Professional Golf Analytics: Predicting and
Improving Players’ Performance
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This project attempts to conduct an analysis of historical data on extensive
statistics on professional golf tour, to show what statistics make a good proxy
of better relative performance in golf. Our analysis will provide the ability to
turn raw golf statistics into valuable insights to help players better understand
what aspects of their performance leads to better overall performance. To gain
the insights we will create a regression model that takes the statistics on
different performance on different part of the game as predictor to predict
relative performance.

Golf is a sports that grants player to win up $2 million dollar in a single
tournament and $ 10 million prize to the best golfer in a season. Having the
ability to turn raw statistics into meaningful game improving information can
be the difference between winning million of dollars and missing the
tournament cut line.

Insert Video Here

Research Question:

* In professional golf, what physical attributes lead to the best performance
relative to the average field?
In professional golf, what aspect of the golf game contribute the most to
superior performance relative to the rest?

Assessing Golfer Performance on the PGA TOUR (Broadie, 2012) first
coined the novel statistic, Strokes Gained (SG). Strokes Gained is a measure
of quality of a golf shot, adjusting for variances that a golf shot are subject to,
It shows how much better or worse a shot is to a benchmark function derived
from calculation of eight million shots.

Strokes gained is created to better understand of the contribution of individual
shot to the overall score.

This study is novel because we attempt to break-down different aspect of the
game and predict by how much each aspect contributes to better Strokes
Gained figure.
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Data N &
The data for this project is a collection of all statistics over the span of a year
on a player in the PGA TOUR from Kaggle.com. The data has 8 main

categories relating to different aspect of a player’s performance on course.
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Data Cleaning & Pre-Processing

To clean the data we used tidyr to impute all NAs. We then pre-process the
data from long format into wide format using spread function. Finally to make
the data set into a format that the model can ingest, we used the reshape
function so every feature would be assigned to one name, eliminating
duplicates.

In order to partition the data we used the createdatapartition() function with
70% of the data allocated to the training and 30% allocated to the test set.

Feature Selection
We selected few attributes that seems interesting and will not raise issue of
correlation with out predicted values, Stokes Gained Total.
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Model

We specify a linear regression model on a 70/30 split train/test data with a 3-
fold cross-validation design because we find that this number of fold leaves us
with a desirable error rate estimation and computing time.

Model Evaluation

The predictive models were evaluated on overall accuracy, Adjusted R-
Squared, and by looking at this metric, our model explained 92.6% variability
In our Predicted Value.
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This shows the result of our model predicting the Strokes-Gained. The orange
line represent the predicted value by our model and the blue line represent the
actual value from our test set.

Our model explained 92.6% variability in our Predicted Value.
RMSE of Train and Test

Train Test

Furthermore, looking at the RMSE of our model, we got an RMSE that is lower
In our test set, indicating a better performance

In conclusion, we are able to create a model that takes several statistical
parameters from the raw data and estimates their effect on SG.

Although height and weight resulted in a weak positive correlation, we know
Scrambling positively affects SG with a correlation of .50 and other variables
negatively affect Strokes Gained such as Scoring Average which had a strong
negative correlation of -.953. Additionally, Driving Accuracy Percentage and
Greens In Regulation Percentage showed weak positive correlations with total
SG while Putting Average showed a moderate negative correlation to Strokes
Gained.

By knowing how greatly these endogenous variables affect SG, players can
fine-tune their practice to be better at parts of the game that improve SG the
most.
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