











2. Ln(Money per Event): Ultimately, PGA Tour pros are 1.00 -
judged by how much money they make. The top 125 onthe ~ 0.90
money list are exempt for the following season, the top 30 080

qualify for the season-ending tour championship, and the top 070
40 are exempt for the next year's Masters Tournament, which g:g

is the first of four major championships in men's professional

golf each year. Players falling out of the top 125 can even use 0.40 _./._-—I:-\ )N

a one-time exemption if they are high enough on the career 0.30 1 \__./.\/

money list. Considering the importance of money earned, it 8?8 \\-/I’
seemed necessary to use money as a measure of performance. 0.00

Money per event was used, instead of total money, to remove ’ N j N N '(0 j o j A j o i o i o i N i o i o '
the disparity in the number of events played by different NN LR LR R LR QR LR LN PR R
professionals. Many of the top players play in events all over Year

the world and therefore don't play a full PGA Tour schedule.  Figure 3. Correlation: In(Money) and driving distance
However, due to the skewness of money earned, the natural
logarithm of money per event was used, similar to Moy and

Liaw, who used the natural logarithm of total money. Using .00
. 0.90
the natural logarithm of money per event tended to dampen 0.80
the effect of the majority of money going to the top-place ’
- . , 0.70
finishers and provided a better fit for the model. 0.60
0.50

Correlation Analysis 0.40 _.,‘lh.\-r
To investigate the importance of individual golf skills on golf g;g /./.\w\

0.10 1]
0.00

performance, time series plots of the correlation of each skill

with scoring average and In(money) were constructed. As

expected, all independent variables have negative correlations

with scoring average and positive correlations with In(money).
The better a player's performance in a category, the Year

lower their score and the more money they earn.  Figure 4. Correlation: scoring average and driving accuracy

The one exception is PPR, where lower

numbers obviously produce lower
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Figure 5. Correlation: In(Money) and driving accuracy
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Figure 7. Correlation: In(Money) and greens in regulation
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Figure 8. Correlation: scoring average and putts per round
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Figure 9. Correlation: In(Money) and putts per round
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Figure 10. Correlation: scoring average and sand saves
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Figure I I. Correlation: In(Money) and sand saves
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Figure 12. Correlation: scoring average and scrambling
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Figure 13. Correlation: In(Money) and scrambling
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Figure 14. Correlation: scoring average and bounce back
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Figure 15. Correlation: In(Money) and bounce back

Greens in regulation (GIR) was consistently the most
highly correlated independent variable with both scoring
average and In(money). Scrambling was a close second to
GIR, and even had a higher correlation with scoring average
in 1999 and higher correlations with In(money) in 1995, 1999,
and 2002. These two variables clearly separated themselves
from the rest of the independent variables, which is consistent
with prior research. However, interesting trends were noticed
in regard to scrambling. The correlation between scrambling
and the performance measures was trending down throughout
the 1990s, rebounded in 1999, and then dropped again in 2002
and 2003, when driving distances were at the highest levels.
The large drop in 2003 may be an anomaly, but it is something
to watch in future studies.

DrAccu tended to be more highly correlated than DrDist
with scoring average (see Figure 16). The difference was not
large, but it was consistent, which supports prior research.
However, it doesn't appear either measure is more important
than the other when money is used to measure performance
(see Figure 17).

An interesting trend with DrDist is that correlations
between DrDist and the performance measures went down
after 2000, just when actual driving distance on tour spiked.
Scoring averages on tour also have dropped during this time,
which makes the low correlations even more surprising. Figure
18 shows a time series plot of scoring average on tour during
this study.

This figure clearly shows scoring average on tour has
dropped since 1999, while average driving distance has
increased (see Figure 1). If lower scores on tour coincide
with large increases in driving distance, why is the correla-
tion between these two variables going down? This seems
counterintuitive, but it could be an indication that nearly all
the pros on tour hit the ball a long way now. Certainly, the
longer hitters can hit par 5 greens in two with irons and use
short irons and wedges into par fours, but maybe their advan-
tage isn't as pronounced today because shorter hitters can
now reach par 5s in two as well. Consider the quote from Jay
Haas, 49, in a 2003 Golf Digest article by J. Diaz: "Now even
[ can reach par 5s. I'm thinking: Wow, is this what it's like to
finally be long? No wonder these guys have been kicking my
butt for so long.”

Scott Berry, in his article "A Game of Which I Am Not
Familiar” published in CHANCE in 2003, estimated that golfers
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Figure 16. Correlations of driving distance and driving accuracy with
scoring average

0.50 -
0.45
0.40
0.35
0.30
0.25
0.20
0.15
0.10
0.05
0.00

&KA. A

N

>
DA

—
S

R
S
S s

G B R P oo N P P
NN NN N RN RN N A\

Year

‘ ——«— driving distance —2— driving accuracy ‘

Figure 17. Correlations of driving distance and driving accuracy with
In(Money)
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Figure 18. PGA Tour scoring average by year

today are about 1.5 strokes better than golfers in 1980, based
on their driving skills. Scoring average on tour in 1980 was
72.15 and 70.95 in 2003, a difference of 1.20 strokes. Berry's
estimate is difficult to verify empirically because course condi-
tions on tour have changed during this time. Course designers
are incorporating more distance into their designs, and tour
officials can cut pins closer to the edge of greens, grow the
rough higher, and increase the speed and firmness of greens.
In light of these changes, Berry's estimate certainly seems
to be reasonable, and indicates that, everything else being
equal, better driving skills on tour lead to lower scores. The
distance component on driving certainly has improved, but it
has improved for all golfers, and it now appears more difficult
for players to separate themselves from the field, based on
driving distance.

Correlations between DrAccu and the performance mea-
sures were stable throughout this study, and then took a large



drop in 2003, just when DrDist jumped seven yards to an
all-time high of 286.38 yards. Such a large drop in correlation
between DrAccu and the performance measures raises the
question of whether DrAccu on tour went down dramatically
in 2003. A time series plot of DrAccu was constructed and is
displayed in Figure 19. DrAccu dropped almost two percent-
age points in 2003, which isn't too surprising considering the
ball was traveling farther. The longer the tee shot is, the more
accurate it must be to stay in the fairway. (It's actually surpris-
ing that DrAccu did not decrease in 2001, when there was a
previous spike in DrDist). Although DrAccu trended down
over the past two years, it only decreased from 68% to 66%.
This alone does not seem to explain the drop in correlation
between DrAccu and scoring average from 0.35 to 0.14, and
the correlation between DrAccu and In(money) dropping
from 0.22 to zero. The large decreases in correlation, even
though DrAccu only decreased 2%, seem to suggest that with
the driver going so far, it just didn't matter whether the player
was in the fairway. With longer drives, players could get close
enough to the green to play short irons or wedges. Even from
rough, they could control the shot into the green.

A final observation regarding the correlation plots is made
with respect to bounce back. The correlation between this
statistic and the performance measures is clearly trending
down after 2000. Prior research indicated this statistic was a
meaningful measure of performance and should be included
in future studies. The correlation plots seem to indicate
this statistic is actually becoming less meaningful as driving
distance increases.

Regression Analysis

To supplement the correlation analysis, linear regression mod-
els were used to determine how well the independent variables
as a group could predict performance and to measure the unique
contribution of each independent variable to prediction. For
each year, two regression models were developed. One model
regressed scoring average against the seven independent vari-
ables and a second model regressed In(money) against the
seven independent variables.

The residual plot for the model-predicting scoring average
for 1992 is shown in Figure 20. Residual plots for the other
years were similar, so they were not included.

The residual plot shows a nice random scatter pattern
about zero—indicating a good fit—and no major departures
from the typical regression assumptions of normality, linear-
ity, homogeneity, and independence. The R-square value,
equal to .9457, is listed in the chart as well. Throughout this
study, the seven independent variables typically explained
around 94% or 95% of the variation in scoring average. The
lowest R-square value was in 2003 at 0.90. High R-square
values were expected from these models. It should not be
considered a “finding” that GIR, PPR, scrambling, sand saves,
DrDist, DrAccu, and bounce back predict score accurately.
However, the high R-square values indicate the independent
variables included in this study almost completely account for
any variability in a player's score. Therefore, when analyzing
which independent variables are the most important to PGA
Tour players, we are not missing any important skills with
regard to score.
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Figure 19. Driving accuracy on PGA Tour: 1992-2003
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Figure 20. Residuals versus predicted values—1992
DV Scoring average R?=.945693
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Figure 21. Residuals versus predicted values—1992
DV: In(Money) R?=.789406

The residual plot for the model predicting In(money) for
1992 is shown in Figure 21. As mentioned earlier, money
earned in each event is highly skewed toward the top-place
finishers. Using the natural logarithm of money per event tends
to dampen this effect and provide a better fit for the models.

Again, the residual plot shows a nice random scatter pattern
about zero, indicating that the regression assumptions of nor-
mality, linearity, homogeneity, and independence are reason-
able. The R-square values for In(money) were much less than
what was observed for scoring average in this study. Typically,
values ranged from 0.65 to 0.79 until 2003, when they dipped
to 0.52. The independent variables certainly explain less of
the variation for money than for scoring average, but this was
expected due to money earned being weighted heavily toward
high-place finishers. However, using the natural logarithm of
money, between 65% and 80% of the variation in the response
can be explained, which gives meaningful results.

In regression, the unique contribution of each independent
variable can be measured using an F-test, which measures
whether the addition of one independent variable significantly
improves the prediction of the response, given that the rest of
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the independent variables are already included in the model.
For example, in this study, we can test whether adding GIR
to a model that already includes DrDist, DrAccu, PPR, sand
saves, scrambling, and bounce back significantly improves our
prediction of scoring average. In our study, if a variable does
not make a unique contribution to the prediction of perfor-
mance, it might indicate that while correlated to a degree with
performance, it is not an important variable in determining
performance compared to the other variables in the study, and
therefore, not an important skill on the PGA Tour.

Tables 3 and 4 list the p-values measuring the unique
contribution of each independent variable per year for both
measures of performance.

These tables indicate that GIR and PPR are two important
statistics for predicting player performance, whether measured
by scoring average or money. They each made significant
and unique contributions to both models in every year of
this study. As expected from its high correlation with scoring
average noted earlier, scrambling also made a significant and
unique contribution to the scoring average model for each
year. However, scrambling only made a unique contribution
to the In(money) model during two years, 1992 and 2001. This
indicates scrambling is not an important statistic for predict-
ing money earned on the PGA Tour, and due to money being
skewed toward the top-place finishers, the players at the top
are not separating themselves by saving pars, but by making
birdies. When a player is scrambling well, it only indicates
they are recovering from poor shots. To earn large paychecks,
players must be at the top of their game, consistently giving
themselves birdie opportunities and converting.

DrDist was not strongly correlated with either perfor-
mance measure, with correlations ranging from 0.10 to 0.40.
However, it made a unique contribution to predicting both
performance measures during the time period of this study:.
While the correlation analysis indicates DrDist is not the
most important measure of performance, regression shows

its contribution to prediction is unique and not explained by
other variables, making it an important statistic. An interesting
trend regarding DrDist and In(money) should be noted: Aver-
age driving distance on tour spiked in 2001 and then again in
2003. The p-value for DrDist has increased since 2001, and
rose above 0.05 in 2003, when average driving distance on
tour was at its highest level. This might be another indication
that nearly all the pros on tour can hit the ball a long way now,
and if driving distances continue to increase, it may become
increasingly difficult for a player to separate himself from the
field on driving distance.

DrAccu was more highly correlated with the performance
measures than DrDist, but its contribution to prediction was
not as important. For scoring average, DrAccu only made a
unique contribution (a= 0.05) three times during this study,
and not once since 1999. With respect to In(money), DrAccu
made a significant and unique contribution to prediction in all
but two years before 2001. However, when driving distances
spiked in 2001, the p-value shot up to 0.47, stayed high in
2002 at 0.18, and then shot up again to 0.89 in 2003, when
there was another spike in driving distance. Considering that
DrAccu did not make a significantly unique contribution to
predicting either performance measure during the last three
years of this study, it seems to be evident that accuracy off the
tee is becoming less important as driving distances increase.

The regression analysis supports the conclusions of prior
research that sand saves is not an important statistic. In this
study, sand saves never made a significant contribution to pre-
dicting scoring average, and was only significant three times
when predicting In(money).

Prior research indicates bounce back should be included in
future studies. Regression results from this study regarding the
importance of bounce back to future research are inconclusive.
In some years, bounce back made a unique contribution to
performance; in other years it did not, but there was no pat-
tern to the results. Bounce back should probably be included

Table 3 — P-Values Measuring Unique Contribution to Predicting Scoring Average

Year DrDist DrAccu GIR PPR Sand Saves Scrambling Bounce Back
1992 <0001 .1193  <.000l <.000 2763  <.0001 -1206

R R s B S B B e e "
1994 <0001 0311 <000l <000l 545 <000l  Ol7
1995 <0001  .6597  <.0001 <000l 9007 <000l 1747
1996 <0001 2361  <.000l <.000 4440 <0001 0022

T T - R S e
1998 <.0001 0417 <000l <000l  .6082  <.(000I .2043
1999 0030 0776 <000l <000l 7804 <000l 1023
2000 <000 3940 <0001 <000l 8550 <.000I 9308
12001 < .0001 .0586 = <.0001 <. 0632  <.0001 = <.000
e e s Bt Sics B S R B vy
2003 0011 3959 <.000l <.000 5982 <000l 7718

A

Bold indicates unique contribution is not significant at a= .05
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in future studies, but it is clear from the regression results that
GIR, PPR, scrambling, and DrDist are much more important
statistics.

[t should be noted that inferences in this study with regard
toregression were only made one yearata time. In a given year,
all observations are independent (different players), so these
inferences are valid. However, a primary interest of this study
is to examine trends that may appear from one year to the next.
As the top 125 pros on the money list are exempt for the fol-
lowing year, a large cohort of players will remain on tour from
one year to the next. This means there is dependence among
observations from one model to another. However, no formal
statistical tests are being made comparing one year to another.
This study is simply attempting to identify any changes in the
style of play on tour, specifically with regard to the changing
importance of different statistics from one year to the next.
Whether these changes are due to the same players changing
their games, or to new players with different styles joining the
tour, is not being examined in this study.

Cluster Analysis

Correlation and regression analysis support prior research
that GIR is the most important single statistic on the PGA
Tour. However, the results also seem to indicate that as
driving distance continues to increase, driving accuracy is
not as important as it used to be. To further examine this
trend, the most successful golfers on tour were profiled
using cluster analysis.

Cluster analysis attempts to divide the data set into groups
where the observations in each group have similar character-
istics. The premise is that based on the independent variables,

cluster analysis would combine players into groups where the
players in each group had similar styles of play. For instance,
in this study, one group might be characterized as long, inac-
curate drivers with average short games. Another group might
be characterized as short, accurate drivers with good short
games. In order to separate the observations into like groups,
some type of distance measure must be used and observations
with a small distance from each other are combined into the
same group. This study used Ward's hierarchical clustering
method, which attempts to minimize the error sum of squares
for each cluster. The error sum of squares is the sum of the
squared deviations for every item in the cluster from the cluster
mean. The cluster mean is the average player for the group.
This average player has the mean driving distance, the mean
putting average, etc., for the entire group or cluster. The closer
any player's statistics are to the average player, the smaller their
distance is from the cluster mean. The error sum of squares is
the sum of all these squared distances from the cluster mean.
In other words, the more alike the items are in each cluster,
the smaller the error sum of squares will be.

Ward's cluster analysis was performed by year, using the
independent variables in this study after they were standard-
ized to produce four and five clusters. Standardized variables
were used because the independent variables are measured on
different scales.

Average performance for a category is zero, and above
average performance is given by positive numbers. The one
exception, of course, is PPR. The lower this number is, the
better the performance, so groups of good putters would
have negative numbers in this category. In order to make the
results easier to read, the sign was reversed for PPR so positive
values imply above average performance for all independent

Table 4 — P-Values Measuring Unique Contribution to Predicting In(Money)

Year DrDist DrAccu GIR PPR Sand Saves Scrambling Bounce Back

1992 | < <.0001 : <.000l .1786 0464 .3027
|993 ......... B ‘ .,2.000| g ooo| 2606 ....................... 0706 ......................... 68|9 ,,,,,,,,,,,,
|994 .......... Cooer <ooo| g ooo| 8295 7259 ......................... 9_“7 ,,,,,,,,,,,,
|995 .......... ~oool <000| 3 ooo| 2924 ....................... 0508 03| | ,,,,,,,,,,,,,,
|996 .......... Cooer <ooo| 3 ooo| ”26 94|2 0” | ‘‘‘‘‘‘‘‘‘‘‘‘‘‘
|997 .......... = oool <ooo| 5 ooo| o|24 ........................ 8537 ......................... 5065 ‘‘‘‘‘‘‘‘‘‘‘‘‘
|998 .......... ST <ooo| g ooo| 7|34 9305 ......................... |475 ,,,,,,,,,,,,
|999 .......... = oool <000| 3 ooo| 4592 ...................... 7024 ......................... 4375 ,,,,,,,,,,,,
2000 .......... Saprore <ooo| > 000| 65|5 45|2 ......................... 593| ‘‘‘‘‘‘‘‘‘‘‘‘‘
200| <000| g ooo| 0069 0045 0005 ‘‘‘‘‘‘‘‘‘‘‘‘‘
2002 <ooo| > ooo| 0005 |450 ......................... 4496 ,,,,,,,,,,,,
2003 <000| g ooo| 2034 ...................... 3234 ......................... |62| ‘‘‘‘‘‘‘‘‘‘‘‘‘

Bold indicates unique contribution is not significant at a= .05
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variables. Deciding on the number of clusters to use was
somewhat arbitrary, but combining the players into four or
five groups seemed reasonable.

After the clustering was finished, money per event and
stroke average were averaged over all players for each cluster.
Remember that the clusters were constructed without any
regard to the performance measures. In this study, the cluster
with the highest average earnings was also the cluster with
the lowest stroke average and labeled the “best” cluster. Both
four- and five-cluster solutions were similar, so only the four-
cluster solution is reported. Table 5 lists the standardized
values for the independent variables, averaged over all players
in the best cluster from the four-cluster solution, for each year
in the study.

Using Ward's hierarchical clustering method, it became
clear that golfers in clusters with high earnings and low stroke
averages tended to perform well in several categories, support-
ing Moy and Liaw. Sometimes these elite clusters would be
average, or even below average, in a skill, but they clearly did
many things well. Despite new technology enabling golfers to
hit their drives farther than ever before, simply bombing the
ball off the tee is not enough to be successful. Clusters with low
earnings and high stroke averages were usually below average
in multiple categories, especially the short game.

One consistency for the elite cluster in each year was high
performance in greens in regulation. This can be seen clearly
in Figure 22, which is a time series plot of GIR performance
for the best cluster. The only exceptions were 1995 and 2001,
when the average performance in greens in regulation was
compensated for with high marks in all short game skills. This
gives further evidence that GIR is the most important skill on
the PGA Tour, dating back to a study by James Davidson and
Thomas Templin in 1986, and continuing through to today’s
PGA Tour, with its advanced technology.

Aninteresting trend can be seen regarding driving accuracy
and driving distance. As mentioned before, titanium drivers
were first introduced in 1995. The top cluster was above aver-

age in driving accuracy and below average in driving distance
during 1993, 1994, and 1995. However, beginning in 1996,
the characteristics reversed. The top cluster was at or below
average in driving accuracy and above average in driving dis-
tance. This can be seen more clearly in the time series plot in
Figure 23. The only exception is 2002, when driving accuracy
was better than driving distance. Recall that 2002 was also a
season when driving distance leveled off for a year.

The cluster analysis is entirely exploratory, but it seems
to support the conclusions of the correlation and regression
analysis. GIR is the most important statistic on tour, and driving
accuracy has not been an important statistic in recent years.

Conclusions

The analysis shows a high greens in regulation percentage and
a good short game are the keys to low scoring averages and
high earnings. This is no surprise and should not be considered
a 'finding. However, as technology improves and drives go
farther, the importance of driving accuracy, even among the
top golfers, is becoming less important.

Consider the driving statistics for the 2003 season, listed
in Table 6, of the top three ranked players in the world at the
time of this study. These are just three players, but they were
the best three players in the world at the time of this study.
The message is clear. If a player is driving the ball far enough,
driving accuracy is not an important statistic. The comments
of Hal Sutton in the 2003 Golf Digest article “The Gap" seem
to confirm this as the feeling on tour: "If you were to ask
everybody out here whether they wanted distance or accuracy;,
they'd all tell you distance,” he said. “Forget accuracy. The
fairways are soft, the greens are hard, and there is no rough.
Lets kill it. There's no such thing as thinking. It's just grab your
driver and hit it as far as you can.”

An interesting direction for future research would be to con-
tinue to examine the relationship between driving distance and
driving accuracy. As mentioned by Ketzscher and Ringrose,

Table 5 — Characteristics of the ‘Best’ Cluster, 1992-2003

Year : Size DrDist DrAccu | GIR | PPR | Sand Saves : Scrambling | Bounce Back
1992 39 -067 0.99 0.49 0.93 -0.07
1993 41 006 103 LIS OI4 008 08 06
194 &7 el 055 050 022 005 .. 046 L oet
1995 83 . 0 051 006 08 06l .. 0.92 oo
199 14 164 o I OB h -
TRECLO0 WA W L 067 047 008 010 -0.06 o6t
1998 31 1.02 -0.26 -0.40 -0.24 1.13
%99 66 0S5 003 08 033 004 0le 053
2000 - 44 =56 2 2R o vl R~
2001 : 46 0.45 -0.62 : -0.04 : 0.67 074 0.48 059
002 - 42 o7 R IR B W —_— e C—

2003 153 ;056 7050 013/ 054 050 0.46 076

Bold indicates unique contribution is not significant at a = .05
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Figure 22. GIR performance of “best” cluster
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Figure 23. Driving characteristics of “best” cluster

Table 6 — 2003 Driving Statistics for the Top Three Ranked Players in the World

World Rank Name DrDist DrDist Rank DrAccu DrAccu
Rank
1 TigerWoods 299 . LI 627% 142
ViySmgh 302 6 634%

driving ability is a skill that can be measured accurately because
it does not depend on any other statistics, and therefore,
researchers should be able to accurately measure its impact on
performance. In addition, club and ball manufacturers will con-
tinue to try to improve their products, and unless the USGA
or some other governing body intervenes, driving distances
will almost certainly continue to increase. The distance the
ball travels and its effect on the game should be an interest-
ing and hotly debated topic in the years to come.
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