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Background
Some professional basketball players make millions of 
dollars a year, but what performance factors and 
statistics are the most impactful in determining a 
player’s future salary?



Background
Basketball Reference, a website we found 
from the American Statistical Association, 
has a variety of statistics based on player 
performance. 

These statistics are collected from the 
official NBA scorekeeping department. 

We looked at per game season statistics for 
the 2017-2018 season to see how they 
determined player salaries for the 
2018-2019 season. 



Data Description

Pos = Position [PG, SG, SF, PF, C]
Age = Age
G = Total number of games played
GS = Games started
MP = Minutes per game
FGP = Field goal percentage
3PP = 3 point field goal percentage per game
2PP = 2 point field goal percentage per game
eFGP = Effective field goal percentage

FTP = Free throw field goal percentage 
per game
TRB = Total rebounds per game
AST = Assists per game
STL = Steals per game
BLK = Blocks per game
TOV = Turnovers per game
PF = Personal fouls
PPG = Points per game

Predictor Variables:



Methods



Methods
Process for arriving at the final model:

1. Choose the variables, build & clean the dataset by finding outliers
2. Build a multiple regression model with all 17 predictor variables
3. Remove variables that are statistically insignificant (high p-values & low 

t-score absolute values) and ensure that practical significance of the model 
was not negatively affected (adjusted R-squared of model) after removing 
them

4. Check for multicollinearity and ensure that no predictor variables were 
highly correlated with each other



Build and Clean
The data set



Build and Clean the dataset 

Because we could not find a dataset with both player stats and salaries, we had 
to combine data from two different sources. We then had to remove players 
that are “rookies”, because there was not yet statistical data on their 
performance



Due to a normal distribution in the data for that variable, outliers didn’t exist in 
predictors, such as “Games played”, “Games Started”, and “Minutes played”

Predictors Without Outliers



Predictors with outliers



Identifying REAL Outliers
Exceptionally Better players? Wrong Averaging?

VS



REAL Outliers
Identifying valid outliers: 

Outliers due to abnormally high or low stats of players who played less than 10 games 



Changes in Predictor Variables 



Multiple Regression



Building the Multiple Regression

First Step 

Erased 4 Least Statistically Significant Variables:

● STL[Steals]
● FTP [Free-Throw Percentage]
● X2PP [Two-Point Field Goal Percentage]
● MP [Minutes per games



Building the Multiple Regression

Second Step
Erased variables with multicollinearity

● eFGP (GVIF=6.682006)

 



Why eFGP? 

3 Ways to calculate eFGP
(Effective field goal %)

1) (FG+(0.5*3P))/FGA
2) (PPG-FT/2)/FGA
3) (2FG+(1.5*3FG))/FGA 

VIFs of POS, FGP, eFGP, AST, and 
TOV are higher than 5



Erasing the Multicollinear variable

● Removing eFGP from model helped out adjusted 
R-Squared increase from 0.5609 to 0.5625

● Number of variables with high VIF decreased 
from 5 to 2



Building the Multiple Regression

Last Step
   3) Erased 3 Least Statistically Significant Variables once again

● FGP [Field goal percentage] + BLK [Block] + X3PP [3 points percentage]
● Removing these variables increased out adjusted R^2 from .557 to .5645
● Pos [Position] was also insignificant, however removing it brought our 

R^2 fro, .5645 to 5616



Results



Final Model: Equation

Predicted Salary = 

-6,340,676 + -587,743PosPF + -3,025,079PosPG + -616,389PosSF + -956,144PosSG + 
406,488Age  + -66,437G + 76,171GS + 793,605TRB + 1,428,030AST -2,466,672TOV + - 
1,269,613PF + 616,871PPG



Interpretation

● Adjusted R^2: 56.45%
○ 56.45% of the variability in NBA salaries in 2018-2019 can be explained by our predictor 

variables of player statistics in 2017-2018
● P-value of the model is less than 2.2e^-16

○ Model is statistically significant
● Residual Standard Error:

○ Measures the spread around the line. The less scatter around the line, the smaller the 
residual standard deviation and the stronger the relationship between x and y



Multiple Regression Assumptions
❏ Linearity 
❏ Normality 
❏ Homoscedasticity(not 

perfect)



Interpretation
Predicted Salary = -6,340,676 + -587,743PosPF + -3,025,079PosPG + -616,389PosSF + -956,144PosSG + 406,488Age  + 
-66,437G + 76,171GS + 793,605TRB + 1,428,030AST -2,466,672TOV + - 1,269,613PF + 616,871PPG

Positive factor for Salaries: Age, G, TRB, AST, and PPG

Negative factor for Salaries: G, TOV, and PF 

Interpretation of Pos: 

Ranking of the position with highest value is 

Center > Power forward > Small Forward > Shooting guard > Point Guard

“Age = Prime of the NBA player (30s)”

“G = More games played, Less potential”

“High competition in Guard Positions due to 
Modern Basketball’s fast pace Game Style.”



Model Test-Prediction
Prediction Intervals: 

● We used Draymond Green’s salary, close to 
the mean for a NBA Salary, and used his 
statistics to predict a salary using our 
model
○ Actual:  $17,469,565, Prediction: 

$17,515,342
○ Confidence Interval: With 95% 

confidence, a player with Draymond 
Green’s exact statistics will make 
between $14,266,769 and $20,763,915



Model Test-Prediction
Prediction Intervals: 

● We used Ben Simmons’ salary, last year’s NBA 
Rookie of the Year, and used his statistics to 
predict a salary he should be getting instead of 
his rookie contract using our model
○ Actual:  $6,434,520
○ Prediction: $16,155,818
○ Confidence Interval: With 95% 

confidence, a player with Ben Simmons’ 
rookie year statistics means he deserve 
a new contract between $13,523,119 and 
$18,788,517

● Will see if his contract will be similar as our 
prediction



Limitation of data set
1) Multi-year Contract

a) many players in our dataset are locked in to multi-year contracts where the previous year’s 
performance does not affect the following year’s salary in this case.

2) Removal of Rookie data
a) we had to remove a few players from the dataset due to their “rookie” status in the league 

(not having 2017-2018 statistics data)
3) Sacrifice of players for team

a) Lastly, our dataset doesn’t consider the fact that some players are willing to take salary cuts 
to stay with their team due to team salary cap restraints. 



For  the extension of the study
● Advanced statistics

○ The Use of advanced NBA statistics such as usage and efficiency rating might improve the 
quality of the model. 

● Data reflecting Reputation of the player

○ Often, the reputation of the player cause increase or decrease of the salary, so inclusion of 
the data reflecting players’ reputation will help the future extension of the study

● College performance data for Rookie

○ Most NBA players participate in at least one year of NCAA basketball before going to the NBA, 
and the performance at the college reflected as the potential for Rookie player so the 
performance in the NCAA will be helpful for the extension of the data



Thank you


