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Abstract

Data Analytics is becoming an integral part of modern-day sports, making teams
adopt quantitative approaches to success rather than traditional qualitative strate-
gies. In the National Basketball Association, nearly every action a player takes
is represented by a statistic. Given all actions a team can take, there must be a
relationship between success and average statistics. At the start of the season,
each team aspires to qualify for the post-season tournament. Thus, modelling
qualification for that tournament with a team’s average statistic can be a new way
to represent team succes. First alternate models with different parameters were
fitted to find the best predicting logistic regression model. Given the high accuracy
from the binary classifier, a shallow neural network was built to create premier
accuracy.

1 Introduction

As technology develops so do the analytical processes applied to large data sets. Given statistics
can be represented by data sets, sports have began implementing data science to coaching strategies.
Basketball in particular documents individual statistics for nearly all the actions possible in a game.
This information can be leveraged by team managers to improve their success. Some managers are
dismissive of analytical approaches, and prefer a traditional coaching philosophy based on empirical
observations. However, by utilizing data, team managers are able to evaluate their team’s overall
performance and determine benchmarks for success. [1] Using these benchmarks the managers can
generate predictions for how successful their team might be and if they will meet their season goal.
Given the increased popularity of neural networks, it is no surprise that there exists research on deep
learning approaches to analyze analyze commonalities within the game of basketball. Reinforcement
learning has been applied to predict player behavior, however, the learning is slow due to the large
number of different. [2] Also inspiring my project, is past research that identified a defensive
commonality with playoff teams. [3] However, these studies have player actions or searched for
similarities, rather than monitoring progress towards a goal desired by all teams. In my project,
success will be determined by a team qualifying for the playoffs.

2 Related work

My project will not be the first research into to applying deep learning concepts to basketball statistics.
Previous research has taken a deep learning approach in order to make predictions about basketball.
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Like my project, these projects were interested in predicting outcomes by making use of in game
statistics. Previous studies were able to identify statistics that were more correlated to winning than
others. [4]

A common approach is analyzing statistics as features to determine a probability of outcomes. There
is an original paper by researchers that observed Serbian basketball and applied a neural network
approach to understand the significance of statistics. Here the paper identifies rebounds as being the
one of the most important statistics through the use of " feed-forward technique in neural networks."
[5] This is similar to the idea of defensive importance proposed by Neiman and Loewenstein. [2]
While these papers are separated by some years, they both touch on a common theme that there
are some statistics that are crucial to positive outcomes in basketball. For instance, a German study
identified key features and found that features of a model provide insight and are useful for NBA
coaches to improve their team’s capabilities. [1] The German study’s weakness is that it analyzed
strings along with numeric values thus, not providing consistent inputs. These papers provided
valuable insight that motivates my project’s usage of features to predict win probability.

Not only have academic researchers analyzed this topic, but so have previous CS230 students. A
Winter 2020 project made use of a 3-layer neural network in order to evaluate the "Ideal basketball
player" [7]. This paper also references the paper described above analyzing Serbian basketball. In
finding the "ideal" basketball player, the former CS230 student analyzed statistics to determine how
good a player was. This is similar to my research into how successful a team is. Focusing on team
success is a more intuitive approach because basketball is a team sport in which five players are
simultaneously playing. Thus, evaluating a player’s significance would be limited to recruitment
purposes for adding individuals to a team.

The existing research made significant steps in applying neural networks to game statistics, however,
their approach did not apply neural networks to the right classification of success.

3 Dataset and Features

In order to represent the highest level of basketball competition, I will be using the tables that are
found on the website Basketball Reference. This is an extensive data set formatted in a clean manner,
however, a pre-processing stage was necessary to prepare the data for my project. I had to go over
40 CSV files to input the binary playoff data, that is whether a team made playoffs or not as well as
change names for teams that had changed location. This was crucial to maintain consistency over the
four decades between companies. The data came from after 1980, because in 1979 the three point
line was introduced. Omitting the introductory year will avoid any likely outliers. Building a logistic
regression will allow the statistics to act as an input for an output between 0 and 1. I then merged the
data from four decades into one csv with season averages for all teams across time.

Figure 1: A dataset of a team’s average stats for a season with added in Playoff binary each row is a
team’s season.

4 Method

After a season, a basketball team is left with one determinant for success, a championship. However,
there is only one of those a year, therefore it would be better to model success as playoff appearance.
This is an accolade only experienced by half of the league. A team’s playoff appearance in a season
can only be within 0 and 1, so it would make sense to use logistic regression. I kept the features that
were recommended in past research such as defensive stats and rebounds. After coding a multivariate
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linear regression model that correlates team statistics to playoff appearance percentage, I was able to
see the weights of the different statistics. A sample of the features from my first model can be found
in Figure 2.
Given the diversity amongst the statistics I found it necessary to reduce my parameters and focus only
on the most important ones: the field goal percentages, win percentage, and a rebounding statistic.

5 Experiments/Results/Discussion

Figure 2: Features from the multivariate linear regression model.

These features are now modern updates to the issue of outdated features from the Serbian study
and the omission of team names makes inputs more consistent avoiding mixing string and numbers.
However, as mentioned earlier it was not effective to include all available statistics. This was because
some statistics had a completely opposite impact as seen in Figure 2 where some coefficients were
originally negative during my milestone. I fitted the model with three different types of rebounding
statistics (Total Rebounds, Offensive Rebounds, or Defensive Rebounds) only including one with the
field goal percentages. All rebounding statistics proved to be fairly accurate, but Offensive Rebounds
combined with the field goal percentages made for the best accuracy with 92%.

Figure 3: A 94% accuracy result from using offensive rebounds from a smaller training set that
motivated me to use it.

The results from my baseline model show certain stats are important to a team’s success, notably the
percentage related statistics. Given than a logistic regression model was well fitting, this suggests
that a neural network would increase its accuracy. For this one, a shallow neural network will suffice.
There is an input vector x of shape (1112, 4) and an output vector of shape (1112,). The logistic
model will be used for the hidden layer, then it will be activated by relu. These activated vector will
be inputs to a sigmoid function that will produce the probability between 0 and 1. I had trouble
getting the neural network implemented in code, however, my baseline model is the key step in
beginning the neural network to predict team success. It has promising accuracy as can be seen by
the heat map of my model’s accuracy.
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Figure 4: The 94% accuracy result from using offensive rebounds

6 Conclusion/Future Work

My program sought to look at statistics in a vacuum and observe their accuracy in predicting playoff
success. While my project had some highlights of finding strongly weighted statistics, and a rigid
predictability rate.

The basketball games are not played in a vacuum and for this reason it is the case that perhaps looking
at statistics alone will not provide enough information to make accurate predictions. Thus, future
research should consider training a neural network with information about possible opponents. My
next steps would be to get my neural network running properly, and then possibly had layers as I
increased the amount of inputes. Additional inputs can be drawn from other statistics such as a ELO
scores.

7 Contributions

I worked independently, which I thought to be an exciting task at first. However, the old phrase "two
minds is better than one" was something I felt very often. While I was able to work on a project that
I was excited about, this entailed much more obligations. I was responsible for finding all existing
research and deciding the methodology I would use. I additionally had to learn about setting up all
supplemental software such as GitHub and AWS. However, I am happy to say I was able to contribute
on all aspects of the project life cycle from research, methodology, troubleshooting, and write-ups!
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