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Abstract 

The COVID-19 outbreak presents an unprecedented shock to betting markets and financial 

markets alike. With limited capacity in stadiums, the COVID crisis allows us to isolate the 

impact of crowd support from other determinants of home-field advantage such as stadium 

familiarity and travel. We find that home-field advantage is eliminated for the first time in NFL 

history, suggesting that fans are the primary drivers of the advantage. We then evaluate the 

extent to which betting lines are incorporating the fanless home-field advantage, testing the 

efficient market hypothesis over the 2020-2021 NFL season. We see quick adaptation in spread 

setting over the course of the season as the new home-field advantage is realized. As spreads 

adjust, we find that NFL betting markets are efficient in pricing home-field advantage, leaving 

no room for profitable exploitation.  

 

 

 

 

 

 

 

 

 



3 
 

Intro 

Betting markets provide a valuable opportunity to study market efficiency. In the betting 

market, bettors make an investment whose true value is easily observable, which is rarely the 

case in financial markets. Thus, we can test the efficient market hypothesis (EMH), which holds 

that asset prices reflect all available information as outlined in Eugene Fama’s (1970) seminal 

paper. The EMH is often applied in financial markets such as the stock market, where stock 

value is determined by available market information. Assuming markets are efficient, traders will 

continue to trade stock until its value accurately reflects its expected risks and returns. We 

observe this effect in NFL betting markets through movement of the spread, where lines 

generally move with bettor expectations that are formed from public information about a 

particular matchup. The parallels between bet and asset pricing may provide insight into where 

potential violations of efficiency occur in the pricing process. For example, overpricing teams 

with strong recent performance may indicate general biases towards recent performance of a firm 

in financial markets. Likewise, we can observe how slow adaptation to external shocks may lead 

to inefficient market outcomes.  

However, it is important to note that there may be a limited amount of information 

available to accurately predict football games. For example, bettors may not be able to easily 

observe the quality of a team or the exact magnitude of home-field advantage. Thus, mispricing 

in the line-setting process may reflect a lack of information rather than true market inefficiencies. 

Because the EMH is a test of available information, we assume that the NFL betting market has 

sufficient information available in evaluating the efficiency of closing lines. We believe that 

NFL betting markets are especially valuable in evaluating the EMH, as indicators for game 

outcomes are widely available for any given matchup. Price indicators in the stock market are 
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much more complicated, as stock value is affected by a variety of outside factors that may not be 

easily measurable.  

 This paper will test the EMH in the 2020-2021 NFL season. We expect the effects of 

COVID to pose threats to betting market efficiency in pricing the magnitude of home-field 

advantage without fans. In testing market efficiency, we first measure the reduction of home-

field advantage during the current NFL season. We then observe how closing lines interpret the 

fanless home-field advantage, testing the efficiency of point spreads for home teams in a probit 

model. We contextualize our findings in efficiency comparisons for the 1979-2019 seasons.  

 The paper is organized as follows. Section 1 provides further context regarding NFL 

betting markets. In section 2, we outline previous literature concerned with market efficiency and 

related betting markets. In section 3, we present the dataset and summary statistics that guide the 

empirical model in section 4. Section 5 interprets the results of the empirical model. Section 6 

provides additional discussion and concludes the paper.  

Section 1: The NFL Betting Market 

 Before games start, betting providers set a point spread. This spread represents the point 

differential between two teams at the end of the game. For example, if the line is set at 7 points, 

then the line will be -7 for the favorite team, and +7 for the underdog. Bettors place money on +7 

or -7 depending on what they think the outcome of the game will be. If the favorite team wins by 

more than 7 points, then the favorite covers the spread, and bettors of the -7 line are paid double 

their money minus commission. Likewise, if the underdog loses by 7 or fewer points, or wins the 

game, then bettors of the +7 line are paid out. If the favorite wins by exactly 7 points, the bet 
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results in a “push,” and the provider returns money to both sides of the spread. Lines are 

typically set on half point intervals to avoid such scenarios.  

 This paper assumes that payouts follow the 11:10 rule, standard in Las Vegas betting 

markets. This rule holds that $10 is paid out for every $11 bet. Instead of receiving 2 times the 

return on a won bet, bets that cover the spread pay out 1.909 times the initial bet. Thus, betting 

strategies must win 52.4% of the time to be profitable after commission.1 This commission is 

standard across most providers.  

 Payouts on both sides of the spread typically stay constant. Thus, bet value is adjusted in 

line movements throughout the week, closing just before the start of a game. Lines are typically 

released seven days prior to the start of a game.2 Lines move throughout the week depending on 

the amount of money on each side of the line. If the number of bettors is equal on both sides of 

the line, then the betting providers are guaranteed profit, taking on no risk and profiting from the 

commission. Thus, providers pursuing a risk-free strategy would set lines as balanced as 

possible. However, providers often exploit bettor expectations for further profitability, as noted 

by Levitt (2004). Providers may set an unbalanced line if they believe the side with more money 

is likely to lose. We later add a control variable for percent of money on each side of the line so 

that uneven lines do not affect regression results. Further discussion and summary statistics for 

money on each side of the line is provided in Section 3.    

 We test the extent to which spreads reflect all available information within the market. 

Information such as power rankings, win percentages, injuries, weather, home-field advantage, 

 
1 11/21 = 52.4% 
2 https://www.sportsbettingdime.com/guides/research/line-release-times/ 
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and general performance statistics are incorporated into setting the spread. Thus, we purposely 

exclude these variables, assuming that they are already reflected in closing lines. If the spread 

does not reflect this information, one team will be more likely to beat the spread. We expect 

bettors to bet on this line until the provider changes the line accordingly. However, this 

assumption only holds true when bettor and provider expectations are aligned in setting a 

balanced line. Thus, we exercise caution in interpreting the party responsible for efficiency, as 

both bettors and providers facilitate line movements.  

Section 2: Literature Review  

We contribute to a broad array of literature studying market efficiency as first outlined by 

Eugene Fama’s (1970) seminal paper. Fama proposes three types of efficiency based on the 

scope of information used in the price setting process. The weak efficiency model holds that 

asset prices reflect information from past events. Semi-strong market efficiency expands the set 

of information to include all public information from past, current, and future events. Because 

we are studying market efficiency of the current COVID season based on public information, our 

tests evaluate semi-strong market efficiency. The strong form efficiency model further includes 

private information into pricing assets.  

Market efficiency has long been disputed in subsequent literature. Terrance Odean (1998) 

studies the disposition effect as a source of inefficiency, finding that investors hold losing 

investments too long compared to winning investments. Inefficient investment is explained by 

loss aversion. Given the choice, investors prefer to avoid losses rather than realize gains of equal 

magnitude. Post-earnings-announcement drift provides another well-documented source of 

inefficiency as first studied by Ball and Brown (1968). The authors find that investors underreact 

to information published in earnings reports, taking upwards of 60 days to incorporate the new 
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information into prices as noted by Bernard and Thomas (1990). However, Fama (1997) later 

finds that underreactions and overreactions to new information are equally likely. Thus, Fama 

(1997) upholds overall market efficiency. Slow market adaptation as documented in post-

earnings-announcement drift and loss aversion through the disposition effect are important 

sources of inefficiency that will later be evaluated in NFL betting markets.  

Golec and Tamarkin (1991) provide the base model to test efficiency of the NFL betting 

markets. The authors use OLS regression, where the dependent variable measures the point 

differential between two teams. Unlike Zuber et. al. (1985), Sauer. Et. al. (1988), and Gandar et. 

al. (1988), Golec and Tamarkin (1991) separate biases acting in opposite directions, adding 

dummy variables for home, away, favorite, and underdog teams. A joint significance test for the 

four coefficients is then conducted to see if overall biases are significantly different from 0. The 

authors find that home teams and underdogs are significantly undervalued, providing an 

exploitable source of inefficiency. 

Gray and Gray (1997) replace the OLS model of Golec and Tamarkin (1991), as the OLS 

model is heavily sensitive to outliers. In the OLS model, ‘blowout’ games are weighted more 

heavily than close games, as the dependent variable measures point differentials between two 

teams. Gray and Gray (1997) introduce a probit model that weighs all outcomes of a game 

equally, with the dependent variable indicating the outcome of a bet. The probit model has 

become standard in subsequent literature, providing the bases for our later empirical model. The 

authors reject market efficiency, finding that home teams and underdogs are undervalued, similar 

to the findings of Golec and Tamarkin (1991). Literature from Woodland (1994) extends these 

findings to the MLB betting market, also finding that favorite teams are significantly overvalued. 
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Dare and Holland (2004) add further specifications to the Gray and Gray (1997) model. 

The Gray and Gray (1997) model does not consider that a team’s status as a favorite/underdog 

team and home/away team are related variables, where home teams are more than twice as likely 

to be favored in a matchup. Dare and Holland (2004) interact the home/away and 

favorite/underdog variables to address the multicollinearity issue. The new model finds that only 

home underdogs are underpriced rather than all home teams and all underdogs as suggested by 

earlier literature.  

Feddersen and Humphreys (2020) study sentiment bias in NFL betting markets, using 

Facebook likes as a proxy for team popularity. The authors find that popular teams are efficiently 

valued during weekday games but significantly overvalued during weekend games.  

The sentiment bias in weekend NFL betting markets is explained by the influx of casual, 

uninformed bettors who enter the market during weekend games. This explanation is further 

supported by NBA markets, which the authors find to be efficient. Because NBA schedules play 

more often during the week, the NBA betting market is less sensitive to this influx of casual 

bettors.  

Borghesi (2007) analyses weather advantage as a source of bias within betting markets, 

measured by how acclimated a team is to the temperature during a game. To calculate 

temperature advantages, mean weather conditions are first calculated for the five days prior to 

game day for a team’s respective location. The magnitude of the advantage is then calculated by 

the difference of this mean from the game day conditions. ‘Cold’ advantages and ‘heat’ 

advantages are separated because extreme temperatures in both directions have differing effects 

on motor skills as noted by Phetteplace (2000) and Gibson (2020). The probit model indicates 

that home teams playing in cold conditions are undervalued in betting markets, evidenced by the 
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54.09% cover rate. The opposite effect is seen for home teams playing in extraordinarily hot 

conditions, facing a 47.28% cover rate.   

We also contribute to existing literature in observing the impact that fans play in home-

field advantage. Schwartz and Barsky (1977) identify three key factors of home-field advantage. 

The first of these factors relates to a team’s level of familiarity and comfort within a home 

stadium. Travel factors as further studied by Nichols (2014) also provide a significant advantage 

to home teams when away teams travel at least one time zone. The magnitude of this effect 

increases with distance at a decreasing rate. Lastly, crowd factors provide significant social 

support, and may influence the behavior of referees as noted by Courneya and Carron (1991).  

Fischer and Haucap (2020a) use the crowdless COVID season to evaluate the different 

indicators of home-field advantage. The authors find that the absence of crowds during the 

COVID season in the German Bundesliga soccer leagues does not significantly affect referee 

behavior. Rather, limited occupancy is the main indicator explaining the reduced home-field 

advantage. Fischer and Haucap (2020a) define occupancy as the proportion of fans in attendance 

relative to the total capacity, finding that total crowd size does not affect game outcomes. This 

reduction only holds true for games in the primary league, where stadiums are usually full. After 

regressing game outcomes on stadium occupancy, the authors find that home-field advantage is 

not significantly reduced for teams in the lower Bundesliga leagues. The authors cite that players 

in lower divisions are more acclimated to playing in half-empty stadia. With limited occupancy 

of NFL games during the 2020 season, we expect a significant decrease in home-field advantage.  

After evaluating home-field advantage, Fischer and Haucap (2020b) write a subsequent 

discussion paper that most closely resembles this paper, testing betting market efficiency during 

the 2020 season. The paper finds that betting on away teams in the primary Bundesliga league 



10 
 

will produce returns of 16.2% during the fanless season, contrasting with the 17.8% loss of the 

same strategy in the secondary Bundesliga league. Because the secondary league has lower 

occupancy, these findings suggest that stadium occupancy plays a large part of the realized 

advantage, as the primary league has a more significant reduction in the home-field advantage. 

Fischer and Haucap (2020b) also note that, despite clear inefficiencies in both markets, little 

adjustment was made in price-setting during the season. Because the Bundesliga league was one 

of the first leagues to play during COVID, we expect more adjustment in subsequent markets 

such as the 2020 NFL season.  

 This paper contributes to several strands of literature in measuring betting market 

efficiency. The COVID crisis provides an unprecedent shock to all markets, including betting 

markets. Analysis of market efficiency during the COVID crisis will provide information on how 

responsive these markets are to external shocks. The efficient-market hypothesis will be 

evaluated before and during COVID, reflecting the accuracy of overall market information used 

in price setting. An in-depth analysis of home-field advantage will also provide insight about the 

impact that fans have in facilitating home-field advantage. Finally, pricing efficiency of the new, 

fanless home-field advantage will be evaluated over the 2020-2021 NFL season.  

Section 3: Data  

An open-source Kaggle dataset from the data analysis company Spreadspoke provides 

time-series data containing all NFL game outcomes from 1966 to the present.3 The dataset 

records 12,921 observations, with each observation corresponding to a single game. Spreadspoke 

gathers betting lines from Sunshine Forecast Enterprises4 for the 1979-2013 seasons, 

 
3 https://www.kaggle.com/tobycrabtree/nfl-scores-and-betting-data 
4 http://www.repole.com/sun4cast/data.html 
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supplemented with SportsLine5 data for the 2013-2020 seasons. We drop 2,479 observations 

from 1966-1978, as there is no point spread information available for these games. Pro-football-

reference.com is further cross referenced in checking the accuracy of betting line data. Because 

the dataset contains all games, there is no selection bias, and our results can be interpreted for the 

entirety of the 1979-2020 seasons.  

The rich dataset contains variables for the final score and closing spreads of all NFL 

games from 1979-2020. The home or away status of a team is provided, as well as the location of 

the game. We drop the 85 games played in a neutral stadium as there is no home-field advantage, 

and thus is not relevant to the paper. Divisional matchups are also indicated in the ‘Divisional’ 

dummy variable. Lastly, a team’s status as a favorite or underdog is recorded. Finally, we 

duplicate the dataset so that there are two observations per game, one for each respective team. 

The new dataset contains 20,436 observations. 

Summary statistics of our variables provide key insights. Evidence for a clear home-field 

advantage is shown in the 1966-2019 seasons. We further separate the 1966-2019 sample into 

two subsamples for comparison to the 2020 COVID season. The ‘HomeWin’ variable in Table 1 

below indicates that home teams win at a 58.38% rate over 1979-2014 NFL seasons, 

significantly higher than the 56.49% win rate during the 2015-2019 seasons (z=1.83, p=.034). 

Appendix A explores how home-field advantage has fallen over time, further illustrating the 

differences between samples.6 Most importantly, we find that home teams win at a rate of 

49.81% over the 2020 season, significantly less than the 1979-2014 and 2015-2019 samples, 

 
5 https://www.sportsline.com/nfl/odds/ 
6 Because home-field advantage is falling over time, we validate that the decreased home-field advantage 
in 2020 is a result of COVID-related factors beyond the existing downward trend.   
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respectively (z=3.87, p=0) (z=2.75, p=.003). The 49.81% win rate is not significantly different 

from the 49.63% win rate that away teams face, indicating that home-field advantage is 

insignificant during the 2020 season (z=.12, p=.90). 

Table 1: Win Rates 
 
Seasons 

1979-2014  
(n=17,294) 

2015-2019  
(n=2,606) 

2020 
(n=536) 

Outcome Win Loss Tie Win Loss Tie Win Loss Tie 
HomeWin 10,096 

(58.38%) 
7,164 
(41.42%) 

34 
(.20%) 

1,472 
(56.49%) 

1,126 
(43.21%) 

8 
(.31%) 

268  
(49.81%) 

266 
(49.63%) 

2 
(0.37%) 

AwayWin 7,164 
(41.42%) 

10,096 
(41.42%) 

34 
(.20%) 

1,126 
(43.21%) 

1,126 
(56.49%) 

8 
(.31%) 

266 
(49.63%) 

268 
(49.81%) 

2 
(0.37%) 

FavoriteWin 11,422 
(66.05%) 

7,164 
(41.42%) 

34 
(.20%) 

1,700 
(65.23%) 

898 
(34.46%) 

8 
(.31%) 

364 
(67.91%) 

170 
(31.72%) 

2 
(0.37%) 

UnderdogWin 7,164 
(41.42%) 

11,422 
(66.05%) 

34 
(.20%) 

898 
(34.46%) 

1,700 
(65.23%) 

8 
(.31%) 

170 
(31.72%) 

364 
(67.91%) 

2 
(0.37%)  

We examine scoring variables to further evaluate the lack of home field advantage during 

the 2020 season, as provided in Table 2 below. The distribution of these variables is available in 

Appendix B.   

Table 2: Score and Spread Summary Statistics 

Season Start Date  1979-2014  
(n=17,294) 

2015-2019  
(n=2,606) 

2020 
 (n=536) 

Variable Mean SD Median Mean SD Median Mean SD Median 
HomeScore 22.56 10.41 22.00 23.70 10.13 24.00 24.84 9.49 24.50 
AwayScore 19.59 10.06 20.00 21.74 9.74 21.00 24.62 10.22 25.00 
FavoriteScore 23.77 10.28 23.00 25.20 9.86 25.00 26.96 9.03 27.00 
UnderdogScore 18.37 9.68 17.00 20.23 9.48 20.00 22.50 10.15 23.00 
HomeSpread -2.65 5.87 -3.00 -2.22 5.83 -3.00 -1.14 6.35 -2.50 
AwaySpread 2.65 5.87 3.00 2.22 5.83 3.00 1.14 6.35 2.50 
FavoriteSpread -5.48 3.38 -4.50 -5.23 3.40 -4.00 -5.48 3.40 -4.75 
UnderdogSpread 5.48 3.38 4.50 5.23 3.40 4.00 5.48 3.40 4.75 
SpreadHomeResult 2.97 14.68 3.00 1.96 14.10 3.00 0.21 14.11 0.5 
SpreadAwayResult -2.97 14.68 -3.00 -1.96 14.10 -3.00 -0.21 14.11 -0.5 
SpreadFavoriteResult -5.40 13.97 -4.00 -4.97 13.34 -4.00 -4.45 13.39 4.00 
SpreadUnderdogResult 5.40 13.97 4.00 4.97 13.34 4.00 4.45 13.39 -4.00 
Note: SpreadHomeResult = HomeScore – AwayScore 
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Home teams during the COVID crisis score an average of 24.84 points, with their away 

counterparts scoring 24.62 points. We measure this difference with ‘SpreadHomeResult,’ 

representing the average number of points a home team beats their away opponent by. The .21 

point advantage measured by ‘SpreadHomeResult’ indicates that home teams do not 

significantly outscore their opponents in 2020, further supporting the earlier evidence in win rate 

comparisons (t=.36, p=.73). We find that ‘SpreadHomeResult’ in 2020 is significantly less than 

the earlier 1979-2014 seasons and 2015-2019 seasons, respectively (t=4.29, p=0) (t= 2.61, 

p=.00455). These results reinforce the findings of Fischer and Haucap (2020) who find 

significant reductions in home-field advantage due to reduced occupancy. 

 Knowing that home-field advantage is significantly less impactful during the 2020 

season, we can then analyze the extent to which betting lines are recognizing this decline. The 

‘HomeSpread’ variable in Table 2 indicates the average spread home teams face. ‘HomeSpread’ 

indicates that betting lines are placing a 1.14 point advantage to home teams during the 2020 

season. ‘SpreadHomeResult’ finds that home teams only outscore their away counterparts by .21 

points in 2020. Thus, betting lines overestimate home-field advantage by .93 points, significantly 

greater than 0 at the 5% level (t=1.71, p=.0443). This suggests a potential overpricing of home 

teams which will be further evaluated in cover rate comparisons. 

Because we are concerned with the outcome of bets, we also compare cover rates for 

evidence of mispricing. We create the ‘HomeCover’ variable to indicate if a bet results in a 

‘Cover,’ ‘Did Not Cover,’ or ‘Push’ as shown below in Table 3 below.  
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Table 3: Cover Results 

Season Start Date  1979-2014  
(n=17,294) 

2015-2019 
(n=2,606) 

2020 
(n=536) 

Outcome Cover No 
Cover 

Push Cover No 
Cover 

Push Cover No 
Cover 

Push 

HomeCover 8,412 
(48.6%) 

8,414 
(48.7%) 

468 
(2.7%) 

1,210 
(46.4%) 

1,304 
(50.0%) 

92 
(3.5%)  

260 
(48.5%) 

264  
(49.3%)  

12 
(2.2%) 

AwayCover 8,414 
(48.7%) 

8,412 
(48.6%) 

468 
(2.7%)  

1,304 
(50.0%) 

1,210 
(46.4%) 

92 
(3.5%)  

264  
(49.3%)  

260 
(48.5%) 

12 
(2.2%) 

FavoriteCover 8,148 
(47.1%) 

8,678 
(50.2%) 

468 
(2.7%)  

1,206 
(46.3%) 

1,308 
(50.2%) 

92 
(3.5%)  

238 
(44.4%) 

286 
(53.4%)  

12 
(2.2%)  

UnderdogCover  8,678 
(50.2%) 

8,148 
(47.1%) 

468 
(2.7%)  

1,308 
(50.2%) 

1,206 
(46.3%) 

92 
(3.5%)  

286 
(53.4%)  

238 
(44.4%) 

12 
(2.2%)  

‘HomeCover’ indicates that home teams during the 2020 season beat the spread 48.5% of 

the time. A difference of proportions tests indicates that this is not significantly different from 

the cover rates of the 1979-2014 seasons and the 2015-2019 seasons, respectively (z=.06, p=.95) 

(z=.87, p=.38). There is also not a significant difference between the ‘HomeCover’ and 

‘AwayCover’ variables in 2020, contrasting what might be expected by the betting lines that 

significantly overestimate home team point spreads (z=.2444, p=.810). Appendix C provides 

further discussion about home team cover rates over time, which are falling as evidenced by the 

1979-2014 and 2015-2019 samples.  

There are several important takeaways from the summary statistics that will later 

supplement the findings of the empirical model. First, we find that home-field advantage is 

significant in the 1979-2014 and 2015-2019 samples, both in terms of scoring and winning 

percentage. However, we find that home field advantage is not significant in the 2020 COVID 

season. Home teams do not significantly outscore or win at a higher rate than their opponents, 

despite lines favoring home teams by 1.14 points over the last season. While lines appear to 

overvalue these home teams in terms of points scored, there is not evidence that home teams and 

away teams face different cover rates in the 2020 season. Because we are primarily concerned 
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with outcomes of games, this provides early evidence that the NFL betting market is efficient in 

setting spreads for home teams over the fanless COVID season.  

We then merge the original Kaggle dataset with new data from Vegas Insider to include 

the percent of money wagered on each side of the line.7 The Vegas Insider dataset contains 6,344 

observations from 2009-2020, with two observations per game similar to the duplicated Kaggle 

dataset. The dataset contains variable ‘schedule_season’ indicating the start year of the season as 

well as ‘WeekNum’ indicating the week number in a particular season. With two observations 

per game, the ‘Team’ variable is used to identify respective lines for a particular team in a 

particular game. The variable of interest ‘PercentMoney’ gives the percentage of money bet on 

the line for the given ‘Team’. 6,218 observations from 2009-2020 are merged with the Kaggle 

dataset using the ‘schedule_season’ ‘Team’ and ‘WeekNum’ variables. 68 observations during 

this period are not matched due to missing ‘PercentMoney’ values in the Vegas Insider dataset.     

Summary statistics of the ‘PercentMoney’ variable are useful in differentiating bettor 

expectations from the lines set by the provider. We expect the probability of covering to fall as 

‘PercentMoney’ increases, as lines with more money bet on them should win less often for 

providers to avoid losses. If this were not the case, we expect providers to evenly balance money 

on each side of the line to guarantee profit from commission. ‘HomePercentMoney’ and 

‘AwayPercentMoney’ in Table 4 below indicate that home and away lines typically have an even 

amount of money.  

 

 
7 https://www.vegasinsider.com/nfl/matchups/matchups.cfm/week/1/season/2009 
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Table 4: Percent Money Summary Statistics 

Season Start Date  2009-2014  
(n=3,114) 

2015-2019  
(n=2,574) 

2020 
 (n=530) 

Variable Mean SD Median Mean SD Median Mean SD Median 
HomePercentMoney 0.49 0.19 0.51 0.49 0.15 0.51 0.49 0.16 0.50 
AwayPercentMoney 0.51 0.19 0.49 0.51 0.15 0.49 0.51 0.16 0.50 
FavoritePercentMoney 0.64 0.14 0.65 0.60 0.11 0.60 0.60 0.12 0.62 
UnderdogPercentMoney 0.36 0.14 0.35 0.40 0.11 0.40 0.40 0.12 0.38 
Note: Percent money variables only include observations from 2009-2020.  

However, ‘FavoritePercentMoney’ shows that teams that are favored average 60%+ of 

the money bet across the three samples. Thus, uneven lines are expected for most matchups, with 

significantly more money bet on favorite teams. Figure B4 in Appendix B illustrates the 

differences in the distributions of ‘PercentMoney’ between home/away teams as well as 

favorite/underdog teams.  

The high frequency of uneven lines suggests that providers are actively setting incorrect 

lines for further profitability. We can evaluate the following probit equation to test the 

probability of covering the spread based on amount of money on the line. ‘Spread’ is the 

dependent binary variable taking a value of 1 for a team covers the spread in game i and zero 

otherwise.  

SPREADi = b0 + b1(PercentMoney)i + ei 

As expected, teams with more money wagered on them cover the spread significantly 

less, shown below in Table 5. A one-tailed significance test indicates that coefficient b1 is 

significant at the 5% level (z=1.65, p=.05). Using marginal effects, we estimate that a 1 percent 

increase in ‘PercentMoney’ leads to a .06 percent decrease in the probability of a team covering 

the spread, holding all else equal. Thus, we would expect a team with 75% of money on the line 
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to be 3% less likely to cover the spread compared to a team with 25%.8 These summary statistics 

and regressions indicate that ‘PercentMoney’ is an important control variable to include in the 

empirical model, highlighting the differences between bettor and provider expectations.  

Table 5: Modelling Cover Probability using Percent Money  
  

 (1) 
VARIABLES Model1 
  
PercentMoney -0.150** 
 (0.0915) 
Constant -0.0379** 
 (0.0159) 
  
Observations 6,218 

Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 

Section 4: Methodology 

The goal of the empirical model is to test sources of inefficient pricing in NFL betting 

markets, focusing specifically on the pricing of home-field advantage during the 2020-2021 

COVID season. We are primarily concerned with the outcome of bets, and thus a probit model is 

most suitable for analysis (Gray 1997). We restrict our regression from the perspective of home 

teams for ease of interpretation. The dependent variable ‘Spread’ represents the outcome of a bet, 

taking a value of one if a home team beats the spread and zero otherwise. The independent 

variables measure potential sources of bias in setting the spread. We assume that the closing line 

represents all available information in the market. Thus, statistical significance of any 

coefficients in the model indicates a potential violation of the efficient market hypothesis, which 

 
8 (.75-.25)(.06*100)=3% 
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holds that the price setting process accurately reflects all available information. Market 

efficiency will later be tested for economic significance in applying these biases to betting 

strategies within the sample. The presence of a profitable betting strategy further indicates 

market inefficiency. Further investigation of betting strategies will provide insight into the 

magnitude of potential biases, where we calculate returns on profitable strategies. Our model 

builds upon the baseline model of Gray (1997) shown in Equation 1.  

Equation 1:  

Spreadi = b0 + b1(Corona)i + b2(Corona*WeekNum)i + b3Xi + ei 

 The main variables of interest are ‘Corona’ and ‘Corona*WeekNum’. ‘Corona’ is a 

dummy variable indicating if a game takes place during the 2020-2021 fanless season. ‘Corona’ 

is interacted with the ‘WeekNum’ week indicator to capture market adjustments on a weekly 

basis. Fischer and Haucap (2020) use similar variables to capture market adjustments during the 

COVID season, finding that soccer betting markets in the German Bundesliga leagues did not 

significantly adjust over time. The Bundesliga season began in March 2020, 6 months prior to 

the start of the 2020-2021 NFL season. Thus, we expect market adjustment more likely in the 

more recent NFL markets, with more information available about the magnitude of a fanless 

home-field advantage.  

Xi is a vector controlling for other sources of market inefficiency. The vector controls for 

recent performance of home teams using the ‘Home Recent Performance’ variable. This variable 

captures the number of times a particular team has covered the spread in the last four games. We 

lag this variable by one observation to avoid collinearity with ‘Spread’. Xi controls for the home 

team’s season winning percentage against the spread in the ‘Home Cover Percent’ variable as 

well. We lag this variable by five observations to avoid multicollinearity with ‘Home Recent 
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Performance’ and ‘Spread’. We also control for biases relating to a team’s status as a favorite or 

underdog in the ‘Home Favorite’ dummy variable, indicating that a home team is favored. The 

closing line is also added to the model as another control variable in the ‘Closing Line’ variable. 

Because favorites and underdogs face spreads with opposite signs, we further interact ‘Closing 

Line’ with ‘Home Favorite’ and ‘Home Underdog’, where ‘Home Underdog’ is a dummy 

variable indicating that a home team is an underdog. We also include a ‘NationalFocus’ dummy 

variable for games with a national focus. We use the same classification as Vergin and Sosik 

(1999), defining ‘NationalFocus’ games as playoff games or Monday night games. Vergin and 

Sosik (1999) find that home-field advantage is significantly stronger during these games. 

Likewise, we control for divisional matchups, including a ‘Divisional’ dummy variable 

indicating if two teams share the same division. Shank (2019) finds that home teams have a 

lower chance of covering the spread during divisional matchups. Lastly, we control for ‘Percent 

Money’, denoting the percent of money on the home team’s spread. Discussion about ‘Percent 

Money’ in Section 3 gives us evidence to believe that cover probabilities fall for lines with larger 

amounts of money. Lastly, we include error term ei, representing other factors that affect the 

outcome of a bet. We assume that ei is identically and independently distributed with a mean of 

zero and constant variance.  

Section 5: Results  

 Table 6 below contains the regression results from the probit model outlined in Equation 

1. The dependent variable ‘Spread’ indicates the outcome of a bet, taking a value of one for 

home teams that cover the spread and zero otherwise. Significant coefficients indicate a violation 

of market efficiency, changing the probability of a home team covering the spread. To test 

overall market efficiency, we test the null hypothesis that all coefficients are jointly equal to 0. 
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We use marginal effects to further interpret the coefficients of independent variables. We are 

primarily concerned with the ‘Corona’ and ‘Corona*WeekNum’ variables, measuring market 

efficiency and respective corrections over the 2020 season. The rest of the variables represent 

components of control vector Xi.  

Table 6: Base Regression Results  
 

 

Model 1 from Table 6 provides evidence that home favorites are overvalued compared to 

home underdogs. Using marginal effects, we estimate that home favorites cover the spread 3.4% 

less than home underdogs, holding all else constant. Models 2 and 3 add the ‘Corona’ and 

‘Corona*WeekNum’ variables. Marginal effects from the ‘Corona’ variable in Model 3 indicate 

that home teams during the 2020 season cover the spread 5.5% less often compared to home 

teams in other seasons. However, this figure is not significant, likely due to the high standard 

errors from the small sample size of the 2020 season (z=.87, p=.38). Model 3 also finds that 

home teams cover the spread more often as the season progresses, as shown by the positive 
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coefficient on the ‘Corona*WeekNum’ interaction. This result is expected, as lines significantly 

adjusted over the course of the season to reflect the diminished home field advantage. This 

movement is shown in Figure 1 below.  

Figure 1: Average Weekly Spreads in 2020  

 

 Regressing average weekly home team spreads over the season indicates that lines favor 

home teams by .08 points less per additional week, significant at the 1% level (t=6.33, p=0). 

Using marginal effects for ‘Corona*WeekNum’, we find that each additional week increases 

home team cover probabilities by 1.4%. We interpret this result with caution, as it is not 

significant, similar to the ‘Corona’ variable (z=.97, p=.33).  

 Models 4-8 add additional controls to the base model. After controlling for ‘Percent 

Money’ in Model 4, ‘Home Favorite’ loses its significance. However, this regression restricts the 

sample from 10,218 observations to 3,109 observations, as ‘Percent Money’ only captures the 

2009-2020 seasons. Thus, it is possible that the restricted sample is causing the change in 

significance. To test this possibility, we run the same regression, but restrict the sample to the 

3,109 observations that have ‘Percent Money’ data available, shown in Table 7 below.  
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Table 7: Restricted Regressions for 2009-2020 Seasons  
 

 

The restricted sample shows significance for the ‘Home Favorite’ variable, but only at the 

10% level compared to the 1% level in Table 6. Again, the change in significance between 

samples is likely the result of higher standard errors from the smaller sample size, as the 

coefficients are similar in magnitude between the two models. The restricted model confirms that 

inclusion of the ‘Percent Money’ variable explains the significance of the ‘Home Favorite’ 

dummy variable.  

 Model 5 from Table 6 adds controls for the closing line, separated for favorites and 

underdogs because they face lines with opposites signs. Model 6 adds further controls for ‘Home 

Recent Performance’ and ‘Home Cover Percent’ to control for performance against the spread 

over the past four games and over the season, respectively. We find ‘Home Recent Performance’ 

to be significant at the 5% level, indicating that “hot” teams are less likely to cover the spread. 

For every game a home team covers the spread in the past four games, the probability of 

covering the spread of the current game falls 2.2%, holding all else equal. Thus, it may be a 
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profitable strategy to bet on teams that have poor recent performance against the spread. We 

evaluate this strategy and associated returns in Appendix D. We add controls for divisional 

matchups in Model 7 as well ‘National Focus’ games for playoff games or Monday night games. 

Addition of these controls does not change the regression results, with the only significant 

variable being ‘Home Recent Performance’ across Models 6-8.  

 To test overall market efficiency, we test the hypothesis that all variables as shown in 

Model 8 are significantly different from 0. The chi-squared test indicates that all potential 

sources of bias are not significant (χ2=8.68, p=.56). We also test for joint significance for the 

‘Corona’ and ‘Corona*WeekNum’ variables in Model 8 to test the efficiency of home spreads 

for the 2020 season. We find these variables jointly insignificant, indicating that closing lines are 

efficiently pricing home-field advantage (χ2=1.37, p=.50).  

 Although we are primarily concerned with the outcome of bets as measured in the probit 

model, we also test the accuracy of closing lines in an OLS model. We redefine the dependent 

variable to ‘Cover Margin,’ indicating the number of points a home team covers the spread by. 

We keep all independent variables the same, but remove closing line controls, as closing lines 

are already included in the ‘Cover Margin’ variable. The OLS model reinforces the findings of 

the probit model, presented in Table 8.  
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Table 8: OLS Cover Margin Regression Results  
 

 

We find that home favorites score significantly below the spread, as expected. After 

controlling for ‘Corona’ and ‘Corona*WeekNum’ in Model 3, we find that home favorites score 

.488 points below the spread compared to home underdogs, ceteris paribus. We expand the 

model to include all controls as seen in Model 7 of Table 8. As expected, the ‘Home Recent 

Performance’ variable is significant, similar to the findings of the probit model. For every cover 

in the last 4 games, a home team will score an additional .52 points below the spread, significant 

at the 10% level. We also find that the ‘Divisional’ variable becomes significant at the 5% level, 

with home teams scoring 1.319 points below the spread in divisional matchups. Thus, we 

conclude that although divisional matchups do not significantly affect the probability of covering 

the spread in the probit model, home teams may score significantly under the spread across the 

sample. This is likely the result of blowout games during divisional matchups, with home teams 
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scoring significantly under the spread under these circumstances. Most importantly, we find that 

‘Corona’ and ‘Corona*WeekNum’ are jointly insignificant in Model 8 of the OLS model, 

confirming the findings of the probit regression (F=.78, p=.46). Although insignificant, Model 8 

predicts that home teams during the ‘Corona’ season score 3.24 points below the spread, ceteris 

paribus. We then confirm overall market efficiency by testing for significance across all 

coefficients in Model 8. We fail to reject the null hypothesis that the coefficients are jointly 

different from 0, suggesting overall market efficiency (F=1.18, p=.3057).  

Section 6: Conclusion  

Our initial analysis finds that home-field advantage is not significant during the fanless 

COVID season. Keeping other determinants of home-field advantage constant, our results 

suggest that crowd support is the primary driver of the advantage. Our findings are consistent 

with Fischer and Haucap (2020), who find that lower occupancy explains the reduction of home-

field advantage in German soccer leagues. However, home-field advantage has multiple 

determinants, and more empirical evidence on other indicators of the advantage is needed to 

infer direct causality from these results. It is likely that some teams were more prepared to deal 

with the outbreak compared to others, as access to physical and mental health resources varies 

across teams. Likewise, COVID restrictions vary greatly on a state-to-state basis. Further 

analysis of COVID restrictions and individual team performance may help uncover the extent to 

which the COVID outbreak affects varying teams.  

A more in-depth analysis of the COVID-specific characteristics of the season will also be 

useful. The 2020 season was the first season to have artificial fans and fan noise. Each team is 
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given a unique prerecorded loop of fan noise9 which may affect the perceived home-field 

advantage between teams. Rules regarding the volume of artificial fan noise were changed after 

week 2 of the season10, providing another source of inconsistency across stadiums. The lack of a 

pre-season due to COVID may also hurt home team performance. With limited practices and no 

pre-season, players may lack the familiarity of their home stadium compared to previous 

seasons. Likewise, further analysis of attendance levels during the season may also shed light on 

the importance of fans. All games faced significantly reduced fan attendance, with 60% of games 

having no fans at all. Appendix E provides further information about the summary statistics and 

distribution of 2020 fan attendance, provided by Pro Football Reference.11 Lastly, empirical 

assessment of other home-field advantage factors such as referee bias and travel may provide 

further insight into the determinants of home-field advantage.  

The latter half of this paper evaluates how the non-existent home-field advantage is 

realized in betting markets. We find that home teams cover 5.5% less often compared to home 

teams in other seasons. However, due to the lack of significance, we conclude that betting lines 

are efficiently pricing the new home-field advantage. Our findings about efficiency during the 

2020 season must be interpreted with caution due to the small sample size. Our analysis suffers 

from high standard errors, which may downplay the significance of the observed effect on home 

team cover rates. More broadly, our regressions indicate that all the included control variables 

are efficiently priced except for ‘Home Recent Performance,’ where “hot” teams cover the 

spread significantly less often. A joint significance test of all control variables finds all included 

 
9 https://www.sportingnews.com/us/nfl/news/nfl-broadcasts-2020-fake-crowd-noise-
explained/73nq9jby87yi1em47p84enrre#:~:text=Fake%20crowd%20noise%20on%20NFL,feature%20that%20soun
d%20on%20TV.&text=At%20least%20to%20start%20its,the%20NFL%20is%20doing%20both. 
10 https://www.cbssports.com/nfl/news/nfl-revises-stadium-sound-rules-allows-teams-to-crank-up-the-volume-on-
fake-crowd-noise/ 
11 https://www.pro-football-reference.com/years/2020/attendance.htm 
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sources of bias to be insignificant, implying overall market efficiency. Future literature may 

expand our empirical model to include additional sources of bias. Measurement of sentiment 

biases highlighted by Feddersen and Humphreys (2020) as well as weather-related biases from 

Borghesi (2007) may add further explanatory power to the model.  

Our results suggest that betting markets are relatively robust to external shocks. We 

observe significant changes in spread-setting as betting lines recognize the reduced home-field 

advantage. The rapid adjustments lead to efficient market outcomes during the 2020-2021 NFL 

season. These relatively quick corrections provide an interesting contrast with post-

announcement-earnings drift in financial markets, where Ball and Brown (1968) find that slow 

adaptation to new information causes inefficient stock market outcomes. Comparison of parallel 

sports betting markets during COVID may provide further support for the overall resiliency of 

betting markets in adapting to external shocks. Likewise, comparisons of the fanless home-field 

advantage across different sports and leagues may provide insights into how the advantage varies 

across different settings.   
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Appendix A: Decline of Home-Field Advantage over Time 

This section further examines the downward trend of home-field advantage across the 1979-2020 

sample. Because home-field advantage is already trending downward, it may be possible that the 

non-existent home-field advantage in 2020 is a result of the existing trend. This section helps 

contextualize how large the decrease in home-field advantage is in 2020, far greater in 

magnitude than the ongoing downward trend.  

First, we identify a significant decrease in home-field advantage between the 1979-2014 

and 2015-2019 samples. A one-tailed difference of proportions test indicates that the 58.4% win 

rate from the 1979-2014 sample is significantly higher than the 56.5% win rate from 2015-2019 

(z=1.83, p=.034). Figure A1 below illustrates the decline of home winning percentages by 

season, consistent with the difference in win percentages between the samples. We find that the 

49.8% home team win rate in 2020 is a clear outlier and cannot be explained from the existing 

trend.  

Figure A1: Winning Percentage by Season 
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After finding a significant decline in win percentages, we can further examine the home 

and away scoring variables to see the point magnitude of the declining advantage. The point 

differential shown in Figure A2 below illustrates the number of points home teams outscore their 

away opponents by, averaged by season. As expected, we see a clear downward trend, with the 

2020 season as a clear outlier.  

Figure A2: Point Differential for Home Teams by Season   

 

We also analyze summary statistics of the spread variable to see how spreads have 

changed in response to the declining home-field advantage as presented in Table A1.  

Table A1: Point Differential for Home Teams by Season   

Season Start Date  1979-2014  
(n=17,294) 

2015-2019  
(n=2,606) 

2020 
 (n=536) 

Variable Mean SD Median Mean SD Median Mean SD Median 
HomeSpread -2.65 5.87 -3.00 -2.22 5.83 -3.00 -1.14 6.35 -2.50 
AwaySpread 2.65 5.87 3.00 2.22 5.83 3.00 1.14 6.35 2.50 
 

The ‘HomeSpread’ variable indicates that the spread favors home teams by 2.65 points 

during the 1979-2014 seasons.  Likewise, for the more recent 2015-2019 seasons, ‘HomeSpread’ 

indicates that home teams are favored by an average of 2.22 points, significantly lower than the 

1979-2014 sample (t=3.52, p=.0002). We further explore this decline by graphing average point 
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spreads by season, as shown in Figure A3 below. As expected, we see spreads favoring home 

teams less in recent years. Spreads during the 2020 season favor home teams far less than any 

other season.  

Figure A3: Point Spreads by Season  

 

Trends in spread setting, home team scoring, and win rates all indicate a decreasing 

home-field advantage over the 1979-2020 sample. Decline in home-field advantage is evident 

across other professional sports such as baseball and basketball as well.12 Developments in 

technology and sports psychology have decreased travel time so that away teams are less 

fatigued. Likewise, referees are not as biased towards home-teams. Introduction of instant 

replays and coaches’ challenges in 1999 as well as referee grading systems in the NFL further 

incentivize referees to call fairer games.13 Despite these developments, we find that the decrease 

in home-field advantage during the 2020 season is much larger in magnitude than existing trends 

would expect. Thus, we conclude that the lack of home-field advantage reflects COVID-specific 

factors that home teams face, primarily driven by capacity restrictions on fans.  

 
12 https://www.nytimes.com/2020/01/10/sports/football/road-team-advantage.html 
13 https://bleacherreport.com/articles/1867480-how-are-nfl-refs-held-accountable-for-their-performance 
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Appendix B: Distribution of Independent Variables  

Figure B1: Distribution of Score Variables   

 

 

Figure B2: Distribution of Spread Variables   
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Figure B3: Distribution of Game Result Variables   

 

 
Figure B4: Distribution of Percent Money Variables   
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Appendix C: Home Cover Rates over Time 

Further analysis of home cover rates helps illustrate general levels of efficiency in setting spreads 

for home teams over time. The ‘HomeCover’ variable indicates that home teams cover the 

spread 48.6% of the time from 1979-2014, significantly greater than the 46.4% cover rate from 

the 2015-2019 seasons as shown in table C1 below (z=2.104, p=.018).  

Table C1: Cover Results  

Season Start 
Date  

 1979-2014  
(n=17,294) 

2015-2019 
(n=2,606) 

2020 
(n=536) 

Outcome  Cover No 
Cover 

Push Cover No 
Cover 

Push Cover No 
Cover 

Push 

HomeCover  8,412 
(48.6%) 

8,414 
(48.7%) 

468 
(2.7%) 

1,210 
(46.4%) 

1,304 
(50.0%) 

92 
(3.5%)  

260 
(48.5%) 

264  
(49.3%)  

12 
(2.2%) 

AwayCover  8,414 
(48.7%) 

8,412 
(48.6%) 

468 
(2.7%)  

1,304 
(50.0%) 

1,210 
(46.4%) 

92 
(3.5%)  

264  
(49.3%)  

260 
(48.5%) 

12 
(2.2%) 

FavoriteCover  8,148 
(47.1%) 

8,678 
(50.2%) 

468 
(2.7%)  

1,206 
(46.3%) 

1,308 
(50.2%) 

92 
(3.5%)  

238 
(44.4%) 

286 
(53.4%)  

12 
(2.2%)  

UnderdogCover   8,678 
(50.2%) 

8,148 
(47.1%) 

468 
(2.7%)  

1,308 
(50.2%) 

1,206 
(46.3%) 

92 
(3.5%)  

286 
(53.4%)  

238 
(44.4%) 

12 
(2.2%)  

While lines did favor home teams nearly a point less from 2015-2019 compared to 1979-

2014, the home cover rate still fell. These results suggest that lines did not move enough to 

account for the magnitude of the decrease in home-field advantage, overvaluing home teams 

from 2015-2019. The difference in cover rates between samples is shown in Figure C1 below. 

We see that home cover percentages are trending downward. Although home teams were 

undervalued earlier in the sample, we see a gradual market correction as home cover percentages 

fall over time.  
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Figure C1: Cover Rates by Season 

 

We also compare home and away cover rates within each sample to evaluate general 

levels of efficiency in pricing home-field advantage. From 1979-2014, we find that home and 

away teams do not face significantly different cover rates (z=.02, p=.98). On the other hand, we 

find that home teams from 2015-2019 cover the spread significantly less often compared to their 

away counterparts (z=2.61, p=.004). These results indicate that the 1979-2014 sample efficiently 

prices home-field advantage, while the 2015-2019 betting lines significantly overestimate the 

magnitude of the advantage.  

We further explore the efficiency of closing lines over time by looking at the difference 

in game outcomes and spreads. The difference between actual game outcomes in the 

‘SpreadHomeResult’ variable and the closing line predictions in the ‘HomeSpread’ variable 

indicates betting lines underestimate home-field advantage by .32 points from 1979-2014, which 

we call ‘HomeCoverMargin’.  This difference is significantly different from zero at the 1% level 

(t=3.10, p=.002). On the other hand, lines from 2015-2019 overestimate home-field advantage by 

.26 points, not significantly different from 0 (t=1.04, p=.296). These statistics suggest that home-

field advantage has been historically underestimated in betting lines but has adjusted such that 
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scores predicted by spreads are not significantly different from the score outcomes of games 

from 2015-2019. We further illustrate this gradual market correction in Figure C2 below.  

Figure C2: Spread Cover Margin by Season  

 

The downward trend illustrates how ‘HomeCoverMargin’ has fallen over time, nearing 0 

in recent years. The figure reinforces earlier analysis of the falling cover rates over time. We 

conclude that betting markets have gradually corrected since 1979, no longer undervaluing 

home-teams. Instead, we find that home teams in recent seasons are slightly overvalued, as 

evidenced by the home team cover rate from 2015-2019.  
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Appendix D: Betting Strategies  
 
Table D1: Recent Performance Betting Strategy  

‘Recent 
Performance’  

1979-2014  
(n=6,355) 

2015-2019  
(n=949) 

2020 
 (n=200) 

  Win % Bets ROI Commission Win % Bets ROI  Commission Win % Bets ROI Commission 

0 0.532 410 6.34% 1.51% 0.544 68 8.82% 3.88% 0.588 17 17.65% 12.30% 
1 0.5 1,617 -0.06% -4.60% 0.494 261 -1.15% -5.64% 0.563 48 12.50% 7.39% 
2 0.502 2,440 0.41% -4.15% 0.476 355 -4.79% -9.12% 0.513 78 2.56% -2.10% 
3 0.502 1,514 0.40% -4.17% 0.465 213 -7.04% -11.27% 0.392 51 -21.57% -25.13% 
4 0.487 374 -9.63% -13.73% 0.481 52 -3.85% -8.22% 0.5 6 0.00% -4.55% 

Note: Games resulting in a push are excluded when calculating win percentages. Strategies with a win rate greater than .524 are profitable after standard commission. 
The commission column calculates the ROI of the given betting strategy after standard commission.  
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Appendix E: Fan Attendance Data 

Table E1: 2020 Attendance Data Summary Statistics  
 

Min  Q1  Median  Q3   Max   SD  
Attendance 0 0 0 9,854  31,700 6,753 

 

Figure E1: Distribution of Home Attendance in 2020  
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