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Introduction

We as humans must make hundreds, if not thousands of decisions every day. While some

decisions are more difficult than others, attached to each of them are varying degrees of

uncertainty over what their outcomes will be. In the economic field of decision theory,

ñuncertainty aversionò is a preference for risks with known probability distributions over those

with unknown probability distributions. Thus, all else being equal, it is fair to expect that when

forced to choose between two distinct options, we will favor the option that is more transparent

in the odds of its outcome. These deductions in decision theory are thanks in large part to

American economist Daniel Ellsberg, whose 1961 paper ñRisk, Ambiguity, and the Savage

Axiomsò contextualizes this behavior in an experimental setting: people try to avoid situations in

which they cannot attach a probability to an outcome. The paperôs most famous test lays out two

urns in front of the participant, urn A containing 50 red balls and 50 black balls, and urn B

containing an unknown number of each colored ball. The following four bets are then offered to

the participant:

Bet 1A: receive $1 if red is drawn from urn A, receive nothing otherwise

Bet 2A: receive $1 if black is drawn from urn A, receive nothing otherwise

Bet 1B: receive $1 if red is drawn from urn B, receive nothing otherwise

Bet 2B: receive $1 if black is drawn from urn B, receive nothing otherwise

Ellsberg found that while people were indifferent to the color of the ball they selected

(1A ~ 2A), the majority of respondents strictly preferred choosing balls from urn A (1A, 2A ≻

1B, 2B), the urn in which the probability of selecting either a red or black ball was a known 50%.

He also went on to conclude that even in instances where bets 1B and 2B could have offered a
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most in NCAA Menôs Division I history. In the eyes of a general manager, the size of the

uncertainty surrounding Player A shrinks knowing Player A has graduated from a more

decorated basketball program that is a regular producer of major-league talent. Morehead State,

meanwhile, has sent just six players to the NBA via the draft, only one coming after 2010. Player

B is then seen as the ñuncertain gambleò coming from a school that has cultivated few

professional draftees and has never advanced to the second weekend of an NCAA Tournament. It

is reasonable to then assume that a team will make the conservative choice and select Player A,

even if Player B has a wider range of outcomes and could end up being more talented on

average. It is the relatively small, unknown history of Morehead State players that dissuades the

general manager in the presence of a ñsaferò and ñless riskyò Kentucky alternative.

Hypothetical Range of Outcomes for Player A (Kentucky) and Player B (Morehead St.)

The price of Player B would have to fall in order for the general manager to be more

willing to select them. Making such an ñambiguous lotteryò less costly may be one of the only

ways to convince someone to actually participate in one (Segal 1987). The ñpriceò in this case

could be the amount of draft capital required to select Player B (ex. a first-round pick), or
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Southeastern Conference (SEC). These conferences are where the majority of the nationôs top
players compete.

**For precision purposes, the exact decimal age of the player is calculated.

Collegiate Performance and Accolades

Games
Played

Seasons Minutes Played Per
Game

*Strength of Schedule Consensus
All-American?

AP Player of
the Year?

60 2 29.3 (final season)
27.3 (career average)

10.14 (final season)
9.73 (career average)

Yes Yes

* The SOS score is calculated by sportsreference.com and quantifies the quality of opponents
faced throughout the season ñin points above/below average, where zero is average.ò

High School
All-American?

NCAA
Tournament
Appearances

NCAA
Champion?

NCAA Tournament
Awards?

*Offensive Win
Shares

**Defensive Win
Shares

Yes 2 No All-Regional Team
All-Tournament Team

5 (final season)
6.8 (career total)

5 (final season)
7.7 (career total)

*A statistic to credit a player's total measurable offensive contribution to his team's win total
during the season.

**A statistic to credit a player's total measurable defensive contribution to his team's win total
during the season.

Stats Regarding Alma Mater and Alumni in NBA

# of NBA Players from
(Duke) since (ó89-ô90)

# of College Teammates
in (1999) Draft Class

Off. Win Shares of (Duke)
Alumni since (ó89-ô90)

Def. Win Shares of (Duke)
Alumni since (ó89-ô90)

12 3 75.8 (cumulative)
6.32 (per player)

81 (cumulative)
6.75 (per player)
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selection (the 1994-1995 season to the 2003-2004 season), UConn had 13 former players in the

NBA appear in at least one game:

* Denotes member of NBA Hall of Fame.

Chris Smith, Clifford Robinson, Donyell Marshall, Tate George, and Scott Burrell were

all active during the 1994-1995 NBA season; below are their individual offensive and defensive

win shares for the year:
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Therefore, the University of Connecticut was responsible for 8.3 offensive win shares and

7.7 defensive win shares across the 1994-1995 NBA season. This method is repeated for the next

nine years (up to 2003-2004), which eventually shows that UConn alumni generated 139.5

offensive win shares and 107.2 defensive win shares across the ten years before Emeka Okaforôs

draft. The 246.7 combined win shares were behind only Arizona (303.7), Michigan (284.8), and

Duke (267.9) in the 2004 class, which gives reason to speculate that UConnôs rich basketball

tradition perhaps played a large role in Okafor being the #2 pick (and his college teammate Ben

Gordon being #3). It should not be ignored, however, that Okafor was a Consensus

All-American, national champion, and NCAA Tournament Most Outstanding Player in his final

season, all factors that could have contributed to his draft performance.

Below are the three models that will be utilized in this analysis:

Selection(i) = ⍺ + (β₁ * TotalCollege_WinSharesᵢ) + (β₂* TotalNBA_WinSharesᵢ) + β₃

(TotalCollege_WinSharesᵢ * TotalNBA_WinSharesᵢ) + (β₄ * other_covariatesᵢ)  + εᵢ

Selection(i) = ⍺ + (β₁ * OffCollege_WinSharesᵢ) + (β₂* OffNBA_WinSharesᵢ) + β₃

(OffCollege_WinSharesᵢ * OffNBA_WinSharesᵢ) + (β₄ * °
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typically 60 selections in an NBA Draft class, two rounds with a pick for each of the leagueôs 30

teams. Based on the nature of Selection, a negative coefficient will represent a positive effect on

the playerôs draft position. In the first model, the TotalCollege_WinShares variable demonstrates

the total number of win shares Player  accrued over the final season of his collegiate career, and

will tell us how highly franchises value college performance in their drafting strategy. As

previously discussed, TotalNBA_WinShares will track the cumulative number of NBA win shares

of every player that attended Player ôs university across the ten years before Player  was drafted.

The TotalCollege_WinShares and TotalNBA_WinShares will then be interacted, which looks to

measure how the size of uncertainty changes across players of different collegiate performance

levels: does the size of uncertainty impact draft position more for high-performance players, or

are low-performance players more susceptible? The next two regression models will behave very

similarly to the first, yet they work to determine how the offensive and defensive output of

college alums impacts Player ôs draft selection as opposed to solely aggregate output. Covariates

regarding physical metrics and collegiate accolades will also be included, which hopefully can

shed light on how NBA scouts value things like height, BMI, and performing well on the

national stage.

Results and Discussion

The first regression was built around the TotalCollege_WinShares variable, which

measured Player ôs generation of total win shares during his final collegiate season. This was run

alongside and eventually interacted with TotalNBA_WinShares, which measured the cumulative

win shares generated by alumni of Player ôs college during the ten NBA seasons prior to Player ôs

draft. Looking at the output (see Figure 3), it can be said with confidence that a strong overall
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According to the model, a Consensus All-America selection improves oneôs draft

performance by an average of over 6 slots, further supporting the assertion that elite collegiate

play is critical when being evaluated for the professional level.

The next model, almost identical to the first, focuses on offensive win shares, simply a

quantification of a player's season-long contribution to his team while on offense (points, assists,

offensive rebounds, limiting turnovers, etc.). The results (see Figure 4) remain fairly consistent.

An increase by one offensive win share positively moves Player ôs draft selection by a little less
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evidence to suggest having successful Kentucky alumni (high level of NBA_WinShares) does

improve positioning, the existence of a Doron Lamb or Darius Miller says the opposite.

Although NBA_WinShares was not shown to be significant in improving draft stock

across a twenty year data set (1999-2019), approaching the analysis through another lens could

produce a different result. College basketball (and college sports in general) have become

increasingly commercialized and top-heavy as of late; money continues to flow into the nationôs

top programs, and so do the most talented recruits. As of 2018, the 43 college programs with the

most expensive budgets were all from ñPower 6ò conferences, the lone exception being

Gonzaga, who is an emer

�V
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Conclusion

This project has served to reinforce some of the more obvious assumptions associated

with uncertainty in the NBA draft. Collegiate output, both in the aggregate, on offense, and on

defense reassures scouts in their selection of players, findings that are largely consistent with the

current literature. Younger draftees with more perceived upside and Consensus All-America

selections who dominated the NCAA landscape are also consistently rewarded by seeing their

draft stock rise. The number of college games an athlete plays (slightly negative impact) and

their average minutes played per college game (slightly positive impact) were also variables

significant across each of the three regressions, but were not economically relevant. Certain

covariates that tracked Player ôs accolades like NCAAAllTourney, NCAAAllRegion, APPOY, and

NCAATournamentAppearances, while significant in some cases, were not reliable predictors of

Selection in each model. Such results imply that there may be a noteworthy value that NBA

scouts place on postseason performance and individual regular-season awards, but further

investigation is required to come to a more polished conclusion. Lastly, physical predictors like

Height (in), Weight (lbs), and BMI were never shown to be significant, going against the grain of

the Teramoto (2017) study that suggested such attributes were worth giving some attention.

Yet, the focal point of this paper was to determine if Player ôs alma mater significantly

reduced the uncertainty involved with selecting them in the draft. The theory was that as the

number of cumulative NBA win shares (across ten seasons) from athletes who attended College

increased, that would represent the diminishing uncertainty surrounding Player , eventually

resulting in him being selected higher in the draft. As an extension to this hypothesis, this

ñschool effectò was to be monitored at varying collegiate performance levels as well to see if

high-quality players saw a larger (or smaller) boost from their college compared to those of
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lesser caliber. This was done through an interaction term between the College_WinShares and

NBA_WinShares variables in each of the three models used. Upon completion of testing, it was

found that cumulative NBA win shares were not a reliable predictor for how much the draft

position of a prospect improved/suffered. Furthermore, the lack of statistical significance meant

the interaction term was also not important.

While this paper did not see its expected result, the hope was that it generated a better

understanding of how NBA franchises approach amateur drafting and the ambiguity that comes

with it. This paper can also serve to demonstrate the effects of group identification, specifically

in the sporting job market. Perhaps further research and/or the implementation of new methods

could expand on the field of uncertainty aversion in athletic settings.
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Figure 2

N = 952

Trait Mean St. Deviation Minimum Maximum

Age When Drafted 21.58 years 1.38 years 18.57 years 27.39 years

College Games Played: 90.28
Started: 71.12

Played: 37.05
Started: 33.31

Played: 3
Started: 0

Played: 152
Started: 147

Minutes Played Career: 28.18
Final Season: 31.27

Career: 4.75
Fin. Season: 4.35

Career: 7.5
Fin. Season: 1.3

Career: 38.3
Fin. Season: 39.3

Height 78.8 inches 3.26 inches 68 inches 86 inches

Weight 217.23 pounds 25.23 pounds 155 pounds 300 pounds

BMI 24.54 1.79 19.29 32.15

College Offensive
Win Shares

Career: 6.18
Final Season: 3.01

Career: 3.51
Final Season: 1.33

Career: -0.2
Final Season: -0.3

Career: 21.6
Final Season: 7.3

College Defensive
Win Shares

Career: 5.18
Final Season: 2.19

Career: 2.95
Final Season: 0.96

Career: 0.1
Final Season: 0.1

Career: 18.9
Final Season: 6.7

College Total Win
Shares

Career: 11.36
Final Season: 5.20

Career: 5.46
Final Season: 1.72

Career: 0.1
Final Season: 0.1

Career: 31.7
Final Season: 11.3

Strength of
Schedule Metric

Career: 6.90
Final Season: 6.99

Career: 3.23
Final Season: 3.35

Career: -9.85
Final Season: -9.3

Career: 12.8
Final Season: 12.8

# of College
Alumni in NBA
Over 10Y Span

11.96 9.19 0 48

NBA Off. Win
Shares of Alumni

72.14 74.40 -4.7 290.2

NBA Def. Win
Shares of Alumni

64.41 62.29 0 270.9

NBA Total Win
Shares of Alumni

136.56 134.57 -0.8 545.4



Murray 29

Figure 3
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Figure 4
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Figure 5
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