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Background
American football (“football”) is by far the most popular sport in the United States [14], with

viewership of the Super Bowl, the championship game of the National Football League (NFL),
often reaching over 100 million viewers [2]. Football is a sport that relies heavily on a team’s
players working together as a cohesive unit to either move the ball down the field to score points
(offense) or prevent the opponent’s offense from scoring (defense). As such, an important consid-
eration when evaluating any football team lineup is understanding how well the abilities of the
players in that lineup complement each other. Obtaining such an understanding can provide a
substantial competitive advantage to coaches in deciding which players to put on the field, as well
as general managers in evaluating potential trades or player acquisitions. However, quantitative
analysis of player performance in football rarely goes beyond individual box score statistics. For an
offensive skill player (i.e. quarterback, runningback, wide receiver, or tight end), these can include
yards gained and touchdowns scored via passing, rushing, and/or receiving, as well as completion
percentage (for quarterbacks) or receptions (for receivers). For a defensive player, these may in-
clude tackles, sacks, interceptions, and others. Linear combinations of these figures (e.g. passer
rating, [16]), overall team statistics, and individual player grades [1] fail to account for the effect
that a player’s teammates have on his performance or how his presence on the field can affect the
performance of his teammates. For example, the presence of an elite runningback on the field can
attract extra attention from defenders, leading to fewer scrimmage yards for the runningback but
making it easier for his wide receiver teammates to accumulate receptions.

Recent research in football analytics has either focused on predicting game outcomes ([10], [3])
or evaluating players individually ([18], [13], [15]). While evaluating the synergy between players
has been addressed for cooperative sports such as soccer ([5], [4]), basketball ([12], [11]), hockey
([9]), and baseball ([17], [6]), it still remains to be investigated for football.

Goal and Objectives
The goal of our project is to use publicly available data from games played at both the collegiate

and NFL level to quantify the on-field chemistry between football players. We aim to study
the value of the interaction effects between players, namely the amount by which the on-field
effectiveness of a set of players differs from the mere sum of their individual talents. We accomplish
this goal by achieving the following objectives:

1. Model individual players using a modified version of the models developed in [11]

2. Determine the proportion of a player’s statistical output that is independent of his teammates

3. Compute the value players bring to particular lineups and identify mutually beneficial trans-
fer/trade opportunities

Methods
We use NFL and college football play-by-play data available through the R packages nflfastR

[7] and cfbfastR [8], respectively. These datasets record detailed information about each play (e.g.
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offensive and defensive players involved, play type, yards gained before and after catch, etc.) from
every game played since 2002. Of particular interest to our project is the expected points added
(EPA) and win probability added (WPA) data included for each play. These figures, calculated
using the methodology put forth in [18], encapsulate in a single number the impact of a play on
the outcome of the game, making them highly useful metrics by which to classify plays.

For each season we wish to study, we first extract the top players at each position of interest
by playing time. We classify the remaining players as “replacement level” and treat the average
of their statistics as the baseline for comparison. Then, for each starting player, we classify every
play he was involved in based on its play type and associated WPA to create “events”. Using this
event data, we model the probability that a player commits certain actions conditioned on both the
probabilities of his teammates committing other actions and the probabilities of opposing players
defending against that action, in accordance with a similar model for basketball players developed
in [11].

After performing this analysis for each player of interest, we aim to use the data generated to
quantify the amount by which a given player increased or decreased the overall production of his
teammates. We will explore the applications of this framework to team management decisions,
such as simulating trades and transfers, optimizing weekly starting lineups, and identifying top
landing teams for collegiate players aiming to be drafted into the NFL.
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