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Generalized Linear Mixed Models
for Putting Performance on the

PGA TOUR

Scott Manski

Abstract

In golf, putting is considered to be the single most important aspect of the game. With
approximately 40 percent of total strokes having been putts in 2013 on the PGA TOUR, it
is obvious that putting performance is a significant aspect of a player’s overall performance.
Analysts are always trying to find new ways to measure a player’s putting performance on the
golf course. For many years, measuring putting performance has been restricted to simply
measuring putts per round or putts per green. In this paper, we concentrate on quantifying
the various factors that contribute to putting performance.

While the probability of making a putt as a function of distance has been modeled in past
research, a mixed effects model has not yet been used to incorporate additional variables
representing random effects such as individual or season-to-season variability. A series of
generalized linear models and generalized linear mixed models using the logit link function
were used in this analysis. The response variable used was whether or not the putt finished in
the hole, making the logit link function ideal for this analysis. The BIC and McFadden’s R?
model selection criteria were used for model comparison. The best model consisted of fixed
effects; Distance and Putt. For, and random effects; Year within Player and Hole within the
Course. An analysis of the best linear unbiased predictors (BLUPs) also provides insight
into the conditions for which putting performance is at its best.

Additionally, a generalized linear mixed model was fit for the 2014 season and the BLUPs
were used as a ranking system for putting performance. The results were compared to the
rankings provided by strokes gained putting and the ranking systems showed moderate
consistency.

KEYWORDS: PGA TOUR, putting performance, Ime4, generalized linear mixed models
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1. INTRODUCTION

“Half of golf is fun; the other half is putting.”-Peter Dobereiner. In golf, putting is considered
to be the single most important aspect of the game. A putt is a shot that originates on
the green, the closely mown area around the hole. With approximately 40 percent of total
strokes having been putts in 2013 on the PGA TOUR, it is obvious that putting performance
is a significant aspect of a player’s overall performance. Analysts are always trying to find
new ways to measure a player’s putting performance on the golf course. For many years,
measuring putting performance has been restricted to simply measuring putts per round or
putts per green. In this paper, we concentrate on the probability of making a putt as a
measure of a player’s putting performance.

Traditionally, a player’s putting performance has been measured by the number of putts
per round or by the number of putts per green. However, these statistics fail to take into
account the distance of the putts. Theoretically, a player that misses more greens is more
likely to have shorter putts, which will reduce this player’s putts per green. Originally intro-
duced in 2008 and later revised, Professor Mark Broadie of Columbia University developed a
measure of putting performance called “strokes gained” (Broadie 2012). Broadie’s idea trans-
formed into a very highly remarked golf statistic, strokes gained putting. In short, strokes
gained putting is a measure of putting performance that not only accounts for the distance
of putts, but also for putting performance of other competitors. Strokes gained putting has
truly revolutionized the way golf analysts and players think about putting performance on
the PGA TOUR.

Broadie was able to develop strokes gained putting using individual shot statistics from
the ShotLINK data set. Begun in 2003, ShotLINK is a program sponsored by CDW to
capture a wide variety of statistics for each event, round, hole and stroke taken by every
player in the world’s most prestigious professional golf tours, including the PGA TOUR,
the Champions TOUR and the WEB.com TOUR. For the PGA TOUR, ShotLINK uses
approximately 10,000 volunteers annually to record such data with the use of laser technology,

digital imaging and on-course scorers. ShotLINK has revolutionized data collection among



the world’s top tours. The vision of the ShotLINK system is to “Turn data into information,
information into knowledge, and knowledge into entertainment” (PGA TOUR, Inc 2014).

Putting performance at the individual putt level can be thought of as a binary or success-
failure response variable. Intuitively, we consider a putt that finishes in the hole as a success,
and any putt that does not finish in the hole as a failure. To model the probability of a
success, a generalized linear model is used with the primary independent or predictor variable
being the distance to the hole. A generalized linear model is an extension of the linear model,
and it allows for more general forms of the distribution of the response. An extension of
the generalized linear model is the generalized linear mixed model, a model that combines
both fixed and random effects. This allows us to explicitly incorporate systematic variability
in putting performance across golfers, courses, etc. Detailed descriptions of the models
considered are provided in Section 3.

Recently, generalized linear models and generalized linear mixed models have been widely
used in sports statistics. In baseball, Albert (2006) used a binomial random-effects model as
a measure of a pitcher’s performance. In soccer, McHale and Szczepanski (2014) used two
mixed effects models for identifying goal scoring ability of players in the European Football
League. Also in soccer, Groll and Abedieh (2013) used a generalized linear mixed model to
incorporate team-specific random effects for predicting the outcome of the European football
championship 2012. In college basketball, Noecker and Roback (2012) used a generalized
linear mixed model to calculate the probability of the next foul being on the home team to
provide insight into how officials even out foul calls in NCAA basketball.

Generalized linear models have also been used in golf science. Pope and Schweitzer (2011)
used a generalized linear model to predict the probability of making a putt as a function
of distance and a series of dummy variables for eagle, birdie, par, bogey, and double bogey
situations. Also in golf, Fearing, Acimovic and Graves (2011) were able to fit the probability
of making a putt as a function of distance using a generalized linear model. They also
modeled the expected remaining distance to the hole after a putt as a function of distance

using a gamma regression. From these models, they were able to use a Markov model to



model the expected number of putts remaining to hole out as a function of distance. While
the probability of making a putt as a function of distance has been modeled in past research,
a mixed effects model has not yet been used to incorporate additional variables representing
random effects such as individual or season-to-season variability.

While the length of a putt is a very important variable when it comes to the probability of
successfully making the putt, there are many other variables that can affect the probability
of success. Some of these other variables could include the player, course, year, time of
year, weather and significance of the putt. It is clear that there are many other variables
that can affect the outcome of a putt. In this paper, we attempt to model the probability
of a putt being made as a function of distance, and we attempt to strengthen this model
by incorporating several of these additional variables. We will refer to these variables as
random effects variables. A variable is considered to be a random effect when the levels
of the variables are a sample of some conceptual larger population of effects. For example,
the player is a random effect because the players in our data set do not make up the entire
population of PGA TOUR players for which the model is representing. In a simple model
that only accounts for distance, we are ignoring any effect of these random effects variables.
This type of model is a generalized linear model. By incorporating these other variables, we
are able to determine any variation among players, courses, years, etc. Models that include
random effects are mixed models, and in this analysis, these models are generalized linear
mixed models.

In this project, R (R Core Team 2014), a programming language for statistical computing
and graphics, in combination with RStudio was used for statistical analysis. RStudio is a
widely used open source integrated development environment for R. Inside of R, the glm?2
(Marschner 2014) package and the 1lme4 (Bates, Maechler, Bolker and Walker 2014) package
were used for our statistical models. These packages contain functions for fitting generalized

linear models and generalized linear mixed models.



2. DATA

For this project, we are interested in statistics at the individual stroke level. ShotLINK
provides detailed data for every stroke taken on the PGA TOUR by every player since the
2003 season. Because we are interested in the putting performance, the data set was filtered
by From Location (Scorer). According to the ShotLINK documentation, From Location
(Scorer) is defined as the “general location from which the shot began as recorded by the
walking scorer.” Therefore, the data set was filtered to include only presumed putts, strokes
whose From Location (Scorer) was Green. This also means that any stroke taken with a
putter that did not start from the green was not included in the analysis.

The other variables included in the data set were Distance to Pin, In the Hole Flag,
Distance to the Hole After the Shot, Player Number, Player First Name, Player Last Name,
Tournament Year, Permanent Tournament #, Course Name, Round and Hole Number. The
definitions of these variables are provided by ShotLINK and are shown in Appendix A.

An additional variable, Putt.For was also added to the data set. Putt.For is the score
relative to par for that particular putt, calculated by the difference between Hole Score and
Par Value. For example, if a player is putting for a three on a par four, Putt. For is Birdie. If
a player is putting for six on a par five, Putt. For is Bogey. Putt.For contains 5 levels; Fagle
or Better, Birdie, Par, Bogey and Double Bogey or Worse.

In addition, several other filters were included to ensure that there would be enough
information to assess the importance of individual variability in building the model of putting
performance. Putts occurring in the 5th round (or playoff round) of a tournament were
excluded from the data set due to a limited number of occurrences. Likewise, putts taken
from over 125 feet were also removed. Every course included in the data set must have been
played in more than one year. For a player to be included in the data set, the player must
have played in the fourth round of at least one tournament, the player must have played in
more than one year and the player must have hit at least 1000 putts, all among the 13 years
of collected statistics. The final data set consists of a total of 4,837,287 putts divided among

545 players at 66 courses since 2003.



2.1 Exploratory Data Analysis

Table 1 shows the number of players, courses, tournaments, rounds and putts for each of the
13 years of collected data. The number of players from each year ranged from 293 to 337
players, for a total of 545 different players for the 13 years. Likewise, the number of courses
played in each year ranged from 32 to 42, for a total of 66 different courses played for the 13
years.

Table 1: Summary table for the number of players, courses, tournaments, rounds and putts

for each year in the data set.
Year  Players Courses Tournaments Rounds Putts

2003 301 39 39 14,054 386,928
2004 319 41 41 15,081 434,028
2005 337 42 42 15,378 443,887
2006 331 41 41 15,337 445,992
2007 325 39 39 14,095 411,013
2008 335 39 39 14,555 425,899
2009 328 38 38 13,788 400,201
2010 322 38 38 13,886 405,962
2011 333 37 37 13,540 394,440
2012 329 35 35 12,806 373,497
2013 312 32 32 11,841 344,254
2014 293 33 33 12,044 350,199
Overall 045 66 456 167,106 4,837,287

Figure 1 shows the fraction of putts made as a function of distance using the spline
smoothing function for each of the levels of Putt. For. This plot shows the variability in the
fraction of putts made for each of the levels of Putt. For.

Figure 2 shows the histogram of average putts per round for each of the 545 players in the
data set. The mean of the average putts per round is 29.543 putts with a standard deviation
of 0.412 putts.

Figure 3 shows the histogram of average putts per round for each of the 66 courses in the
data set. The mean of the average putts per round is 29.484 putts with a standard deviation

of 0.606 putts.
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Figure 1: A plot of the fraction of putts made for each level of Putt.For as a function of
distance using the spline smoothing function.
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Figure 2: Histogram of the average putts per round for each of the 545 players in the data
set.
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2.2 Possible Predictor Variables

In this section, we discuss the possible predictor variables that will be considered in the
models to come. These variables contain information that ranges from the year the putt was
taken, to the hole the putt was taken on, all the way down to the specific stroke.
Distance

Distance is the main fixed effects variable that is considered in this analysis. It is obvious
that the probability of making a putt will be most influenced by the length of the putt.
Putt For

The score relative to par which the putt is for may also show variation in the probability
of making a putt. While each putt carries the same weight, putts for par may have different
psychological implications than putts for birdie or putts for bogey. As a result, Putt.For is
considered as a fixed effects variable.
Round Number

A tournament in golf is played over a four day period. As each day progresses, the
amount of pressure felt by the leading performers continues to rise. As a result, a variation
in probability of making a putt may be experienced as the tournament progresses. This
variability is considered as a fixed effects variable for Round Number.
Player

The player is the most obvious random effects variable to be considered in predicting the
probability of making a putt. Like any other sport, some players are better in a certain aspect
of the game than others. There are very good putters on the PGA TOUR and there are
some players that struggle with putting. Estimating variability associated with the random
effect Player allows us to account for the importance of individual differences in putting skill
when predicting the probability of a successful putt.
Year Nested Within Player

While there are differences in putting performance from player to player, it is also likely
that individual players may show variability in putting performance from year to year. A

random effects term for year nested within player allow our models to account for variability



in individual players’ putting performances from year to year.
Course

Unlike any other sport, the playing field is inconsistent for the game of golf. Fach year,
the PGA TOUR plays on roughly 50 different courses, with presumably wide variations in
the difficulty of their greens, presenting varying levels of challenge to the putting abilities of
the competitors. As a result, a random effects term for Course is also considered due to the
random variability of the playing conditions.
Hole Nested Within Course

We can take the variability in the course one step further by considering the variability
of each individual hole within the course. There are 18 different holes at each of the courses
played by the PGA TOUR. A random effects term for hole nested within course allows our

models to account for variability between the 18 different holes at each course.

3. METHODS
3.1 Generalized Linear Models

A linear model is commonly written as,

Yi = P11 + Poo; + -+ Bpap + €

e ~ N(0,0?)

and has one random effect, the error term ¢;. The parameters of the model are the regression
coefficients, B, Ba, . .., By, and the error variance, o®. In most cases, z1; = 1, making 3; the
intercept (Fox 2002).

An extension of the linear model is the generalized linear model. Generalized linear
models are models that incorporate coefficients in a linear predictor but allow for more
general forms of the distribution of the response. The linear predictor, n, determines the
conditional mean of the response, i, according to a link function, g. The probability model

for a binary response is the Bernoulli distribution, a distribution with only two possible
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values: 0 and 1. For a Bernoulli distribution, it is easy to see that the expected value 4 must
satisfy 0 < o < 1. We do not want to have restrictions on the values of the linear predictor
so we equate the linear predictor to a function of p that has an unrestricted range. In the
case of the Bernoulli distribution, we equate the linear predictor to the expected response
by the logit link function. That is,

: f
= logit(u) = log [ —— ) .
n = logit(p) = log (1 —u)

3.2 Generalized Linear Mixed Models

When the linear predictor incorporates random effects in addition to fixed-effects parameters,
we call them mixed effects models (Bates 2010). Fized effects are defined as parameters
associated with an entire population or with certain repeatable levels of experimental factors
while random effects are associated with individual experimental units drawn at random from
a population (Pinheiro and Bates 2002). In this analysis, the distance of the putt will be a
fixed effect while the player will be a random effect.

When a generalized linear models contains both random effects and fixed effects, the
resulting model is a generalized linear mixed model. For example, let us model the probability
of making a putt using distance of the putt as a fixed effect and the player as a random effect.
Equation 1 shows a generalized linear mixed model using the logit link function with Distance

as a fixed effect and Player as a random effect.

Dij
1 = d; g 1
n(l_p”) BO+/BI Z+€jz ( )

In Equation 1, p;; is the probability of putt ¢ hit by player j going in, d; is the distance of
putt ¢, By and 3; are the regression coefficients, and ¢;, is the random effects term for player j
hitting putt 7. All random effects are assumed to be independently and identically distributed
as normal random variables with mean zero and separate variance terms. Therefore,

Ej.

7

~ N(0,07).

11



3.3 Model Selection Criteria

In this project, two model selection criteria are considered. The first model selection criterion
used is the Bayesian Information Criterion (BIC). The BIC incorporates the likelihood in
addition to a penalty term for the number of parameters in the model. As a result, we can
use the BIC as a method to find to best model, the model with maximum likelihood and

minimal terms. The BIC is evaluated as,

BIC = —2log Lik + npq, log(N),

where n,,- denotes the number of parameters in the model and N denotes the sample size
used to fit the model. For the BIC, lower values indicate a better model (Schwarz 1978).
The second model selection criterion used in this paper is McFadden’s R2. McFadden’s
R? is a pseudo R? calculated from the log likelihood of the null and full models. In this
case, the null model is the intercept model while the full model is the model of interest.

McFadden’s R? is evaluated as,

R2 _1_ lOg Likpull
log LikNull '

For McFadden’s R?, higher values indicate a better model (Faraway 2006).

3.4 Best Linear Unbiased Predictors

One advantage of using a generalized linear mixed model is the random effects associated with
each of the groups, called best linear unbiased predictors (BLUP). While random effects are
not technically parameters in mixed models, they do behave in a similar way. Often times,
it is advantageous to “estimate” random effects terms. It is convention to estimate fixed
effects and predict random effects. BLUPs are the conditional modes of the random effects
evaluated at the conditional estimates of the regression coefficients. BLUPs provide insight

into how the individual subjects are related to one another (Pinheiro and Bates 2002).
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4. RESULTS

4.1 Simple Models—Generalized Linear Models

In this analysis, the generalized linear models will be our simple models. This is simple due
to only fixed effects being considered. Three different generalized linear models were fit to
the data. As in Fearing, Acimovic and Graves (2011), each model consisted of a 4th degree
polynomial for distance and a log-distance term. GLM1 only takes into account Distance as a
fixed effects variable while GLM2 incorporated Putt. For as a fixed effects variable and GLM3
incorporated Round Number. The purpose of this was to determine whether or not Putt. For
and Round Number should be included in the extended models (the generalized linear mixed
models). The coefficients, standard errors and model selection criteria are shown in Table
2. McFadden’s R? and BIC values for the three models indicate that Putt. For improved the
original model while Round Number did not. As a result, Putt.For is treated as a fixed effect
in the generalized linear mixed models.

Table 2: Model coefficients, standard errors and model selection criteria for models using
Distance, Putt.For and Round Number as fixed effects variables.
Variable GLM1 GLM2 GLM3
(Intercept) -5.6470(0.0495) -5.8462(0.0497) -5.6480(0.0495)
Distance  6.8614(0.0736)  7.0502(0.0740)  6.6813(0.0736)
In(Distance) -5.6045(0.0265) -5.5902(0.0265) -5.6045(0.0265)
)

(
Distance? -1.9961(0.0300) -2.0724(0.0302) -1.9961(0.0300
Distance?  0.2943(0.0059)  0.3073(0.059)  0.2943(0.0059)
Distance! -0.0161(0.0004) -0.0169(0.0004) -0.0161(0.0004)
Eagle or Better -0.0667(0.0139)
Par 0.1798(0.0035)
Bogey 0.2555(0.0075)
Dbl Bogey or Worse 0.1276(0.0110)
Round 2 20,0188 (0.0038)
Round 3 20.0074 (0.0043)
Round 4 20.0096 (0.0043)
Model Selection Criteria
BIC 2880329 2877274 2880351
R? 0.5547 0.5552 0.5547

By rearranging the logit function, the probability of making a putt as a function of

distance can be determined. Equation 2 shows the probability of making a putt ¢ as a
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function of length of the putt, d;.

1
Di = — ) o 2 3 1 (2>
1 + e~ (Pot+Biln(di)+P2di+B3d; +Padi+Psd})

Using Equation 2, we are able to plot the probability of making a putt as a function
of distance with the empirical probability of making a putt. The empirical probability is
calculated by assigning each putt to a bucket, where buckets are in 1 inch increments. For
example, there were 18,421 putts taken from 10 feet (120 inches) and 7237 of those putts
were made. Therefore, the empirical probability of making a putt from 10 feet (120 inches)
was calculated to be 0.393. Empirical vs model-based estimates from GLM1 are compared

in Figure 4.
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Figure 4: A histogram for the probability of making a putt given the distance from the
hole. The blue line represents the empirical probability of making the putt while the red
line represents model-based estimates obtained from the generalized linear model.

15



4.2 Extended Models—Generalized Linear Mixed Models

The extended models are generalized linear mixed models. Each model contains a different
random effects term or nested random effects term. Five different generalized linear mixed
models were fit, each with one of the following random effects terms: (1) Player, (2) Year
nested in Player, (3) Course, (4) Hole nested in Course, and (5) Year nested in Player
and Hole nested in Course. The model coefficients with standard errors, variance estimates
associated with the random effects, and model selection criteria for the five generalized linear
mixed models are shown in Table 3. Using BIC values, the best model for predicting the
probability of making a putt is GLMMS5, a generalized linear mixed model with Distance and
Putt. For as fixed effects, and Year nested in Player and Hole nested in Course as random

effects. From the R? perspective, little is gained from the more complex models.

4.3 BLUPs Analysis
One advantage of random effects modeling is the random effects associated with each of the
groups, called best linear unbiased predictors (BLUP). BLUPs provide an insight into how
the individual subjects are related to one another. All random effects estimates are from
GLMMS5. It is important to note, while the BLUPs provide insight into the relative putting
performance for players, or the relative difficulty of the courses or holes, the margins of error
for these estimates may be relatively large. Figure 5 shows the random effects estimates for
each of the players in the data set. Several notable players are identified by name. Figure
6 shows the random effects estimates for the players with the highest estimates in the data
set.

Additionally, Figure 7 shows the BLUPs for the 66 courses included in the data set. From
the BLUPs, players have a higher probability of making a putt at Doral CC (Blue) than at
any other course. On the other hand, players have a lower probability of making a putt at

Pebble Beach Golf Links than at any other course.
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Table 3: Model coefficients with standard errors, variance estimates associated with the random effects and model selection

criteria for the five generalized linear mixed models.

Variable GLMM1 GLMM2 GLMM3 GLMM4 GLMM5
(Intercept) -5.8531(0.0499) -5.8577(0.0450) -5.8295(0.0507) -5.8834(0.0508) -5.8450(0.0509)
Distance  7.0439(0.0740)  7.0452(0.0740)  7.0273(0.0740)  7.0253(0.0740)  7.0183(0.0741)
In(Distance) -5.5919(0.0266) -5.5945(0.0266) -5.5825(0.0266) -5.5813(0.0266) -5.5843(0.0266)
Distance? -2.0696(0.0302) -2.0698(0.0302) -2.0653(0.0302) -2.0635(0.0302) -2.0604(0.0302)
Distance®  0.3068(0.0059)  0.3068(0.0059)  0.3063(0.0059)  0.3059(0.0059)  0.3053(0.0059)
Distance* -0.0168(0.0004) -0.0168(0.0004) -0.0168(0.0004) -0.0168(0.0004) -0.0167(0.0004)
Eagle or Better -0.0603(0.0139) -0.0621(0.0139) -0.0689(0.0139) -0.0925(0.0143) -0.0872(0.0143)
Par 0.1780(0.0035)  0.1781(0.0035)  0.1845(0.0035)  0.1942(0.0037)  0.1932(0.0037)
Bogey 0.2544(0.0075)  0.2547(0.0075)  0.2629(0.0075)  0.2729(0.0075)  0.2730(0.0076)
Dbl Bogey or Worse  0.1258(0.0110)  0.1275(0.0110)  0.1267(0.0110)  0.1329(0.0111)  0.1321(0.0112)
Variance
Player 0.0071 0.0061 0.0062
Year:Player 0.0058 0.0051
Course 0.0068 0.0059 0.0054
Hole:Course 0.0049 0.0048
Model Selection Criteria
BIC 2874999 2874437 2874759 2873911 2871289
R? 0.5555 0.5556 0.5555 0.5557 0.5561
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Figure 5: BLUPs for each of the 545 players in the data set. Several notable players are
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Figure 6: The top 20 players with the highest BLUPs.
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Doral CC (Blue
Forest Oaks Ci
CC at Mirasol (Sunset
TPC Blue Monster at Doral
Colonial CC
Seaside Course
TPC Boston
TPC Scottsdale
Golf Club of Houston
Magnolia GC
TPC Summerlin
English Turn G&CC
East Lake GC
TPC Deere Run
Westin Innisbrook —Copperhead
Doral Golf Resort & Spa
Cog Hill G&CC
PGA National Champion Course
Warwick Hills G&CC
Firestone CC (]South)
PGA West (Palmer)
Nemacolin — Mystic Rock Course
En-Joie GC
LaCantera GC (Resort)
Redstone GC (Fall Creek)
TPC Southwind
TPC Louisiana
Trump National Doral
Tucson Nat'l Golf
Annandale GC
Waialae CC
Brown Deer Park GC
Redstone GC (Tournament)
TPC Avenel )
PGA National (Champion)
Muirfield Village GC
Liberty National GC
Glen Abbey GC
Ridgewood CC
TPC River Highlands
TPC Sawgrass
TPC Four Seasons Resort
Harbour Town Golf Links
The Classic Club
Grayhawk GC - Raptor
Sedgefield CC
Bay Hill Club & Lodge
Aronimink GC
Montreux G&CC
Hamilton G&CC
The Old White Course
CordeValle GC
JW Marriott, TPC San Antonio
Castle Pines GC
Westchester CC
Atunyote GC
Innisbrook Resort — Copperhead
TPC Sugarloaf
Shaughnessy G&CC
Congressional CC
Torrey Pines %South)

uail Hollow CC

PC San Antonio
Plantation Course at Kapalua
Riviera CC
Pebble Beach Golf Links

-0.3

-0.1 0.0 0.1

Figure 7: BLUPs for the 66 courses included in the data set.
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4.4 The 2014 Season

A generalized linear mixed model containing fixed effects for Distance and Putt. For, and
random effects for Player and Hole within Course was fit for the 2014 season. The BLUPs
for Player were used as a ranking system for putting performance, and the results were
compared to the rank given by average strokes gained putting. A comparison of the two
ranking systems is shown in Figure 8. The Spearman rank correlation coefficient is 0.8273,

indicating a strong, positive monotonic correlation between the ranking systems.
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Figure 8: 2014 ranking comparison between the GLMM and strokes gained putting rank-
ing systems. The Spearman rank correlation coefficient is 0.8273. Strokes gained putting
provided from the PGA TOUR website (PGA TOUR, Inc 2015).
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5. DISCUSSION

The probability of making a putt from a given distance was modeled using a series of gen-
eralized linear models and generalized linear mixed models. Each model consisted of a 4th
degree polynomial for distance and a log-distance term, the same model used in Fearing, Aci-
movic and Graves (2011). The results of the three generalized linear models indicate that
Putt. For is strongly associated with the probability of making a putt while Round Number
is weakly associated with the probability of making a putt. Putt. For being strongly associ-
ated with the probability of making a putt is consistent with Pope and Schweitzer (2011).
Additionally, a variety of random effects variables were considered, including player, year,
course and hole. Each model was compared to the simple generalized linear model using the
BIC and McFadden’s R? model selection criteria. The best model consisted of fixed effects;
Distance and Putt. For, and random effects; Year within Player and Hole within the Course.

Additionally, an analysis of the BLUPs also provides insight into the conditions for which
putting performance is at its best. The BLUPs for Player and Course provide some insight
into the best putters on tour in addition to the relative difficulty of the 66 courses included
in the data set.

Finally, a generalized linear mixed model was used on the 2014 season and the BLUPs
were used as a ranking system for putting performance. The results were compared to the
rankings provided by strokes gained putting and the results showed moderate consistency.
There was no indication from the PGA TOUR website as to the criteria needed for the
players to be considered for the strokes gained putting ranking system. Fitting a generalized
linear mixed model on the same data set used by the PGA TOUR for their strokes gained
putting ranking system may show more consistency in the ranking systems.

Additional analysis may include incorporating additional variables such as weather con-
ditions. Temperature and precipitation can be very influential to a golfer’s performance
and putting performance. This type of analysis is currently limited by the lack of data
on weather conditions of golf tournaments. Generalized linear mixed models could also be

utilized in other aspects of golf, including but not limited to, driving performance or short
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game performance. A combination of these generalized linear mixed models could then be

used to assess a player’s overall performance on the golf course.
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6. REFLECTION

This project started in the Spring of 2014. At that time, Mitch Wilson, the coach of the Men’s
Golf team, had informed me of the ShotLINK Prize Competition. I saw the competition as
an opportunity for me to learn about some statistical methods in the context of the sport I
love. I wrote a research proposal for Dr. Eric Nordmoe, my Senior Individualized Project
(SIP) advisor, and for the Heyl Foundation, the foundation that would be sponsoring my
summer research. Dr. Nordmoe and I met at the beginning of the summer to brainstorm
ideas for the direction of the project.

The initial weeks were spent reading other scholarly articles written for the ShotLINK
Prize Competition. Dr. Nordmoe had suggested learning more about generalized linear
mixed models, so the literature search expanded to include research utilizing generalized
linear mixed models in the context of sports. We thought that it would be interesting to
use generalized linear mixed models to model the probability of making a putt in golf. This
would mean that we would be using the ShotLINK data set at the individual stroke level.

The comma separated values file obtained from ShotLINK was easily imported into R
Studio. While the data set contained many fields about each individual stroke, the data
set needed to be filtered and additional variables needed to be added. These filters and
additional variables are described in Section 2. While R contains many commands for easily
filtering a data set, more complicated scripts were also needed for some of the filters, such
as every course included in the data set must have been played in more than one year.

After we obtained the final data set, the generalized linear models and generalized linear
mixed models were fit. For our models, we needed to determine which variables would
be fixed effects and which variables would be random effects. Additionally, we needed to
consider whether or not some of these variables needed to be nested. When we considered all
of these variables and combinations of variables in our models, we needed a way to compare
the models. We were able to settle on using the BIC and McFadden’s R? model selection
criteria. The final leg of the project was spent comparing the rankings given by the BLUPs

for the generalized linear mixed model for the 2014 season with the strokes gained putting
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rankings for the 2014 season.

While I was able to learn a lot about some widely used statistical techniques, I feel that
I learned more about R and its packages. The majority of my time was spent learning about
how to manipulate the data set in R in addition to summarizing the results in a well written
paper. This paper was written as an R Sweave, a file written in KTEX that also incorporates
R code. I am thankful for the opportunity to learn about these statistical techniques and R.
After this paper has been turned in for the SIP requirement, I plan to continue the project

and ultimately submit the paper for publication.
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APPENDIX A. SHOTLINK DETAILED DEFINITIONS

The PGA TOUR Shot Detail Export is designed to produce a semi-colon delimited text
file suitable for use with most common spreadsheets and databases. The information is
presented at the shot level for each tournament and player selected.

Tournament Year (4 digit numeric)
Four digit year of the event

Player Number (5 digit numeric)
A unique 4 or 5 digit number assigned to each player

Permanent Tournament # (3 digit numeric)

The unique 3 digit number assigned to each tournament. This number remains consistent
with a tournament from year to year, whereas the tournament schedule number will vary
based on the sequence of tournaments played.

Player First Name (text)
The players full first name

Player Last Name (text)
The players full last name

Round (1 digit numeric)
The Round number 1-6. Most PGA TOUR and Nationwide Tour events are 4 round events.
Most Champions Tour events are 3 rounds.

Course Name (text)
The full name of the Course on which the shot was played

Hole Number (2 digit numeric)
Hole number, 1-18, on which the shot occurred

Par Value (1 digit numeric)
The Par Value for the hole being played

From Location (Scorer) (text)
General location from which the shot began as recorded by the walking scorer

Distance to Pin (5 digit numeric)

Distance in inches from the position of the ball before the shot was taken and the pin, as
measured by a laser device recording the coordinates of the ball position before the shot,
and the coordinates of the cup on the green, calculating the distance between them.
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In the Hole Flag (character Y/N)
Value indicating whether or not the shot finished in the hole. Y = yes. N = no.

Distance to the Hole After the Shot
Distance in inches from the position of the ball after it comes to rest at the end of a shot and
the pin, as measured by a laser device recording the coordinates of the ball position when it

comes to rest, and the coordinates of the cup on the green, calculating the distance between
them.
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