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The National Football League (NFL) sets its regular season schedule to optimize viewership and minimize competitive inequities. One inequity assumed to impact team performance is rest differential, defined as the relative number of days between games. Using Bayesian state space models on both game outcomes and betting market data, we estimate the competitive effect of rest differential in American football. We find that the most commonly referred to inequities—both the bye week rest advantage and the mini-bye week rest advantage— currently show no significant evidence of providing the rested team a competitive edge. Further, we trace a decline in the advantage of a bye week to a 2011 change to the NFL's Collective Bargaining Agreement, which represents a natural experiment to test the relevance of rest and preparation in football. Prior to the agreement, NFL teams off a bye week received a significant advantage (+2.2 points per game), but since 2011, that benefit has been mitigated. Our findings imply that extra days with practice time, and not extra days off alone, are the primary driver of any NFL rest advantage.

Keywords
Bayesian modeling, NFL, rest differential, state space, natural experiment


1 Introduction

In 2023, 93 of the top 100 United States television broadcasts were National Football League (NFL) games, with 83 stemming from the league's regular season (Crupi, 2024). The schedule for this regular season is set in the spring, and is the culmination of a months-long process that analyzes, among other factors, rest and travel, stadium availability, and team interest.

One challenge in setting the schedule each year is the myriad possibilities. Even though an individual team currently plays just 17 games each regular season, those games can be assigned in roughly one billion ways. For all 32 teams, roughly a quadrillion combinations are possible (AWS, 2023).

The NFL reduces the population of potential schedules by eliminating games and strings of games that are perceived as too unfair (Karwan et al., 2015; Siefert, 2024). One factor examined in this process is rest differential, broadly defined as the comparison of the relative number of days in between games among two competing teams. Differences in rest could impact, among other factors, recovery time, preparation, injury risk, and travel. In a league with only 17 games, where one win can be the difference between making the playoffs and staying at home, giving one team an unbalanced set of rest differentials could be considered an unfair advantage. As a result, media and fans frequently track how their favorite teams' rest differential stacks up each year (McGee, 2024; Roling, 2024; Phoenix, 2024).

NFL games are most commonly played on Thursday (usually one game, Thursday Night Football, or TNF), Sunday (several games, usually split between 1:00 EST, 4:00 EST, and night), and Monday (usually one game, Monday Night Football, or MNF)1. If both teams played the week before, a given team could enter with a rest differential of plus or minus four days (one team played Monday, the other Thursday), plus or minus three days (Thursday, Sunday), plus or minus one day (Sunday, Monday), or no rest difference (teams played the same day). But in addition to the weekly differences, each team receives one bye week each regular season. This results in rest differentials as large as plus or minus 8 days.

The largest perceived advantage is the bye-week benefit (+6 to +8 days). However, league guidelines have varied over the last two decades whether or not teams can practice during that time period. Specifically, the 2011 Collective Bargaining Agreement (CBA) eliminated practice time during bye weeks by guaranteeing four days off for players (NFLPA, 2011). What had been two potential weeks of practice for a game before 2011 turned into one week of practice after 20112. As a result, 2011 represents an inflection point for us to test the competitive impact of the bye. In other words, if body rest and recovery time is the largest driver of a rest discrepancy benefit, then we would expect any bye week impact to hold post 2011. Alternatively, if practice and preparation time is the main explanation for a rest discrepancy impact, then the bye week impact post-2011 could show a lower competitive advantage.

Arguably, the perception of a rest differential impact in the NFL outweighs the evidence. Both Sung and Tainsky (2014) and Sung (2020) found that the bye week provided a competitive advantage that had not yet been picked up in betting markets. However, in neither paper was there a comparison pre and post CBA. Post 2011, Murray (2018) identified that home teams with a one-day MNF disadvantage lost more often than expected, while finding no benefit to a bye advantage. Finally, Karwan (2021) tied the 2011 CBA change to a decrease in the impact of rest for the home team. However, relative rest was not explicitly modeled. Additionally, Karwan (2021) used the betting market point spread as an explanatory variable in models of point differential, which would conceal the effect of rest differential if betting markets already accounted for it.

The most well-known advocacy's for the competitive impact of rest differences are Sharp (2023) and Sharp (2024). However, these analyses are ripe with small sample sizes, anecdotal evidence (e.g., identifying an under-performing team with negative rest differential), selective endpoints (e.g., only including certain weeks of the season or team types), and the over-interpretation of non-significant results.

The negative competitive impacts of rest differential are more well-established in the National Basketball Association (NBA) (as examples, see Esteves et al., 2021; Yang et al., 2021; Charest et al., 2021; Cook et al., 2022; Bowman et al., 2023). In fact, the inadequate rest associated with the NBA schedule had several experts wanting the league to better balance player sleep as it sets its schedule (Singh et al., 2021). In an interview in June of 2024, NBA executive Evan Wasch was direct, stating ‘we do see a performance decline in the second night of back-to-back games' (Vorkunov, 2024). Similarly, National Hockey League teams with worst rest differential scored fewer standings points (Campbell, 2011; Squawk, 2015), with part of the drop arguably due to a drop in save percentages for goalies playing on zero days rest (Luszczyszyn, 2019).

In professional soccer, Scoppa (2015) found that in the current structure of national team tournaments, different days of rest were not correlated with performance. Related, Watanabe et al. (2017) found that rest differential was not a significant predictor of team performance in the 2014 World Cup.

Altogether, there is limited research that directly ties NFL game outcomes to rest differential, and what does exist tends to ignore the 2011 CBA change. Additionally, there are no known looks at betting market odds with respect to the relative point value of rest differential. Betting market numbers offer an important alternative to using game outcomes; in expectation, the point spread will account for all publicly known information prior to a contest, including team strength, game location, and relative rest. As a result, across sport and time, the efficiency of betting market odds is well-established (as examples, see Harville, 1980, Lacey, 1990; Lopez and Matthews, 2015). Thus, we posit that betting markets will yield more precise estimates of team strength in order to isolate rest differential impact. Finally, simple inefficiencies in betting markets are unlikely to last (Vandenbruaene et al., 2022), making it more likely than not that modern NFL betting markets incorporate rest differential into their numbers.

The aim of our paper is to estimate the impact of rest differential in the NFL using modern statistical approaches that can account for team strength. Additionally, we assess if the bye rest benefit changed after the 2011 CBA. We use Bayesian state-space models with time-varying team strength estimates (Glickman and Stern, 2017; Lopez et al., 2018) on two outcomes: point differential and point spread. Our findings suggest that the bye-week advantage existed prior to 2011 (+2.2 points per game), but that most of the bye-week benefit was mitigated after the 2011 CBA (best estimate since 2011, +0.3 points per game). Additionally, while the mini-bye advantage offers no obvious benefit in either game or betting market outcomes, betting markets believe that there is a small advantage to facing an opponent who played the previous Monday night.

Our paper is laid out as follows. Section 2 proposes state space models of rest differential, while Section 3 details our results. Section 4 concludes and extrapolates the findings to other sports.



2 Materials and methods


2.1 Methods

The NFL disproportionately allocates prime time slots each season based on which teams are most likely to compete for a championship. Stronger teams receive as many as five or six prime time slots, while lesser teams may only get one or two3. As a result, assessing the impact of rest on NFL game outcomes requires accounting for team strength. Additionally, not all rest discrepancies are treated equivalently for the home and away teams; for example, roughly 60% of teams playing the week after a Monday Night Football game play at home. Thus, any estimate of rest differential also requires accounting for the home advantage.

State-space models (Glickman and Stern, 1998, 2017; Lopez et al., 2018) incorporate time-varying estimates of team strength in statistical models of game outcomes, while likewise accounting for the home advantage. These models are extensions of the more well-known paired comparison models (Bradley and Terry, 1952). Using simulations, Benz and Lopez (2023) identified paired comparison models as the framework most robust for estimating home advantages, suggesting that those models would likewise be appropriate for modeling rest advantages.

In the sections below, we use the state space framework to model game outcomes as a function of team strength, the home advantage, and various categories of rest differential.


2.1.1 State space models of team strength

Let Ys, ij be the point differential of a contest between home team i and away team j during season s. In our notation, i, j = 1, ...32, and represent each of the NFL's current 32 franchises. We use season s, for s = 2002, ...2023.

The mean outcome E[Ys, ij] between i and j during season s is defined broadly as
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where θs, i and θs, j represent team strength parameters for teams i and j in season s, and μHA, s is our home advantage specification, such that μHA, s = (αHA Trend×s+αHA Intercept) × I(HA). Here, home advantage is treated linearly, given the results of Benz et al. (2024), who found a linear home advantage trend provided a better fit relative to constant and categorical alternatives. In this notation, I(HA) is an indicator for if home team i actually has a home advantage. From 2002 to 2023, 65 games were played at neutral sites, due to either international games or bad weather.

The team strength parameters, θs, i and θs, j, reflect absolute measures of team ability, and translate into points above a league average team for i and j, respectively. Both measures vary stochastically by season. As in Glickman and Stern (1998) and Lopez et al. (2018), we assume that, in expectation, team strength parameters are pulled toward 0 over time, where, for s≥2003 and i = 1, ...32,
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In this specification, γ is an autoregressive parameter for season-to-season variation, and [image: image] is the variability in team strength.



2.1.2 State space models of rest difference

With 4–15 days off between each game for each of the home and visiting teams, there are a multitude of potential rest specifications. We propose three categories—MNF, the Monday Night Football advantage, Mini, the mini-bye advantage, and Bye, the advantage most often linked to a team playing off a bye week—in order to build models to estimate rest effects. Our full split of games into these categories is shown in Table 1.


TABLE 1 Counts of days rest for each of the home and away teams for each NFL game in our sample.

[image: Table 1]

First, our MNF advantage refers to games in which (i) there's at least a 1 day rest differential between the two teams and (ii) the disadvantaged team is playing on 6 days rest or less. Usually, the MNF advantage refers to a Sunday game, where one team played the prior Sunday and the other played the prior Monday. Additionally, there other are games where this MNF definition is met, including Saturday to Saturday vs. Sunday to Saturday matchups.

Second, our Mini advantage refers to games in which both (i) exactly one team had either 9, 10, or 11 days rest and (ii) there was at least a 2 day difference in rest between the two teams. Usually, the Mini advantage refers to teams playing on Thursday Night Football who return 10 days later to face an opponent playing on 7 days rest. There are additional scenarios noted in Table 1.

Finally, the Bye advantage refers to teams that did not play the previous week against an opponent that did play the previous week. Generally, these differences are +6 to +8 days. In all situations, these teams are coming off the one regular season bye week given to each NFL team.

There are a handful of games under unique rest scenarios that we drop from our analysis. These games were largely moved due to the COVID-19 pandemic in 2020, with a few others rescheduled or canceled due to weather or player health. Most of the rescheduled games were played mid-week, with practice and travel itineraries created at the last minute. Thus, these settings reflect other disruptions for teams, including illness and/or travel, making it difficult to generalize to the typical NFL calendar. Related, if the NFL were to adopt a schedule with new days' rest difference, we would advise against using these dropped games to extrapolate from.

As a final point, we prefer categorical specifications of rest to continuous ones for several reasons. First, the potential impact of rest difference is directly tied to practice and recovery time. As an example, the difference between 13 and 14 days rest (+1 day) is less likely to be impactful than the difference between six and seven days rest (also +1 day). Within each of our three specifications, there is similarity in practice time, days off, and travel, an assertion not always true among teams with the same difference in rest days alone. Further, the NFL calendar lends itself to a three groupings of rest difference, with large spikes at ±1, ±3, and ±7 days difference. Alternatively, zero NFL games in our sample were played with a rest difference of 5 days.

Let I(MNF), I(Mini), and I(Bye) be indicators for whether or not the home team i [shown by I(·) = 1] or visiting team j [shown by I(·) = −1] have the rest advantage in a given game corresponding to Monday Night Football (MNF), mini-bye (Mini) and bye week (Bye), respectively. For example, if team i has 10 days rest and team j has 7 days rest, I(MNF) = 0, I(Mini) = 1, and I(Bye) = 0. Alternatively, if team i has 7 days rest and team j has 10 days rest, I(MNF) = 0, I(Mini) = −1, and I(Bye) = 0. Rest differential terms are assumed to be symmetric; e.g., the net benefit for a home team to a certain rest category is equivalent to had that same rest benefit been given to the visiting team. Additionally, rest terms are not mutually exclusive, such that if Team i played the previous Monday (e.g., six days rest) and Team j is off a bye, I(MNF) = −1 and I(Bye) = −1. The three indicator values for each combination of home and away rest days are also provided in Table 1.

Model 1 uses each of the three rest terms in modeling Ys, ij from 2002 to 2023, such that
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In Model 1, αMNF, αMini, and αBye reflect the point advantage of a team playing with each of the three rest advantages.

Model 2 splits the Bye effect into two estimates, pre and post 2011 CBA change, such that
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In Model 2, I(S ≤ 2010) and I(S≥2011) are indicators for pre and post 2011 CBA seasons. Finally, in Model 2, αBye, pre represents the point value of the bye advantage prior to the CBA change, and αBye, post reflects the point value of the bye week after the CBA change.



2.1.3 State space models of betting odds

Model's 1 and 2 use point differential as the outcome. In order to isolate the impact of rest on betting markets, we fit similar models using pre-game point spreads.

Let Zs, ij be the pre-game point spread between i and j in season s. As in Model's 1 and 2, i, j = 1, ...32, representing each of the NFL's current 32 franchises, and s = 2002, ...2023. Our first model of the point spread, Model 3, assumes a constant Bye effect in betting markets between 2002 and 2023, such that
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In Model 3, αMNF, αMini, and αBye reflect the relative change in point spread given to teams with each of the three rest advantages. Akin to Model's 1 and 2, θs, i and θs, j reflect season-level team strength (relative impact in point spread) for home team i and away team j. Additionally, μHA, s reflects the season-level home advantage given to the home team in betting markets.

Model 4 splits the Bye effect on the point spread before and after 2011, such that

[image: image]

The coefficients in Model 4 for the Bye terms, αBye, pre and αBye, post reflect the relative impact on the point spread of the bye week rest advantage before and after the CBA change.



2.1.4 Bayesian fits of state space models using Stan

Each of Models 1–4 are fit using Stan, an open-source statistical software for Bayesian computing. There are several strengths to using a Bayesian approach. First, our primary interest lies in both the estimated rest effects and the probability these effects are greater (or less) than zero. Bayesian inference results in interpretable estimates alongside the direct calculations of these implied probabilities. Second, and related, is estimating the probability that Bye week effect dropped after the 2011 CBA change. This can be directly calculated by using the posterior distributions of αBye, pre and αBye, pre. Finally, a Bayesian paradigm is essential to use a state-space model with autoregressive priors as our model specification. This allows for dynamic estimates of team strength, thus preserving information in team ability from one year to the next.

We use weakly informative prior distributions for all parameters of interest, and do not impose any outside knowledge in parameter estimation, such that
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Posterior distributions of each parameter are estimated using Markov Chain Monte Carlo (MCMC). We used four parallel chains of 3,000 iterations, with a burn in of 1,000 draws. For model convergence, we visually examine trace plots (e.g., time series plots of the Markov Chains).

All data and code for both (i) the data cleaning/filtering and (ii) the statistical analysis is presented on Github at https://github.com/ThompsonJamesBliss/rest-advantage-in-amer-football.



2.1.5 Model comparison

Our primary points of comparison for each of the two pairs of models (e.g., Model 1–2 and Model 3–4) are the posterior draws of αBye, pre and αBye, post. For example, Pr(αBye, post>αBye, pre) corresponds to the probability that the bye advantage increased. Likewise, Pr(αBye, post < αBye, pre) corresponds to the probability that the bye advantage decreased.

Additionally, and as recommended by Vehtari et al. (2017), we use log pointwise predictive density (ELPD), which is estimated via leave-one-out cross validation, in order to more formally compare Model 1–Model 2 and Model 3–Model 4. This is done by computing the log likelihood of each outcome (either the point differential or the point spread) using each posterior sample. One benefit of using ELPD for model comparison purposes is that standard error estimates are readily attainable, which allows for differences in model fit statistics to be standardized.





3 Results


3.1 Data overview

There were 5,679 regular season NFL games from 2002 to 2023 (256 games per season from 2002 to 2020, 272 per season in 2021 and 2023, and 271 in 2022). Game information (date, home team, away team, final score) was obtained using internal NFL data sources, and point spread information stems from nflreadR, which generates lines from an aggregate of sports books (Ho and Carl, 2024). All data are found in our Github repository at https://github.com/ThompsonJamesBliss/rest-advantage-in-amer-football.

The most common rest advantage was the MNF benefit, allocated to 410 away teams and 290 home teams from 2002 to 2023 (compared to a total of 526 Mini and 593 Bye advantages during this time period). Due to past scheduling practices, roughly 80 percent of Mini bye rest edges came after 20114.

A total of 52 games (0.9% percent) were dropped for having rest counts that failed to fit in our categories. As referenced in Section 3, most of these games were rescheduled games or games following rescheduled games due to the COVID-19 pandemic. Altogether, 46 of the 52 dropped games were played in either 2020 or 2021. The complete list of dropped games is shown in Table A1.

Table 2 shows the counts, raw point differential, win percentage, expected win percentage, and cover percentage for each of our four rest categories, split by side (home/away) and era (2002–2010, 2011–2023, and overall). Expected win percentages are calculated by converting betting market money lines for each team into a percent (see Lopez et al., 2018 for an example), and reflect the percent of times each team is expected to win. Given differences in team strength in various NFL game windows, expected win percentage can be used as a reference point for comparing to actual win percentage. We count ties as half a win for both game win-loss and cover win-loss outcomes.


TABLE 2 Summary statistics showing home and away team performance (avg point differential, win percentage, expected win percentage, and cover percentage) from 2002 to 2023.
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As baselines, home teams with equivalent rest in Table 2 had an average point differential of +2.69 from 2002 to 2010 and +1.83 from 2011 to 2023. Alternatively, home teams with a Bye advantage had an average point differential of +4.45 from 2002 to 2010 and +1.76 from 2011 to 2023. Without accounting for team strength, this suggests a decline in Bye benefit from +1.76 (e.g., +4.45 to +2.69) points per game to −0.07 (+1.76 to +1.83) points per game for the home team.

Both home and away teams with a Bye advantage covered more often than expected from 2002 to 2010 (55.8% for the home teams with a bye advantage, 56.9% for road teams with a bye advantage). This is in line with the betting market inefficiency suggested by Sung and Tainsky (2014). In recent seasons, that edge has flipped; home teams with a Bye edge covered only 44.6% of the time between 2011 and 2023 (away teams 52.7%).



3.2 Model checks and validation

Trace plots for each of our parameters of interest, done for both the point differential and point spread models, are shown in the Figures A1–A4. There is no evidence of a lack of convergence with any of the parameters in any of our four models.

As an additional sensibility check, Figure 1 shows the average team strength in each season for each of the four teams in the AFC East, the New England Patriots, Buffalo Bills, Miami Dolphins, and New York Jets, as generated using Model 2. Throughout the 2000s and most of the 2010s, the Patriots finished first in this division in points above average (according to our Model 2), peaking in the 2007 season (14.5 points better than an average team). This reflects results on the field, as the actual Patriots won the AFC East 15 seasons during these years. From 2020 to 2023, the Bills had the highest points above average according to Model 2. Again, this reflects reality, as the actual Bills won the division during each of these four seasons.


[image: Figure 1]
FIGURE 1
 Team strengths for AFC East by season, estimated using our state space model of point differential. Results roughly match intuition, with the New England Patriots as the AFC East's best team for the majority of two decades, only to be replaced by the Buffalo Bills from 2020 to 2023.


Expanding outside the AFC East, we likewise find a strong relationship between our team strengths and team win percentages. Using each of Model's 1–4, the correlation coefficients with team win percentage in that seasons were 0.86, 0.86, 0.81, and 0.81, respectively. Though this does not formally validate our team strength estimates, the resemblance to known team ability is reassuring, allowing us to more comfortably estimate rest advantage values.



3.3 Model comparison

In the posterior draws from Model 2, Pr(αBye, post < αBye, pre) = 0.966. In other words, there is a 96.6% chance that the Bye advantage in point differential declined after the 2011 CBA change. Alternatively, using Model 4, Pr(αBye, post>αBye, pre) = 0.988, suggesting a near 99% probability that betting markets increased their valuation of the point spread.

Table 3 compares each of the two pairs of models using ELPD, calculated using leave-one-out cross validation and the posterior distributions of each model.


TABLE 3 Model comparison table using log pointwise predictive density (ELPD), as estimated using leave-one-out cross validation.
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Differences in ELPD are approximately normal; using this criterion, Model 2 is expected to have better predictive performance than Model 1 (0.14 standard errors away from 0). Alternatively, Model 4 is expected to have better predictive performance than Model 3 (1.27 standard errors away from 0).

Overall, model comparison tools suggest that, for both point differential and point spread outcomes, 2011–2023 reflects differing impacts of the Bye advantage.



3.4 Estimated impact of rest

Figures 2–5 show the distributions of posterior draws for each parameter of interest from Models 1 to 4. Each figure is labeled with (i) the proportion of draws >0, and (ii) the median posterior draw and 95% credible interval for each parameter. The median reflects our best estimate of each rest advantage, the credible intervals correspond to a reasonable set of bounds, and the proportions reflect probabilities that each rest category offers a benefit. As context for the relative impact of the rest advantages, Figures 2–5 also show the posterior draws for μHA, 2002 and μHA, 2023, the estimated home advantages in 2002 and 2023, respectively.


[image: Figure 2]
FIGURE 2
 Distributions of posterior draws for each parameter of interest in the constant Bye advantage model fit on point differential. For each parameter, the figure is labeled with (i) the proportion of draws > 0 and (ii) the median and 95% credible intervals.
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FIGURE 3
 Distributions of posterior draws for each parameter of interest in the split Bye advantage model (2002–2010, 2011–2023) fit on point differential. For each parameter, the figure is labeled with (i) the proportion of draws > 0 and (ii) the median and 95% credible intervals.



[image: Figure 4]
FIGURE 4
 Distributions of posterior draws for each parameter of interest in the constant Bye advantage model fit on the point spread. For each parameter, the figure is labeled with (i) the proportion of draws > 0 and (ii) the median and 95% credible intervals.
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FIGURE 5
 Distributions of posterior draws for each parameter of interest in the split Bye advantage model (2002–2010, 2011–2023) fit on the point spread. For each parameter, the figure is labeled with (i) the proportion of draws > 0 and (ii) the median and 95% credible intervals.



3.4.1 Bye advantage

Model results suggest that the Bye advantage provided a significant edge before the CBA change, but that most, if not all, of the rest benefit has since been eliminated. Using Model 2, prior to 2011, there is a 99.6% probability that the Bye advantage had a positive effect on point differential, and our best estimate of the benefit is +2.21 points per game (95% credible interval, 0.61–3.80). The effect size of this Bye advantage is similar to that of the home advantage; that is, prior to 2011, it was as beneficial to play off a bye week as it was to play at home.

Post 2011, the Bye advantage does not provide a statistically detectable benefit. Model 2 implies a 67.9% probability that the Bye advantage has a positive effect on point differential, with a median estimate of +0.31 points per game (95% credible interval, −1.01 to 1.64).

While the benefit of the Bye edge has dropped post 2011, betting markets have moved in the opposite direction. Using Model 4, betting markets increased the value of the Bye advantage from +0.39 points per game (95% credible interval, 0.00–0.78) pre CBA to +0.97 points per game (95% credible interval, 0.65–1.28) post CBA.

Figure 6 shows boxplots of distributions to directly compare the change in bye week valuation pre and post 2011 CBA. The impact in point differential (and the drop in impact) is shown in blue, with the median decline in point differential value of nearly 1.9 points per game. In black is the point spread impact, which, over the same period, increased by roughly 0.6 points per game.
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FIGURE 6
 Boxplots showing the estimated impact of the Bye advantage on both point differential (in shaded blue) and point spread (black). Benefits are split pre and post 2011, reflecting the shift in the NFL's Collective Bargaining Agreement on bye week rules. Pre-2011, betting markets undervalued the Bye advantage by nearly two points per game, while post-2011, betting markets have overvalued the Bye advantage by roughly half a point. Posterior draws are pulled from Model's 2 and 4.


Though the Bye advantage estimates for the point spread do not directly reflect those for point differential, the estimates and uncertainty intervals are sufficiently close that any inefficiency is unlikely to be exploitable. For example, a simple strategy of backing teams with a Bye disadvantage against the point spread would have won 52% of bets since 2011. While >50%, this margin would not be profitable after accounting for betting market vig.

The current valuation of +0.97 points per game for a Bye advantage is notable, as it is in line with the estimated edge in point differential from Model 1 of +1.11 points per game (95% credible interval, 0.07–2.15). That is, the current betting market adjustment awarded to teams off a bye week directly corresponds to the Bye effect on point differential in a statistical model fit over the past two decades.



3.4.2 Mini and MNF advantages

The Mini bye advantage estimate from Model 2 is +0.48 points per game (95% credible interval, −0.65 to 1.57) in the point differential model, suggesting a small but non-significant benefit. However, betting markets do not consider the Mini bye to offer any advantage; the median posterior draw for the Mini effect in Model 4 is −0.06 (95% credible interval, −0.33 to 0.21). In Model 4, there is only a 31.8% probability the Mini bye has a positive impact on the point spread.

Using the point differential model, the median posterior draw for the MNF benefit is +0.14 points per game (95% credible interval, −0.86 to 1.18). Though that estimated effect is not statistically significant, betting markets believe a MNF rest benefit exists. Using Model 4, there is a 99.9% chance the MNF edge has a significant impact on betting lines, with a best estimate of +0.37 points per game (95% credible interval, 0.14–0.61).





4 Discussion

The 2011 Collective Bargaining Agreement changed bye week regulations in the National Football League. Prior to the agreement, teams could practice and hold other organized activities; after the 2011 season, however, regular season bye weeks came with a guarantee of at least 4 days off. In place of practice, coaches and personnel often “self-scout,” analyzing their own tendencies in place of preparing for upcoming opponents (Ward, 2023). Players, with a week off, travel or spend time outside the team facility with their families.

The change in bye week policy provides a natural experiment to test the impact the the Bye advantage in NFL game outcomes. We find that the majority of benefit to the bye week drops after 2011, from +2.21 points per game to +0.31 points per game. The advantage, which at one point was not picked up on by betting markets [found in both our results and in Sung and Tainsky (2014)], no longer appears to provide clubs a significant competitive edge. Ironically, betting market numbers increased their valuation of the Bye advantage impact, from +0.39 to +0.97 points per game, in this same time frame.

This result has direct implications for clubs and the NFL schedule. If the primary benefit of the bye week was rest and recovery, we would have expected that Bye effect to hold, as the rest and recovery allocated to players was unchanged after 2011. Instead, the drop in Bye effect suggests that the extra practice and preparation time in the current NFL calendar is more important than extra days off alone.

Related, there are also implications for how the NFL sets its schedule. For several years, the league has given imbalanced Bye, Mini, and MNF allocations to certain teams each season. As an example, since 2003, there were eight teams that had seasons in which they faced four opponents that were coming off a bye. Given that the pre-2011 Bye advantage was roughly the equivalent of the home advantage (+2 to +3 points per game, or a 56/44 win percentage split), facing four teams off a bye would equate to playing four extra games on the road. Post-2011, the drop in bye week importance thus implies less of an impact to facing several teams off a bye in a single season.

As a follow-up to our bye week results, we note that the 2011 CBA change only impacted regular season bye weeks. In postseason play, NFL teams with a bye edge still get an extra week to practice and prepare for an upcoming opponent. Though too small a sample of games to use in our modeling framework, teams with a postseason bye edge still appear to get a significant benefit. From 2002 to 2010, the 36 teams with a postseason bye went 22 and 10 (win pct, 0.611) with an average point differential of +5.17, while finishing 15–21 against the point spread (cover pct, 0.417). From 2011 to 2023, the 44 teams with a postseason bye went 34-10 (win pct, 0.773) with an average point differential of +7.34, finishing 21-22-1 against the point spread (cover pct, 0.489). Altogether, a postseason bye advantage appears to have remained consistent, if not grown, after the 2011 CBA.

Bye weeks are not randomly assigned, and instead they are set in advance by the league each season. Were the league to have changed the way it assigned bye weeks post-2011, it could arguably have driven part of the change in the Bye advantage. However, in looking at when teams had a Bye advantages, there does not appear to be any correlation to team ability. Further, we compared the game-level differences in team strength (using each of Model's 1–4) in games with the bye advantage, in each of 2002–2010 and 2011–2023. Here, no noticeable differences appeared; by and large, the league assigned Bye advantages no differently before and after the 2011 CBA.

Results are mixed on the other two edges, the Mini bye and the MNF edge. Betting markets think it is equally likely that the Mini bye advantage is actually a disadvantage, while the point differential model suggests the Mini edge provides a non-significant benefit of +0.48 points per game. If a Mini edge was indeed non-zero, there is reason to believe that it too has been mitigated. The 2020 NFL Collective Bargaining Agreement (NFLPA, 2020) limited what teams could do after Thursday Night Football games, guaranteeing at least three days off (unless teams are playing on two consecutive Thursdays). In other words, the practice limitations that negatively impacted the Bye week edge now apply to the Mini advantage. As a result, it appears unlikely that any positive effect to the Mini bye will exist moving forward.

Betting market models imply roughly a third of a point benefit to the MNF edge. In practice, our point differential model is less certain that this edge exists (+0.18 points per game). If the implication of our bye week findings is that practice and preparation is the principal driver of a competitive benefit, it stands that the MNF advantage—where one team gets a full week of practice, while the other receives at least one less day—could be beneficial. However, relative to other NFL competitive advantages (such as playing at home, or the Bye edge before 2011), any MNF benefit is orders of magnitude smaller.

While estimating the home advantage was not a primary goal of our research, in accounting for home advantage in our models, we note a few interesting results. First, while betting markets were behind trends in the Bye advantage impact, for the home advantage, betting markets appear to be near perfect proxies for point differential results5. For example, Model 2 suggests that the average benefit to a 2023 home game was +1.65 points per game; Model 4 finds that betting markets adjusted the 2023 point spread an estimated 1.74 points per game. Additionally, we note that each of Models 1–4 suggest a decline of roughly a point per game in the home advantage. This mirrors the results of Benz et al. (2024), who found a similar decline.

Model's 3 and 4 use the point spread as the outcome in order to understand betting market valuation of rest. While betting odds also allow for precise estimates of team strength and the home advantage, they are not without impurities. These include favorite-longshot bias (Berkowitz et al., 2017), sentiment bias (Feddersen et al., 2020), and strategies involving line movement and the wisdom of the crowds (Shank, 2019). Though these patterns impact both the way the point spread is set and the way bettors behave, they are seemingly unlikely to have a major impact on rest discrepancies.

As additional limitations, we use only year-level team strength coefficients, which do not account for changes in team ability within a season. Because rosters evolve and injuries occur, more granular week-level models could provide a better proxy for team ability. Additionally, several other variables that could have an impact on point differential or the point spread were left out of our analysis. These include, among other examples, weather, surface (grass vs. turf), team familiarity (e.g., divisional game), week of the game (early vs. late in season), and team travel, each of which could lead to improved model performance.

When comparing these findings to other sports, the competitive impact of back to back games in the NBA and NHL stands out as notable. If a difference of 7 and 14 days in the NFL is not significant for rest and recovery, it stands to reason that there's some threshold—two days? three days?—that it takes NFL bodies to recover and practice in order to reach a similar competitive performance. Related, studies have repeatedly shown that playing on Thursday Night Football (4 days between games) does not increase injury risk [see Baker et al., 2019; Binney, 2020 follow-up, and Perez et al., 2020] or concussion risk (Teramoto et al., 2017).

Other close corollaries are professional rugby and soccer, which, like the NFL, are scheduling games at increasingly inconsistent intervals each week. For example, in Premiership Rugby in England, 57% of games since 2021 have been played on Saturday's, with the other 43% split between Monday, Tuesday, Friday, and Sunday competitions. Alternatively, the percentage of English Premier League (EPL) soccer games played on Saturday's has dropped from 54.2% of the schedule (2019) to 51.3% (2024). In place, 11 EPL games in 2024 were played on Thursday (2 in 2019) and 102 on Sunday (86 in 2019). More games on unique days entails an increase in the dispersion in relative rest.

In addition to differences in days rest, leagues have also experimented with versions of bye weeks, or, similarly, breaks to allow certain athletes to participate in the Olympics. For example, Premier League soccer teams received a “winter break” in the 2023–2024 season. During this period, half the teams played on one weekend, and half the teams played the next weekend. Given our findings on the NFL's bye week, it seems unlikely that this winter break would provide a competitive benefit if players were given the time off.
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Footnotes

1Additional gamedays can include major American holidays like Thanksgiving and Christmas, as well as unique one-off games or sets of games on Friday's and Saturday's.

2No systematic practice data exists pre-2011, but coaches were allowed to dictate the amount of time off provided during a bye week. This time off could have been just the weekend in between games, or a few days earlier in the first week. Additionally, notification for the days off typically came immediately after the prior game, which meant that most players stayed nearby their facilities when they did get time off. Alternatively, with days off guaranteed months in advance under the post-2011 CBA, current players can more easily travel and vacation away from their team facilities.

3For example, the 2023 Super Bowl participants have a combined 11 prime time games in the 2024 regular season (Kansas City 5, San Francisco 6), while the Carolina Panthers (who finished with a record of 2–15 in 2023) have 0.

4No more than three Thursday games were played each season from 2002 to 2005 and no more than 10 Thursday games were played from 2006 to 2010. From 2012 onwards, the Thursday Night NFL package has expanded to 16 to 18 Thursday games per season.

5There are roughly 10 times as many games with a home advantage when compared to a Bye advantage, likely making the home advantage easier to estimate.
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