In moddata, the team a and b part of the rs2014 dataset (no winner

or loser values) values were relabeled as values: teamaoe = b, teamade = c, teamaefgp =

h, teamatop = i, teamaorp = j, teamaftr = k, teamboe = d, teambde = e, teambefgp = l,

teambtop = m, teamborp = n, teambftr = o, teamahfa = a, teamasos = f, and teambsos =

g. Therefore, moddata had the column names as b, c, h, i, j, k, d, e, l, m, n, o, teamawin,

a, f, g, teama, teamb. At this point, models were created which I will detail in section 2.2.

Similar things needed to be done to the tournament datasets to make the tournament

games predictable. First, a teamstats2014 dataset was created to get the averages for all 68

tournament teams, where the tdat2014 dataset is used and a seed value is added, which is

1 to 16 depending on each team’s seeding for the tournament. Then the oe, de, efgp, top,

orp, ftr, and sos were taken from the allteams dataset, making the team averages ready to

add into the data.

Because the Kaggle competition (and many other predictions) are done before the tour-

nament, they do not know which games will be played between the 68 teams past the first

round. The tournament is set up so that all 68 teams have a chance of playing each other.

Because of that, all 2,278 possible matchups need to be given a winner prediction and win

percentage. This was done by using the gtools library in R, which gave a list of all 2-number

combinations of 1 through 68, which is 2,278 outcomes. The list of combinations, which I

call matchups, would be (2,12) for example, or (56,68). The list of all tournament teams

is given in teamstats2014, so each team’s place in that dataset is used as their value from

1 to 68 since the value is just a placeholder. Therefore, because of the way the data was
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given, the East number 1 seed, Virginia, was number 1 in the matchups data, and the West

seed number 9, Oklahoma State, was number 68. These 1 to 68 values are not used other

than to get the combinations for the games, so the value assigned to each team is arbitrary.

I then labeled matchteama as the first team listed in each matchup, and matchteamb as

the second. Since the tournament games are all on neutral site courts for all teams, the

team with the ”lower” seed (1-8 in first-round matchups) would be team a, and the team

with the ”higher” seed (9-16 in first-round matchups) would be team b. This was done by

looking at all matchteama and matchteamb for each of the 2,278 potential matchups. If the

matchteama had a lower value for seed than matchteamb, they are labeled tourneyteama,

with tourneyteamb being matchteamb. If the matchteamb had a lower value for seed than

matchteama, they are labeled tournayteama, with tourneyteama being matchteamb. For

matchups with equal seeding, matchteama is kept as tourneyteama, and matchteamb as

tourneyteamb.

A new dataset, named tourneygames, was then created where tourneyteama and tour-

neyteamb, the team a and team b for each of the 2,278 potential matchups were listed. Then

the team averages were added for each hypothetical matchup exactly as with the rs2014 data,

except adding a teamaseed and teambseed variable. There was no teamawin variable in this

dataset, since most of the potential matchups did not actually happen (that is what we

predict), and for all matchups teamahfa = 0 since they are all at neutral sites. A new data

set testtourneygames was created to match the values from moddata used in the model to

make predictions, with teamaseed and teambseed variables also being added. This dataset

now has the variable names: teama, teamb, teamaseed, teambseed, b, c, h, i, j, k, d, e, l,

m, n, o, a, f, g. these are used to get predicted values for teamawin on each of the 2,278

potential matchups.

Lastly, the actual tournament outcomes need to match up to the predicted teamawin

for the corresponding potential game, to see if the models predicted the correct winner for

each of the games. This is found using the tresultsdat2014 dataset. First, a wseed and lseed

are added to each game, showing the seedings of the winner and loser. The following rule

was then made: if wseed was smaller or equal to lseed, the winner is labeled as team a and
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the loser labeled as team b. If wseed was a larger number than lseed, the loser is labeled

as team a and the winner labeled as team b. This is to match it to how the hypothetical

outcomes were predicted and labeled: the ”lower” seed would be the teama and the ”higher”

seed the teamb. The corresponding averages for each team were then added for each game,

just as the rs2014 data has. When wseed was less than or equal to lseed, teamawin would

equal 1, while when lseed was less than wseed, teamawin would equal 0. This is to test how

accurate the predicted potential outcomes were to the actual results. These are all the data

values used, except for creating a new dataset tresultsdat2014MFF. Tresultsdat2014MFF is

the tresultsdat2014 dataset but without the first four games. I did this because the Kaggle

competition was calculated using only the 63 “actual” tournament games and not the “first

four” games that are not technically part of the tournament. That is why there are 68 total

teams instead of the 64 that would make a full tournament bracket. Another value was then

made that denoted which game in the potential matchups would correspond to the actual

games, to check the prediction accuracy. This value was calculated by scanning through all

2,278 potential matchups to find the same team a and team b as the games that actually

occurred. The team a and team b are the same for both datasets except for whenever the

two teams had the same seed, which was rare. If the team a and team b differed (only

happens in rare cases when the teams are of equal seeding), the code may need to be altered

and checked to make sure the teams align between the hypothetical matchups and actual

tournament outcomes.

After creating the model and checking the accuracy for the 2014 tournament, the accuracy

for the 2013 tournament was checked to make sure my models were not just biased by the

specific tournament teams or any other mitigating factors. To do that, a similar code was

used to create the same datasets (except substituting the number 2014 to 2013), but a few

variables and things needed to be updated to make the values be the same. For example, four

teams (Abilene Christian, Grand Canyon, Incarnate Word and UMASS Lowell) jumped up

to NCAA Division 1 for the 2013-2014 season, so they needed to be addressed and removed

from the data. Instead of using the 2013-2014 regular season data to make the models as I

did to predict the 2014 tournament, the 2012-2013 NCAA Division 1 regular season is used
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to train the models and predict the 2013 NCAA tournament. After getting all this data set

in place, it is time to create the models.

2.2 Model Selection

Logistic regression (LR) models were used to try and fit the data and predict tournament

games. This is because the best predictive model found so far in previous articles came from

a LR model by Lopez and Matthews (2015). From what was found in my research, simpler

models seem to work better, and the data used seems to influence the outcomes a lot more

than the type of model on average, so selecting the correct variables in the model is what is

focused on.

Logistic Regression (sometimes referred to as a “logit” model), is a phenomenal tool for

getting predictions, because since it gives outcomes between 0 and 1, it can be seen as a

predictive win percentage. This is needed especially when calculating logloss, which is how

I will compare my models to others in the Kaggle competition. Logit models can be written

out similarly to linear regression models, where you have a dependent variable (in my case

teamawin, normally denoted as y) predicted using other independent variables. While a

normal linear regression estimates a value Ŷ by modeling it as Ŷ = b0 + b1x1 + · · ·+ bnxn for

xn number of variables, Logistic Regression computes a different value. A logit model tries

to find the probability p where log p
1−p

= b0 + b1x1 + · · ·+ bnxn. This output p is what will

give the team a win probability values my models will predict on.

After deciding on using a logistic regression model, what data should go in the models

needs to be decided. To do this, 6 different models are used to try and see which is the best

predictor of the tournament games accuracy-wise and using logloss as defined in chapter 1.

The best models were found using combinations of the oe and de averages for each team,

along with the “four factors” for each team, and using strength of schedule and whfa as

well. Model 1 is made just using home court advantage, efficiencies and strength of schedule,
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which models teamawin based on

teamahfa+ aoe+ ade+ boe+ bde+ asos+ bsos (2.9)

Model 2 is made the same way, but instead of efficiencies, just the four factors were used,

which models teamawin based on

teamahfa+ aefgp+ atop+ aorp+ aftr+ befgp+ btop+ borp+ bftr+ asos+ bsos (2.10)

Model 3 is the full model without interactions, so modeling teamawin based on

teamahfa+ aoe+ ade+ boe+ bde+ aefgp+ atop+ aorp

+ aftr + befgp+ btop+ borp+ bftr + asos+ bsos (2.11)

Interactions are then included for Model 4, and some interactions (such as an interaction of

teamahfa and teambsos) were not useful, so the only interactions that made sense for my

model are teamasos with other team a metrics and teambsos with other team b metrics.

This led to the modeling of teamawin based on

teamahfa+ aoe+ ade+ boe+ bde+ aefgp+ atop+ aorp+ aftr + befgp

+ btop+ borp+ bftr + asos+ bsos+ aoe · teamasos+ ade · teamasos

+ aefgp · teamasos+ atop · teamasos+ aorp · teamasos+ aftr · teamasos

+ boe · teambsos+ bde · teambsos+ befgp · teambsos+ btop · teambsos

+ borp · teambsos+ bftr · teambsos (2.12)

The values get long and strenuous to type in, so that is why the moddata dataset was created.

Three-way interactive terms would not make sense using this data, so Model 4 is the longest

model input.
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For the final 2 models, the best possible models were found using a goodness-of-fit test.

Some of the articles used L2 regularization or LASSO techniques. Instead of those techniques,

stepwise AIC in both directions was used to find the model with the lowest AIC. AIC

(Akaike’s Information Criterion) is a goodness-of-fit value that measures how “good” a test

is, but penalizes based on number of parameters to prevent overfitting (Bozdogan, 1987). If

k is the number of parameters, and L is the maximum value of the likelihood function for

the model,

AIC = 2k − (2 · logL) (2.13)

The stepAIC function in R runs a stepwise AIC calculation, and I made it go both

directions, where it runs the model, calculates the AIC, then removes the worst performing

variable and tests the model again. If better, the new model is tested and the new worst

performing variable is removed, or if one of the previous variables makes the AIC for the

model lower, it is input back into the function. Once the model with the lowest AIC is

found, that is what it determines as the “best model”. The stepAIC function is run using 2

different initial models: model 3 and model 4. Model 5, which is the best model AIC-wise

when using all variables and no interaction, models teamawin based on

teamahfa+ aoe+ ade+ boe+ bde+ aefgp+ aftr + asos+ bsos (2.14)

Model 6, which is the best model AIC-wise when using some interactions, as model 4 was

the introductory model in the function, models teamawin based on

teamahfa+ aoe+ ade+ boe+ bde+ aftr + asos+ bsos+ ade · teamasos (2.15)

These are the 6 models used to predict tournament games and use accuracy along with logloss

to determine what data or interaction of data best predicts NCAA tournament games.
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2.3 Results

When testing my models, three metrics are used to determine the accuracy of the model. The

first metric is rsacc, where how accurate the model is at predicting the regular season games

is calculated. This is the metric of the three that has least amount of importance to because

the regular season games is the training data, but since there are over 5,000 data points

used to make the model, it does show a small amount of importance towards how well the

model predicts most games. Rsacc is calculated as follows: the predicted value of teamawin

for each game is calculated. Then the number of incorrect games is found by adding up all

the times teamawin is greater than 0.5, subtracting the number of times teamawin is greater

than 0.5 (which gives the number of times a win is predicted and the team lost), and then

add the number of times that teama won when teamawin is less than 0.5. To get the regular

season accuracy, use the equation:

1− (number of wrong predictions)/(total game predictions) (2.16)

The second metric is tacc, or the accuracy of tournament games. This is the percentage of

correct tournament predictions. To get tacc, the same calculation as rsacc is used, where

the actual outcomes are matched with the potential matchup that has the same teams.

The accuracy using number of games wrong out of the 63 games without the “first four”

is then calculated by the same equation as rsacc. The third metric is LL, or logloss, which

is calculated as described in the previous articles. LL is a little bit more complicated to

compute. For every one of the 63 tournament games, a di value is calculated, which is the

value log(pred) if team a won the game, and the value log(1− pred) if team a lost the game.

These values are negative, so when calculating the LL for the model, the sum of all the di

values is found. The sum is then multiplied by -1, and then divided by 63 (the number of

games) to get the average log loss of the model. These logloss values are then compared

to some from the competition. Since Kaggle uses just the 63 tournament games and not

the “first four” games, The tacc and LL metrics are just based on the final 63 games of the
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Model rsacc tacc Logloss
Model 1 0.7661 0.6667 0.5283
Model 2 0.7383 0.7302 0.5366
Model 3 0.7682 0.6825 0.5295
Model 4 0.7674 0.6825 0.5558
Model 5 0.7676 0.6825 0.5232
Model 6 0.7671 0.7143 0.5455

Table 2.1: 2014 Predictions trained on 2013-2014 regular season

tournament, not all 67.

Now that the accuracy values are defined, the models and predictions are input to find

the values of rsacc, tacc, and LL for each model. The better model is one that gives a higher

rsacc and tacc, and gives the lowest LL. The outcomes for the 2014 NCAA Tournament are

given in Table 2.1

These models calculated the tournament accuracy at a fairly high rate (all over 65 pre-

cent). Models 2 and 6 predicted with tournament accuracy over 70 percent, which is closer to

ideal. The main way in which these models shine is in their logloss values. The lowest number

found in my research was a logloss of 0.5295, which won the Kaggle competition (Lopez and

Matthews, 2015) and was replicated in the Levandoski and Lobo (2017) paper. One model

(Model 3) tied this logloss and two models (Model 1 and Model 5) were lower. Model 5’s

LL value of 0.5232 was incredibly low compared to all others found. The highest LL value,

Model 4’s 0.5558, was still almost low enough to make the top 10 of the Kaggle leaderboard

shown in table 1.1.

While these results are very encouraging, I need to check how well the models worked

with another year’s data. One of the reasons a second year is used was the 2014 NCAA

Tournament being extremely unusual. In the 2014 tournament, there were a surprisingly

large number of upsets, and the championship was fought between a 7-seed and an 8-seed.

This led to many models not working well for the 2014 tournament when created using

tournaments of previous years. Thusly, the models were tested two more ways. In the first

way, the models are trained using the regular season data from the 2012-2013 NCAA Division

1 basketball season, and then those 6 models are used to try and predict the 2013 NCAA
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Model rsacc tacc Logloss
Model 1 0.7705 0.7302 0.5592
Model 2 0.7470 0.7143 0.5752
Model 3 0.7733 0.7143 0.5760
Model 4 0.7722 0.6984 0.5692
Model 5 0.7742 0.7143 0.5703
Model 6 0.7733 0.7143 0.5677

Table 2.2: 2013 Predictions trained on 2012-2013 regular season

Tournament. The second way is to see how much variation there is between seasons: the

exact 6 models created using the 2013-2014 regular season data are used to try and see how

well they predict the 2013 NCAA Tournament. The second way is expected to have worse

outcomes, but seeing how far off the different year’s models are from the current year’s may

be helpful in predicting tournaments when regular season data is not available for whatever

reason.

The new models are trained for the 2013 tournament the same way the ones for the

2014 tournament are. The first 4 models use the same variables as the 2014 tournaments

does, as they are models created with specific variables in mind. Model 5 and Model 6 were

calculated the same way as before, as they use stepwise AIC to find the best versions of

Models 3 and 4 respectively. Model 5 in this case uses the variables

teamahfa+ aoe+ ade+ boe+ bde+ atop+ aftr + bftr + asos+ bsos (2.17)

to try and model teamawin. Model 6 for the 2013 season uses the variables

teamahfa+aoe+ade+boe+bde+atop+aftr+btop+asos+bsos+boe·bsos+btop·bsos (2.18)

Using the 2012-2013 regular season to train models to estimate the 2013 tournament, the

model accuracies are given in Table 2.2. One of the interesting thing about these results is

that while the tournament accuracy rose for most of these models, their logloss values rose.

This may be attributed to the type of upsets that occured in the 2013 tournament. In the
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Model rsacc tacc Logloss
Model 1 0.7695 0.7143 0.5616
Model 2 0.7464 0.7143 0.5694
Model 3 0.7669 0.7143 0.5688
Model 4 0.7680 0.7143 0.5901
Model 5 0.7684 0.7143 0.5620
Model 6 0.7686 0.7143 0.5822

Table 2.3: 2013 Predictions trained on 2013-2014 regular season

2013 tournament, while the seeds that made it through multiple rounds were more normal

than in the 2014 tournament (all of the final 8 were 1-4 seeds except one 9-seed), there were

a couple of large seed differential upsets in the first round. There were 3 12-seed wins over

5-seed teams, one 13-seed over a 4-seed, one 14-seed over a 3-seed, and one 15-seed over

a 2-seed. These had high win probabilities in my models, especially the 2-seed vs 15-seed

matchup, which increased the logloss much more than the 8-seed over 1-seed and 7-seed over

2-seed upsets of 2014’s tournament.

After comparing the new 2013 models to the previous 2014 models, a clearer picture is

formed on how the models fit different types of tournaments and games. I did, however,

want to see if a model created by training the 2013-2014 regular season data could still work

well when predicting a different year’s tournaments. The 6 ”original” models (trained on

2013-2014 data) were used to predict the 2013 tournament outcomes. Using the 6 models

with the exact same variables and beta values I tested the 2014 tournament data on, the

2013 tournament model accuracies are given in Table 2.3

Obviously, since the models were trained on data from a different year, the regular season

prediction accuracy decreased and the LL values increased, but not as much as some would

think. This may be due to there being only 1 year of difference between the models’ training

years, but things do change a lot within one year of playing. The tournament accuracy values

are of note here: most are as accurate or better than the models based on the 2013 regular

season data. One thing to be aware of with calculating tournament accuracy is that since

there are only 63 games calculated, one change in prediction can make the model almost 2

percent better or worse at prediction. A more thorough analysis was done on the data when
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all of these tournament predictions and 4 of the 6 of the 2013 models were 71.43 percent

accurate to make sure there were no errors in the code. All models calculated different teams

to win or lose different games, with the only exception being heavy favorites in games. The

fact that all the models get 45 of 63 predictions correct just seems to be a coincidence from

what has been found.

When analyzing the variables that are the most predictive, there are different ways of

determining accuracy. A home court indicator and a strength of schedule metric seem to

always help the model, as they detail important factors. When it comes to pure tournament

accuracy, the model 2 with only the ”four factors” added in seems to predict a bit better

than models that include efficiencies. The models that have the lowest logloss seem to be

the ones that factor in efficiencies, mainly models 1 and 3. Model 5 had the lowest logloss of

all, and it incorporated all efficiencies, home court, strength of schedule, and also included

team a’s turnover percentage and both teams’ free throw rate. This would indicate to me

that out of the four factors, turnover percentage and especially free throw rate are the most

useful for modeling the 2014 tournament.

The main outcome of my modeling is that most of my results are similar, no matter the

model used. The models also predict outcomes well. This indicates that a logistic regression

model is very useful for predicting outcomes. This also indicates that you can fine-tune the

model using specific variables that may predict a bit better, but the most important step in

modeling college basketball predictions is data collection/cleaning. A model can only work

well if the data is collected and cleaned properly. If there is any corrupted data that can

influence the models, the predictions will be terrible, especially since each accurate prediction

is about 2 percent accuracy in the tournaments. A thorough examination of the data and

variables will lead to success in these types of predictions.

30



Chapter 3

Conclusion

3.1 Conclusion

After spending a lot of time analyzing the results of my modeling and testing, the logistic

regression-based modeling approach seems to work very well to predict basketball tournament

games, but the models may need to be fine-tuned using other data for maximum accuracy.

The efficiency metrics performed very well in terms of logloss accuracy and the four factor

variables performed very well to predict accuracy percentage. The other interesting thing

to note from the results is that interaction terms make the model seemingly perform worse.

Having team a’s offensive efficiency and their strength of schedule interact, for example,

would be thought to create a stronger model, but it usually predicted less accurately than

other models with no interaction.

3.1.1 Future work

In future work, I aim try different models and see if there is any data not used in a model that

could predict better. This may take a lot of trial and error however. One interesting thing

that could be done for future modeling is creating a hypothetical 2020 NCAA tournament

based on predicted outcomes.

Because of the COVID-19 pandemic, the 2020 NCAA tournament was unable to be
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played, but the regular season was mostly completed. Using the data from the 2019-2020

regular season, and hypothetical brackets that can be found online, predictions can be done

using the same techniques I have outlined here. Finding a dataset with each game’s statistics

compiled and team IDs that match can be strenuous, but seeing the outcome of a tournament

that was unable to be played would be interesting.

Finally, I aim to apply these results to the problem of choosing teams in a knapsack

basketball tournament (KBT). In a KBT, each team in the NCAA tournament has an

associated cost, and participants in the KBT choose a set of teams subject to a budget

constraint to try to maximize the number of wins earned by selected teams.
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Appendix A

R Code Used

#Preston Chovanec

#2019-2020

#Master’s Report: NCAA Tournament Predictions

#R Code

#Get Data

#Note: tdat2014 is the list of 68 teams and seeding for the 2014 NCAA tournament

#Note: rsdat2014 is the outcomes and stats of all regular season games for

#the 2013-2014 NCAA season

#Note: allteams is a list of all NCAA teams that show up in the data, along with

#their team ID number

#Note: tresultsdat2014 is the outcomes and stats of all 67 NCAA tournament

#games in 2014

#Note: SOS2014 is a data set with team name, team number, and

#strength of schedule metric (by warrennolan.com)

set.seed(5115)

tdat2014 = read.csv("2014 Tourney data.csv", header = TRUE, sep = ",")

rsdat2014 = read.csv("2014RSGames.csv", header = TRUE, sep = ",")
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allteams = read.csv("AllTeams.csv", header = TRUE, sep = ",")

tresultsdat2014 = read.csv("2014TourneyResults.csv", header = TRUE, sep = ",")

SOS2014 = read.csv("2014SOS.csv", header = TRUE, sep = ",")

SOS2014$TeamID = SOS2014$ı̈..Team.ID

SOS2014 = SOS2014[,-c(1)]

SOS2014 = data.frame(SOS2014)

#Add Percentages and trimming rs training data

rsdat2014$wshotp = (rsdat2014$wfgm/rsdat2014$wfga)*100

rsdat2014$lshotp = (rsdat2014$lfgm/rsdat2014$lfga)*100

ngames = length(rsdat2014$wloc)

#If a team does not attempt a 3 point shot or a free throw, I put safeguards

#in place for that (some teams didn’t attempt a

#free throw in this data).

#I did not bother with if a team does not attempt a single shot, as that

#is so highly unlikely that I didn’t bother with it.

for(i in 1:ngames){

if(rsdat2014$wfga3[i]>0){rsdat2014$w3p[i] =

(rsdat2014$wfgm3[i]/rsdat2014$wfga3[i])*100}

if(rsdat2014$wfga3[i]== 0){rsdat2014$w3p[i] = 0}

if(rsdat2014$lfga3[i]>0){rsdat2014$l3p[i] =

(rsdat2014$lfgm3[i]/rsdat2014$lfga3[i])*100}

if(rsdat2014$lfga3[i]== 0){rsdat2014$l3p[i] = 0}

}

for(i in 1:ngames){

if(rsdat2014$wfta[i]>0){rsdat2014$wftp[i] =

(rsdat2014$wftm[i]/rsdat2014$wfta[i])*100}

if(rsdat2014$wfta[i]== 0){rsdat2014$wftp[i] = 0}

if(rsdat2014$lfta[i]>0){rsdat2014$lftp[i] =
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(rsdat2014$lftm[i]/rsdat2014$lfta[i])*100}

if(rsdat2014$lfta[i]== 0){rsdat2014$lftp[i] = 0}

}

rsdat2014$wtr = rsdat2014$wor + rsdat2014$wdr

rsdat2014$ltr = rsdat2014$lor + rsdat2014$ldr

rsdat2014$whfa = 0

rsdat2014$lhfa = 0

for(i in 1:ngames){

if(rsdat2014$wloc[i] == ’H’){

rsdat2014$whfa[i] = 1

}

if(rsdat2014$wloc[i] == ’A’){

rsdat2014$lhfa[i] = 1

}

}

# So rsdat2014 has the following columns so far:

# daynum -> the day of the season the game occurs. Removed later

# wteam, wscore, lteam, lscore -> team ID and points scored for both teams

# wloc and numot -> location for the winner (H = home, N = neutral site, A = Away),

# and number of overtimes the game has.

# For the next stats, they stay the same but a w in front is the winners’ stats

# and l in front is the same stats for the loser.

# fgm, fga -> field goals made and attempted.

# fgm3, fga3 -> 3 point field goals made and attempted.

# ftm, fta -> free throws made and attempted.

# or, dr -> number of offensive(OR), and defensive(DR) rebounds.

# ast, to, stl, blk, fls -> assists, turnovers, steals, blocks, fouls.

# shotp -> shot percentage (all field goals). 3p -> 3-point shot percentage.

# ftp -> free throw percentage. tr -> total rebounds (offensive + defensive).
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# If wloc = H, whfa = 1 and lhfa = 0.

# If wloc = A, whfa = 0 and lhfa = 1.

# If wloc = N, whfa = 0 and lhfa = 0.

#Adding Poss, OE, and DE

rsdat2014$wposs = 0.96*(rsdat2014$wfga-rsdat2014$wor+rsdat2014$wto+

(0.475*(rsdat2014$wfta)))

rsdat2014$lposs = 0.96*(rsdat2014$lfga-rsdat2014$lor+rsdat2014$lto+

(0.475*(rsdat2014$lfta)))

rsdat2014$woe = (rsdat2014$wscore*100)/rsdat2014$wposs

rsdat2014$wde = (rsdat2014$lscore*100)/rsdat2014$lposs

rsdat2014$loe = rsdat2014$wde

rsdat2014$lde = rsdat2014$woe

# poss = number of posessions in the game.

# Calculated by formula given in 2013 paper.

# OE = offensive efficiency metric (higher is better) ->

# will equal opponent team’s DE in a single game.

# DE = defensive efficiency metric (lower is better) ->

# will equal opponent team’s OE in a single game.

#Four Factors

rsdat2014$wefgp = (rsdat2014$wfgm+(0.5*rsdat2014$wfgm3))/rsdat2014$wfga

rsdat2014$lefgp = (rsdat2014$lfgm+(0.5*rsdat2014$lfgm3))/rsdat2014$lfga

rsdat2014$wtop = (rsdat2014$wto/rsdat2014$wposs)

rsdat2014$ltop = (rsdat2014$lto/rsdat2014$lposs)

rsdat2014$worp = rsdat2014$wor/(rsdat2014$wor + rsdat2014$ldr)

rsdat2014$lorp = rsdat2014$lor/(rsdat2014$lor + rsdat2014$wdr)

rsdat2014$wftr = (rsdat2014$wfta/rsdat2014$wfga)

rsdat2014$lftr = (rsdat2014$lfta/rsdat2014$lfga)
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#The four factors are:

# 1: efgp -> effective field goal percentage.

# 2: top -> turnover percentage.

# 3: orp -> Offensive Rebound Percentage.

# 4: ftr -> free throw rate.

#Training Data-2014 RS games

rs2014 = rsdat2014[-c(1,7:15,21:28)]

# rs2014 is a new data set where I have all the games still,

# but removed daynum and all of the base statistics I used to get percentages.

# so now it contains team IDs and scores, location, assists, turnovers, steals,

# blocks, fouls, percentages, wwhfa/lhfa, and metrics only.

# First, need to get team averages of the main stats I am using for my models over

# the whole season

# My models will use a combination of OE, DE, EFGP, TOP, ORP, and FTR as

# they are defined above.

# Will use average of team stats to make the model for each game.

allteams2014 = allteams[-c(9,18,21,28,34,47,115,189,202,227,332,345,346),]

#Removed all teams that did not appear in the 2013-2014 regular season game data.

allteams2014$oe = 0

allteams2014$de = 0

allteams2014$efgp = 0

allteams2014$top = 0

allteams2014$orp = 0

allteams2014$ftr = 0

allteams2014$SOS = 0

nteams = length(allteams2014$team_id)

oe = 0; de = 0; efgp = 0; top = 0; orp = 0; ftr = 0

for(i in 1:nteams){
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oe = c(rs2014$woe[which(rs2014$wteam == allteams2014$team_id[i])],

rs2014$loe[which(rs2014$lteam == allteams2014$team_id[i])])

de = c(rs2014$wde[which(rs2014$wteam == allteams2014$team_id[i])],

rs2014$lde[which(rs2014$lteam == allteams2014$team_id[i])])

efgp = c(rs2014$wefgp[which(rs2014$wteam == allteams2014$team_id[i])],

rs2014$lefgp[which(rs2014$lteam == allteams2014$team_id[i])])

top = c(rs2014$wtop[which(rs2014$wteam == allteams2014$team_id[i])],

rs2014$ltop[which(rs2014$lteam == allteams2014$team_id[i])])

orp = c(rs2014$worp[which(rs2014$wteam == allteams2014$team_id[i])],

rs2014$lorp[which(rs2014$lteam == allteams2014$team_id[i])])

ftr = c(rs2014$wftr[which(rs2014$wteam == allteams2014$team_id[i])],

rs2014$lftr[which(rs2014$lteam == allteams2014$team_id[i])])

allteams2014$oe[i] = mean(oe)

allteams2014$de[i] = mean(de)

allteams2014$efgp[i] = mean(efgp)

allteams2014$top[i] = mean(top)

allteams2014$orp[i] = mean(orp)

allteams2014$ftr[i] = mean(ftr)

allteams2014$SOS[i] = SOS2014$SOS[which(SOS2014$TeamID ==

allteams2014$team_id[i])]

}

#Allteams2014 contains team ID, team name, and the 6 average stats, along with

# strength of schedule.

#Converting rs2014 to include team averages.

rs2014$teamaoe = 0;rs2014$teamade = 0;rs2014$teamaefgp = 0

rs2014$teamatop = 0;rs2014$teamaorp = 0;rs2014$teamaftr = 0

rs2014$teamboe = 0;rs2014$teambde = 0;rs2014$teambefgp = 0

rs2014$teambtop = 0;rs2014$teamborp = 0;rs2014$teambftr = 0
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rs2014$teamawin = 0; rs2014$teamahfa = 0;rs2014$teamasos = 0

rs2014$teambsos = 0;rs2014$teama = 0;rs2014$teamb = 0

val = 0

for (i in 1:ngames){

if(rs2014$wloc[i] == "H"){

rs2014$teama[i] = rs2014$wteam[i]

rs2014$teamb[i] = rs2014$lteam[i]

rs2014$teamaoe[i] = allteams2014$oe[which(allteams2014$team_id ==

rs2014$wteam[i])]

rs2014$teamade[i] = allteams2014$de[which(allteams2014$team_id ==

rs2014$wteam[i])]

rs2014$teamaefgp[i] = allteams2014$efgp[which(allteams2014$team_id ==

rs2014$wteam[i])]

rs2014$teamatop[i] = allteams2014$top[which(allteams2014$team_id ==

rs2014$wteam[i])]

rs2014$teamaorp[i] = allteams2014$orp[which(allteams2014$team_id ==

rs2014$wteam[i])]

rs2014$teamaftr[i] = allteams2014$ftr[which(allteams2014$team_id ==

rs2014$wteam[i])]

rs2014$teamboe[i] = allteams2014$oe[which(allteams2014$team_id ==

rs2014$lteam[i])]

rs2014$teambde[i] = allteams2014$de[which(allteams2014$team_id ==

rs2014$lteam[i])]

rs2014$teambefgp[i] = allteams2014$efgp[which(allteams2014$team_id ==

rs2014$lteam[i])]

rs2014$teambtop[i] = allteams2014$top[which(allteams2014$team_id ==

rs2014$lteam[i])]

rs2014$teamborp[i] = allteams2014$orp[which(allteams2014$team_id ==

rs2014$lteam[i])]
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rs2014$teambftr[i] = allteams2014$ftr[which(allteams2014$team_id ==

rs2014$lteam[i])]

rs2014$teamawin[i] = 1; rs2014$teamahfa[i] = 1

rs2014$teamasos[i] = allteams2014$SOS[which(allteams2014$team_id ==

rs2014$wteam[i])]

rs2014$teambsos[i] = allteams2014$SOS[which(allteams2014$team_id ==

rs2014$lteam[i])]

}

if(rs2014$wloc[i] == "A"){

rs2014$teama[i] = rs2014$lteam[i]

rs2014$teamb[i] = rs2014$wteam[i]

rs2014$teamaoe[i] = allteams2014$oe[which(allteams2014$team_id ==

rs2014$lteam[i])]

rs2014$teamade[i] = allteams2014$de[which(allteams2014$team_id ==

rs2014$lteam[i])]

rs2014$teamaefgp[i] = allteams2014$efgp[which(allteams2014$team_id ==

rs2014$lteam[i])]

rs2014$teamatop[i] = allteams2014$top[which(allteams2014$team_id ==

rs2014$lteam[i])]

rs2014$teamaorp[i] = allteams2014$orp[which(allteams2014$team_id ==

rs2014$lteam[i])]

rs2014$teamaftr[i] = allteams2014$ftr[which(allteams2014$team_id ==

rs2014$lteam[i])]

rs2014$teamboe[i] = allteams2014$oe[which(allteams2014$team_id ==

rs2014$wteam[i])]

rs2014$teambde[i] = allteams2014$de[which(allteams2014$team_id ==

rs2014$wteam[i])]

rs2014$teambefgp[i] = allteams2014$efgp[which(allteams2014$team_id ==

rs2014$wteam[i])]

42



rs2014$teambtop[i] = allteams2014$top[which(allteams2014$team_id ==

rs2014$wteam[i])]

rs2014$teamborp[i] = allteams2014$orp[which(allteams2014$team_id ==

rs2014$wteam[i])]

rs2014$teambftr[i] = allteams2014$ftr[which(allteams2014$team_id ==

rs2014$wteam[i])]

rs2014$teamawin[i] = 0; rs2014$teamahfa[i] = 1

rs2014$teamasos[i] = allteams2014$SOS[which(allteams2014$team_id ==

rs2014$lteam[i])]

rs2014$teambsos[i] = allteams2014$SOS[which(allteams2014$team_id ==

rs2014$wteam[i])]

}

if(rs2014$wloc[i] == "N"){

val = sample.int(2,1)

if(val == 1){

rs2014$teama[i] = rs2014$wteam[i]

rs2014$teamb[i] = rs2014$lteam[i]

rs2014$teamaoe[i] = allteams2014$oe[which(allteams2014$team_id ==

rs2014$wteam[i])]

rs2014$teamade[i] = allteams2014$de[which(allteams2014$team_id ==

rs2014$wteam[i])]

rs2014$teamaefgp[i] = allteams2014$efgp[which(allteams2014$team_id ==

rs2014$wteam[i])]

rs2014$teamatop[i] = allteams2014$top[which(allteams2014$team_id ==

rs2014$wteam[i])]

rs2014$teamaorp[i] = allteams2014$orp[which(allteams2014$team_id ==

rs2014$wteam[i])]

rs2014$teamaftr[i] = allteams2014$ftr[which(allteams2014$team_id ==

rs2014$wteam[i])]
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rs2014$teamboe[i] = allteams2014$oe[which(allteams2014$team_id ==

rs2014$lteam[i])]

rs2014$teambde[i] = allteams2014$de[which(allteams2014$team_id ==

rs2014$lteam[i])]

rs2014$teambefgp[i] = allteams2014$efgp[which(allteams2014$team_id ==

rs2014$lteam[i])]

rs2014$teambtop[i] = allteams2014$top[which(allteams2014$team_id ==

rs2014$lteam[i])]

rs2014$teamborp[i] = allteams2014$orp[which(allteams2014$team_id ==

rs2014$lteam[i])]

rs2014$teambftr[i] = allteams2014$ftr[which(allteams2014$team_id ==

rs2014$lteam[i])]

rs2014$teamawin[i] = 1; rs2014$teamahfa[i] = 0

rs2014$teamasos[i] = allteams2014$SOS[which(allteams2014$team_id ==

rs2014$wteam[i])]

rs2014$teambsos[i] = allteams2014$SOS[which(allteams2014$team_id ==

rs2014$lteam[i])]

}

if(val == 2){

rs2014$teama[i] = rs2014$lteam[i]

rs2014$teamb[i] = rs2014$wteam[i]

rs2014$teamaoe[i] = allteams2014$oe[which(allteams2014$team_id ==

rs2014$lteam[i])]

rs2014$teamade[i] = allteams2014$de[which(allteams2014$team_id ==

rs2014$lteam[i])]

rs2014$teamaefgp[i] = allteams2014$efgp[which(allteams2014$team_id ==

rs2014$lteam[i])]

rs2014$teamatop[i] = allteams2014$top[which(allteams2014$team_id ==

rs2014$lteam[i])]
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rs2014$teamaorp[i] = allteams2014$orp[which(allteams2014$team_id ==

rs2014$lteam[i])]

rs2014$teamaftr[i] = allteams2014$ftr[which(allteams2014$team_id ==

rs2014$lteam[i])]

rs2014$teamboe[i] = allteams2014$oe[which(allteams2014$team_id ==

rs2014$wteam[i])]

rs2014$teambde[i] = allteams2014$de[which(allteams2014$team_id ==

rs2014$wteam[i])]

rs2014$teambefgp[i] = allteams2014$efgp[which(allteams2014$team_id ==

rs2014$wteam[i])]

rs2014$teambtop[i] = allteams2014$top[which(allteams2014$team_id ==

rs2014$wteam[i])]

rs2014$teamborp[i] = allteams2014$orp[which(allteams2014$team_id ==

rs2014$wteam[i])]

rs2014$teambftr[i] = allteams2014$ftr[which(allteams2014$team_id ==

rs2014$wteam[i])]

rs2014$teamawin[i] = 0; rs2014$teamahfa[i] = 0

rs2014$teamasos[i] = allteams2014$SOS[which(allteams2014$team_id ==

rs2014$lteam[i])]

rs2014$teambsos[i] = allteams2014$SOS[which(allteams2014$team_id ==

rs2014$wteam[i])]

}

}

}

# For wloc = H, I made wteam = teama and lteam = team b, along

# with adding their averages

# For wloc = A, I made lteam = teama and wteam = team b, along

# with adding their averages

# For wloc = N, I made a value that will be either 1 or 2 randomly.
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# If val = 1 for the game, use same method as wloc = H, and

# if val = 2, use same method as wloc = A.

# I added a home field advantage (teamahfa) to be used in all models.

# Since I made teama the home team no matter what, teamahfa is 1 unless

# there is a neutral site game.

# I also added the value teamawin, which will be the

# dependent variable I model upon.

moddata = rs2014[,c(40:57)]

colnames(moddata) = c("b","c","h","i","j","k","d","e","l","m","n","o","teamawin",

"a","f","g","teama","teamb")

head(moddata)

tail(moddata)

#modeling

logmod1 = glm(teamawin ~ a+b+c+d+e+f+g, maxit = 100,data = moddata,

family = binomial(link = ’logit’))

logmod1

summary(logmod1)

logmod2 = glm(teamawin ~ a+f+g+h+i+j+k+l+m+n+o, maxit = 100,data = moddata,

family = binomial(link = ’logit’))

logmod2

summary(logmod2)

logmod3 = glm(teamawin ~ a+b+c+d+e+f+g+h+i+j+k+l+m+n+o, maxit = 100,

data = moddata, family = binomial(link = ’logit’))

logmod3

summary(logmod3)

#testing how the model works on the regular season data

test1 = moddata
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pred1 = predict(logmod1,test1,type = "response")

pred2 = predict(logmod2,test1,type = "response")

pred3 = predict(logmod3,test1,type = "response")

mod1wrong = length(which(pred1 >= 0.5)) -

sum(rs2014$teamawin[which(pred1 >= 0.5)])+

sum(rs2014$teamawin[which(pred1 < 0.5)])

mod2wrong = length(which(pred2 >= 0.5)) -

sum(rs2014$teamawin[which(pred2 >= 0.5)])+

sum(rs2014$teamawin[which(pred2 < 0.5)])

mod3wrong = length(which(pred3 >= 0.5)) -

sum(rs2014$teamawin[which(pred3 >= 0.5)])+

sum(rs2014$teamawin[which(pred3 < 0.5)])

# For each model, I calculate how many I had wrong by getting all the times

# I predict team a to win, then subtracting the times I predict a win for team a

# and the team actually won (predicted correctly). This gives me the number of

# times I predict a win and the team lost. Then I add in the number of times

# I predict team A to lose and they actually won.

mod1acc = 1-mod1wrong/ngames

mod2acc = 1-mod2wrong/ngames

mod3acc = 1-mod3wrong/ngames

c(mod1acc,mod2acc,mod3acc)

#Test Data- tournament teams

teamstats2014 = tdat2014[,c(2,3)]

teamstats2014$seed = c(1,10,11,12,13,14,15,16,2,3,4,5,6,7,8,9,1,10,

11,11,12,12,13,14,15,16,16,2,3,4,5,6,7,8,9,1,10,

11,12,13,14,15,16,16,2,3,4,5,6,7,8,9,1,10,11,

12,13,14,15,16,2,3,4,5,6,7,8,9)

nteamstourney = length(teamstats2014$Team)
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for (i in 1:nteamstourney){

teamstats2014$oe[i] = allteams2014$oe[which(allteams2014$team_id ==

teamstats2014$Team.Number[i])]

teamstats2014$de[i] = allteams2014$de[which(allteams2014$team_id ==

teamstats2014$Team.Number[i])]

teamstats2014$efgp[i] = allteams2014$efgp[which(allteams2014$team_id ==

teamstats2014$Team.Number[i])]

teamstats2014$top[i] = allteams2014$top[which(allteams2014$team_id ==

teamstats2014$Team.Number[i])]

teamstats2014$orp[i] = allteams2014$orp[which(allteams2014$team_id ==

teamstats2014$Team.Number[i])]

teamstats2014$ftr[i] = allteams2014$ftr[which(allteams2014$team_id ==

teamstats2014$Team.Number[i])]

teamstats2014$SOS[i] = allteams2014$SOS[which(allteams2014$team_id ==

teamstats2014$Team.Number[i])]

}

# This basically makes the same dataset as allteams2014, but it only is the 68

# teams in the 2014 NCAA tournament. I also added their seeds, which I use to

# denote the teama for the matchups (since they are all neutral site games).

#Make a dataset with all 2278 potential matchups between tournament teams

#Use this dataset to make predictions.

#install.packages("gtools")

library(gtools)

matchups = combinations(nteamstourney,2)

matchteama = matchups[,1]

matchteamb = matchups[,2]

tourneyteama = rep(0,length(matchteama))

tourneyteamb = tourneyteama
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tourneyteama1 = rep(0,length(matchteama))

tourneyteamb1 = tourneyteama1

for (i in 1:length(matchteama)){

tourneyteama[i] = teamstats2014$Team.Number[matchteama[i]]

tourneyteamb[i] = teamstats2014$Team.Number[matchteamb[i]]

tourneyteama1[i] = tourneyteama[i]

tourneyteamb1[i] = tourneyteamb[i]

if(teamstats2014$seed[which(teamstats2014$Team.Number == tourneyteama[i])]>

teamstats2014$seed[which(teamstats2014$Team.Number == tourneyteamb[i])]){

tourneyteama[i] = tourneyteamb1[i]

tourneyteamb[i] = tourneyteama1[i]

}

}

# This makes the "higher seed" the teama and the "lower seed" the teamb.

# for actual first round games, for example, the seeding would be:

# 1 = teama vs 16 = teamb. 2 = teama vs 15 = teamb... 8 = teama vs 9 = teamb.

tourneygames = cbind(tourneyteama,tourneyteamb)

tourneygames = as.data.frame(tourneygames)

for (i in 1:length(matchteama)){

tourneygames$teamaseed[i] = teamstats2014$seed[which(

teamstats2014$Team.Number == tourneygames$tourneyteama[i])]

tourneygames$teambseed[i] = teamstats2014$seed[which(

teamstats2014$Team.Number == tourneygames$tourneyteamb[i])]

tourneygames$teamaoe[i] = allteams2014$oe[which(allteams2014$team_id ==

tourneygames$tourneyteama[i])]

tourneygames$teamade[i] = allteams2014$de[which(allteams2014$team_id ==

tourneygames$tourneyteama[i])]

tourneygames$teamaefgp[i] = allteams2014$efgp[which(allteams2014$team_id ==

tourneygames$tourneyteama[i])]
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tourneygames$teamatop[i] = allteams2014$top[which(allteams2014$team_id ==

tourneygames$tourneyteama[i])]

tourneygames$teamaorp[i] = allteams2014$orp[which(allteams2014$team_id ==

tourneygames$tourneyteama[i])]

tourneygames$teamaftr[i] = allteams2014$ftr[which(allteams2014$team_id ==

tourneygames$tourneyteama[i])]

tourneygames$teamboe[i] = allteams2014$oe[which(allteams2014$team_id ==

tourneygames$tourneyteamb[i])]

tourneygames$teambde[i] = allteams2014$de[which(allteams2014$team_id ==

tourneygames$tourneyteamb[i])]

tourneygames$teambefgp[i] = allteams2014$efgp[which(allteams2014$team_id ==

tourneygames$tourneyteamb[i])]

tourneygames$teambtop[i] = allteams2014$top[which(allteams2014$team_id ==

tourneygames$tourneyteamb[i])]

tourneygames$teamborp[i] = allteams2014$orp[which(allteams2014$team_id ==

tourneygames$tourneyteamb[i])]

tourneygames$teambftr[i] = allteams2014$ftr[which(allteams2014$team_id ==

tourneygames$tourneyteamb[i])]

tourneygames$teamahfa[i] = 0

tourneygames$teamasos[i] = allteams2014$SOS[which(allteams2014$team_id ==

tourneygames$tourneyteama[i])]

tourneygames$teambsos[i] = allteams2014$SOS[which(allteams2014$team_id ==

tourneygames$tourneyteamb[i])]

}

# So we have teama stats and teamb stats for all 2278 potential matchups, along

# with teamahfa = 0 for all since all games are neutral site games.

testtourneygames = tourneygames

colnames(testtourneygames) = c("teama","teamb","teamaseed","teambseed","b","c","h",
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"i","j","k","d","e","l","m","n","o","a","f","g")

tourneypred1 = predict(logmod1,testtourneygames,type = "response")

tourneypred2 = predict(logmod2,testtourneygames,type = "response")

tourneypred3 = predict(logmod3,testtourneygames,type = "response")

# Now that all potential matchups have been predicted, we need to check

# accuracies of the 67 games actually played.

# Do this with another dataset, tresultsdat2014.

tresultsdat2014$wteam = tresultsdat2014$ı̈..wteam

tresultsdat2014 = tresultsdat2014[,-1]

#There was a weird label for wteam, so I fixed that before working with the dataset.

#Now, need to sort by seeding like before to get teama and teamb to match.

for (i in 1:length(tresultsdat2014$wscore)){

tresultsdat2014$wseed[i] = teamstats2014$seed[which(teamstats2014$Team.Number ==

tresultsdat2014$wteam[i])]

tresultsdat2014$lseed[i] =teamstats2014$seed[which(teamstats2014$Team.Number ==

tresultsdat2014$lteam[i])]

}

for (i in 1:length(tresultsdat2014$wscore)){

if(tresultsdat2014$wseed[i]<=tresultsdat2014$lseed[i]){

tresultsdat2014$teamaoe[i] = teamstats2014$oe[which(

teamstats2014$Team.Number == tresultsdat2014$wteam[i])]

tresultsdat2014$teamade[i] = teamstats2014$de[which(

teamstats2014$Team.Number == tresultsdat2014$wteam[i])]

tresultsdat2014$teamaefgp[i] = teamstats2014$efgp[which(

teamstats2014$Team.Number == tresultsdat2014$wteam[i])]

tresultsdat2014$teamatop[i] = teamstats2014$top[which(

teamstats2014$Team.Number == tresultsdat2014$wteam[i])]

tresultsdat2014$teamaorp[i] = teamstats2014$orp[which(

51



teamstats2014$Team.Number == tresultsdat2014$wteam[i])]

tresultsdat2014$teamaftr[i] = teamstats2014$ftr[which(

teamstats2014$Team.Number == tresultsdat2014$wteam[i])]

tresultsdat2014$teamboe[i] = teamstats2014$oe[which(

teamstats2014$Team.Number == tresultsdat2014$lteam[i])]

tresultsdat2014$teambde[i] = teamstats2014$de[which(

teamstats2014$Team.Number == tresultsdat2014$lteam[i])]

tresultsdat2014$teambefgp[i] = teamstats2014$efgp[which(

teamstats2014$Team.Number == tresultsdat2014$lteam[i])]

tresultsdat2014$teambtop[i] = teamstats2014$top[which(

teamstats2014$Team.Number == tresultsdat2014$lteam[i])]

tresultsdat2014$teamborp[i] = teamstats2014$orp[which(

teamstats2014$Team.Number == tresultsdat2014$lteam[i])]

tresultsdat2014$teambftr[i] = teamstats2014$ftr[which(

teamstats2014$Team.Number == tresultsdat2014$lteam[i])]

tresultsdat2014$teama[i] = tresultsdat2014$wteam[i]

tresultsdat2014$teamb[i] = tresultsdat2014$lteam[i]

tresultsdat2014$teamasos[i] = teamstats2014$SOS[which(

teamstats2014$Team.Number == tresultsdat2014$wteam[i])]

tresultsdat2014$teambsos[i] = teamstats2014$SOS[which(

teamstats2014$Team.Number == tresultsdat2014$lteam[i])]

tresultsdat2014$teamawin[i] = 1; tresultsdat2014$teamahfa[i] = 0

}

if(tresultsdat2014$wseed[i]>tresultsdat2014$lseed[i]){

tresultsdat2014$teamaoe[i] = teamstats2014$oe[which(

teamstats2014$Team.Number == tresultsdat2014$lteam[i])]

tresultsdat2014$teamade[i] = teamstats2014$de[which(

teamstats2014$Team.Number == tresultsdat2014$lteam[i])]

tresultsdat2014$teamaefgp[i] = teamstats2014$efgp[which(

52



teamstats2014$Team.Number == tresultsdat2014$lteam[i])]

tresultsdat2014$teamatop[i] = teamstats2014$top[which(

teamstats2014$Team.Number == tresultsdat2014$lteam[i])]

tresultsdat2014$teamaorp[i] = teamstats2014$orp[which(

teamstats2014$Team.Number == tresultsdat2014$lteam[i])]

tresultsdat2014$teamaftr[i] = teamstats2014$ftr[which(

teamstats2014$Team.Number == tresultsdat2014$lteam[i])]

tresultsdat2014$teamboe[i] = teamstats2014$oe[which(

teamstats2014$Team.Number == tresultsdat2014$wteam[i])]

tresultsdat2014$teambde[i] = teamstats2014$de[which(

teamstats2014$Team.Number == tresultsdat2014$wteam[i])]

tresultsdat2014$teambefgp[i] = teamstats2014$efgp[which(

teamstats2014$Team.Number == tresultsdat2014$wteam[i])]

tresultsdat2014$teambtop[i] = teamstats2014$top[which(

teamstats2014$Team.Number == tresultsdat2014$wteam[i])]

tresultsdat2014$teamborp[i] = teamstats2014$orp[which(

teamstats2014$Team.Number == tresultsdat2014$wteam[i])]

tresultsdat2014$teambftr[i] = teamstats2014$ftr[which(

teamstats2014$Team.Number == tresultsdat2014$wteam[i])]

tresultsdat2014$teama[i] = tresultsdat2014$lteam[i]

tresultsdat2014$teamb[i] = tresultsdat2014$wteam[i]

tresultsdat2014$teamasos[i] = teamstats2014$SOS[which(

teamstats2014$Team.Number == tresultsdat2014$lteam[i])]

tresultsdat2014$teambsos[i] = teamstats2014$SOS[which(

teamstats2014$Team.Number == tresultsdat2014$wteam[i])]

tresultsdat2014$teamawin[i] = 0; tresultsdat2014$teamahfa[i] = 0

}

}
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#All averages are tallied , along with denoting if teama won or not.

# Now we need to find the possibe outcomes that I predicted upon that match all

# of the games to test accuracies.

# the Kaggle competition took out the "first four" games in their prediction

# competition, so I will do the same and just calculate predictions/log loss on

# the 63 games of the official tournament.

tresultsdat2014MFF = tresultsdat2014[-c(1:4),]

#Note: the MFF of dataset tresultsdat2014MFF denotes "minus first four".

val = rep(0,length(tresultsdat2014MFF$teama))

for(i in 1:length(tresultsdat2014MFF$teama)){

val[i] = which(tourneygames$tourneyteama == tresultsdat2014MFF$teama[i] &

tourneygames$tourneyteamb == tresultsdat2014MFF$teamb[i])

}

# val is the label for which row in the dataset of 2278 possible matchups the

# actual matchup occcured on.

actualgames = tourneygames[val,]

tpred1 = tourneypred1[val]

tpred2 = tourneypred2[val]

tpred3 = tourneypred3[val]

which(tourneypred1[val]>0.5)

which(tourneypred2[val]>0.5)

which(tourneypred3[val]>0.5)

sum(tresultsdat2014MFF$teamawin[which(tourneypred1[val]>0.5)])

sum(tresultsdat2014MFF$teamawin[which(tourneypred2[val]>0.5)])

sum(tresultsdat2014MFF$teamawin[which(tourneypred3[val]>0.5)])

sum(tresultsdat2014MFF$teamawin[which(tourneypred1[val]<0.5)])

sum(tresultsdat2014MFF$teamawin[which(tourneypred2[val]<0.5)])
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sum(tresultsdat2014MFF$teamawin[which(tourneypred3[val]<0.5)])

tmod1wrong = length(which(tourneypred1[val]>0.5)) -

sum(tresultsdat2014MFF$teamawin[which(tourneypred1[val]>0.5)]) +

sum(tresultsdat2014MFF$teamawin[which(tourneypred1[val]<0.5)])

tmod2wrong = length(which(tourneypred2[val]>0.5)) -

sum(tresultsdat2014MFF$teamawin[which(tourneypred2[val]>0.5)]) +

sum(tresultsdat2014MFF$teamawin[which(tourneypred2[val]<0.5)])

tmod3wrong = length(which(tourneypred3[val]>0.5)) -

sum(tresultsdat2014MFF$teamawin[which(tourneypred3[val]>0.5)]) +

sum(tresultsdat2014MFF$teamawin[which(tourneypred3[val]<0.5)])

tmod1acc = 1-tmod1wrong/length(tresultsdat2014MFF$teama)

tmod2acc = 1-tmod2wrong/length(tresultsdat2014MFF$teama)

tmod3acc = 1-tmod3wrong/length(tresultsdat2014MFF$teama)

c(tmod1acc,tmod2acc,tmod3acc)

#Calculating Logloss

ditmod1 = rep(0,length(tresultsdat2014MFF$teama))

for(i in 1:length(tresultsdat2014MFF$teama)){

ditmod1[i] = (tresultsdat2014MFF$teamawin[i]*log(tpred1[i])) +

((1-tresultsdat2014MFF$teamawin[i])*log(1-tpred1[i]))

}

LL1 = (-1/63)*sum(ditmod1)

ditmod2 = rep(0,length(tresultsdat2014MFF$teama))

for(i in 1:length(tresultsdat2014MFF$teama)){

ditmod2[i] = (tresultsdat2014MFF$teamawin[i]*log(tpred2[i])) +

((1-tresultsdat2014MFF$teamawin[i])*log(1-tpred2[i]))

}

LL2 = (-1/63)*sum(ditmod2)

ditmod3 = rep(0,length(tresultsdat2014MFF$teama))
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for(i in 1:length(tresultsdat2014MFF$teama)){

ditmod3[i] = (tresultsdat2014MFF$teamawin[i]*log(tpred3[i])) +

((1-tresultsdat2014MFF$teamawin[i])*log(1-tpred3[i]))

}

LL3 = (-1/63)*sum(ditmod3)

c(LL1,LL2,LL3)

# testing other models

#install.packages("MASS")

#library("MASS")

stepAIC(logmod3, direction = "both")

logmod4 = glm(teamawin ~ a+b+c+d+e+f+g+h+i+j+k+l+m+n+o+b*f+c*f+

f*h+f*i+f*j+f*k+d*g+e*g+g*l+g*m+g*n+g*o, maxit = 100,data = moddata,

family = binomial(link = ’logit’))

logmod4

summary(logmod4)

pred4 = predict(logmod4,test1,type = "response")

mod4wrong = length(which(pred4 >= 0.5)) -

sum(rs2014$teamawin[which(pred4 >= 0.5)]) +

sum(rs2014$teamawin[which(pred4 < 0.5)])

mod4acc = 1-mod4wrong/ngames

tourneypred4 = predict(logmod4,testtourneygames,type = "response")

tpred4 = tourneypred4[val]

which(tourneypred4[val]>0.5)

sum(tresultsdat2014MFF$teamawin[which(tourneypred4[val]>0.5)])

sum(tresultsdat2014MFF$teamawin[which(tourneypred4[val]<0.5)])

tmod4wrong = length(which(tourneypred4[val]>0.5)) -

sum(tresultsdat2014MFF$teamawin[which(tourneypred4[val]>0.5)]) +

sum(tresultsdat2014MFF$teamawin[which(tourneypred4[val]<0.5)])
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tmod4acc = 1-tmod4wrong/length(tresultsdat2014MFF$teama)

ditmod4 = rep(0,length(tresultsdat2014MFF$teama))

for(i in 1:length(tresultsdat2014MFF$teama)){

ditmod4[i] = (tresultsdat2014MFF$teamawin[i]*log(tpred4[i])) +

((1-tresultsdat2014MFF$teamawin[i])*log(1-tpred4[i]))

}

LL4 = (-1/63)*sum(ditmod4)

stepAIC(logmod4, direction = "both")

logmod5 = glm(teamawin ~ a+b+c+d+e+f+g+h+k, maxit = 100,data = moddata,

family = binomial(link = ’logit’))

logmod5

summary(logmod5)

pred5 = predict(logmod5,test1,type = "response")

mod5wrong = length(which(pred5 >= 0.5)) -

sum(rs2014$teamawin[which(pred5 >= 0.5)]) +

sum(rs2014$teamawin[which(pred5 < 0.5)])

mod5acc = 1-mod5wrong/ngames

tourneypred5 = predict(logmod5,testtourneygames,type = "response")

tpred5 = tourneypred5[val]

which(tourneypred5[val]>0.5)

sum(tresultsdat2014MFF$teamawin[which(tourneypred5[val]>0.5)])

sum(tresultsdat2014MFF$teamawin[which(tourneypred5[val]<0.5)])

tmod5wrong = length(which(tourneypred5[val]>0.5)) -

sum(tresultsdat2014MFF$teamawin[which(tourneypred5[val]>0.5)]) +

sum(tresultsdat2014MFF$teamawin[which(tourneypred5[val]<0.5)])

tmod5acc = 1-tmod5wrong/length(tresultsdat2014MFF$teama)

ditmod5 = rep(0,length(tresultsdat2014MFF$teama))

for(i in 1:length(tresultsdat2014MFF$teama)){
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ditmod5[i] = (tresultsdat2014MFF$teamawin[i]*log(tpred5[i])) +

((1-tresultsdat2014MFF$teamawin[i])*log(1-tpred5[i]))

}

LL5 = (-1/63)*sum(ditmod5)

logmod6 = glm(teamawin ~ a+b+c+d+e+f+g+k+c*f, maxit = 100,data = moddata,

family = binomial(link = ’logit’))

logmod6

summary(logmod6)

pred6 = predict(logmod6,test1,type = "response")

mod6wrong = length(which(pred6 >= 0.5)) -

sum(rs2014$teamawin[which(pred6 >= 0.5)]) +

sum(rs2014$teamawin[which(pred6 < 0.5)])

mod6acc = 1-mod6wrong/ngames

tourneypred6 = predict(logmod6,testtourneygames,type = "response")

tpred6 = tourneypred6[val]

which(tourneypred6[val]>0.5)

sum(tresultsdat2014MFF$teamawin[which(tourneypred6[val]>0.5)])

sum(tresultsdat2014MFF$teamawin[which(tourneypred6[val]<0.5)])

tmod6wrong = length(which(tourneypred6[val]>0.5)) -

sum(tresultsdat2014MFF$teamawin[which(tourneypred6[val]>0.5)]) +

sum(tresultsdat2014MFF$teamawin[which(tourneypred6[val]<0.5)])

tmod6acc = 1-tmod6wrong/length(tresultsdat2014MFF$teama)

ditmod6 = rep(0,length(tresultsdat2014MFF$teama))

for(i in 1:length(tresultsdat2014MFF$teama)){

ditmod6[i] = (tresultsdat2014MFF$teamawin[i]*log(tpred6[i])) +

((1-tresultsdat2014MFF$teamawin[i])*log(1-tpred6[i]))

}

LL6 = (-1/63)*sum(ditmod6)
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mod1val = c(mod1acc,tmod1acc,LL1)

mod2val = c(mod2acc,tmod2acc,LL2)

mod3val = c(mod3acc,tmod3acc,LL3)

mod4val = c(mod4acc,tmod4acc,LL4)

mod5val = c(mod5acc,tmod5acc,LL5)

mod6val = c(mod6acc,tmod6acc,LL6)

results2014 = rbind(mod1val,mod2val,mod3val,mod4val,mod5val,mod6val)

colnames(results2014) = c("RSACC","TACC","LL")

rownames(results2014) = c("Model1","Model2","Model3","Model4","Model5","Model6")

results2014

#code comes after MRFile2020 code. This is the continuation of that file.

set.seed(5115)

tdat2013 = read.csv("tourney_seeds_2013.csv", header = TRUE, sep = ",")

rsdat2013 = read.csv("2013RSGames.csv", header = TRUE, sep = ",")

allteams = read.csv("AllTeams.csv", header = TRUE, sep = ",")

tresultsdat2013 = read.csv("2013TourneyResults.csv", header = TRUE, sep = ",")

SOS2013 = read.csv("2013SOS.csv", header = TRUE, sep = ",")

SOS2013$TeamID = SOS2013$ı̈..Team.ID

SOS2013 = SOS2013[,-c(1)]

SOS2013 = data.frame(SOS2013)

#Adding Poss, OE, and DE

rsdat2013$wposs = 0.96*(rsdat2013$wfga-rsdat2013$wor+rsdat2013$wto+

(0.475*(rsdat2013$wfta)))

rsdat2013$lposs = 0.96*(rsdat2013$lfga-rsdat2013$lor+rsdat2013$lto+

(0.475*(rsdat2013$lfta)))

rsdat2013$woe = (rsdat2013$wscore*100)/rsdat2013$wposs
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rsdat2013$wde = (rsdat2013$lscore*100)/rsdat2013$lposs

rsdat2013$loe = rsdat2013$wde

rsdat2013$lde = rsdat2013$woe

#Four Factors

rsdat2013$wefgp = (rsdat2013$wfgm+(0.5*rsdat2013$wfgm3))/rsdat2013$wfga

rsdat2013$lefgp = (rsdat2013$lfgm+(0.5*rsdat2013$lfgm3))/rsdat2013$lfga

rsdat2013$wtop = (rsdat2013$wto/rsdat2013$wposs)

rsdat2013$ltop = (rsdat2013$lto/rsdat2013$lposs)

rsdat2013$worp = rsdat2013$wor/(rsdat2013$wor + rsdat2013$ldr)

rsdat2013$lorp = rsdat2013$lor/(rsdat2013$lor + rsdat2013$wdr)

rsdat2013$wftr = (rsdat2013$wfta/rsdat2013$wfga)

rsdat2013$lftr = (rsdat2013$lfta/rsdat2013$lfga)

rs2013 = rsdat2013[-c(1,7:15,21:28)]

ngames = length(rsdat2013$wloc)

allteams2013 = allteams[-c(1,9,18,21,28,34,47,113,115,130,162,

189,202,227,332,345,346),]

#Removed all teams that did not appear in the 2012-2013 regular season game data.

allteams2013$oe = 0

allteams2013$de = 0

allteams2013$efgp = 0

allteams2013$top = 0

allteams2013$orp = 0

allteams2013$ftr = 0

allteams2013$SOS = 0

nteams = length(allteams2013$team_id)

oe = 0; de = 0; efgp = 0; top = 0; orp = 0; ftr = 0

for(i in 1:nteams){

oe = c(rs2013$woe[which(rs2013$wteam == allteams2013$team_id[i])],
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rs2013$loe[which(rs2013$lteam == allteams2013$team_id[i])])

de = c(rs2013$wde[which(rs2013$wteam == allteams2013$team_id[i])],

rs2013$lde[which(rs2013$lteam == allteams2013$team_id[i])])

efgp = c(rs2013$wefgp[which(rs2013$wteam == allteams2013$team_id[i])],

rs2013$lefgp[which(rs2013$lteam == allteams2013$team_id[i])])

top = c(rs2013$wtop[which(rs2013$wteam == allteams2013$team_id[i])],

rs2013$ltop[which(rs2013$lteam == allteams2013$team_id[i])])

orp = c(rs2013$worp[which(rs2013$wteam == allteams2013$team_id[i])],

rs2013$lorp[which(rs2013$lteam == allteams2013$team_id[i])])

ftr = c(rs2013$wftr[which(rs2013$wteam == allteams2013$team_id[i])],

rs2013$lftr[which(rs2013$lteam == allteams2013$team_id[i])])

allteams2013$oe[i] = mean(oe)

allteams2013$de[i] = mean(de)

allteams2013$efgp[i] = mean(efgp)

allteams2013$top[i] = mean(top)

allteams2013$orp[i] = mean(orp)

allteams2013$ftr[i] = mean(ftr)

allteams2013$SOS[i] = SOS2013$SOS[which(SOS2013$TeamID == allteams2013$team_id[i])]

}

#making team a and b stats

rs2013$teamaoe = 0;rs2013$teamade = 0;rs2013$teamaefgp = 0

rs2013$teamatop = 0;rs2013$teamaorp = 0;rs2013$teamaftr = 0

rs2013$teamboe = 0;rs2013$teambde = 0;rs2013$teambefgp = 0

rs2013$teambtop = 0;rs2013$teamborp = 0;rs2013$teambftr = 0

rs2013$teamawin = 0; rs2013$teamahfa = 0;rs2013$teamasos = 0

rs2013$teambsos = 0;rs2013$teama = 0;rs2013$teamb = 0

val = 0

for (i in 1:ngames){

if(rs2013$wloc[i] == "H"){
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rs2013$teama[i] = rs2013$wteam[i]

rs2013$teamb[i] = rs2013$lteam[i]

rs2013$teamaoe[i] = allteams2013$oe[which(allteams2013$team_id ==

rs2013$wteam[i])]

rs2013$teamade[i] = allteams2013$de[which(allteams2013$team_id ==

rs2013$wteam[i])]

rs2013$teamaefgp[i] = allteams2013$efgp[which(allteams2013$team_id ==

rs2013$wteam[i])]

rs2013$teamatop[i] = allteams2013$top[which(allteams2013$team_id ==

rs2013$wteam[i])]

rs2013$teamaorp[i] = allteams2013$orp[which(allteams2013$team_id ==

rs2013$wteam[i])]

rs2013$teamaftr[i] = allteams2013$ftr[which(allteams2013$team_id ==

rs2013$wteam[i])]

rs2013$teamboe[i] = allteams2013$oe[which(allteams2013$team_id ==

rs2013$lteam[i])]

rs2013$teambde[i] = allteams2013$de[which(allteams2013$team_id ==

rs2013$lteam[i])]

rs2013$teambefgp[i] = allteams2013$efgp[which(allteams2013$team_id ==

rs2013$lteam[i])]

rs2013$teambtop[i] = allteams2013$top[which(allteams2013$team_id ==

rs2013$lteam[i])]

rs2013$teamborp[i] = allteams2013$orp[which(allteams2013$team_id ==

rs2013$lteam[i])]

rs2013$teambftr[i] = allteams2013$ftr[which(allteams2013$team_id ==

rs2013$lteam[i])]

rs2013$teamawin[i] = 1; rs2013$teamahfa[i] = 1

rs2013$teamasos[i] = allteams2013$SOS[which(allteams2013$team_id ==

rs2013$wteam[i])]
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rs2013$teambsos[i] = allteams2013$SOS[which(allteams2013$team_id ==

rs2013$lteam[i])]

}

if(rs2013$wloc[i] == "A"){

rs2013$teama[i] = rs2013$lteam[i]

rs2013$teamb[i] = rs2013$wteam[i]

rs2013$teamaoe[i] = allteams2013$oe[which(allteams2013$team_id ==

rs2013$lteam[i])]

rs2013$teamade[i] = allteams2013$de[which(allteams2013$team_id ==

rs2013$lteam[i])]

rs2013$teamaefgp[i] = allteams2013$efgp[which(allteams2013$team_id ==

rs2013$lteam[i])]

rs2013$teamatop[i] = allteams2013$top[which(allteams2013$team_id ==

rs2013$lteam[i])]

rs2013$teamaorp[i] = allteams2013$orp[which(allteams2013$team_id ==

rs2013$lteam[i])]

rs2013$teamaftr[i] = allteams2013$ftr[which(allteams2013$team_id ==

rs2013$lteam[i])]

rs2013$teamboe[i] = allteams2013$oe[which(allteams2013$team_id ==

rs2013$wteam[i])]

rs2013$teambde[i] = allteams2013$de[which(allteams2013$team_id ==

rs2013$wteam[i])]

rs2013$teambefgp[i] = allteams2013$efgp[which(allteams2013$team_id ==

rs2013$wteam[i])]

rs2013$teambtop[i] = allteams2013$top[which(allteams2013$team_id ==

rs2013$wteam[i])]

rs2013$teamborp[i] = allteams2013$orp[which(allteams2013$team_id ==

rs2013$wteam[i])]

rs2013$teambftr[i] = allteams2013$ftr[which(allteams2013$team_id ==
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rs2013$wteam[i])]

rs2013$teamawin[i] = 0; rs2013$teamahfa[i] = 1

rs2013$teamasos[i] = allteams2013$SOS[which(allteams2013$team_id ==

rs2013$lteam[i])]

rs2013$teambsos[i] = allteams2013$SOS[which(allteams2013$team_id ==

rs2013$wteam[i])]

}

if(rs2013$wloc[i] == "N"){

val = sample.int(2,1)

if(val == 1){

rs2013$teama[i] = rs2013$wteam[i]

rs2013$teamb[i] = rs2013$lteam[i]

rs2013$teamaoe[i] = allteams2013$oe[which(allteams2013$team_id ==

rs2013$wteam[i])]

rs2013$teamade[i] = allteams2013$de[which(allteams2013$team_id ==

rs2013$wteam[i])]

rs2013$teamaefgp[i] = allteams2013$efgp[which(allteams2013$team_id ==

rs2013$wteam[i])]

rs2013$teamatop[i] = allteams2013$top[which(allteams2013$team_id ==

rs2013$wteam[i])]

rs2013$teamaorp[i] = allteams2013$orp[which(allteams2013$team_id ==

rs2013$wteam[i])]

rs2013$teamaftr[i] = allteams2013$ftr[which(allteams2013$team_id ==

rs2013$wteam[i])]

rs2013$teamboe[i] = allteams2013$oe[which(allteams2013$team_id ==

rs2013$lteam[i])]

rs2013$teambde[i] = allteams2013$de[which(allteams2013$team_id ==

rs2013$lteam[i])]

rs2013$teambefgp[i] = allteams2013$efgp[which(allteams2013$team_id ==
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rs2013$lteam[i])]

rs2013$teambtop[i] = allteams2013$top[which(allteams2013$team_id ==

rs2013$lteam[i])]

rs2013$teamborp[i] = allteams2013$orp[which(allteams2013$team_id ==

rs2013$lteam[i])]

rs2013$teambftr[i] = allteams2013$ftr[which(allteams2013$team_id ==

rs2013$lteam[i])]

rs2013$teamawin[i] = 1; rs2013$teamahfa[i] = 0

rs2013$teamasos[i] = allteams2013$SOS[which(allteams2013$team_id ==

rs2013$wteam[i])]

rs2013$teambsos[i] = allteams2013$SOS[which(allteams2013$team_id ==

rs2013$lteam[i])]

}

if(val == 2){

rs2013$teama[i] = rs2013$lteam[i]

rs2013$teamb[i] = rs2013$wteam[i]

rs2013$teamaoe[i] = allteams2013$oe[which(allteams2013$team_id ==

rs2013$lteam[i])]

rs2013$teamade[i] = allteams2013$de[which(allteams2013$team_id ==

rs2013$lteam[i])]

rs2013$teamaefgp[i] = allteams2013$efgp[which(allteams2013$team_id ==

rs2013$lteam[i])]

rs2013$teamatop[i] = allteams2013$top[which(allteams2013$team_id ==

rs2013$lteam[i])]

rs2013$teamaorp[i] = allteams2013$orp[which(allteams2013$team_id ==

rs2013$lteam[i])]

rs2013$teamaftr[i] = allteams2013$ftr[which(allteams2013$team_id ==

rs2013$lteam[i])]

rs2013$teamboe[i] = allteams2013$oe[which(allteams2013$team_id ==
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rs2013$wteam[i])]

rs2013$teambde[i] = allteams2013$de[which(allteams2013$team_id ==

rs2013$wteam[i])]

rs2013$teambefgp[i] = allteams2013$efgp[which(allteams2013$team_id ==

rs2013$wteam[i])]

rs2013$teambtop[i] = allteams2013$top[which(allteams2013$team_id ==

rs2013$wteam[i])]

rs2013$teamborp[i] = allteams2013$orp[which(allteams2013$team_id ==

rs2013$wteam[i])]

rs2013$teambftr[i] = allteams2013$ftr[which(allteams2013$team_id ==

rs2013$wteam[i])]

rs2013$teamawin[i] = 0; rs2013$teamahfa[i] = 0

rs2013$teamasos[i] = allteams2013$SOS[which(allteams2013$team_id ==

rs2013$lteam[i])]

rs2013$teambsos[i] = allteams2013$SOS[which(allteams2013$team_id ==

rs2013$wteam[i])]

}

}

}

#moddata

moddata2013 = rs2013[,c(30:47)]

colnames(moddata2013) = c("b","c","h","i","j","k","d","e","l","m","n","o","teamawin",

"a","f","g","teama","teamb")

#tournament data

teamstats2013 = tdat2013

nteamstourney = length(teamstats2013$team)

allteams2013 = data.frame(allteams2013)

for (i in 1:nteamstourney){
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teamstats2013$oe[i] = allteams2013$oe[which(allteams2013$team_id ==

teamstats2013$team[i])]

teamstats2013$de[i] = allteams2013$de[which(allteams2013$team_id ==

teamstats2013$team[i])]

teamstats2013$efgp[i] = allteams2013$efgp[which(allteams2013$team_id ==

teamstats2013$team[i])]

teamstats2013$top[i] = allteams2013$top[which(allteams2013$team_id ==

teamstats2013$team[i])]

teamstats2013$orp[i] = allteams2013$orp[which(allteams2013$team_id ==

teamstats2013$team[i])]

teamstats2013$ftr[i] = allteams2013$ftr[which(allteams2013$team_id ==

teamstats2013$team[i])]

teamstats2013$SOS[i] = allteams2013$SOS[which(allteams2013$team_id ==

teamstats2013$team[i])]

}

#install.packages("gtools")

library(gtools)

matchups = combinations(nteamstourney,2)

matchteama = matchups[,1]

matchteamb = matchups[,2]

tourneyteama = rep(0,length(matchteama))

tourneyteamb = tourneyteama

tourneyteama1 = rep(0,length(matchteama))

tourneyteamb1 = tourneyteama1

for (i in 1:length(matchteama)){

tourneyteama[i] = teamstats2013$team[matchteama[i]]

tourneyteamb[i] = teamstats2013$team[matchteamb[i]]

tourneyteama1[i] = tourneyteama[i]

tourneyteamb1[i] = tourneyteamb[i]
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if(teamstats2013$seed[which(teamstats2013$team == tourneyteama[i])]>

teamstats2013$seed[which(teamstats2013$team == tourneyteamb[i])]){

tourneyteama[i] = tourneyteamb1[i]

tourneyteamb[i] = tourneyteama1[i]

}

if(i == 215){

tourneyteama[i] = tourneyteamb1[i]

tourneyteamb[i] = tourneyteama1[i]

}

}

tourneygames2013 = cbind(tourneyteama,tourneyteamb)

tourneygames2013 = as.data.frame(tourneygames2013)

for (i in 1:length(matchteama)){

tourneygames2013$teamaseed[i] = teamstats2013$seed[which(teamstats2013$team ==

tourneygames2013$tourneyteama[i])]

tourneygames2013$teambseed[i] = teamstats2013$seed[which(teamstats2013$team ==

tourneygames2013$tourneyteamb[i])]

tourneygames2013$teamaoe[i] = allteams2013$oe[which(allteams2013$team_id ==

tourneygames2013$tourneyteama[i])]

tourneygames2013$teamade[i] = allteams2013$de[which(allteams2013$team_id ==

tourneygames2013$tourneyteama[i])]

tourneygames2013$teamaefgp[i] = allteams2013$efgp[which(allteams2013$team_id ==

tourneygames2013$tourneyteama[i])]

tourneygames2013$teamatop[i] = allteams2013$top[which(allteams2013$team_id ==

tourneygames2013$tourneyteama[i])]

tourneygames2013$teamaorp[i] = allteams2013$orp[which(allteams2013$team_id ==

tourneygames2013$tourneyteama[i])]

tourneygames2013$teamaftr[i] = allteams2013$ftr[which(allteams2013$team_id ==

tourneygames2013$tourneyteama[i])]
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tourneygames2013$teamboe[i] = allteams2013$oe[which(allteams2013$team_id ==

tourneygames2013$tourneyteamb[i])]

tourneygames2013$teambde[i] = allteams2013$de[which(allteams2013$team_id ==

tourneygames2013$tourneyteamb[i])]

tourneygames2013$teambefgp[i] = allteams2013$efgp[which(allteams2013$team_id ==

tourneygames2013$tourneyteamb[i])]

tourneygames2013$teambtop[i] = allteams2013$top[which(allteams2013$team_id ==

tourneygames2013$tourneyteamb[i])]

tourneygames2013$teamborp[i] = allteams2013$orp[which(allteams2013$team_id ==

tourneygames2013$tourneyteamb[i])]

tourneygames2013$teambftr[i] = allteams2013$ftr[which(allteams2013$team_id ==

tourneygames2013$tourneyteamb[i])]

tourneygames2013$teamahfa[i] = 0

tourneygames2013$teamasos[i] = allteams2013$SOS[which(allteams2013$team_id ==

tourneygames2013$tourneyteama[i])]

tourneygames2013$teambsos[i] = allteams2013$SOS[which(allteams2013$team_id ==

tourneygames2013$tourneyteamb[i])]

}

testtourneygames2013 = tourneygames2013

colnames(testtourneygames2013) = c("teama","teamb","teamaseed","teambseed","b",

"c","h","i","j","k","d","e","l","m","n","o","a","f","g")

#actual tourney games

tresultsdat2013$wteam = tresultsdat2013$ı̈..wteam

tresultsdat2013 = tresultsdat2013[,-1]

for (i in 1:length(tresultsdat2013$wscore)){

tresultsdat2013$wseed[i] = teamstats2013$seed[which(teamstats2013$team ==

tresultsdat2013$wteam[i])]

tresultsdat2013$lseed[i] =teamstats2013$seed[which(teamstats2013$team ==

tresultsdat2013$lteam[i])]
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}

for (i in 1:length(tresultsdat2013$wscore)){

if(tresultsdat2013$wseed[i]<=tresultsdat2013$lseed[i]){

tresultsdat2013$teamaoe[i] = teamstats2013$oe[which(teamstats2013$team ==

tresultsdat2013$wteam[i])]

tresultsdat2013$teamade[i] = teamstats2013$de[which(teamstats2013$team ==

tresultsdat2013$wteam[i])]

tresultsdat2013$teamaefgp[i] = teamstats2013$efgp[which(teamstats2013$team ==

tresultsdat2013$wteam[i])]

tresultsdat2013$teamatop[i] = teamstats2013$top[which(teamstats2013$team ==

tresultsdat2013$wteam[i])]

tresultsdat2013$teamaorp[i] = teamstats2013$orp[which(teamstats2013$team ==

tresultsdat2013$wteam[i])]

tresultsdat2013$teamaftr[i] = teamstats2013$ftr[which(teamstats2013$team ==

tresultsdat2013$wteam[i])]

tresultsdat2013$teamboe[i] = teamstats2013$oe[which(teamstats2013$team ==

tresultsdat2013$lteam[i])]

tresultsdat2013$teambde[i] = teamstats2013$de[which(teamstats2013$team ==

tresultsdat2013$lteam[i])]

tresultsdat2013$teambefgp[i] = teamstats2013$efgp[which(teamstats2013$team ==

tresultsdat2013$lteam[i])]

tresultsdat2013$teambtop[i] = teamstats2013$top[which(teamstats2013$team ==

tresultsdat2013$lteam[i])]

tresultsdat2013$teamborp[i] = teamstats2013$orp[which(teamstats2013$team ==

tresultsdat2013$lteam[i])]

tresultsdat2013$teambftr[i] = teamstats2013$ftr[which(teamstats2013$team ==

tresultsdat2013$lteam[i])]

tresultsdat2013$teama[i] = tresultsdat2013$wteam[i]

tresultsdat2013$teamb[i] = tresultsdat2013$lteam[i]
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tresultsdat2013$teamasos[i] = teamstats2013$SOS[which(teamstats2013$team ==

tresultsdat2013$wteam[i])]

tresultsdat2013$teambsos[i] = teamstats2013$SOS[which(teamstats2013$team ==

tresultsdat2013$lteam[i])]

tresultsdat2013$teamawin[i] = 1; tresultsdat2013$teamahfa[i] = 0

}

if(tresultsdat2013$wseed[i]>tresultsdat2013$lseed[i]){

tresultsdat2013$teamaoe[i] = teamstats2013$oe[which(teamstats2013$team ==

tresultsdat2013$lteam[i])]

tresultsdat2013$teamade[i] = teamstats2013$de[which(teamstats2013$team ==

tresultsdat2013$lteam[i])]

tresultsdat2013$teamaefgp[i] = teamstats2013$efgp[which(teamstats2013$team ==

tresultsdat2013$lteam[i])]

tresultsdat2013$teamatop[i] = teamstats2013$top[which(teamstats2013$team ==

tresultsdat2013$lteam[i])]

tresultsdat2013$teamaorp[i] = teamstats2013$orp[which(teamstats2013$team ==

tresultsdat2013$lteam[i])]

tresultsdat2013$teamaftr[i] = teamstats2013$ftr[which(teamstats2013$team ==

tresultsdat2013$lteam[i])]

tresultsdat2013$teamboe[i] = teamstats2013$oe[which(teamstats2013$team ==

tresultsdat2013$wteam[i])]

tresultsdat2013$teambde[i] = teamstats2013$de[which(teamstats2013$team ==

tresultsdat2013$wteam[i])]

tresultsdat2013$teambefgp[i] = teamstats2013$efgp[which(teamstats2013$team ==

tresultsdat2013$wteam[i])]

tresultsdat2013$teambtop[i] = teamstats2013$top[which(teamstats2013$team ==

tresultsdat2013$wteam[i])]

tresultsdat2013$teamborp[i] = teamstats2013$orp[which(teamstats2013$team ==

tresultsdat2013$wteam[i])]
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tresultsdat2013$teambftr[i] = teamstats2013$ftr[which(teamstats2013$team ==

tresultsdat2013$wteam[i])]

tresultsdat2013$teama[i] = tresultsdat2013$lteam[i]

tresultsdat2013$teamb[i] = tresultsdat2013$wteam[i]

tresultsdat2013$teamasos[i] = teamstats2013$SOS[which(teamstats2013$team ==

tresultsdat2013$lteam[i])]

tresultsdat2013$teambsos[i] = teamstats2013$SOS[which(teamstats2013$team ==

tresultsdat2013$wteam[i])]

tresultsdat2013$teamawin[i] = 0; tresultsdat2013$teamahfa[i] = 0

}

}

tresultsdat2013MFF = tresultsdat2013[-c(1:4),]

val = rep(0,63)

for(i in 1:63){

val[i] = which(tourneygames2013$tourneyteama == tresultsdat2013MFF$teama[i] &

tourneygames2013$tourneyteamb == tresultsdat2013MFF$teamb[i])

}

actualgames = tourneygames2013[val,]

#Model testing

test2 = moddata2013

###########################################################

#Old model testing

##Mod1test

newpred1 = predict(logmod1,test2,type = "response")

newmod1wrong = length(which(newpred1 >= 0.5)) -

sum(rs2013$teamawin[which(newpred1 >= 0.5)]) +

sum(rs2013$teamawin[which(newpred1 < 0.5)])
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newmod1acc = 1-newmod1wrong/ngames

newtourneypred1 = predict(logmod1,testtourneygames2013,type = "response")

newtpred1 = newtourneypred1[val]

which(newtourneypred1[val]>0.5)

sum(tresultsdat2013MFF$teamawin[which(newtourneypred1[val]>0.5)])

sum(tresultsdat2013MFF$teamawin[which(newtourneypred1[val]<0.5)])

newtmod1wrong = length(which(newtourneypred1[val]>0.5)) -

sum(tresultsdat2013MFF$teamawin[which(newtourneypred1[val]>0.5)]) +

sum(tresultsdat2013MFF$teamawin[which(newtourneypred1[val]<0.5)])

newtmod1acc = 1-newtmod1wrong/length(tresultsdat2013MFF$teama)

newditmod1 = rep(0,length(tresultsdat2013MFF$teama))

for(i in 1:length(tresultsdat2013MFF$teama)){

newditmod1[i] = (tresultsdat2013MFF$teamawin[i]*log(newtpred1[i])) +

((1-tresultsdat2013MFF$teamawin[i])*log(1-newtpred1[i]))

}

newLL = (-1/63)*sum(newditmod1)

newmod1val = c(newmod1acc,newtmod1acc,newLL)

##Mod2test

newpred2 = predict(logmod2,test2,type = "response")

newmod2wrong = length(which(newpred2 >= 0.5)) -

sum(rs2013$teamawin[which(newpred2 >= 0.5)]) +

sum(rs2013$teamawin[which(newpred2 < 0.5)])

newmod2acc = 1-newmod2wrong/ngames

newtourneypred2 = predict(logmod2,testtourneygames2013,type = "response")

newtpred2 = newtourneypred2[val]

which(newtourneypred2[val]>0.5)

sum(tresultsdat2013MFF$teamawin[which(newtourneypred2[val]>0.5)])

sum(tresultsdat2013MFF$teamawin[which(newtourneypred2[val]<0.5)])
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newtmod2wrong = length(which(newtourneypred2[val]>0.5)) -

sum(tresultsdat2013MFF$teamawin[which(newtourneypred2[val]>0.5)]) +

sum(tresultsdat2013MFF$teamawin[which(newtourneypred2[val]<0.5)])

newtmod2acc = 1-newtmod2wrong/length(tresultsdat2013MFF$teama)

newditmod2 = rep(0,length(tresultsdat2013MFF$teama))

for(i in 1:length(tresultsdat2013MFF$teama)){

newditmod2[i] = (tresultsdat2013MFF$teamawin[i]*log(newtpred2[i])) +

((1-tresultsdat2013MFF$teamawin[i])*log(1-newtpred2[i]))

}

newLL2 = (-1/63)*sum(newditmod2)

newmod2val = c(newmod2acc,newtmod2acc,newLL2)

##Mod3test

newpred3 = predict(logmod3,test2,type = "response")

newmod3wrong = length(which(newpred3 >= 0.5)) -

sum(rs2013$teamawin[which(newpred3 >= 0.5)]) +

sum(rs2013$teamawin[which(newpred3 < 0.5)])

newmod3acc = 1-newmod3wrong/ngames

newtourneypred3 = predict(logmod3,testtourneygames2013,type = "response")

newtpred3 = newtourneypred3[val]

which(newtourneypred3[val]>0.5)

sum(tresultsdat2013MFF$teamawin[which(newtourneypred3[val]>0.5)])

sum(tresultsdat2013MFF$teamawin[which(newtourneypred3[val]<0.5)])

newtmod3wrong = length(which(newtourneypred3[val]>0.5)) -

sum(tresultsdat2013MFF$teamawin[which(newtourneypred3[val]>0.5)]) +

sum(tresultsdat2013MFF$teamawin[which(newtourneypred3[val]<0.5)])

newtmod3acc = 1-newtmod3wrong/length(tresultsdat2013MFF$teama)

newditmod3 = rep(0,length(tresultsdat2013MFF$teama))

for(i in 1:length(tresultsdat2013MFF$teama)){
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newditmod3[i] = (tresultsdat2013MFF$teamawin[i]*log(newtpred3[i])) +

((1-tresultsdat2013MFF$teamawin[i])*log(1-newtpred3[i]))

}

newLL3 = (-1/63)*sum(newditmod3)

newmod3val = c(newmod3acc,newtmod3acc,newLL3)

##Mod4test

newpred4 = predict(logmod4,test2,type = "response")

newmod4wrong = length(which(newpred4 >= 0.5)) -

sum(rs2013$teamawin[which(newpred4 >= 0.5)]) +

sum(rs2013$teamawin[which(newpred4 < 0.5)])

newmod4acc = 1-newmod4wrong/ngames

newtourneypred4 = predict(logmod4,testtourneygames2013,type = "response")

newtpred4 = newtourneypred4[val]

which(newtourneypred4[val]>0.5)

sum(tresultsdat2013MFF$teamawin[which(newtourneypred4[val]>0.5)])

sum(tresultsdat2013MFF$teamawin[which(newtourneypred4[val]<0.5)])

newtmod4wrong = length(which(newtourneypred4[val]>0.5)) -

sum(tresultsdat2013MFF$teamawin[which(newtourneypred4[val]>0.5)]) +

sum(tresultsdat2013MFF$teamawin[which(newtourneypred4[val]<0.5)])

newtmod4acc = 1-newtmod4wrong/length(tresultsdat2013MFF$teama)

newditmod4 = rep(0,length(tresultsdat2013MFF$teama))

for(i in 1:length(tresultsdat2013MFF$teama)){

newditmod4[i] = (tresultsdat2013MFF$teamawin[i]*log(newtpred4[i])) +

((1-tresultsdat2013MFF$teamawin[i])*log(1-newtpred4[i]))

}

newLL4 = (-1/63)*sum(newditmod4)

newmod4val = c(newmod4acc,newtmod4acc,newLL4)

75



##Mod5test

newpred5 = predict(logmod5,test2,type = "response")

newmod5wrong = length(which(newpred5 >= 0.5)) -

sum(rs2013$teamawin[which(newpred5 >= 0.5)]) +

sum(rs2013$teamawin[which(newpred5 < 0.5)])

newmod5acc = 1-newmod5wrong/ngames

newtourneypred5 = predict(logmod5,testtourneygames2013,type = "response")

newtpred5 = newtourneypred5[val]

which(newtourneypred5[val]>0.5)

sum(tresultsdat2013MFF$teamawin[which(newtourneypred5[val]>0.5)])

sum(tresultsdat2013MFF$teamawin[which(newtourneypred5[val]<0.5)])

newtmod5wrong = length(which(newtourneypred5[val]>0.5)) -

sum(tresultsdat2013MFF$teamawin[which(newtourneypred5[val]>0.5)]) +

sum(tresultsdat2013MFF$teamawin[which(newtourneypred5[val]<0.5)])

newtmod5acc = 1-newtmod5wrong/length(tresultsdat2013MFF$teama)

newditmod5 = rep(0,length(tresultsdat2013MFF$teama))

for(i in 1:length(tresultsdat2013MFF$teama)){

newditmod5[i] = (tresultsdat2013MFF$teamawin[i]*log(newtpred5[i])) +

((1-tresultsdat2013MFF$teamawin[i])*log(1-newtpred5[i]))

}

newLL5 = (-1/63)*sum(newditmod5)

newmod5val = c(newmod5acc,newtmod5acc,newLL5)

##Mod6test

newpred6 = predict(logmod6,test2,type = "response")

newmod6wrong = length(which(newpred6 >= 0.5)) -

sum(rs2013$teamawin[which(newpred6 >= 0.5)]) +

sum(rs2013$teamawin[which(newpred6 < 0.5)])

newmod6acc = 1-newmod6wrong/ngames
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newtourneypred6 = predict(logmod6,testtourneygames2013,type = "response")

newtpred6 = newtourneypred6[val]

which(newtourneypred6[val]>0.5)

sum(tresultsdat2013MFF$teamawin[which(newtourneypred6[val]>0.5)])

sum(tresultsdat2013MFF$teamawin[which(newtourneypred6[val]<0.5)])

newtmod6wrong = length(which(newtourneypred6[val]>0.5)) -

sum(tresultsdat2013MFF$teamawin[which(newtourneypred6[val]>0.5)]) +

sum(tresultsdat2013MFF$teamawin[which(newtourneypred6[val]<0.5)])

newtmod6acc = 1-newtmod6wrong/length(tresultsdat2013MFF$teama)

newditmod6 = rep(0,length(tresultsdat2013MFF$teama))

for(i in 1:length(tresultsdat2013MFF$teama)){

newditmod6[i] = (tresultsdat2013MFF$teamawin[i]*log(newtpred6[i])) +

((1-tresultsdat2013MFF$teamawin[i])*log(1-newtpred6[i]))

}

newLL6 = (-1/63)*sum(newditmod6)

newmod6val = c(newmod6acc,newtmod6acc,newLL6)

oldresults2013 = rbind(newmod1val,newmod2val,

newmod3val,newmod4val,newmod5val,newmod6val)

colnames(oldresults2013) = c("RSACC","TACC","LL")

rownames(oldresults2013) = c("Model1","Model2","Model3","Model4","Model5","Model6")

oldresults2013

#models trained on 2013 data

logmod1 = glm(teamawin ~ a+b+c+d+e+f+g, maxit = 100,data = moddata2013,

family = binomial(link = ’logit’))

logmod1

summary(logmod1)

logmod2 = glm(teamawin ~ a+f+g+h+i+j+k+l+m+n+o, maxit = 100,data = moddata2013,
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family = binomial(link = ’logit’))

logmod2

summary(logmod2)

logmod3 = glm(teamawin ~ a+b+c+d+e+f+g+h+i+j+k+l+m+n+o, maxit = 100,

data = moddata2013, family = binomial(link = ’logit’))

logmod3

summary(logmod3)

logmod4 = glm(teamawin ~ a+b+c+d+e+f+g+h+i+j+k+l+m+n+o+b*f+c*f+f*h+f*i+

f*j+f*k+d*g+e*g+g*l+g*m+g*n+g*o, maxit = 100,data = moddata2013,

family = binomial(link = ’logit’))

logmod4

summary(logmod4)

#library("MASS)

stepAIC(logmod3, direction = "both")

stepAIC(logmod4, direction = "both")

#Mod5 - a+b+c+d+e+f+g+i+k+o

logmod5 = glm(teamawin ~ a+b+c+d+e+f+g+i+k+o, maxit = 100,data = moddata2013,

family = binomial(link = ’logit’))

logmod5

summary(logmod5)

#Mod6 - a+b+c+d+e+f+g+i+k+m+d*g+g*m

logmod6 = glm(teamawin ~ a+b+c+d+e+f+g+i+k+m+d*g+g*m, maxit = 100,

data = moddata2013, family = binomial(link = ’logit’))

logmod6

summary(logmod6)

##Mod1test
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newpred1 = predict(logmod1,test2,type = "response")

newmod1wrong = length(which(newpred1 >= 0.5)) -

sum(rs2013$teamawin[which(newpred1 >= 0.5)]) +

sum(rs2013$teamawin[which(newpred1 < 0.5)])

newmod1acc = 1-newmod1wrong/ngames

newtourneypred1 = predict(logmod1,testtourneygames2013,type = "response")

newtpred1 = newtourneypred1[val]

which(newtourneypred1[val]>0.5)

sum(tresultsdat2013MFF$teamawin[which(newtourneypred1[val]>0.5)])

sum(tresultsdat2013MFF$teamawin[which(newtourneypred1[val]<0.5)])

newtmod1wrong = length(which(newtourneypred1[val]>0.5)) -

sum(tresultsdat2013MFF$teamawin[which(newtourneypred1[val]>0.5)]) +

sum(tresultsdat2013MFF$teamawin[which(newtourneypred1[val]<0.5)])

newtmod1acc = 1-newtmod1wrong/length(tresultsdat2013MFF$teama)

newditmod1 = rep(0,length(tresultsdat2013MFF$teama))

for(i in 1:length(tresultsdat2013MFF$teama)){

newditmod1[i] = (tresultsdat2013MFF$teamawin[i]*log(newtpred1[i])) +

((1-tresultsdat2013MFF$teamawin[i])*log(1-newtpred1[i]))

}

newLL = (-1/63)*sum(newditmod1)

newmod1val = c(newmod1acc,newtmod1acc,newLL)

##Mod2test

newpred2 = predict(logmod2,test2,type = "response")

newmod2wrong = length(which(newpred2 >= 0.5)) -

sum(rs2013$teamawin[which(newpred2 >= 0.5)]) +

sum(rs2013$teamawin[which(newpred2 < 0.5)])

newmod2acc = 1-newmod2wrong/ngames

newtourneypred2 = predict(logmod2,testtourneygames2013,type = "response")
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newtpred2 = newtourneypred2[val]

which(newtourneypred2[val]>0.5)

sum(tresultsdat2013MFF$teamawin[which(newtourneypred2[val]>0.5)])

sum(tresultsdat2013MFF$teamawin[which(newtourneypred2[val]<0.5)])

newtmod2wrong = length(which(newtourneypred2[val]>0.5)) -

sum(tresultsdat2013MFF$teamawin[which(newtourneypred2[val]>0.5)]) +

sum(tresultsdat2013MFF$teamawin[which(newtourneypred2[val]<0.5)])

newtmod2acc = 1-newtmod2wrong/length(tresultsdat2013MFF$teama)

newditmod2 = rep(0,length(tresultsdat2013MFF$teama))

for(i in 1:length(tresultsdat2013MFF$teama)){

newditmod2[i] = (tresultsdat2013MFF$teamawin[i]*log(newtpred2[i])) +

((1-tresultsdat2013MFF$teamawin[i])*log(1-newtpred2[i]))

}

newLL2 = (-1/63)*sum(newditmod2)

newmod2val = c(newmod2acc,newtmod2acc,newLL2)

##Mod3test

newpred3 = predict(logmod3,test2,type = "response")

newmod3wrong = length(which(newpred3 >= 0.5)) -

sum(rs2013$teamawin[which(newpred3 >= 0.5)]) +

sum(rs2013$teamawin[which(newpred3 < 0.5)])

newmod3acc = 1-newmod3wrong/ngames

newtourneypred3 = predict(logmod3,testtourneygames2013,type = "response")

newtpred3 = newtourneypred3[val]

which(newtourneypred3[val]>0.5)

sum(tresultsdat2013MFF$teamawin[which(newtourneypred3[val]>0.5)])

sum(tresultsdat2013MFF$teamawin[which(newtourneypred3[val]<0.5)])

newtmod3wrong = length(which(newtourneypred3[val]>0.5)) -

sum(tresultsdat2013MFF$teamawin[which(newtourneypred3[val]>0.5)]) +
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sum(tresultsdat2013MFF$teamawin[which(newtourneypred3[val]<0.5)])

newtmod3acc = 1-newtmod3wrong/length(tresultsdat2013MFF$teama)

newditmod3 = rep(0,length(tresultsdat2013MFF$teama))

for(i in 1:length(tresultsdat2013MFF$teama)){

newditmod3[i] = (tresultsdat2013MFF$teamawin[i]*log(newtpred3[i])) +

((1-tresultsdat2013MFF$teamawin[i])*log(1-newtpred3[i]))

}

newLL3 = (-1/63)*sum(newditmod3)

newmod3val = c(newmod3acc,newtmod3acc,newLL3)

##Mod4test

newpred4 = predict(logmod4,test2,type = "response")

newmod4wrong = length(which(newpred4 >= 0.5)) -

sum(rs2013$teamawin[which(newpred4 >= 0.5)]) +

sum(rs2013$teamawin[which(newpred4 < 0.5)])

newmod4acc = 1-newmod4wrong/ngames

newtourneypred4 = predict(logmod4,testtourneygames2013,type = "response")

newtpred4 = newtourneypred4[val]

which(newtourneypred4[val]>0.5)

sum(tresultsdat2013MFF$teamawin[which(newtourneypred4[val]>0.5)])

sum(tresultsdat2013MFF$teamawin[which(newtourneypred4[val]<0.5)])

newtmod4wrong = length(which(newtourneypred4[val]>0.5)) -

sum(tresultsdat2013MFF$teamawin[which(newtourneypred4[val]>0.5)]) +

sum(tresultsdat2013MFF$teamawin[which(newtourneypred4[val]<0.5)])

newtmod4acc = 1-newtmod4wrong/length(tresultsdat2013MFF$teama)

newditmod4 = rep(0,length(tresultsdat2013MFF$teama))

for(i in 1:length(tresultsdat2013MFF$teama)){

newditmod4[i] = (tresultsdat2013MFF$teamawin[i]*log(newtpred4[i])) +

((1-tresultsdat2013MFF$teamawin[i])*log(1-newtpred4[i]))
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}

newLL4 = (-1/63)*sum(newditmod4)

newmod4val = c(newmod4acc,newtmod4acc,newLL4)

##Mod5test

newpred5 = predict(logmod5,test2,type = "response")

newmod5wrong = length(which(newpred5 >= 0.5)) -

sum(rs2013$teamawin[which(newpred5 >= 0.5)]) +

sum(rs2013$teamawin[which(newpred5 < 0.5)])

newmod5acc = 1-newmod5wrong/ngames

newtourneypred5 = predict(logmod5,testtourneygames2013,type = "response")

newtpred5 = newtourneypred5[val]

which(newtourneypred5[val]>0.5)

sum(tresultsdat2013MFF$teamawin[which(newtourneypred5[val]>0.5)])

sum(tresultsdat2013MFF$teamawin[which(newtourneypred5[val]<0.5)])

newtmod5wrong = length(which(newtourneypred5[val]>0.5)) -

sum(tresultsdat2013MFF$teamawin[which(newtourneypred5[val]>0.5)]) +

sum(tresultsdat2013MFF$teamawin[which(newtourneypred5[val]<0.5)])

newtmod5acc = 1-newtmod5wrong/length(tresultsdat2013MFF$teama)

newditmod5 = rep(0,length(tresultsdat2013MFF$teama))

for(i in 1:length(tresultsdat2013MFF$teama)){

newditmod5[i] = (tresultsdat2013MFF$teamawin[i]*log(newtpred5[i])) +

((1-tresultsdat2013MFF$teamawin[i])*log(1-newtpred5[i]))

}

newLL5 = (-1/63)*sum(newditmod5)

newmod5val = c(newmod5acc,newtmod5acc,newLL5)

##Mod6test

newpred6 = predict(logmod6,test2,type = "response")
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newmod6wrong = length(which(newpred6 >= 0.5)) -

sum(rs2013$teamawin[which(newpred6 >= 0.5)]) +

sum(rs2013$teamawin[which(newpred6 < 0.5)])

newmod6acc = 1-newmod6wrong/ngames

newtourneypred6 = predict(logmod6,testtourneygames2013,type = "response")

newtpred6 = newtourneypred6[val]

which(newtourneypred6[val]>0.5)

sum(tresultsdat2013MFF$teamawin[which(newtourneypred6[val]>0.5)])

sum(tresultsdat2013MFF$teamawin[which(newtourneypred6[val]<0.5)])

newtmod6wrong = length(which(newtourneypred6[val]>0.5)) -

sum(tresultsdat2013MFF$teamawin[which(newtourneypred6[val]>0.5)]) +

sum(tresultsdat2013MFF$teamawin[which(newtourneypred6[val]<0.5)])

newtmod6acc = 1-newtmod6wrong/length(tresultsdat2013MFF$teama)

newditmod6 = rep(0,length(tresultsdat2013MFF$teama))

for(i in 1:length(tresultsdat2013MFF$teama)){

newditmod6[i] = (tresultsdat2013MFF$teamawin[i]*log(newtpred6[i])) +

((1-tresultsdat2013MFF$teamawin[i])*log(1-newtpred6[i]))

}

newLL6 = (-1/63)*sum(newditmod6)

newmod6val = c(newmod6acc,newtmod6acc,newLL6)

results2013 = rbind(newmod1val,newmod2val,newmod3val,

newmod4val,newmod5val,newmod6val)

colnames(results2013) = c("RSACC","TACC","LL")

rownames(results2013) = c("Model1","Model2","Model3","Model4","Model5","Model6")

results2014

results2013

oldresults2013
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