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Introduction
In this lecture we replicate, 
in an introductory way, and 
evaluate the methods used 
to measure player and 
coaching skill in sports.

Source.

https://sports.theonion.com/baseball-statisticians-unveil-new-analytics-model-measu-1828577747


Coaches are “technology”; players are 
“inputs”
One of the great things about studying sports is that in sports, “We count everything.”
◦ The problem is not, as with many other occupations, how to observe productivity.
◦ With so many performance measures, it’s hard to pick the signal out of the noise.

It’s specific to the sport in question, but the basic idea is to identify each variable’s (“stat 
column’s”) effect on the likelihood of winning games.
◦ David Berri is the symbol of this method.
◦ How did we arrive at slugging percentage (later OPS) and strikeout-walk ratio as the eminent measures 

of baseball performance?

http://www.imdb.com/title/tt0126916/quotes?item=qt0307410


A theory of basketball
Even though he’s holding a baseball in the 
picture, basketball is the sport he writes about 
the most.

In a 1999 paper, Berri proposes structuring 
empirical analysis around “a theory of 
basketball.”
◦ He also has a website with analysis and links to 

data.
◦ And 2 excellent books:  Stumbling on Wins (with 

Martin Schmidt) and The Wages of Wins (with 
Schmidt and Stacey Brook).

His theory of basketball revolves around how 
teams (allow opponents to) acquire and utilize 
possessions.

Professor David Berri.  From wagesofwins.com.

http://www.jstor.org/stable/3108257


The “wins of possessions?”
Following Berri:  there are 3 ways to acquire possession.
◦ The other team scores,
◦ You take it away from them,
◦ You rebound a missed shot  by the other team.

Once you have possession, your own scoring (which ultimately is what wins games) depends on 
ball movement (assists-turnovers ratio), shooting, and as my favorite color man, Jon McGlocklin, 
likes to say, “reloads” (offensive rebounds).



Here’s how
Using team data by season 
(from 1994-1998), here are 
his regression estimates.

PPS=Points Per Shot

DTO=Takeaways



The “wins of the box score”
Since some of the familiar 
stats from the box score 
enter Berri’s model as, say, 
the denominator in a ratio, 
he does the calculus to arrive 
at marginal effects.

I.e., If I get one more 
offensive rebound, holding 
other things constant, my 
team gets about 1/20 of a 
win.



Just fit the model
Once you know the effect of each stat column on wins, you just plug in a player’s season stats to 
estimate his production.

Berri performs a couple additional adjustments to this figure to account for:
◦ Differences in teams’ pace of play, i.e., both teams will accumulate more counting stats if they each use 

125 possessions per game than if they use 95,
◦ And position differences; if you’re going to compare players of different positions, you want to see how 

they did relative to a substitute player of the same position rather than comparing a guard to a center.



Examples from 1997-98

From Berri (1999), p. 421.  Dennis Rodman’s extreme rebounding prowess gave him the most value of any 
player in the league that year.



Examples from 2010-11, team estimates, 
source:  wagesofwins.com

*Team* *Actual Wins*
*Summation of*
*Wins Produced*

*Difference in*
*Absolute Terms* *Team* *Actual Wins*

*Summation of*
*Wins Produced*

*Difference in*
*Absolute Terms*

Atlanta 44 38.6 5.4 Milwaukee 35 38.7 3.7
Boston 56 55.1 0.9 Minnesota 17 23.2 6.2
Charlotte 34 30.3 3.7 New Jersey 24 24.7 0.7
Chicago 62 60.4 1.6 New Orleans 46 43.6 2.4
Cleveland 19 16.8 2.2 New York 42 43 1
Dallas 57 52 5 Oklahoma 55 51.5 3.5
Denver 50 53.4 3.4 Orlando 52 55.5 3.5
Detroit 30 31.5 1.5 Philadelphia 41 45.2 4.2
Golden State 36 34.8 1.2 Phoenix 40 39 1
Houston 43 46.9 3.9 Portland 48 45 3
Indiana 37 38 1 Sacramento 24 26.8 2.8

LA Clippers 32 32.7 0.7 San Antonio 61 56.1 4.9
LA Lakers 57 57.3 0.3 Toronto 22 24.2 2.2
Memphis 46 47.3 1.3 Utah 39 36.2 2.8
Miami 58 60.8 2.8 Washington 23 21.4 1.6

Average Difference 2.61



A “theory of football”
In a 2007 paper (and Chapter 9 of Wages of Wins), Berri estimates the analogous effects of 
counting stats on wins in the NFL:
◦ Getting possessions:  opponent kickoffs, opponent punts, takeaways, failed FG attempts and 4th down 

conversions.
◦ Use of possessions:  return yards, rushing and passing yards per play, net penalty yards, propensity to 

score TDs rather than FGs.

The team stats used to estimate the “production function” are difficult to attribute to individual 
players in football, because of the interaction among them in executing a play.
◦ As opposed to baseball, where you know who threw the pitch, who (didn’t) hit it, and who fielded it 

well (badly),
◦ And basketball, where you know who made (missed) the shot and who turned the ball over to the 

opponent.

QBs and RBs in football may be the exceptions, though.



Berri’s results for NFL
Using team data spanning 1998-2005.

These are the marginal effects, ceteris 
paribus, on points of things that QBs and 
RBs have some control over in a football 
game.

Once you know how many of these things 
each player does, you can plug in his stats 
and sum up the point values of the good 
(gain more yards per play) and bad (turn 
the ball over), to make comparisons.



Top performers in the data



Porter & Scully’s paper (1982)
Conceive of the manager as the club’s technology in turning inputs (player skills) into output 
(Wins).  In baseball the skills are Hitting and Pitching, and P&S model them as a Cobb-Douglas 
production function, where Managers can multiply production with their skill.

𝑊𝑊 = 𝑀𝑀𝑃𝑃𝛼𝛼𝐻𝐻1−𝛼𝛼

◦ A more skilled manager can produce the same number of wins with poorer players.
◦ His isoquants, lines showing combinations of hitting/pitching that yield the same level of wins, are 

closer to the origin—and closer to a theoretical optimum management.

http://www.jstor.org/stable/1058656


Managerial (in)efficiency
Using Pythagorean Theorem, you can 
express how many more inputs a real MLB 
manager would need to achieve the same 
win % as the “ideal” manager:

𝐸𝐸 ≡
𝑝𝑝∗ 2 + ℎ∗ 2

1
2

𝑝𝑝12 + ℎ12
1
2

; 0 ≤ 𝐸𝐸 ≤ 1.

◦ This is the measure of the real manager’s 
efficiency (1 is optimum).



Porter & Scully, results
Take the form of average inefficiency estimates:
◦ By Manager and
◦ By Club.

The estimates range from about 0.7 to 0.99.  With the mean at about 0.85.

Earl Weaver is the best manager in the sample.  Using the valuation methods from Scully’s 
earlier paper on player MRP, he was worth about $675,000 /year (in $1969) to the Orioles.
◦ This was only a little less than Scully’s estimate of Sandy Koufax’s MRP.
◦ Elite managers are quite valuable.

Better teams have better managers.

Expansion teams’ managerial efficiency improves over time.

http://www.baseball-reference.com/managers/weaveea99.shtml


Based on my own replication
Weights on hitting, pitching are 0.75 and 
0.25, respectively.

2 of the best managers of the P&S era.

The best managers are typically 
consistently good on the efficiency 
measure.

A diminishing return to experience as 
managers stay on longer.
◦ More apparent for Sparky Anderson, 

whereas Earl Weaver left “on top.”
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https://www.youtube.com/watch?v=Ssx1hNSs4TI


Porter & Scully, conclusions
This is a milestone paper in Economics of Sports, but it makes several strong assumptions.

Among them is that the player performance (OBP and K:BB ratio) are taken as given and not 
influenced by managerial quality.
◦ Kahn (1993) relaxes this assumption and finds that players do play better when playing for better 

managers.  Surely this would raise the MRP of an elite manager beyond P&S’s estimates.
◦ One wonders whether managers are paid for this or whether players reap the rewards of playing for a 

good coach.  Frick & Simmons (2008) suggest (in German soccer, at least) managers are paid <MRP.

Similar methods have been used on more recent samples and in different sports.
◦ As representatives of the work on the NBA, consider the estimates from Hofler & Payne (1997) and Lee 

& Berri (2008).

http://www.jstor.org/stable/2524551
http://www.jstor.org/stable/25151632
http://www.sciencedirect.com/science/article/pii/S0165176597000839
http://onlinelibrary.wiley.com/doi/10.1111/j.1467-9485.2008.00443.x/abstract


NBA (1993-2003), from Lee & Berri, p. 64.NBA (1992-93 season), from Hofler & Payne, p. 298.



Okay here’s one for the NFL, too

(left) Estimates of marginal products in NFL 
“production function” during 1989-1993, Hofler & 
Payne (1996).
(right) Efficiency measures compared to overall 
record in 1992.  The best teams aren’t necessarily 
the most efficient.  From Hofler & Payne, p. 746.

http://www.tandfonline.com/doi/abs/10.1080/135048596355808


The difference between performance 
and talent
It can be tempting to look at these lists and conclude who is the most skilled player at each 
position.

If the measure was capturing something enduring about the player, though, you’d expect 
performance to be predictable based on the past.
◦ Or unpredictable if it is noisy, i.e., the effect of teammates, luck, or other things outside his control.



The difference between performance 
and talent
It turns out that all of our favorite NFL stats are (pretty much) the latter type.  The ones with the 
strongest autocorrelation (last year’s stat correlation with this year’s same stat) are:
◦ QB completion % (𝑟𝑟 = 0.54) and
◦ QB rushing yards per attempt (𝑟𝑟 = 0.6).

Even though it seems to incorporate so much about QB efficiency, Berri’s measure has only a 
(𝑟𝑟 = 0.4) modest autocorrelation coefficient.
◦ Except in very obvious cases, e.g., Peyton Manning, a lot of QBs’ success seems to derive from 

combining them with a complementary supporting cast. 

Running backs’ stats have similarly low autocorrelation coefficients



Summary, caveats, extensions
Basketball and baseball player stats tend to be  more persistent (predictive of future stats) than 
football player stats.  Even harder for soccer.
◦ MLB pitchers’ ERAs can be predicted (correlation 𝑟𝑟 = 0.877, source:  Bradbury, The Baseball Economist, 

p. 171) from their previous seasons’ strikeout, walk, and home runs allowed rates.
◦ Hitters’ SLG% (to justify their use in Scully’s early paper and elsewhere) have an autocorrelation of 0.82.

This may reveal something about the sports’ production functions.  Being talented at baseball or 
basketball will result in a good performance on a more reliable basis than in football.

I wonder whether the propensity of these statistics to regress to the mean (an above average 
year makes a decrease the following year more likely) can be explained by opponents.
◦ This would be especially true in the NFL because there are so many plays that can be run.  Opponents 

see you succeeding with one style and learn to stop that style.  Then, if you’re smart, you find a new 
offense to beat them with.

◦ This back and forth creates the ups and downs from year to year, even if my team’s talent is constant.

http://marginalrevolution.com/marginalrevolution/2016/01/why-is-it-hard-to-measure-the-value-of-soccer-players.html
http://www.fangraphs.com/blogs/basic-hitting-metric-correlation-1955-2012-2002-2012/


I still think in these terms
When a club signs a player, it’s paying for 
draws from a distribution like these (right).

Future Hall-of-Famer, Albert Pujols has had 
plenty of weeks where he was worse than 
Yuniesky Betancourt offensively.
◦ Would be rare to see the average over 24 

draws from the blue be worse than 24 from 
the red, though.

The mean is primarily what the club pays 
for.
◦ Maybe the variance, too.
◦ Not clear if more is better (“upside”) or 

worse (“inconsistent”).
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Conclusion
The histograms on the previous slide are generated ex post.  Clubs have to staff their rosters ex 
ante.
◦ Their task is to form accurate expectations of each player’s future performance distribution, based on 

present observations.
◦ An arms race in terms of information.

This suggests 2 distinct paths to success in sports:
◦ Try to (legally) win the informational arms race to acquire more talent, and
◦ Coach players more efficiently, thereby making them more talented, shifting their performance 

distributions rightward.  The ol’ fashioned way!

http://www.fangraphs.com/blogs/is-proprietary-information-disappearing/
http://www.fangraphs.com/blogs/instagraphs/the-astros-were-hacked-by-the-cardinals/
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