Predicting Win Percentage and Winning Features of NBA Teams

” ” First | Second
Nattapoom Asavareongchai, Evan Giarta | - | Features | g.ic | “order
Our Learning Model Prediction for 2015-2016 NBA Season vs. Current Win Percentage Used (x) Weights | Weights
| | | [ [ [ - —— .
WAS PPN SR Our Prediction — |...... ]
CS 229 (Autumn 2015) —— T T G| o016 | o
TOR o S e o ]
. . SAS : ' : . ; j j T T— AR - AV 1.893 -0.031
SAC : : : e deiiiiies S e . SRR RRRTRTEE R R RRRREE -
Objective Data and Methods o _ . ; —_— S T Y T aere | oiss
The NBA is the premier basketball league of We collected individual player statistics and team win percentage o f 3 : — — S O A S . 3PM | 3.758 | 0.192
the world. It is an enormous business, with for the past decade to help create a model of predicting a team’s Ly : , - ; RSN N s AN SN . A | 4912 | 0047
an estimated revenue of nearly $5 billion in success. Our model takes a team’s roster from one season and i - - ~ 3 v S L N AST 2088 | -0.006
. . . . . .« . . . . .. MIL : : . : e o - R e U _ : -
2014. Teams within the NBA with more wins individual player statistics from the previous season to create E _ - - ~ : ’ SRS U A N - s | oons
. . . . . . . . MEM : : e e e ] : :
will gain popularity and increase income, feature vector of estimated team statistics for that season. We & L - : S—— S— T N I A N
. . . . . . . LAC : ' ' e e UUUUUTPR P - DD?2 -2.830 0.178
beneficial to the league and its players. Thus, then ran the data on different learning models, including locally o _ ~ - : ; — R S _
. . . . . . . . . . HOU : : : U e S i -
predicting the number of wins of an NBA weighted linear regression, linear regression and polynomial fit, esw ' ; _ - ' ' j j ; D3 | -1.705 | 0.095
. . . . DET : _ R —— e T AP -
team based on the previous performance to derive Welghtlng parameters. We then chose the best model oen . : ; RES TR SR SUTTURR AN U | +/- -1.141 0.004
. . . . . . . DAL . L A—— —
their roster is quite valuable to general through k-fold validation, choosing the one with the least cLe j . , ' j — S SRR s Allstars | 15.754 | -2.412
managers, coaches, players, fans, gamblers, generalized error. With our best model chosen, we made ¢ ' ' ? — — S A ] |Rebounder 6.977 | -0.881
and statisticians alike. Moreover, knowing improvements through feature selections. With detrimental s« ﬁ . . ' r— ... e b SRR ST . Double- | |1 cog | 173,
. . . - et S At s s e s e e s s sssemssEssneseses — d bl . - .
which particular stat or feature is most features removed and features reduced, we reran our model to ! L & + -+ n .- n & & o T?;;l;
. . . . . . . . . : 6.725 -0.821
influential to winning games is also desirable. get the final weighting parameters with better results. Win percentag double
Results
Features
Trade off curve of locally weighted linear regression Polynomial Model Fit Error Data Effect of Data Set Size on Error Using Selected Features Error Reduction of Second Order Polynomial Fit with Feature Selection Removed Order
19 1 I 1 I | 19 I I I I 1 I I ! I 18 I I I 1 I I I 18 1 I I I I 1 I I
: : J train data == ] train data —test error num_rookies 1
z : z L | —test data : z : z z s .| =97 test data ' ' ' : : : ' ' : ' : - | ==—train enor
18 R AP, ................ ................. ................. ................ ............... ] 1?5 . 1?5 PF 2
17 17 team_salaries 3
TOV 4
16.5 16.5 DREB 5
FGA 6
16 16
FG% 7
- - 155 ............ ............ ............ ............ ............ .......... ™~ - 155 FT% 8
: : : : : : : : : : : : : : : FTA 9
15k SO s e, SRS S ST s 4 15k SR SR SR SRR e, e s -
: : : : : : : : : : : : : : : 3P% 10
Y] S S S S - ............ S i 145 PTS 11
74 - STT ’-"""-- ........... Cinni ik ARA s AT s c kR s AR Sasvuassnns Exunnasnares - 14
. /’ mmmn ] train linear v 13
’ / w— ] test linear AGE 14
135 ......... ’ ............ ............. ............ ......... S -J train second order AR 135 . e
: : ; : : : p / / === ] test second order : : : : : : : : REB 15
121 1.I2 1.14 1.l6 1.I8 2l 2.12 2.I4 2.IB 2.18 3 136 B.IS Fl’ ?.15 Sl 8.I5 QIJ 9.I5 10 130 2l fll Eli 8l 1ID 112 1:1 1I6 OREB 16
T Polynomial order Number of season (data amount) Number of Features Removed BLK 17

Conclusion and Future Work

After running our statistics and data on three different models, linear regression, locally weighted linear regression and polynomial fits (with
different orders), and validating using k-fold validation, we found that using a second order polynomial fit model provided us with the lowest ,
generalized test error. This is therefore our chosen model. The average generalized test RMS error for this model is J = 22.7 compared to List of data sources:

around 25 or more with other models. We then increased the size of our dataset, reducing the RMS error to J = 16.9. Feature selection then 1. http://stats.nba.com/league/player/#!/
resulted in 17 features removed from our original 31 feature vector. With the remaining 14 features, our average RMS generalized error goes 2 httpsi/fonvweskimo.com/-pbender/
down to 15.54 with the RMS training error of 14.18. The variance of our model is therefore low. However, the RMS error in general is still
relatively high. With more time, future work on the model to reduce the RMS error would include adding in more detailed and relevant
features, such as coach statistics, different plays run by different team, etc.
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