
Supplementary Materials for:

“nflWAR: A Reproducible Method for Offensive Player
Evaluation in Football”



1 Play-by-Play Data with nflscrapR

Data in professional sports comes in many different forms. At the season-level,

player and team statistics are typically available dating back to the 1800s (Lah-

man, 1996 – 2017, Phillips (2018)). At the game-level, player and team statistics

have been tracked to varying degrees of detail dating back several decades (Lah-

man, 1996 – 2017). Within games, data is available to varying degrees of gran-

ularity across sports and leagues. For example, Major League Baseball (MLB)

has play-by-play data at the plate appearance level available dating back several

decades (Lahman, 1996 – 2017), while the National Hockey League (NHL) only

began releasing play-by-play via their real-time scoring system in the 2005-06 sea-

son (Thomas and Ventura, 2017).

Play-by-play data, or information specifying the conditions, features, and

results of an individual play, serves as the basis for most modern sports analysis

in the public sphere (Kubatko et al., 2007, Macdonald (2011), Lock and Nettleton

(2014), Thomas and Ventura (2017)). Outside of the public sphere, many profes-

sional sports teams and leagues have access to data at even finer levels of granular-

ity, e.g. via optical player tracking systems in the National Basketball Association,

MLB, and the English Premier League that track the spatial distribution of players

and objects at multiple times per second. The NFL in 2016 began using radio-

frequency identification (RFID) technology to track the locations of players and

the football (Skiver, 2017), but as of mid 2018, this data is not available publicly,

and NFL teams have only just gained accessed to the data beyond their own play-

ers. In almost all major professional sports leagues, play-by-play data is provided

and includes information on in-game events, players involved, and (usually) which



players are actively participating in the game for each event (Thomas and Ventura,

2017, Lahman (1996 – 2017)).

Importantly, this is not the case for the NFL. While play-by-play data is

available through the NFL.com application programming interface (API), the league

does not provide information about which players are present on the playing field

for each play, what formations are being used (aside from the “shotgun” formation),

player locations, or pre-snap player movement. This is extremely important, as it

limits the set of players for which we can provide estimates of their contribution to

game outcomes (e.g. points scored, points allowed, wins, losses, etc).

We develop an R package (R Core Team, 2017), called nflscrapR, that

provides users with clean datasets, box score statistics, and more advanced met-

rics describing every NFL play since 2009 (Horowitz et al., 2017). This package

was inspired largely by other R packages facilitating the access of sports data. For

hockey, nhlscrapR provides clean datasets and advanced metrics to use for analy-

sis for NHL fans (Thomas and Ventura, 2017). In baseball, the R packages pitchRx

(Sievert, 2015), Lahman (Lahman, 1996 – 2017), and openWAR (Baumer et al., 2015)

provide tools for collecting MLB data on the pitch-by-pitch level and building out

advanced player evaluation metrics. In basketball, ballR (Elmore and DeWitt,

2017) provides functions for collecting data from basketball-reference.com.

Each NFL game since 2009 has a 10 digit game identification number (ID)

and an associated set of webpages that includes information on the scoring events,

play-by-play, game results, and other game data. The API structures its data us-

ing JavaScript Object Notation (JSON) into three major groups: game outcomes,

player statistics at the game level, and play-by-play information. The design of the

nflscrapR package closely mimics the structure of the JSON data in the API, with



four main functions described below:

season games(): Using the data structure outputting end of game scores

and team matchups, this function provides end of game results with an associated

game ID and the home and away teams abbreviations.

player game(): Accessing the player statistics object in the API’s JSON

data, this function parses the player level game summary data and creates a box-

score-like data frame. Additional functions provide aggregation functionality:

season player game() binds the results of player game() for all games in a

season, and agg player season() outputs a single row for each player with their

season total statistics.

game play by play(): This is the most important function in nflscrapR.

The function parses the listed play-by-play data then uses advanced regular ex-

pressions and other data manipulation tasks to extract detailed information about

each play (e.g. players involved in action, play type, penalty information, air yards

gained, yards gained after the catch, etc.). The season play by play() binds the

results of game play by play() for all games in a season.

season rosters(): This function outputs all of the rostered players on a

specified team in a specified season and includes their name, position, unique player

ID, and other information.

For visualization purposes we also made a dataset, nflteams available in

the package which includes the full name of all 32 NFL teams, their team abbrevi-

ations, and their primary colors3.

3Some of this information is provided through Ben Baumer’s R package teamcolors (Baumer,

2017)



In addition to the functions provided in nflscrapR, we provide download-

able versions in comma-separated-value format, along with a complete and fre-

quently updating data dictionary, at https://github.com/ryurko/nflscrapR-

data. The datasets provided on this website included play-by-play from 2009 –

2017, game-by-game player level statistics, player-season total statistics, and team-

season total statistics. These datasets are made available to allow users familiar

with other software to do research in the realm of football analytics. Table 1 gives

a brief overview of some of the more important variables used for evaluating plays

in Section 2.

2 Expected Points Model Details

2.1 Model Variables

The covariates describing the game situation for each play that are used in our EP

model are displayed in Table 2.

2.2 Observation Weighting

Potential problems arise when building an expected points model because of the

nature of football games. The first issue, as pointed out by Burke (2014), regards

the score differential in a game. When a team is leading by a large number of

points at the end of a game they will sacrifice scoring points for letting time run

off the clock. This means that plays with large score differentials can exhibit a

different kind of relationship with the next points scored than plays with tight score

differentials. Although others such as Burke only use the subset of plays in the first



Table 1: Description of the play-by-play dataset.

Variable Description

Possession Team Team with the ball on offense (opposing team is on

defense)

Down Four downs to advance the ball ten (or more) yards

Yards to go Distance in yards to advance and convert first down

Yard line Distance in yards away from opponent’s endzone

(100 to zero)

Time Remaining Seconds remaining in game, each game is 3600 sec-

onds long (four quarters, halftime, and a potential

overtime)

Score differential Difference in score between the possession team and

opposition



Table 2: Description of variables for the EP model.

Variable Variable description

Down The current down (1st, 2nd, 3rd, or 4th

Seconds Number of seconds remaining in half

Yardline Yards from endzone (0 to 100)

log(YTG) Log transformation of yards to go for a first down

GTG Indicator for whether or not it is a goal down situation

UTM Indicator for whether or not time remaining in the half

is under two minutes

and third quarter where the score differential is within ten points, we don’t exclude

any observations but instead use a weighting approach. Figure S1A displays the

distribution for the absolute score differential, which is clearly skewed right, with

a higher proportion of plays possessing smaller score differentials. Each play i 2

f1; : : : ;ng, in the modeling data of regular season games from 2009 to 2016, is

assigned a weight wi based on the score differential S scaled from zero to one with

the following function:

wi = w(Si) =
max

i
(jSij)�jSij

max
i

(jSij)�min
i

(jSij)
(S1)

In addition to score differential, we also weight plays according to their

“distance” to the next score in terms of the number of drives. For each play i, we

find the difference in the number of drives from the next score D: Di = dnext score�



di, where dnext score and di are the drive numbers for the next score and play i,

respectively. For plays in the first half, we stipulate that Di = 0 if the dnext score

occurs in the second half, and similarly for second half plays for which the next

score is in overtime. Figure S1B displays the distribution of Di excluding plays with

the next score as “No Score.” This difference is then scaled from zero to one in the

same way as the score differential in Equation S1. The score differential and drive

score difference weights are then added together and again rescaled from zero to

one in the same manner resulting in a combined weighting scheme. By combining

the two weights, we are placing equal emphasis on both the score differential and

the number of drives until the next score and leave adjusting this balance for future

work.

2.3 PATs and Field Goals

As noted earlier, we treat PATs (extra point attempts and two-point attempts) sepa-

rately. For two-point attempts, we simply use the historical success rate of 47.35%

from 2009-2016, resulting in EP = 2 � 0:4735 = 0:9470. Extra point attempts use

the probability of successfully making the kick from a generalized additive model

(see Section 2.2.1) that predicts the probability of making the kick, P(M) for both

extra point attempts and field goals as a smooth function of the kick’s distance, k

(total of 16,906 extra point and field goal attempts from 2009-2016):

log(
P(M)

1�P(M)
) = s(k): (S2)

The expected points for extra point attempts is this predicted probability

of making the kick, since the actual point value of a PAT is one. For field goal

attempts, we incorporate this predicted probability of making the field goal taking
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into consideration the cost of missing the field goal and turning the ball over to the

opposing team. This results in the following override for field goal attempts:

EPf ield goal attempt = P(M) �3 +(1�P(M)) � (�1) �E[Y jX = m]; (S3)

where E[Y jX = m] is the expected points from the multinomial logistic regression

model but assuming the opposing team has taken possession from a missed field

goal, with the necessary adjustments to field position and time remaining (eight

yards and 5.07 seconds, respectively, estimated from NFL regular season games

from 2009 to 2016), and multiplying by negative one to reflect the expected points

for the team attempting the field goal. Although these calculations are necessary for

proper calculation of the play values δ f ;i discussed in Section 2.3, we note that this

is a rudimentary field goal model only taking distance into account. Enhancements

could be made with additional data (e.g. weather data, which is not made available

by the NFL) or by using a model similar to that of Morris (2015), but these are

beyond the scope of this paper.

3 Win Probability Example

An example of a single game WP chart is provided in Figure S2 for the 2017 Amer-

ican Football Conference (AFC) Wild Card game between the Tennessee Titans

and Kansas City Chiefs. The game starts with both teams having an equal chance

of winning, with minor variations until the score differential changes (in this case,

in favor of Kansas City). Kansas City led 21-3 after the first half, reaching a peak

win probability of roughly 95% early in the third quarter, before giving up 19 unan-

swered points in the second half and losing to Tennessee 22-21.
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4 Run Gap Explanation

Figure S3 provides a diagram of the run gaps (in blue) and the positions along the

offensive line (in black). In the NFL play-by-play, the gaps are not referred to with

letters, as they commonly are by football players and coaches; instead, the terms

“middle”, “guard”, “tackle”, and “end” are used. For the purposes of this paper, we

define the following linkage between these two nomenclatures:

• “A” Gap = “middle”

• “B” Gap = “guard”

• “C” Gap = “tackle”

• “D” Gap = “end”

Figure S3: Offensive Line Gaps for Rushing Plays.

5 Relationship between Score Differential and Wins

Figure S4 displays the estimated linear regression fits from modeling the relation-

ships between the number of regular season wins and score differential for each

season from 2009 to 2017.



Figure S4: Relationship between number of wins and score differential in the regu-

lar season by year (2009-2017).

6 WAR Residual Diagnostics

Figure S5 displays the residuals against fitted values for each of the four different

WAR models fit on data from the 2017 season. There does not appear to be any se-

vere violations of model assumptions. The 2017 season residual plots are consistent

with results seen for each of the available seasons dating back to 2009.

7 QB Replacement Level

The second definition we consider for replacement level QB is to limit NFL level to

be the 32 QBs that attempted a pass in the first quarter of the first game of the season

for each team, and label all remaining QBs as replacement level. The logic here is



Figure S5: Residuals against fitted values for the four different WAR models using

data from the 2017 season.

that NFL teams typically do not sign free agent QBs outside of their initial roster

during the course of the season because it takes time to learn a team’s playbook and

offensive schemes.

For the 2017 season, the “ten percent of QB plays cutoff” approach results

25 replacement level QBs, while the “one QB for each team” approach results in

39 replacement level QBs out of the 71 in total. We compare the distributions of

both types of WAR estimates, EPA-based and WPA-based, for the two considered

definitions of replacement level QBs in Figure S6. It is clear that the “one QB for

each team” approach for defining replacement level leads to lower WAR values in



general, likely because some QBs who begin the season as back-ups perform better

than those who begin the season as starters, yet are designated replacement level

with this approach.

Figure S6: Distribution of QB WAR in 2017 season by type and replacement level

definition.
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