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Abstract

Neoclassical models of the labor market assumegitiah perfect information about a
worker’s productivity, in a competitive market, elayers will pay employees their
marginal product. The market for free agents indvideague Baseball provides a perfect
opportunity to investigate that theory, as a playproduction can be easily observed and
his statistics translated to wins. | investigatesthler teams properly value the various
categories of a player’'s performance—that is, wéretbams properly compensate
players for various facets of their productionfasytrelate to wins. Employing a unique
data set of multi-year free agent contracts fro@912009 and ordinary least-squares
(OLS) regression, | find that teams have correctliyyed most hitter statistics, with the
exception of fielding, which was significantly umdalued in that time period. | then
examine related questions, confirming, expandinghypnd on one point, contradicting
previous research into the economics of baseball.

! | would like to thank my advisor James Brown fi imvaluable advice and encouragement, and his
extraordinary ability to see the forest, the trélas,pine needles, and the acorns in every cldiavé made
and regression | have run. All mistakes are my own.



Introduction

It is assumed in the neoclassic model of labor etarthat a worker’s effort and
productivity can be observed, and thus that a Et®wage will be equal to her marginal
product. Unfortunately, such conditions are rafelynd in the real world; in the vast
majority of industries, only a portion of productivcan be directly observed, making it
difficult for employers to appropriately compensataployees and for economists to
study compensation. Productivity is thus often aered partially or completely
unobservable in Labor Economic literature. Majoadiee Baseball presents a unique
situation in which an employee’s performance igdiy observable, and marginal
productivity can be measured. The question artbes, In a competitive market where
productivity can be observed, does a laborer’s wadact equal her marginal product?

In baseball, a player’s productivity can be dedias his contribution to a team’s
winning percentagéOn offense, players generate wins by compilingtjves
contributions (singles, doubles, triples, etc.)lelaivoiding negative plays (namely,
outs); defensively, the goal is the reverse. A @tayvalue can then be determined by
analyzing his numbers in each statistical catedarthis paper, | will investigate
whether teams appropriately value those contribstielative to their actual value. Using
data from 1999-2009, | will estimate a salary emumaand compare the estimated
coefficients to what a statistical analysis of l@sledetermines to be the appropriate

value for each category.

2|f a team’s revenue is dependent on performanike¢eckvariables other than winning, the appropriate
definition of a player’s productivity may be hisntdgbution to a team’s revenues, if baseball owhsok
to maximize profits rather than wins. (Likely, awrger’s utility function is in fact a combination bbth.)
However, it is a common assumption in the literatiimat revenues are a function of winning, in wrdake
the owner’s utility function is of no importance.



The focus of this paper will be on contracts styimefree agency rather than
those agreed to in arbitration. Arbitration eligilglayers are paid less than free agents
(Burgers and Walters, 2009), and arbitration pretua player’'s salary from being
determined in a competitive market. In free agenaythe other hand, 30 teams can bid
for a player’s services. Free agent contractsteeetore awarded in competitive markets
with close to perfect information, making for adhetically appealing data set.

Teams bid for players in free agency both to adwbut also to fill out their
roster. Baseball is a highly profitable businesshEs reports that in 2009 the average
MLB team had a profit of $17.4 million, with onlwb teams losing money. Moreover,
as Fort (2006) points out, the monetary value gtball ownership goes beyond
operating profit, and includes shelters from fetlereome taxes, spillovers to other
wealth generating elements of the owner’s portfaind profit taking from the expense
side. Additionally, due to a strong revenue shasystem in which 31% of all local
revenues are split evenly between the teams asawall national revenue, it is not
necessary for an MLB team to win to be profitalihefact, according to Forbes, the third
most profitable team in 2009 was the Washingtonaddats, who lost 103 games.

Therefore, unlike other businesses, baseball téwwes a strong incentive to
employ a full roster of players regardless of timearginal product to avoid censure from
the other teams and to lay claim to what are praltyi guaranteed profits. This unique
feature makes the market for MLB free agents dffiefrom other labor markets in an
important way; namely, the alternative to signingj\aen player is signing a minimum-
salaried player, rather than no one at all. Theecbicomparison point for a player’s

production, then, is the production a team woutztie from a minimum-salaried



player, rather than no player at all. Prior toraating a salary equation, | will therefore
estimate the expected contribution of a minimunassadl free agent.

The paper will proceed as follows: Section Il vaitbvide a literature review.
Section Il discusses how runs are scored. Set#i@xplains the concept of freely
available talent. Section V presents my methodokogy analysis. Section VI answers
some related questions and ties up some loose 8adon VIl concludes and provides
directions for future research.

Literature Review

Baseball has long provided a fruitful ground ofdstfior economists. Unlike other
industries, performance is easily observable iebals, making it possible for
economists to estimate with some precision a playearginal product. Moreover, there
exists a detailed and accurate data record for Magague Baseball going back to 1871,
which is publicly available and easily accessihlgtil an arbitrator’s ruling struck it
down in 1975, MLB contracts contained a reservasgavhich tied players to their
teams, giving owners total determination over plagdaries. The arbitrator’s ruling,
however, paved the way for free agency, in whi¢ihviaB teams are free to bid for a
player’s services. Thus, for the past 35 years, &igent salaries have been determined
through a competitive market process, making thikth@ more useful for analysis under
an economic framework.

The seminal paper in this field is Scully (19749uBy examines the economic
effects of the reserve clause by comparing plagiaries with his estimates of their
marginal revenue products (MRP). To do so, Scuigt Estimates an equation relating a

team’s offensive performance, as represented lggslg average, and its pitching, as



represented by strikeout-to-walk ratio, to winnpegcentage. Scully then relates winning
percentage to revenue; joining the two equatiolesvalhim to estimate MRP for

individual players. He concludes that over theneess, average players under the reserve
clause receive about 20 percent of their MRP, wdtées receive just 15 percent.

Player salaries have skyrocketed since the abolitidhe reserve clause, bringing
player compensation more in-line with MRP. Playbsyever, do not become free
agents immediately upon reaching the major leagustead, they play three years under
team-determined salaries (essentially equivaletiteaeserve clause), and then go
through three years of final arbitration beforeafip gaining the right to free agency.
MacDonald and Reynolds (1994) examine data fron6488 and find that experienced
players (those who have reached free agency) aermpaccord with the estimated MRP,
while young players tend to be paid less. Burgér\&alters (2009) estimate that players
receive between 44 and 64 percent of their MRRbitration, with the number
increasing as they grow more experienced and neamency. It is for this reason that |
choose to focus on the free agent market for pkayehile avoiding contracts agreed to
outside of free agency.

Many if not most papers in this field try to estiman equation relating player
performance to salary. The complexity of these 8gns can vary significantly: Scully
(1974) uses just one variable for hitters, whiletiebr (2005) includes 14. An important
consideration in estimating such an equation isrd@hing which non-performance
variables need to be controlled for. Some econenis¢ a team’s payroll rank or market
size, but Brown and Jepsen (2009) show that highemue teams do not pay more for

the same performance. This result is intuitivenié @onsiders the baseball labor market



not as a market for players, but as a market fasywhich are provided in different
amounts by different players. There is a fixed spppwins on the free agent market in
any given year, and a demand curve based on testhsgness to pay. There exists then
a market clearing price for wins, which all team¥ pay.

One consideration in estimating a salary equasdhat salary on the free agent
market is jointly determined with contract lengRisk-averse players may be willing to
trade off less salary for more years. Meltzer (9Qges a two-stage least squares
estimation technique to derive the impact of cartlangth on salary. He finds that even
when controlling for other variables, longer contsaare associated with higher salaries,
but that young improving players tend to receivegloontracts at low salaries while
chronically injured players tend to receive shoc@mtracts at salaries that are in-line
with their performance. Krautmann and Oppenheir2@02) also use a two-stage least
squares technique, but they include a cross termpeidormance and contract length.
Like Meltzer, they also find that longer contraate associated with higher salaries, but
the coefficient on the cross term is negative, ynmg lower returns to performance as
contract length increases.

While this paper will deal with hitters of noteBsadbury (2007), which examines
whether the market properly values pitchers baseith® statistics they can and cannot
control. Bradbury concludes that it mostly doesperly valuing strikeouts and walks
relative to their values in preventing runs whiiglgly overvaluing home runs.
Bradbury’s article shows rationality in labor markiecision on the part of baseball
teams, but many other studies find the opposit&ebland Sauer (2006) find that teams

undervalued on-base percentage until the publicatiaghe bookvioneyball in 2003.



Burger and Walters (2009) find that teams overvaitehers relative to position players
in the MLB draft and fail to decrease bonuses adtiy for players drafted after the first
round. Thus, the question of whether major leagaens make rational decisions in the
labor market is still an open one, and somethingpe to shine some light on in this
paper.
How Runs are Scored

The purpose of this paper is to explore whetheroMiagague Baseball teams
correctly pay for hitter contributions relativetteeir actual value, which can be
determined empirically. The goal in baseball isvin, and teams win by scoring more
runs than their opponents. A hitter’'s value, thream be defined as his contribution to the
runs scored by his team. The question is how idd®di statistics can be tied to run
scoring on a team level. Baseball statistician®egdly use a method known as linear
weights, which was introduced by Thorn and PalreB4).
Thorn and Palmer observe that the run potentiahgfgiven situation in baseball can be
categorized based on the bases occupied and thegenwfouts in the inning. There exist
eight potential combinations of bases occupied—®an, man on first, man on second,
man on third, men on first and second, men on dinst third, men on second and third,
and bases loaded—and three potential numbers sfedro, one, or two—as the third
out ends the inning. In total, then, there are @&mial combinations of bases and outs,
and we can empirically determine how many runsesocoraverage from each base-out
situation to the end of an inning. This number Thand Palmer call the run expectancy

of the situation; that is, if we there are so manis in an inning and the following bases



are occupied, how many runs can we expect to sidore the inning is over. Figure (1)

presents a run expectancy matrix for 2608.

Figure 1. Run Expectancy Matrix, 2008

Outs
0 1 2
0.52 0.28 0.11
1-- 0.90 0.53 0.23
-2- 1.15 0.69 0.33

1.50 0.97 0.35
12- 1.53 0.92 0.46
1-3 1.77 1.16 0.48
-23 2.01 1.42 0.59
123 2.31 1.59 0.80

Men on Base
&

With zero outs and no one on, the run expectan@yb runs. Not coincidentally,
the average major league in 2008 scored exactB/iiss per inning. At the start of an
inning, we would obviously expect a team to scoB2@uns, and then of course it should
hold that this would be the case at any point wthenre are no outs and no men on-base.
If the hitter leads off with a single, we now haveunner on first and no outs, resulting in
a run expectancy of 0.90 runs. It might be saienthhat the single is worth 0.90 — 0.52 =
0.38 runs in this situation, as it has increaseditiimber of runs we expect the team to
score in the inning by 0.38. If the next hitter kk® a home run out of the park, the run
expectancy drops back down to 0.52, but two russ store, so in total it can be said
that the run home run was worth 0.52 — 0.90 + 2.Q062 runs. This exercise can be

performed for every single, every home run, an@é@uevery play that happens in a

® Numbers courtesy of Baseball Prospechitp(/www.baseballprospectus.com/




major league season. Averaging out the changeniexpectancy for each event can tell
$us the value of that play. This idea Thorn andri@alcall linear weights.

The weights | use are based on Ruane (2005), wholages linear weight values
for each league from 1960-2004. The values varly wih environment: Some
categories, such as sacrifice flies, move strodglyending on the number of runs that is
scored per game, while others, such as home ranslylmove at all. For each category,
| run an ordinary least squares (OLS) regressitating the value of the event to run
environment, and then apply those values to th& 20f0erican League. These are the
linear weight values | will use throughout this paps a benchmark for the correct value

of each event. They are presented in Figure (2).

Figure 2. Linear Weights, 2008 American League

Event | Value

1B 0.470
2B 0.775
3B 1.057
HR 1.401
BB 0.317
HBP 0.346
ouT -0.252
SB 0.188
CS -0.447

On average, a single raises a team’s run expectan@y47 runs, while a home
run increases its run expectancy by 1.40 runs.rGilvis, teams should be willing to pay
roughly three times more for each marginal homethan for each single. Any other

relationship would imply a mis-valuation of onetstiic or the other by the Major
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League Baseball market, despite the fact thatitlead weights system has been around
for 25 years and the values of each event are giynarell-known and easily obtainable.
Fredy Available Talent

It is imperative for this study to first define whanstitutes a player’'s marginal
product. Generally, economists have either useglsigounting statistics (such as the
number of runs scored by a player, or his totaloime of the categories that will be used
in this paper) or a combination or rate statistgesch as the percentage of times a player
gets on-base, or the number of bases he gaing-pat)aand playing time statistics (such
as plate appearances). | argue that neither agpre@orrect. Rather, a player’s marginal
product is his contribution over and above whaea faigent available for the Major
League minimum salary would produce.

The economics of Major League Baseball ensureeteaty team will want to fill
its roster to the 25-man limit set by the MLB. Aate that did not employ players at every
position would be put at a significant competitdisadvantage, one which all but ensures
that the marginal revenue product (MRP) of eveayet as compared to employing no
one at all will be greater than zero. Moreoveean that did not fill all of its roster spots
would likely face extraordinary criticism from bois fans and other teams, the former
significantly impacting local revenues and thedatreating the risk of the owners losing
their franchise rights, which are extraordinarigluable. Since a team that employs
minimume-salaried players at all positions is gjillaranteed a hefty profit—teams appear
to receive roughly $40 million apiece from the M(®ntral Fund according to Deadspin
(2010), whereas a payroll consisting of only minimsalaried players would be just $10

million—it is inevitable that all teams will do sti.only takes a look at off-season chatter
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by fans and columnists to confirm this fact: Thesfion is neveif the hometown team
will sign someone to play shortstop, bwio.

Of course, we can test to see whether Major Leégpras in fact value a player’s
marginal product as his performance over and abmteof a minimum-salaried player
rather than above zero, and | will do so latehis paper. However, | am forced to first
calculate and use the minimum salary baselineatd ttan build a performance metric,
which will be important for calculating baseballesffic inflation over time' Calculating
the minimum-salary baseline is a relatively sintplek. | take all players from 1985-2009
who signed as free agents in the off-season fonok@ than twice the minimum salary in
that year and adjust their numbers to the context of theB2®@erican League (a
necessary step, as offensive levels in Major Le&aseball are highly inconsistent from
year to year). The next step could be as simpsiasning all those numbers and
calculating the average for each position, howéweresults of such an operation would
be biased upward and unrealistic. This is a prolifeahSilver (2006) ran into when he
attempted a similar exercise, and | will quotedxplanation for its lucidity:

Say that the Mariners’ Pacific Rim scout is onighfl with a pilot that has
had far too much sake and happens to land in Ykk8ibera instead of Sapporo,
Japan. The intrepid scout can’t get a flight bactl the next day and decides to
take in a Yakutsk Yaks game, where he discoveet afgwin left-handed
pitchers, Miroslav Borscht and Radoslav Borschtwhch hit 95 on his JUGS

gun. The twins are given non-roster invitationg] an all-expenses paid trip to

* As | will show in the next section, baseball sigsihave increased at a much faster pace tharetrera
rate of inflation over the past decade, and thiimething that must be adjusted for.

® | do not limit myself to players who were paidaty the minimum so as to significantly expand the
sample size. The results if using minimum-salapkgers would be similar, but less stable when énok
down by position. Twice the minimum salary is stilump change in baseball terms.
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Peoria, Arizona. Miroslav turns out to be the Ozzanseco of the pair, with a
weakness for flavored vodkas and Maricopa Couriiy&st topless bars, and is
cut a week into camp, while Radoslav emerges atetlma’s second starter.
Obviously, we'd have a selective sampling issuedfgave full credit to
Radoslav’s performance, while forgetting about Miav entirely—one of the
risks when signing an unknown player is that yoly maste a significant number
of at bats on him before you figure out that heds even qualified to carry Mario
Mendoza’s jock. The chosen solution was to “maxérgene’s playing time at
the rookie minimum of 130 PA. So, even if the plagkayed a full season, his
statistics were weighted as though he’d only ha@RA. If the player had fewer

than 130 PA, then his playing time was taken as is.

| employ Silver’s solution, capping each playetatistics at a weight of no more than

130 plate appearances. Figure (3) presents mytsepub-rated to roughly a full season

of plate appearances (700).

Figure 3. Performance by Freely Available Talent (FAT), lysRion

Position |1B. 2B 3B HR SB CS BB HBP Park BSrun Field LW
C 99 30 1 13 1 1 56 7 1 -4 -2 -39
1B/DH |104 32 2 17 4 2 69 6 -1 -2 -1 -15
2B 116 32 3 10 9 3 58 7 0 1 -5 -20
3B 102 31 3 13 6 3 61 6 -1 0 -2 27
SS 110 30 3 9 6 3 46 5 0 -1 -6 -41
LF 105 32 4 12 13 4 67 5 -1 2 0 -13
CF 111 27 4 12 22 9 60 6 1 0 0 -23
RF 106 32 3 19 7 2 58 7 1 0 -1 -13

® Note that some less important categories have leéeout of the table for space considerations,ara
included in the linear weight calculation and available from the author upon request.
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The results confer with intuition: Minimum-salatiplayers, or Freely Available
Talent (FAT), as | will call the baseline from nan, are well below-average, though just
how far below varies, with corner outfielders clotkin at -13 runs while FAT
shortstops are an incredible -41 runs per 700 Pt Thakes sense: Shortstop requires
much greater defensive skill, and so a minimumrsadashortstop will not be nearly as
good a hitter as a minimum-salaried left fieldere ¥so see that the skill composition at
each position varies: Right fielders and first lmase tend to hit twice as many home runs
as shortstops, while catchers tend to be signitfigdrelow average base runners.
Methodology & Analysis

From a theoretical standpoint, | assume that teamers maximize their own
utility, which is a function of profit and winningprofit, of course, is simply revenue
minus costs, or formally,

n=R-C

Revenues include a remt, that teams receive simply for playing (which udes revenue
received from the MLB central fund, plus revenuesf attendance and local media
contracts that will accrue to a team filled withnmmium-salaried players), plus a variable
amount that is dependent on the team’s marginatotai:

R=a+r(W)
Costs, meanwhile, include a fixed cost of operati@ncluding the cost of a roster of
minimume-salaried playersp, plus a variable cost that is dependent on thebeurof
marginal wins that the team purchases:

C=¢+cW)

Combining the two functions, we get:
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nW)=a-¢+rW)-cWw)
Sincea andg are constants, we can simply observe that sodsng> ¢, teams will
always choose to incur the fixed costs of operatiamd thus always at least hire a roster
full of minimum-salaried players. If owners derigieect utility from each win,
U =U (n(W),W)

Maximization of utility will imply that,

u, dn  ou _

omr dW oW

Re-arranging the equation, we get:

ouU
dr _ aw
dw ~ U
o

Assuming that an owner derives positive utilitynfrevinning (that ispU/o0W > 0), the
implication is that s/he will spend more to puraasmarginal win than that win is worth
in terms of revenue. Each owner’s utility functisrof course unique; some owners
surely value winning more than others, and sommsezsurely derive more revenue from
each marginal win than do others. At the same thoejever, all owners ultimately
purchase wins in one market, and so the cost ohaswdictated by the law of one price.
At the margin, each owner will value wins identlgait just takes a different number of
wins for each owner to arrive at that margin. Thstof a marginal win in the free agent
market, then, is determined by the intersectiothefsupply of wins and the sum of the

owners’ demand curves.
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For the empirical test, | employ a unique datalzd$eee agents signed between
off-seasons of 1999-2009 for the empirical analisthis papef.Data for 2008-2009
was taken from the ESPN Free Agent Tracker, wlala dbr the previous seasons was
generously donated by Dave Studenmund of The HHArBinaes. | limit myself to
players who signed multi-year contracts, as playérs sign one-year deals tend to have
significantly different characteristics and also caceive a significant portion of their
compensation through incentives and performancedeswhich are not captured in my
database. That leaves 240 players in my sampli,oeittract lengths ranging from 2-10
years, and salaries from $300,000-$27,500,000 gur. y

Contract amounts must be adjusted for inflatiart,dwing so is not
straightforward. Multi-year contracts are signethaut knowledge of future inflation, so
it Is necessary to use some form of inflation exg@ans. While it would probably be
optimal to use TIPS market spreads at the timbé@tontract signing, | employ a simpler
solution, observing that inflation consistently eaged 2.5% over the period covered by
my data sample. | therefore assume a stable inffilaxpectation of 2.5% per year, and
convert all contracts into 2009 dollars. Contractstreated as an annuity, an important
feature since longer-term contracts will tend teena lower present value than shorter
deals signed for the same dollar-per-year amouherkefore use the following equation
to estimate an adjusted per-year contract amourerei.ength is the length of the
contract,Guarantee is the amount of salary guaranteed throughoutdinéract, andVear

is the year the contract was signed:

" The years signify the first year of a player's want, meaning that the earliest free agents irsample
first played under their new contracts in 1999, lavkiie last free agents first played under thew ne
contracts in 2009.



16

l Length
~ ( 1025}

Adjusted $/Year = OZE x Guarantee x 1025(2005*\(6@)
Length

One potential pitfall of this method is that satarare assumed to be constant throughout
the time of the contract. This oftentimes is naet—contracts tend to be back-loaded,
with larger salaries being paid out in the latteans—but the real problem occurs if the
bias is not consistent; that is, if the term stuues$ of contracts vary. Insofar as they do,
the adjusted salary amounts | use may be incoteding the final results.
Unfortunately, | could not locate an easily acdgsssource containing term structure
information for the years studied, so we must hibae any existent bias is small.

It is not, however, enough to adjust baseballrgsdor economy-wide inflation.
One thing previous empirical examinations of theBvMabor market have not done is
also adjust for baseball-specific inflation. Thimiesion severely biases the results, as
contracts signed in later years tend to look muelatgr than those that came before
them. For example, in 1999, Roberto Alomar signedraract that paid him $8 million
per year. He was an All-Star each of the next tlyezgrs, and a top-four MVP candidate
two of them. In 2007, Nomar Garciaparra also signéeal paying him $8 million a
year. He proceeded to contribute minimal to no eaver a FAT player over the next
three years of his career. Clearly, by 2007, $&onildidn’t buy what it used to.

| compute the marginal product for each free agenty sample by calculating
his statistics in the first year of his contradj(ested to the context of the 2008 American
League) relative to a FAT player at his positiamg ghen applying to those numbers the
linear weights derived earlier in this paper. Intlealculate his marginal salary—that is,

the salary he was paid above the league minimumustetj for economy-wide inflation,
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and find the number of dollars in each year thaewequired to purchase a marginal run
on the free agent market. As Figure (4) clearlyshdhough that number varies
substantially from year-to-year due to random \temmg the overall trend is clearly
inflationary. Overall, the price of a marginal rimcreased from $225,336 in 1999 to
$619,633 in 2009, an annualized inflation rate@B%? Therefore, | adjust the figure
derived from Equation (1) by a further 10.6% peairyt® express all salaries in 2009

MLB-equivalent dollars.

Figure 4. MLB Inflation-Adjusted $/Marginal Run, 1999-2009

M L B-Specific I nflation, 1999-2009

1,600,000
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Year

Just as | adjust salaries for inflation, | alsquatiall players’ numbers to put them
into the context of the 2008 American League, &snsive levels have fluctuated
significantly over the years of my sample. Figlsgghows the statistical categories |
use, as well as their means and standard erranmwiite sample. | use a player’s

statistics in the first year of his contract, imply rational expectations on the parts of

8 It is important to remember that this number iswated after adjusting all contracts for econowigle
inflation. Therefore it can be said overall fre@agsalaries over the past decade have increasaiodoy
10.6% + 2.5% 13% per year.
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Major League Baseball teams. Though it would béepable to use a player’s
performance over the length of his contract, thatill severely cut down the sample by
excluding players whose contracts have not yetendeaddition to traditional hitting
categories, | include the number of runs aboveetovi average that the player
contributed on the bases, the number of runs abolelow average that he saved in the
field, and run impact of his ball park so that @es/who sign with teams that play in
good hitters’ parks do not look better than thetyialty are and vice-versa. Those
numbers are then compared to what a FAT playerdvoave contributed in the same
number of plate appearances to arrive at the plagearginal contribution in each
category. The vector of those marginal contribugithe player’'s marginal product.
Since a marginal run cost $619,633 in 2009, we Wewnpect a player's marginal salary
(that is, his salary minus the league minimum)akd by that number to be equal to:

0470xmlB + 775xm2B + 1057x m3B + 1401x mHR+ 317x mBB
= + 346x MHBP + 188x mSB - 447x mCS — 1000x Park
+ 1000x mBSrun + 1000x mField

619633

| empirically estimate this equation, controllingafor whether or not a player
was re-signed. The estimated equation takes thenwiolg form, whereX is the vector of
production variablesR is a dummy term indicating whether or not the playas re-
signed by his team, ands the error term:

mSal
619633

= X +AR+¢

The results of the regression are shown in Figbixelf(baseball teams are correctly

valuing hitters, then the empirically estimatedf@ioents should match the expected
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coefficients presented above. Thus, | compare dtimated and actual coefficients, and

calculate whether or not any differences are sieaity significant.
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Figure5. Variable Definitions and Summary Statistics

Variable | Definition Mean |SE.
1B Singles. 71.2| 33.726
2B Doubles 21.7| 10.926
3B Triples. 19| 2.178
HR Home runs. 12.4| 10.842
BB Walks. 42.5| 27.914
HBP Hit-by-pitch. 3.9 3.425
SB Stolen bases. 6.4 8.938
CS Caught stealing. 2.3| 2.502
The run impact of the player’s park,
Park defined as the number of extraruns  go| 2.314
the player would be expected to
create due to his ballpark.
BSrun Bas_e running runs, as calculated by 51| 2211
Smith (2010).
Field Fiel.ding runs, as calculated by 02! 7910
Smith (2010).
Figure 6. Regression Results
Variable B SE. Expected T-Value P-Value
Re-Sign 4633 1.684 0.000 2.75 0.00p
m1B 0.565 0.072 0.470 1.32 0.188
m2B 0.736  0.160 0.775 -0.24 0.808
m3B -0.300 0.486 1.057 -2.79 0.006
mHR 1.327 0.121 1.401 -0.61 0.541
mSB 0.283 0.197 0.188 0.48 0.630
mCS -0.315 0.597 -0.447 0.22 0.825
mBB 0.363  0.055 0.317 0.84 0.404
mHBP 0.094  0.295 0.346 -0.85 0.394
run_imp -0.641  0.368 -1.000 0.98 0.330
mBSrun 0.684  0.546 1.000 -0.58 0.563
mfielding 0.018  0.104 1.000 -9.44 0.000
R?=0.709
F =46.38

SE.=12.84




21

Only three categories show significant results:sRging, triples, and fielding.
Teams appear to pay more for players they re-gigingating that there is no such thing
as a hometown discount as far as the MLB labor ataskconcerned; in fact, the effect is
very much the opposite, with teams paying moreg(figctor of almost $3 million per
year) to re-sign their own players. This might bational response to the fact that teams
know more about their own players, and thus migitthed competitors for hitters that
they expect to play well, while letting go thosattthey expect to decline. Indeed, Swartz
(2010) finds evidence that re-signed players parfbetter than those who leave for
another club. The negative coefficient on tripea imystery, but not a particularly
important one. As shown in Figure (5), the avetaitfer in the sample averaged fewer
than two triples per season, with a relatively tigiread at that. Moreover, since triples
likely decline strongly with aging due to their gtelependence on a player’s speed, it is
likely that both the mean and spread decline funtiaest the first season of a player’'s
contract. Given these facts, it is clear that éspinake up a very small proportion of a
hitter’s value, and while that is no reason for Middms to ignore them, it is an
indication that such ignorance is of relativelyldiimportance.

The final significant coefficient, however, doees quite important. The
regression finds that teams seem to place absplubelveight on a player’s fielding
abilities, even though they make up a large porti@naverage player’s marginal product.
Returning to the summary statistics in Figure 5% apparent that only singles and
home runs have a significantly greater spreadringef runs than does fielding,
implying that only those two categories should belearly greater importance to Major

League general managers. Instead, from 1999-2008, télams appeared to place no



22

weight on a player’s fielding ability when offerifgm a contract. Anecdotal evidence
serves as confirmation of the empirical findings2010, a multitude of media stories
focused on a new emphasis being placed by tearfisldimg and statistical measures of
fielding ability. See, for example, Benjamin (20,1@)scussing the fielding-focused off-
season acquisitions by the Boston Red Sox, asaseimilar strategies adopted in recent
years by the Tampa Bay Rays and Seattle MarinedsGaegory (2010), where the
author posits that “a sharper focus on defense grfront offices has clearly assisted” in
lowering run scoring across the MLB. Benjamin (20430 provides an insightful quote
from Red Sox General Manager Theo Epstein: “Tedmays understood the value of
defense,” Epstein explains. “I think, if anythinlge explosion of offense in a certain
period 10 to 15 years ago might have swung theyanda little too far in the other
direction.It was probably being overlooked too much.” [ltalics added.] Epstein’s
anecdotal impressions are confirmed by the empirgsaults, and vice-versa. It appears
that even in the competitive baseball market footainefficiencies can still exist.
Related Questions

Did Moneyballchange how teams value players?

Michael Lewis’ best-selleMoneyball, released in 2003, chronicled the
unparalleled success of the Oakland Athletics, mianaged to win 481 games in the five
years prior to the book’s publication, an averag@6wins per season, while operating
on a consistently small budget. Lewis attributesl Athletics’ success to their ability to
find under-valued players, specifically playershaiigh on-base percentages but
otherwise unimpressive numbers. On-base perce(tdgie) measures how often a

player makes it on base (or, to put it another va&pjds making an out) on a per plate
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appearance basis. Until the publicatiorMuaineyball, on-base percentage was a fairly
obscure statistic, shunned in favor of the morditi@nal batting average (BA), which
measures a hitter’s propensity to get a hit invemgiat-bat. The essential difference
between BA and OBP is that OBP adds walks andyapiteh both to the numerator and
denominator employed in the batting average cdiomdit also adds sacrifice flies to the
denominator, but that's a small factor). In otheres, Lewis’ argument could be re-
stated to say that teams, at least from the y&#8-2003 were undervaluing walks (and,
to a lesser extent, hit-by-pitch, which are simgplyuch less common event with a much
smaller spread in the population—see Figure 5).

Hakes and Sauer (2006) purports to find strondenge for Lewis’s thesis. They
estimate earnings equations for each of the sedsmms2000-2004 and find that OBP
was significantly undervalued until the publicatmiiMoneyball, but that in the season
after the book’s publication, 2004, the labor madarected, and OBP became properly
valued thereafter. Hakes and Sauer (2007) expaedsttidy to a greater number of
years, and re-affirms the conclusions reacheddretlier paper. There seem to be,
however, a number of problems with the two paggirst of all, both papers include in
their samples all players with at least 130 at-batke previous season. Not only does
that mean that the samples used in those papdusiéna significant number of players
whose salaries were not determined in the free etgpkayers are eligible to become free
agents only after playing for six years in the m#gagues), but it also means that most
players included in their samples did not in famtdatheir salary determined prior to the
season examined. For example, many if not moseptan the 2004 sample, which

Hakes and Sauer (2006) argues shows a drastic elvaptpyer valuation, in fact signed
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their contracts prior to the publication bneyball, so that a dramatic shift in the OBP
coefficient from “incorrect” to “correct” could havwccurred only due to statistical
variation, or, in fact, a dramataver correction of the market. This is one problem;
another is that Hakes and Sauer (2006) definesipeaihce variables (on-base
percentage and slugging average), positional i@sgoatcher and infielder), and
playing time variables (plate appearances) sepggratbereas, as should be clear from
the section of this paper defining Freely Availabident, these variables all interact and
should be treated multiplicatively. Teams pay a&lvat to play consistently and to hit;
they do not pay someone to be a catcher, and ttaitianally to play, and then
additionally to hit. As such, Hakes and Sauer'spehdent variables suffer from
misspecification and collinearity.

The question raised by Hakes and Sauer (2006)eWenwis one of interest: Did
the labor market undervalue walks (or hit-by-pitahjil the publication oMoneyball,
and did it correct after 2003? Such a questioneaaily be answered within the context
of this paper, merely by splitting the sample ugetdvo, and running the regression seen
in Figure 6 separately for the years 1999-2003200#-2009. The results of these
regressions can be seen in Figures 7 and 8 belalao frun a broader regression, which
uses dummy variables interacted with the perforraamciables, multiplying by 1 for
seasons from 1999-2003 and by 0 for 2004-2009.r@dts for that regression are

printed in Figure 9.



Figure 7. Regression Results, 1999-2003

Variable B SE. Expected T-Value P-Value
Re-Sign  -0.078 3.425 0.000 -0.023 0.982
m1B 0.789  0.147 0.470 2.17 0.032
m2B 0.611  0.301 0.775 -0.54 0.589
m3B -0.111  0.900 1.057 -1.30 0.198
mHR 1.858 0.236 1.401 1.94 0.056
mSB 0.275 0.395 0.188 0.22 0.82b
mCS 0.310 1.030 -0.447 0.73 0.46p
mBB 0.380  0.099 0.317 0.63 0.528
mHBP 0.805 0.614 0.346 0.75 0.45y
run_imp  -0.964 0.621 -1.000 0.06 0.95¢4
mBSrun 0.686  1.123 1.000 -0.28 0.781L
mfielding 0.077 0.191 1.000 -4.83 0.00d

R’ =0.780

F =24.88

SE. =14.93

Figure 8. Regression Results, 2004-2009

Variable B S.EE. Expected T-Value P-Value
Re-Sign 7.458  1.643 0.000 4.54 0.00p
mlB 0.411 0.075 0.470 -0.79 0.43(
m2B 0.979 0.173 0.775 1.17 0.242
m3B -0.050 0.513 1.057 -2.16 0.033
mHR 0.903 0.126 1.401 -3.94 0.00(
mSB 0.398 0.205 0.188 1.03 0.306
mCS -0.743  0.670 -0.447 -0.44 0.659
mBB 0.248 0.068 0.317 -1.01 0.315
mHBP -0.299  0.285 0.346 -2.26 0.02%
run_imp  -0.579  0.455 -1.000 0.93 0.356
mBSrun 0.369  0.587 1.000 -1.08 0.284
mfielding -0.027 0.107 1.000 -9.64 0.00(@

R°=0.702

F=28.18

SE. =9.98
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Figure 9. Regression Results, 1999-2009 with Dummy Variables

Variable B SE. Expected T-Value P-Value
Re-Sign 7.458  1.999 0.173 3.730 0.00
m1B 0.411  0.091 0.233 4.504 0.00d
m2B 0.979 0.211 0.242 4.639 0.00d
m3B -0.050 0.624 -0.004 -0.080 0.936
mHR 0.903 0.154 0.363 5.871 0.00d
mSB 0.398  0.249 0.126 1.598 0.111
mCS -0.743  0.815 -0.065 -0.912 0.363
mBB 0.248  0.083 0.196 2.983 0.003
mHBP -0.299  0.347 -0.039 -0.863 0.38¢
run_imp  -0.579 0.553 -0.058 -1.046 0.29]
mBSrun 0.369 0.714 0.034 0.516 0.606
mfielding -0.027 0.130 -0.010 -0.211 0.833
Re-Sign  -7.536  3.430 -0.107 -2.197 0.02
m1B 0.378  0.150 0.127 2.518 0.013
m2B -0.367  0.323 -0.057 -1.135 0.258
m3B -0.061  0.962 -0.003 -0.063 0.95(
mHR 0.955 0.246 0.258 3.883 0.00d
mSB -0.123  0.406 -0.023 -0.302 0.763
mCS 1.054 1.169 0.060 0.901 0.369
mBB 0.132 0.116 0.078 1.136 0.257
mHBP 1.104  0.608 0.081 1.816 0.071
run_imp -0.385 0.749 -0.030 -0.514 0.60¢
mBSrun 0.318 1.160 0.020 0.274 0.784
mfielding 0.105 0.203 0.024 0.516 0.606

Re=0.754

F=27.55

SE. =12.15

The results in the first two regressions overattespond well with the earlier

findings in this paper, the one exception being btimane runs appear to have been
undervalued in the years 2004-2009. Without a valiplanation for that finding,

however, it seems safest to assume that the rédsaligh statistically significant, is
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merely a product of random noise, which will cagsen probabilistically unlikely
results to pop up given enough variables and tast$or walks, however, they do not
appear to have been undervalued in the free agarketprior to the publication of
Moneyball, and it does not appear that teams marked updtlne wf walks thereafter. In
fact, though both results are not significantlyfetiént from the expected coefficient of
0.317, the observed coefficient on walks actuatbpd from 1999-2003 to 2004-2009,
from 0.380 to 0.248.

The regression in Figure 9 shows similar resoltwhat we find in the separate
regressions. Notably, it does provide a betteral/ét than the regression in Figure® (
= 3.24,p < 0.001), indicating that there was a significdifference in how teams valued
the variables of player performanoently before and after the publication Mbneyball.

If anything, however, that change was due to tealansng less weight on singles and
more on home runs, rather than a greater appreciédr high-walk hitters.
Do teams place too much weight on recent years?

In much of this paper, | try to identify whetheetMLB labor market correctly
values various statistical contributions by induedl hitters, but there also exists the
guestion of whether they correctly weigh past penfince in order to project a player’s
future marginal product. For example, psychologidtsen refer to the recency effect,
which suggests that human beings tend to recahtezvents better than those that came
before them. The recency effect might cause tearptate too much weight on recent
performance, while discounting what a player haseda prior seasons. Anecdotally,
there exists the idea that some players perfortetiettheir “contract year” (the season

before their contract ends) in order to obtain @ttt that pays greater than the value of
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their expected future marginal contractBiseball Between the Numbers (2006), author
Dayn Perry finds that players as a whole tend tperform expectations in their contract
years, due primarily to an increase in playing tilrading some credence to the
“contract year” theory, and giving cause to beligwa players might expect teams to
overweight recent results.

Procuring an answer to this question is a stréogivard exercise. | apply the
value formula derived in Figure 6 (minus the rengig variable) to the three seasons
prior to free agency for each player in my datappsaducing his marginal revenue
product for those three seasons as it might beiated by the teams. | then regress those
variables against the playesdstual marginal revenue product in his first season after
free agency (again using the coefficients from Fagk) as well as his salary. The
equations are as follows:

MRP; = a + BMP_, + B,MP._, + B.MP,_; + &

mSal = a+BMP_ + B,MR_, + BMP_; + ¢
If teams are suffering from recency bias, thencibefficient on the last season prior to
free agency should be greater when salary is therakent variable than it is when
regressed against actual marginal revenue prodbetresults for these two regression
(first with actual marginal product as the depend®niable, then salary) are shown in

Figures 10 and 11.
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Figure 10. Regression Results, Actual Marginal Revenue Pitoduc

Variable B SE. T-Value P-Value
a 7,068,091 656,853 10.761 0.000
MPy.1 0.177 0.040 4.398 0.000
MP., 0.103 0.039 2.621 0.009
MP;.3 0.137 0.040 3.422 0.001

R? =0.282

F=30.97

SE. = 8,030,205

Figure 11. Regression Results, Salary
Variable B SE. T-Value P-Value
a 4,160,054 688,108 6.046 0.000
MPy.1 0.143  0.042 3.384 0.001
MP., 0.053 0.041 1.285 0.200
MPy.3 0.176  0.042 4.176 0.000

R’ =0.228

F =23.20

SE. =8,412,304

The two regressions show fairly similar resultsj aone of the differences

between the coefficients are statistically siguifit (thep-values for the differences

between the coefficients dP;.1, MP;.,, andMP.3 are 0.419, 0.224, and 0.354,

respectively). In other words, it appears that tedmnot overweight recent results,

correctly understanding the value of recent pertoroe metrics relative to more dated

numbers. One potential snag that does bear ndtowgever, is that in both regressions a

player’s performance from three years prior apptalke more important than his

performance from two years prior. This is surebtatistical fluke—those who project

baseball players professionally have concludedftrdtitters, each season should
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receive roughly 25% more weight than the one thatebefore it.As both regressions
show the same effect, it seems likely that it camtbributed to a somewhat flukish
sample rather than random noise in the regressi@msselves. Thus, further researchers
might consider using a larger sample by taking atcount arbitration-eligible players,
as well as a great number of seasons to re-test tiesults.
Does performance relate to revenue in the same way as it relates to wins?

The model in this paper assumes that an ownality ig a function of his team’s
win total, both as it affects revenue as well &satditional utility derived from owning a
winning team, and that therefore owners will sefenumber of wins that maximizes
their utility. Insofar as winning affects revenitanight be useful to think about how a
team’s chances of winning affect the attendandeaivs for a given game, as attendance
makes up by far the largest portion of a team’sabée revenue. The crowd that a team,
draws for a given gamg,can be modeled as a function of the team’s mdMatket)),
the quality or newness of its stadiuBiadiumy), its chances of winning that gamai(;;),
and the quality of its opponer®gponent;). Presumably, teams from larger markets will
draw larger crowds, as will teams with better aveestadiums. As a team’s chances of
winning go up, fans are likely to show up in greatembers to root them on, and better
opponents should too bring in more fans, sinceytradity of play will be higher.
Mathematically, the model can be expressed as such:

Attendance; = f(Market;, Sadium, Win;;, Opponent;)

° See Cartwright (2010).
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Over a full season, | assume that the quality giomgnts will average out, and the team’s
chances of winning each game will add up to italfiecord™® So, over a full season, the
model will add up to the following:

Attendance = f(Market;, Sadium;, Win;)

If owners select a number of wins that maximitesrtutility, a rational market would
assign the proper relative value to each inputiohimg—that is, if a home run adds
three times as many wins as a single, then teamgdsbe paying three times as much
for a home run. In the main section of this papénd that this expectation holds
empirically with the exception of fielding, whiclppears to be undervalued in the MLB
free agent market. However, if a team'’s revenueselated to the underlying inputs of
winning in a different manner than that in whiclegk inputs contribute to winning, the
expectation that is applied throughout this papeuld itself be incorrect. For example,
Gassko (2008) finds that, controlling for a teamis total (and therefore, their effect on
winning) home runs tend to lead to higher attendahtthat case, if singles were not
associated with a team’s attendance beyond tHeictadn winning, it would in fact be
rational for teams to pay more than three timesiash for a home run as for a single, as
each home run would result in three times as mang twt also additional profit. In the
context of this paper, this provides a rationallamation for why teams might undervalue
fielding: Perhaps fans simply don’t show up to vmagood defense, so while quality
fielders contribute extra wins, they provide noitiddal profits. Conversely, if Gassko
(2008) is correct, that could mean that teams ettealy undervaluing home runs even

though they correctly value them in terms of tledfect on wins.

191t would be interesting to try to model attendansing game, rather than season, level data. Tdnigow
certainly be an interesting direction for futursearch.
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This proposition is easy enough to test, and gitilenmportance of this
assumption to my model, it certainly is necessa@mnpugh technically the proper
dependent variable to test would be a team’s vigri@venue, | use attendance as a proxy
since reliable revenue data is not available. Mbstteam’s variable revenue is derived
from ticket sales, and that which is not (i.e. potions, parking, and stadium advertising)
still should bear a strong correlation, so atteedashould make for a good stand-in. |
then specify two regressions, the first to showrglationship between wins and
attendance, controlling for a few key variableg] #re second expanding on the first to
include all the underlying variables affecting wthat were tested in the regression in
Figure 6. The first equation | specify appearsadlews, wheréMns denotes a team'’s
win total, Playoffs is a dummy variable indicating whether or not é&da the playoffs,
Expansion a dummy variable indicating whether or not it vaasexpansion team,
NewStadium whether or not the team was playing in a new atadMarketSze is the
team’s market size per Silver (2007), with an agenaarket indexed to 100, and the
subscripts are the same as throughout the resegdaper:

_ a+ BWins, + S Wins,, + B;Playoffs_, + 5,Expansion, + 5;Expansion,, +

Att. =
BsNewStadium+ S, MarketSze + £

The second regression replicates the first, but thié vector of performance variables
from the regression in Figure 6 added in. | alsdude two additional, important

controls: The number of runs a team was expecteddre based on its component
statistics (as provided by the BaseRuns forfiuknd the number of runs it was expected
to allow. These controls are pivotal because a'tamn/loss record may be affected

random luck and variation over the course of a@®d$ a team scores fewer runs than

1 See Heipp.
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might be expected based on its component stat{sticalows more), its win total will,
on average, be adversely affected; however, faghtrbase their assessment of team
guality based on their expected runs scored (atipwether than the actual number, as
that number is more indicative of the team’s actjellity of play. Therefore, if we did
not control for expected runs scored and allowezlmight (and indeed would) find that
various component statistics are positively coteglavith attendance, even controlling
for winning and other factors, when really we wohtsuffering from omitted variable
bias. The second regression takes the following fevhereBaseRuns is the expected
runs scored by the teamaseRunsA is the expected runs allowed by the team,)arsl
the vector of production variables:

_ a+ SWins, + S Wins,_, + B;Playoffs_, + 5,Expansion, + 5;Expansion,, +

Att. =
BsNewSadium+ [, MarketSze + B;BaseRuns + 5,BaseRunsA+ AR+ &£

My dataset consists of all team-seasons from 12@8-2300 in all), with all variables
except for the dummies adjusted for league averddesresults of the two regressions

are presented in Figures 12 and 13, respectively.
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Figure 12. Regression Results, Wins and Attendance

Variable B SE. T-Value P-Value
a -500,699 315,921 -1.58 0.114
Wins, 15,279 3,230 4.73 0.000
Wins.; 16,506 4,036 4.09 0.000
Playoffs., 115,280 100,168 1.15 0.251
Expansion 402,658 538,418 0.75 0.45
Expansion; 166,798 312,770 0.53 0.594
NewStadium 612,807 177,503 3.45 0.001
MarketSize 3,408 547 6.22 0.00(

R’ = 0.468

F=36.77

SE. =535,545
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Figure 13. Regression Results, Including Performance Vargable

Variable B SE. T-Value P-Value
a -77,491 3,579,349 -0.02 0.983
Wins 1,885 5,210 0.36 0.718
Wins., 12,549 3,906 3.21 0.001
Playoffs., 156,347 93,784 1.67 0.097
adj1B 590 3,907 0.15 0.880
adj2B -9,214 6,161 -1.50 0.136
adj3B -5,442 9,386 -0.58 0.563
adjHR -2,426 10,886 -0.22 0.824
adjSB -1,658 1,966 -0.84 0.400
adjCS 2,368 4,559 0.52 0.604
adjBB -1,313 2,744 -0.48 0.633
adjHBP -4,046 3,699 -1.09 0.275
adjField 2,067 921 2.24 0.026
adjBsRun -4,053 5,063 -0.80 0.424
BaseRuns 6,630 7,750 0.86 0.398
BaseRunsA -451 587 -0.77 0.443
Expansion 889,042 513,835 1.73 0.085
Expansion; 139,137 290,554 0.48 0.632
NewStadium 495,292 166,644 2.97 0.003
MarketSize 3,249 544 5.98 0.00(

R® = 0.566

F=19.22

SE. =494,147

The results in Figure 13 show that no productianable was significant gt <

0.01. In other words, attendance does not appdae tofluenced by the makeup of a

team’s production, outside of how that productioftuiences its win total, validating the

theoretical model and this paper’'s main empirieablits. Interestingly, the fielding

variable is significant gt < 0.05, but more interestingly still, the coeféint on the

variable is positive, meaning that good fieldingrntes appear to dramore fans than one
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would expect based on their won/loss record. Thdugblined to dismiss this as a result
of random noise (I am, after all, testing 19 vaeahn this regression—we should expect
one of them to show up significantgag 0.05 simply due to random chance), this does
indicate that if anything, MLB teams should be paynore for good fielders than their
contribution to the team’s win total alone wouldirate, rather than seemingly ignoring
fielding completely in valuing free agents.

Another result to note in Figure 13 is that, imtcast to the regression in Figure
12, the coefficient on thé/ins variable drops from 15,279 to 1,885 and goes fioemg
highly significant { = 4.73) to highly insignificantt & 0.36). The reason for this is the
inclusion of theBaseRuns andBaseRunsA variables, which are better correlated with
team quality than wins themselves, as they aretiiraed to performance, whereas wins
are a combination of a team’s performance andahdam variation that affects the
timing of that performanc¥ Since attendance is a function of a team’s expletiances
of winning (see the theoretical model at the beigigof this section), and its odds of
winning are dependent on the team’s expected pedioce, it stands to reason that
attendance can be better predicted using varidigsare more directly tied to a team’s
performance. The regression in Figure 13 appearsrtbrm that supposition. In fact, if |
altogether remove wins from the regression, bagtFttatistic and the adjusté&df
improve, from 19.22 and 0.537 to 20.35 and 0.588pectively. The results for this
regression are shown in Figure 14. Controllingderformance, a team'’s win total

appears to have no effect on its attendance.

2| fact, though none of the performance variahtessignificant, aff-test shows that the results in
Figure 12 present a significantly better fit thaoge in Figure 11K = 5.25,p < 0.001).
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Figure 14. Regression Results, Wins Removed

Variable B SE. T-Value P-Value
a 194,636 3,493,965 0.06 0.956
Wins.; 12,634 3,893 3.25 0.001
Playoffs., 160,409 92,965 1.73 0.086
adj1B 413 3,870 0.11 0.915
adj2B -9,550 6,081 -1.57 0.117
adj3B -5,991 9,247 -0.65 0.518
adjHR -2,905 10,788 -0.27 0.784
adjSB -1,717 1,956 -0.88 0.381]
adjCS 2,543 4,526 0.56 0.57%
adjBB -1,435 2,719 -0.53 0.598
adjHBP -4,148 3,683 -1.13 0.261
adjField 2,142 897 2.39 0.018
adjBsRun -3,952 5,048 -0.78 0.434
BaseRuns 7,170 7,593 0.94 0.34p6
BaseRunsA -583 460 -1.27 0.206
Expansion 900,397 512,082 1.76 0.080
Expansion; 146,763 289,339 0.51 0.612
NewStadium 493,654 166,325 2.97 0.003
MarketSize 3,259 542 6.01 0.00(

R® = 0.566

F=20.35

SE. = 493,382

Is there a tradeoff between salary and contract length?

Theory suggests that longer contracts shoulelsd being held equal, result in
smaller salaries, since players presumably haveverlrisk tolerance than owners, whose
risk is reduced by the fact that they employ aenost 25 players. This situation is

analogous to portfolio theory: If player-specifiskris o, then an owner’s risk is equal to

nxg?

<o for alln> 1. Empirical results, however, have not alwasftected theory.
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Meltzer (2005) finds a positive association betwsalary and contract length even when
controlling for performance, except for young ahdonically injured players.
Krautmann and Oppenheimer (2002) also find a p@séssociation between salary and
contract length, though their research does suglatthe returns to performance
decrease as contract length increases.

| do not include contract length in the regresseported in Figure 6, as salary
and contract length are jointly determined and rialdy correlated: Better players tend
to receive both longer contracts and higher saaifibe residuals of that regression,
therefore, are bound to be negatively correlated wontract length: Players that
underperform their salary will also have longertcacts than their performance would
indicate, and vice-versa. It is possible to avbat pproblem by instead grouping actual
and expected salaries by contract length—if thereitradeoff between salary and
contract length, then the two numbers would be etgaketo match at each length of
contract; if, as portfolio theory indicates, ownars more risk-tolerant than players, then
players with longer contracts should receive logadaries than expected. What actually
occurs? | report the actual salaries received dyegrk in my dataset, as well as their
expected pay, based on the regression in Figunel 6vih a further adjustment for the

tendency of that equation to under-predict salarfigure 13>

13 The regression equation under-predicts salariegalthe forced-zero intercept, which is a necgssar
annoyance. Allowing an intercept in the regressiattens the slope of the relationship betweenrgalad
performance, causing the coefficients to be sigaiftly underestimated.
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Figure 15. Actual vs. Predicted Salary, Grouped by Contrastdth

Years Total Adjusted Salary Total Predicted Salary  Actual/Predicted
2 $681,915,843 $515,972,420 32%

3 $623,464,872 $692,526,018 -10%

4 $471,605,999 $508,736,317 -7%

5 $402,331,452 $429,958,908 -6%

6 $111,105,776 $115,675,641 -4%

7 $102,942,831 $108,474,338 -5%

8 $87,667,560 $85,675,711 2%

10 $132,924,946 $156,939,926 -15%

At most contract lengths, actual and predictedrssanatch up fairly well, with

one glaring exception: Players that received twar gentracts out-performed their

expected salaries by 32%. That result is signifieap < 0.001. Just as in Meltzer (2005)

and Krautmann and Oppenheimer (2002), short cdstegapear to be associated with

lower than expected salaries. As for whyj, it islaac One possibility is that not all

players carry the same risks, and riskier playsrsasarded shorter contracts. Meltzer's

finding that chronically injured players appeardaeive shorter deals when controlling

for performance seems to suggest that conclusionn#&resting direction for future

research might be to explore whether players wpes®rmance is inherently subject to

more volatility (whether that be based on the viitaf their past performance, or some

sort of group-specific characteristic that is assted with additional volatility, such as

old age) receive shorter-than-expected contratis.résults presented here cannot speak

to such details, but they do strongly suggestlaters receiving two year contracts are

significantly underpaid relative to their peers.

|sthe cost of a win constant for all teams?
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One assumption made in this paper is that wheara signs a player, it signs him
for the marginal wins he can provide to the clul that those wins therefore can be
treated as a commodity; that is to say, that wieparchased at a singular market price.
This is not to say that all teams will target thene number of wins, but rather that the
value of amarginal win will be the same for all teams—the number ofsaat which
marginal value equals marginal cost will vary basedhe team’s revenue function and
the utility its owner derives from winning. (Seettiheoretical model earlier in this paper
for more detail.) That is not necessarily an imeitassumption: To many, it seems
obvious that larger market teams such as the Nesk Yankees or Boston Red Sox will
pay more per win than will teams from smaller mé&kespecially since they are likely to
target the limited number of star players that gasvide a significant number of
marginal wins. If this were the case, then the téical standing upon which the
empirical work in this paper is based would be lidvaHowever, Brown and Jepsen
(2009) find no evidence that higher-revenue teaaysmore for players than do their
lower-revenue counterparts. This is also a queshahcan easily be re-tested using the
results already obtained in this paper.

If large-market teams pay more per win than dollsmarket teams, then we
should be able to observe a correlation betweenegiduals obtained in the regression
detailed in Figure 6 and the market size of thaisgteam, as per Silver (2007). Instead,
there is almost no correlation between the tworggu = 0.04,p = 0.56). In other
words, larger market teams do not appear to paye@anore than would be expected

based on their statistical performance, confirnBngwn and Jepsen (2009) and
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providing some validation for a model that envisiéhe MLB free agent market as a
market for wins rather than players.
Conclusion

The purpose of this paper was to explore wheth@pM_eague Baseball teams
properly various categories of player performaratative to their marginal impact on a
team’s win. Neoclassical labor theory posits theewa worker’s productivity can be
observed, as is the case in Major League Basdtmialary will be equal to his marginal
product. If that were the case, then major leagaes would have to properly value the
various ways in which a player can contribute tirtlvin total. | find that for the years
1999-20009, this is not the case. Though teams peaao appropriately valusost
statistical categories of performance, there exsistsg evidence that in the time period
examined, major league teams were significantlyeawaluing the contribution that
hitters made through their fielding—in fact, theem not have valued it at all. Even in
the presence of strong competition and near-peiriémtmation, the MLB free agent
market appears to have been inefficient in thesyegamined.

In addition to the main question of this papexxamine a number of related
guestions. In bullet-point form, | find that:

» Contrary to Hakes and Sauer (2006), teams do maaao have undervalued
walks prior to the publication dfloneyball, nor did they change how they value
walks post-publication. It does appear that tealasgal more emphasis on home
runs while paying less for singles after the redeafdMoneyball.

* Teams appear to properly weight a player’s prevemasons when offering free

agent contracts.



42

* Player performance appears to drive attendandeeisame manner as it relates to
winning; it does not appear that fans will showimparger numbers for teams

that achieve their wins in specific ways (i.e. ligilng home runs rather than

through walking).

» Players that sign two-year contracts appear tonblempaid relative to their
multi-year brethren.
» Large-market teams pay the same price per marginabn the free agent market
as do small-market teams, confirming Brown and &e$2009).
These related questions shed further light on th& Klee agent market, while
confirming the underpinnings of the theoretical midtiat | present in this paper.

Though | examine a number of related questioresethre still many avenues for
research in this area. Future researchers might twaxamine how expected the
uncertainty around a player’s expected performafieets his salary, model attendance
on a game-by-game basis as opposed to the seasodel examined here, calculate
team-specific revenue functions and compare exgentginal product to the actual
salaries teams hand out to free agents, or repes or all of the tests presented in this
paper for other sports or even other professiorsrevBuch detailed data is available.
Though | have tried to be thorough in this papesre are still many questions on this
subject to be examined. Still, the findings in théper may prove useful to economists as
well as major league teams and player agentsg iinfficiencies in the MLB labor

market observed here still exist.
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