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ABSTRACT

The second-round is often an overlooked portion of the NBA draft, and second-round
draft picks are often viewed as peripheral assets in trades. However, finding key contributors in
the second-round can go a long way towards building a successful team. This thesis aims to
identify key statistics from a player’s college career that may be able to help predict a player’s
success in the NBA. To do so, various methods of regression will be used with a variety of
advanced college basketball statistics as potential predictor variables to produce models for both
longevity and productivity in the NBA. In addition, these models will be applied to previous
second-round picks to see how well they predict the performance of well-known NBA secondrounders. In producing these models, win shares, and more specifically, defensive win shares,
were found to be a significant predictor for multiple responses, providing evidence that defensive
win shares in college may be a crucial advanced statistic to key in when searching for value in
the second-round of the NBA draft. In addition, the success of forwards also seemed to differ
from the success of non-forwards. When applied to past second-round picks, these models
predicted favorable outcomes for notable NBA second-round picks, such as Hassan Whiteside
and Draymond Green.
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Chapter 1 Introduction
Every year, basketball fans across the globe get excited for draft night in the NBA. After
all, it is a chance for a struggling franchise to reverse its fortunes overnight. In the 2002-2003
NBA season, the Cleveland Cavaliers were tied for the worst record in basketball with a 17-65
mark (“Basketball Reference” n.d.). In the draft that same year, the Cavaliers selected LeBron
James with the first overall pick, and by doing so, completely changed the landscape of the NBA
for years to come. Within three seasons, they went from being the worst team in basketball to a
perennial championship contender for years to come.
Of course, not all teams have the luxury of picking first in an NBA draft with a player
widely regarded as the greatest NBA prospect in decades. Most teams have to dig deeper into
their pockets and search for prospects later on in the draft. The first-round is typically chock-full
of highly regarded prospects that have the potential to develop into solid role players or even
budding stars, and avid NBA fans will often eagerly follow along as they wait in anticipation to
see what player their franchise selects. However, the entry of the NBA deputy commissioner
often corresponds with fans losing interest in the draft. Why? Because this signals the beginning
of the second-round.

History of Second-Round Draft Picks
It is not surprising that fan interest dwindles in the second-round of the NBA draft. The
day is getting later and later, the players are typically less well-known, and the odds of the player
cracking a team’s rotation much less even making the roster are slim. First-round picks are,
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without a doubt, more valuable than second-round picks. Taking a look at the following graph,
we can see a negative correlation between average win shares and draft pick number, which is no
surprise (Brahme 2017).

Figure 1: Draft Position vs. Average Win Shares for NBA Draft Picks Between 2003-2012 (Brahme 2017)

However, not only is the second-round often ignored by NBA fans, it is also often
dismissed by NBA franchises as well. Second-round picks are often tacked onto trades as
peripheral assets, or sometimes even traded directly for players or cash. While it is
understandable why this is the case, as teams look to clear up cap space to sign a big free agent,
there is also much value to be had in the second-round, and the most successful NBA franchises
are able to extract this value. One of the most notable examples from recent years is Draymond
Green, a player selected 35th overall by the Golden State Warriors in the 2012 NBA draft who
has developed into an All-Star and been an integral part of the Warriors’ three recent NBA
championships. Green was a successful college player at Michigan State, winning Big Ten
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Player of the Year his senior year, but was heavily underrated coming out of college due to his
size that classified him as a tweener (a player with an ambiguous position in the NBA) and his
supposedly “broken jump shot” (Mansfield 2016). Green used his detractors as motivation, and
in a famous story, is able the recall the names of all 34 players drafted before him in the exact
order they were drafted (Mansfield 2016). Looking back at the 2012 NBA Draft now, one could
easily argue that Green would be a top-five draft pick if the drafted were to be done over again.
But Green is not the only example of a second-round pick heavily outperforming many of their
first-round counterparts. Goran Dragic, All-NBA Third Team in 2014, selected 45th overall1.
Paul Millsap, four-time NBA All-Star, selected 47th overall. Kyle Korver, fourth all-time in
career three-point field goals made, selected 51 st overall (“Basketball Reference” n.d.). And
Isaiah Thomas, two-time NBA All-Star who was the NBA’s third leading scorer at 28.9 points
per game in the 2016-2017 season, selected dead last at 60th overall (“Basketball Reference”
n.d.). Even so, while these players are all examples of players that were All-Stars at one point or
another, not all successful players have to fulfill this requirement. In the second-round, teams are
often looking for players (often referred to as role players) that are able to log solid minutes night
in and night out and provide a boost off the bench for when their stars need a rest. Longevity and
the ability to fill a role on a team are extremely valuable qualities to any NBA team. Take a
player like James Jones. Jones was drafted 49th overall in 2003 and went on to a play fourteen
years in the NBA (“Basketball Reference” n.d.). He was never an All-Star, never played more
than 24 minutes a game, and averaged only 5.2 points per game over his career (“Basketball
Reference” n.d.). However, he is widely regarded as someone who had a very successful NBA
career and was a part of three NBA-championship teams. Why was he able to stick around for so
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long? Jones was able to fulfill a role on teams as a three-point shooter who helped to open up
space on the court for his teammates to succeed.
Evaluating NBA prospects is a tough task that becomes even murkier in the secondround, as these players are typically not as physically gifted as players drafted earlier. With
advanced statistics revolutionizing the way the game of basketball is played, there is more data
available on players than ever before. Thus, the aim of this thesis is to identify statistics that are
correlated with second-rounder success. To do so, a variety of common as well as advanced
basketball statistics will be used to compare a player’s performance in college to their
performance in the NBA. In the end, the goal is to uncover a set of variables that are common to
second-round draft pick success in the NBA.

History of Analytics in Basketball
Sports teams are composed of a variety of moving pieces from top to bottom. Starting
with a team’s ownership down to the last player on its bench, there are a lot of decisions that
have to be made not only in regards to the talent a team acquires but also the style and system of
play that a team adopts. Traditionally, these decisions have been made based on an
owner/coach’s “gut” feeling, but over time teams have begun to shift to a more analytical
approach, all starting with a man by the name of Bill James.
In 1977, Bill James, an ordinary man who was virtually unknown to the sports
community, wrote and published a book called “1977 Baseball Abstract: Featuring 18 Categories
of Statistical Information That You Just Can’t Find Anywhere Else.” As a stat junky, James
loved numbers, but found that he wanted more information than traditional baseball statistics at
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the time could provide. Thus, James created his own statistics, such as “Runs Created”, to
satisfy his desire, and to his delight, sold seventy-five copies of his book in the first year. James’
popularity grew and grew, and by 1982, his stats were being published yearly in a book called
“The Baseball Abstract.” Today, James is well-known for being the father of “sabermetrics”, a
term used to describe the empirical analysis of baseball using statistics (Bos 2011).
While James was responsible for igniting the analytics revolution, it wasn’t until a man
named Billy Beane came along that the world of sports was fully introduced to a movement that
would change baseball forever. After a brief playing career, Beane became the GM of the
Oakland Athletics in 1997, and adopted James’ advanced statistics as the basis for his decisions.
He used sabermetrics to uncover players that were performing highly in key production statistics
but were undervalued by other teams to build his rosters, and routinely built successful teams
despite having one of the lowest payrolls in the league (Figure 2). Adopted into a bestselling
novel in 2003 by Michael Lewis titled “Moneyball: The Art of Winning an Unfair Game”,
Beane’s successes as a manager were well-documented, and he became the posterchild for sports
analytics (Morris 2014).
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Figure 2: Oakland Athletics’ Wins vs. Payroll Expectation with Beane as General Manager (Morris 2014)

Slowly but surely, the analytics movement has made its way over into basketball as well.
Despite well-known detractors of analytics, such as NBA Hall of Famer Charles Barkley, all
teams now have departments devoted exclusively to analytics and diving deeper into the
numbers to help their teams get ahead. While Beane adopted the movement in baseball, the man
who spearheaded the analytics revolution in the NBA was Houston Rockets’ GM Daryl Morey.
Known for creating the “true shooting percentage” statistic and also for co-founding the annual
MIT Sloan Sports Analytics Conference, Morey has dramatically altered the way his own team,
as well as teams around the league, play the game today.

Overview of Advanced Statistics Used in Basketball
At its core, basketball is a game of numbers. The team that scores more points will win
the game 100% of the time. Along the way, each team will rack up a myriad of other statistics,
such as field goals made, rebounds, assists, steals, blocks, and turnovers, all attributed to
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individual players. Adding in shooting percentages rounds out the collection of basic basketball
statistics that most fans are familiar with, and have been used in basketball for a long time. More
recently, with the analytics revolution sweeping over the NBA, newer and more complex
statistics have been introduced to delve deeper into player performance. While some of these
statistics can be inferred intuitively from their name alone, others can be quite complex in nature
and may not be immediately obvious, so the following paragraphs will briefly explore some of
these advanced statistics.

(Offensive and Defensive) Win Shares

Win shares is a statistic that was originally created and introduced to baseball by Bill
James, but was then adopted to the game of basketball by Justin Kubatko, the creator of
Basketball Reference. At its most basic level, win shares aims to divide up a team’s total wins to
individual players based on their individual contributions. While Kubatko’s system of win shares
is based on James’ original methods, it deviates in three key ways (Kubatko n.d.):
1) In James’ system, one win is equal to three win shares. In Kubatko’s system, one win
is equal to one win share.
2) In James’ system, a team’s total win shares among its players is exactly equal to the
team’s total wins. In Kubatko’s system, a team’s total win shares is approximately
equal to the team’s total wins, give or take.
3) In James’ system, a player cannot have negative win shares. In Kubatko’s system, a
player can have negative win shares, indicating that the player’s performance was so
poor that he took away wins that his teammates had earned.
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Win shares can be further broken down into offensive win shares and defensive win
shares. A player’s total win shares is calculated by adding up their offensive and defensive win
shares. Offensive win shares are calculated for each player using points produced, number of
offensive possessions, and the team’s pace, while considering the league averages for these
statistics. The exact formula can be seen below:
𝑂𝑓𝑓𝑒𝑛𝑠𝑖𝑣𝑒 𝑊𝑖𝑛 𝑆ℎ𝑎𝑟𝑒𝑠 =

(𝑃𝑜𝑖𝑛𝑡𝑠 𝑃𝑟𝑜𝑑𝑢𝑐𝑒𝑑)−0.92×(𝐿𝑒𝑎𝑔𝑢𝑒 𝑃𝑜𝑖𝑛𝑡𝑠 𝑃𝑒𝑟 𝑃𝑜𝑠𝑠𝑒𝑠𝑠𝑖𝑜𝑛)×(𝑂𝑓𝑓𝑒𝑛𝑠𝑖𝑣𝑒 𝑃𝑜𝑠𝑒𝑠𝑠𝑖𝑜𝑛𝑠)
(𝑇𝑒𝑎𝑚 𝑃𝑎𝑐𝑒)

0.32×(𝐿𝑒𝑎𝑔𝑢𝑒 𝑃𝑜𝑖𝑛𝑡𝑠 𝑃𝑒𝑟 𝐺𝑎𝑚𝑒)×(𝐿𝑒𝑎𝑔𝑢𝑒 𝑃𝑎𝑐𝑒)

(1)

It should be noted that this formula is the most current iteration of the offensive win shares
calculation that is used for players subsequent to the 1977-1978 NBA season. Prior to this
season, offensive win shares are calculated in a different manner using the statistics that were
available back then.
Defensive win shares are calculated for each player using defensive rating, minutes
played, defensive possessions, and the team’s pace, while considering the league average for
these statistics as well. The exact formula can be seen below:
𝐷𝑒𝑓𝑒𝑛𝑠𝑖𝑣𝑒 𝑊𝑖𝑛 𝑆ℎ𝑎𝑟𝑒𝑠 =

(𝑃𝑙𝑎𝑦𝑒𝑟 𝑀𝑖𝑛𝑢𝑡𝑒𝑠 𝑃𝑙𝑎𝑦𝑒𝑑)
×(𝑇𝑒𝑎𝑚 𝐷𝑒𝑓𝑒𝑛𝑠𝑖𝑣𝑒
(𝑇𝑒𝑎𝑚 𝑀𝑖𝑛𝑢𝑡𝑒𝑠 𝑃𝑙𝑎𝑦𝑒𝑑)

(𝐷𝑒𝑓𝑒𝑛𝑠𝑖𝑣𝑒 𝑅𝑎𝑡𝑖𝑛𝑔)
)
100

𝑃𝑜𝑠𝑠𝑒𝑠𝑠𝑖𝑜𝑛𝑠)×(1.08×(𝐿𝑒𝑎𝑔𝑢𝑒 𝑃𝑜𝑖𝑛𝑡𝑠 𝑃𝑒𝑟 𝑃𝑜𝑠𝑠𝑒𝑠𝑠𝑖𝑜𝑛)−

(𝑇𝑒𝑎𝑚 𝑃𝑎𝑐𝑒)
0.32×(𝐿𝑒𝑎𝑔𝑢𝑒 𝑃𝑜𝑖𝑛𝑡𝑠 𝑃𝑒𝑟 𝐺𝑎𝑚𝑒)×(𝐿𝑒𝑎𝑔𝑢𝑒 𝑃𝑎𝑐𝑒)

(2)

As was the case for offensive win shares, this formula for defensive win shares is also the most
current iteration and is used for player subsequent to the 1973-1974 NBA season. Again, prior to
this season, defensive win shares are calculated in a different manner using the statistics that
were available back then (Kubatko n.d.).

Player Efficiency Rating (PER)

Arguably the most commonly used advanced statistic in basketball today, player
efficiency rating was popularized by analytics guru John Hollinger. It is often seen as a “catch-
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all” because it takes into account a wide range of basic counting statistics such as field goals, free
throws, 3-pointers, assists, rebounds, blocks, and steals, and also factors in negative statistics,
such as missed shots, turnovers, and personal fouls. It should also be noted that PER is a perminute statistic, so a player does not necessarily have to play a large volume of minutes to have a
high PER (current NBA big man Boban Marjanović is a prime example of this). One of the
drawbacks of PER is its lack of defensive statistics to input, so players who specialize in defense
are often undervalued by this measure. As a point of reference, the league average for PER is 15
(Hollinger 2011).1

True Shooting Percentage

As mentioned earlier, true shooting percentage is a statistic that was introduced by
Rockets GM Daryl Morey, and is a way to account for the difference in value between two-point
and three-point shots while also incorporating free throw shooting into the mix, variables that the
traditional field goal percentage does not account for. With the rise of the three-point shot in the
NBA, this statistic has become increasing valuable in determining a player’s true shooting
proficiency. The formula for true shooting percentage can be seen below (“Basketball Reference
Glossary” n.d.):
𝑇𝑜𝑡𝑎𝑙 𝑃𝑜𝑖𝑛𝑡𝑠 𝑆𝑐𝑜𝑟𝑒𝑑

𝑇𝑟𝑢𝑒 𝑆ℎ𝑜𝑜𝑡𝑖𝑛𝑔 % = 2×((𝐹𝑖𝑒𝑙𝑑 𝐺𝑜𝑎𝑙𝑠 𝐴𝑡𝑡𝑒𝑚𝑝𝑡𝑒𝑑)+(0.44×𝐹𝑟𝑒𝑒 𝑇ℎ𝑟𝑜𝑤𝑠 𝐴𝑡𝑡𝑒𝑚𝑝𝑡𝑒𝑑)) × 100

1

The exact formula for PER is quite dense and complex, so it will be avoided for the sake of simplicity, but if
interested is available online at https://www.basketball-reference.com/about/per.html.

(3)
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Effective Field Goal Percentage

Effective field goal percentage is very similar to true shooting percentage in that it
accounts for three-point shots being worth more than two-point shots. However, they are
different in that effective field goal percentage does not account for free throws, and thus only
measures live ball shots. The formula for effective field goal percentage is as follows
(“Basketball Reference Glossary” n.d.):
𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 𝐹𝑖𝑒𝑙𝑑 𝐺𝑜𝑎𝑙 % =

(𝐹𝑖𝑒𝑙𝑑 𝐺𝑜𝑎𝑙𝑠 𝑀𝑎𝑑𝑒)+0.5×(𝑇ℎ𝑟𝑒𝑒−𝑃𝑜𝑖𝑛𝑡𝑒𝑟𝑠 𝑀𝑎𝑑𝑒)
(𝐹𝑖𝑒𝑙𝑑 𝐺𝑜𝑎𝑙𝑠 𝐴𝑡𝑡𝑒𝑚𝑝𝑡𝑒𝑑)

× 100

(4)

(Offensive and Defensive) Rebounding Percentage

Rebounding percentage is a rate statistic that measures the number of total rebounds a
player collects as a percentage of the total rebounds available (“Basketball Reference Glossary”
n.d.). Offensive and defensive rebounding percentage are analogous statistics, and simply utilize
offensive and defensive rebounds instead, respectively. Because it is a rate statistic, it is useful
for uncovering strong rebounders whose total rebounding numbers are depressed due to limited
playing time.

Assist Percentage

Assist percentage is a rate statistic that measures the percentage of teammate’s field goals
a player assists on while in the game (“Basketball Reference Glossary” n.d.). This statistic is
useful for finding players who are adept at setting their teammates up for baskets, and again, in a
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similar fashion to rebounding percentage, it can help to uncover players who are strong passers
but whose total assist numbers are depressed due to limited playing time.

Steal Percentage/Block Percentage

Steal percentage is a rate statistic that measures the percentage of opponents’ possessions
that end in a steal by the player while in the game, while block percentage is a rate statistic that
measures the percentage of opponents’ two-point field goals blocked by the player while in the
game (“Basketball Reference Glossary” n.d.). These statistics are useful for finding players who
are pesky perimeter and interior defenders, respectively. However, there is also the age-old
debate about whether steals and blocks actually measure a player’s defensive prowess, but that is
another story.

Turnover Percentage

Turnover percentage is an adjusted estimate of turnovers committed per 100 plays.
Unlike the other statistics mentioned, a player wants to keep their turnover percentage as low as
possible, as it is a measurement of a player’s carelessness with the ball. The formula for turnover
percentage is as follows (“Basketball Reference Glossary” n.d.):
(𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑠)

𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟 % = (𝐹𝑖𝑒𝑙𝑑 𝐺𝑜𝑎𝑙𝑠 𝐴𝑡𝑡𝑒𝑚𝑝𝑡𝑒𝑑)+0.44(𝐹𝑟𝑒𝑒 𝑇ℎ𝑟𝑜𝑤𝑠 𝐴𝑡𝑡𝑒𝑚𝑝𝑡𝑒𝑑)+(𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑠) × 100

(5)
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Points Produced

Developed by statistician Dean Oliver in his 2004 book “Basketball on Paper: Rules and
Tools for Performance Analysis”, points produced is an advanced offensive metric designed to
measure the total number of points a player contributes to his team (Kubatko n.d.). Along with
the number of points the player actually scores, the formula also includes the points a player
assists on and the extra possessions a player creates by grabbing offensive rebounds. The sum of
the points produced by the players on a team should be roughly equal to the total number of
points the team scores.2

Offensive and Defensive Rating

In addition to points produced, Oliver is also responsible for developing offensive and
defensive rating, which were also introduced in his book “Basketball on Paper” (“Basketball
Reference” 2019). In the words of Oliver himself, “individual offensive rating is the number of
points produced by a player per hundred total individual possessions. In other words, ‘How many
points is a player likely to generate when he tries?’” (Kubatko n.d.). Offensive rating builds off
of points produced and also utilizes the total possessions a player accounts for to normalize for
usage. In other words, it is a measure of a player’s offensive efficiency. Meanwhile, defensive
rating takes the same concepts but applies them to the defensive side of the ball.
Defensive rating is an individual estimate of the number of points a player allows while
in the game. While this metric utilizes common defensive statistics such as block, steals, and

2

The exact formula for points produced is quite dense and complex, so it will be avoided for the sake of simplicity,
but if interested is available online at https://www.basketball-reference.com/about/ratings.html.
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defensive rebounds, it also goes beyond the box score to track factors that are not as readily
available such as forced turnovers and forced misses (Oliver calls this the concept of the
“individual defensive stop”) (Kubatko n.d.).3

(Offensive and Defensive) Box Plus/Minus (BPM)

In comparison to all of the advanced metrics listed above, box plus/minus (BPM) is
arguably the most complex of them all. BPM was developed by sports analytic expert Daniel
Myers which, in simple terms, uses the box score to evaluate a player’s overall performance
(Myers n.d.). In a way, it is similar to PER in that it relies on box score information and can be
used to compare overall player performance one a single scale. However, like PER, it can often
underrate a player’s defensive ability due to the lack of defensive stats available to plug into the
formula (or overrate if the player compiles cheap defensive counting stats). BPM is a per-100possession stat, where the league average is set to 0.0, and can go higher or lower. A BPM of +5
would signify that the player is five points better than an average player per 100 possessions
(which comes out to about an All-NBA level player), and for historical context, the best BPM
seasons of all time were recorded by none other than 2009-2010 LeBron James and 1989
Michael Jordan, who recorded BPMs of between +12.5 and +13.0 in those seasons (Myers n.d.).
The derivation of the BPM formula is quite interesting. The BPM formula was created
based on a regression using regularized adjusted plus minus (RAPM), an earlier form of plusminus that served a similar function, for 961 players averaged over the course of 14 years.

3

The exact formulas for both offensive and defensive rating are quite dense and complex, so they will be avoided
for the sake of simplicity, but if interested are available online at https://www.basketballreference.com/about/ratings.html.
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Variable selection was done manually, eliminating the least significant terms at each step while
iterating through numerous models and interaction terms, with the goal being to minimize the
squared error and number of variables. The final results of the regression can be found in Figure
3 below. Notably, the BPM regression has an R2 value of 0.661, meaning that it fits the RAPM
data fairly well. The final regression equation for BPM can be seen below, along with the
corresponding coefficients.
𝑅𝑎𝑤 𝐵𝑃𝑀 = 𝑎 (𝑅𝑒𝑀𝑃𝐺 ) + 𝑏(𝑂𝑅𝐵%) + 𝑐 (𝐷𝑅𝐵%) + 𝑑 (𝑆𝑇𝐿%) + 𝑒(𝐵𝐿𝐾%) + 𝑓 (𝐴𝑆𝑇%) −
𝑔(𝑈𝑆𝐺%)(𝑇𝑂%) + ℎ(𝑈𝑆𝐺%)(1 − 𝑇𝑂%) × [2(𝑇𝑆% − 𝑇𝑚𝑇𝑆%) + 𝑖(𝐴𝑆𝑇%) + 𝑗(3𝑃𝐴𝑟 − 𝐿𝑔3𝑃𝐴𝑟) −
𝑘] + 𝑙√(𝐴𝑆𝑇%)(𝑇𝑅𝐵%)

(6)

Table 1: Result of Final Box Plus/Minus Regression Model with Coefficients (“Basketball Reference” 2019)

Coefficient

Term

BPM Value

Variable Format

a

Regr. MPG

0.123391

48.0

b

ORB%

0.119597

100.0

c

DRB%

-0.151287

100.0

d

STL%

1.255644

100.0

e

BLK%

0.531838

100.0

f

AST%

-0.305868

100.0

g

TO%*USG%

0.921292

.000*100.0

h

Scoring

0.711217

USG%

100.0

TO%

.000

TS% & TmTS%

.000

i

AST Interaction

0.017022

100.0

j

3PAr Interaction

0.297639

.000

k

Threshold Scoring

0.213485

l

sqrt(AST%*TRB%)

0.725930

100.0*100.0
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Offensive BPM is calculated using a regression formula created in the same fashion as
overall BPM, while defensive BPM is simply overall BPM minus offensive BPM. A useful
extension of BPM is Value over Replacement Player (VORP), which converts BPM into an
estimate of a player’s overall value to a team, and compares it to a theoretical “replacement
player”. A “replacement player” is someone who is on a minimum salary or an end of the bench
type of player. The threshold for a replacement level player in the NBA is set at -2.0 on the BPM
scale, and some examples of players who recorded a BPM of -2.0 during the 2017-2018 season
are Rodney Hood, Jerian Grant, and Marquese Chriss (“Basketball Reference” n.d.).

Previous Work Done Predicting NBA Draft Pick Success
While teams have entire positions devoted to scouting and preparing for the NBA draft,
there is surprisingly little published research that has been done regarding the use of college
statistics to predict draft pick success, let alone among second-rounders. An analysis done by
Coates and Oguntimein (2010) on players drafted from 1987 to 1989 found that a player’s career
production in the NBA could be predicted by a player’s college production. Using regression,
they found that for players from big conferences, points, rebounds, assists and field goal
percentage were all significant predictors of draft position. However, for players from small
conferences, only field goal and free throw percentages were significant predictors. This lends
credence to the notion that teams do not care about counting stat production for small conference
players (presumably due to the weaker competition) and are more interested in finding good
shooters, but their criteria is not as strict for big conference players. In addition, big conference
players were found to have significantly longer careers (almost four years!) than their small
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conference counterparts, given that they made a team. They also found that additional points,
rebounds, assists, etc. in college lead to higher production for that player in that same stat in the
NBA. More interestingly, however, they examined the role that draft position plays. Even when
controlling for college production and minutes played, they found that draft position was a
statistically significant predictor of minutes played in the NBA as well. In addition, those who
were drafted higher predictably average higher overall production. When evaluating a player’s
scoring prowess in college, putting up extra shots improved the probability of a player making
the NBA, but only when those shots did not negatively affect the player’s shooting percentage.
So, while scoring is always valued in the NBA, college players are not always better off taking
more shots (Coates and Oguntimein 2010).

Using College Statistics to Predict NBA Outcomes
This thesis will aim to address the following research question:
•

What advanced college statistics are predictors of NBA success?
Success will be measured in two ways: longevity and productivity. In order to measure

longevity, the number of seasons a player played in the NBA will be used. Productivity will be
evaluated using total win shares to measure productivity across a player’s career as well as win
shares per 48 to measure per minute productivity. Finally, as an extension of longevity, the
probability that the player is “vested” (earns a pension plan) will be assessed. In the NBA, a
player is vested after completing three years of service, with players being eligible for the
maximum pension plan after eleven years of service (Riddix 2019). In the process of analyzing
these responses, the position a player plays will also be considered as a potentially significant
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variable, since different positions in basketball are asked to fulfill different roles on a team. Thus,
the main research question can be broken down into the following statistical questions:
•

What advanced college statistics are predictors of years played in the NBA?

•

What advanced college statistics are predictors of total win shares in the NBA?

•

What advanced college statistics are predictors of win shares per 48 in the NBA?

•

What advanced college statistics are predictors of being vested in the NBA?

•

Does the success of certain positions differ from others?
Statistical modeling will be accomplished using three types of regression: Poisson

regression, multiple linear regression, and logistic regression. Once models are developed for
each of the outcomes above, they will be applied to past draft picks in order to see how well they
fare in the predicting their careers. Rankings of draft picks will be created by averaging the
player’s ranking among each of the four main response variables based on predictions from the
respective models. These rankings will be used with some of the most recent draft classes to see
how these models would repick the second-rounds of these drafts.
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Chapter 2 Methods

Data Collection
Thanks to Basketball Reference (n.d.), there are a wealth of basketball statistics available
for all NBA players past and present. However, as the analytics movement is fairly new, not all
advanced statistics are available for players prior to this decade. Since college win shares are
only available up to the 1995-1996 season, player data was obtained for all second-round players
drafted subsequent to this season, from 1996 to 2018. First, using the “Draft Finder” tool on
Basketball Reference, statistics for all players drafted in the second round from 1996 to 2018
were downloaded in the format of Microsoft Excel spreadsheets. Then, college statistics for all of
these players (excluding those that did not attend college) were downloaded in the format of
Microsoft Excel spreadsheets from College Basketball Reference using the “Player Season
Finder” tool. Using the player’s name, statistics for each player’s professional and college
careers were matched into the same row and compiled into one spreadsheet. Statistics for college
players were only obtained for their final year in college before being drafted, rather than their
entire careers. This was done since some players may not play significant minutes in their first
years of college but improve over time. In addition, NBA scouts anecdotally assess players
primarily based on their performance the year they enter the draft, as players often improve
throughout college. Statistics used are accurate up to the start of the 2018-2019 season. Table 2
displays the complete list of statistics that were collected for each player.
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Table 2: List of Statistics Used

Variable Name
X..Yrs.
WS.
WS.48
Vested
Forward
Guard
Center
TGC
GC
MPC
PERC
TS.C
eFG.C
ORB.C
DRB.C
TRB.C
AST.C
STL.C
BLK..C
TOV.C
USG.C
PProdC
ORtgC
DRtgC
OWSC
DWSC
WSC
OBPMC
DBPMC
BPMC

Description of Statistic
Number of Years Played in NBA
Total Win Shares in NBA
Win Shares Per 48 in NBA
Whether a player has completed at least 3 NBA seasons (1 = Yes, 0 = No)
Whether a player is classified as a forward in the NBA (1 = Yes, 0 = No)
Whether a player is classified as a guard in the NBA (1 = Yes, 0 = No)
Whether a player is classified as a center in the NBA (1 = Yes, 0 = No)
Total Games Played in College
Number of Games Played in Final Year of College
Minutes Played in Final Year of College
Player Efficiency Rating in Final Year of College
True Shooting Percentage in Final Year of College
Effective Field Goal Percentage in Final Year of College
Offensive Rebound Percentage in Final Year of College
Defensive Rebound Percentage in Final Year of College
Total Rebound Percentage in Final Year of College
Assist Percentage in Final Year of College
Steal Percentage in Final Year of College
Block Percentage in Final Year of College
Turnover Percentage in Final Year of College
Usage Percentage in Final Year of College
Points Produced in Final Year of College
Offensive Rating in Final Year of College
Defensive Rating in Final Year of College
Offensive Win Shares in Final Year of College
Defensive Win Shares in Final Year of College
Win Shares in Final Year of College
Offensive Box Plus/Minus in Final Year of College
Defensive Box Plus/Minus in Final Year of College
Box Plus/Minus in Final Year of College

In all, players from 23 draft classes were used for this analysis, with a total of 666 players
being selected in these drafts and breakdown of their origins available in Table 3.
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Table 3: Backgrounds of Second-Round Picks from 1996-2018

Where Player is Drafted From

Count

Percentage

College

502

75.38

International Team

151

22.67

High School

13

1.95

Total:

666

100

Since the foundation of this analysis is college statistics, only the 502 players who
actually played in college were used. In addition, a number of players were excluded from the
data when fitting the regression models. Because some players drafted did not play at the
Division I level, they were excluded in order to avoid skewing the data, as they likely accrued
gaudy statistics playing against lesser competition. In addition, the three most recent draft classes
(2016-2018) were excluded from regression analysis simply due to a lack of opportunity to
establish themselves. These players would have only had the opportunity to play two full years in
the NBA at max, and so their overall numbers would be extremely low even if they had shined in
their brief career, and would also not even had the chance to become vested yet. For example,
Dillon Brooks enjoyed a productive rookie season, playing 2350 minutes across 82 games while
picking up 1.2 win shares, and is likely to continue playing in the NBA for years to come.
However, since this analysis uses the entirety of a player’s career, his numbers would be quite
low compared to others who have had the opportunity to play for a longer period of time.
Malcolm Brogdon, a player who earned Rookie of the Year honors in 2017, suffers from a
similar fate, and thus it would not be fair to include these players in this analysis. This reduced
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the pool of players to the 1996-2015 NBA drafts, which included a total of 433 players. In
addition, it should be noted that a player is automatically removed from the data if the player is
missing data for a certain statistic used in the model; for example, if a model uses true shooting
percentage in college and no true shooting data was recorded for a certain player, then that player
was excluded when creating that model.
Because advanced statistics are a rather novel development in basketball, many of the
advanced metrics available today were not available twenty years ago. Since the dataset includes
draft picks dating back to 1996, a large number of players are missing values for these newer
statistics simply because they were not being tracked back then. The breakdown can be seen in
Table 4.

Table 4: Availability of Statistics Used by Year

Statistics Available Since 1995-1996
TGC
GC
MPC
TS.C
eFG.C
OWSC
DWSC
WSC

Statistics Available Since 2009-2010
PERC
ORB.C
DRB.C
TRB.C
AST.C
STL.C
BLK.C
TOV.C (s. 2007-2008)
USG.C
PProdC
ORtgC
DRtgC
OBPMC (s. 2010-2011)
DBPMC (s. 2010-2011)
BPMC (s. 2010-2011)

Thus, in order to include as many players as possible in regression analysis, only the
statistics available since 1995-1996 were used initially to create the “limited” models. Then,
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models were developed using the full range of statistics available to create “larger” models. The
limited models were compared to the larger models using k-fold cross-validation with only draft
picks since the 2010-2011 draft, since these players were the only players that had all statistics
available (using the full data set for cross-validation would have resulted in unequal sample sizes
and mean absolute errors that could not be fairly compared to each other).
After the initial models were developed, position (guard, forward, center) was used an
additional variable to see if using these position variables could help to create even better
models, with the idea being that certain statistics may benefit a position more than others. The
position variables were coded as binary variables (0 or 1) so that different statistics could be
tested as interaction terms with each individual position to see if the term was a significant
predictor for that specific position. This would allow for a slightly different model for, say, a
forward versus a non-forward, with different slopes and intercepts for each, and potentially even
different significant terms.

Regression Modeling Types
In order to model years played, win shares, win shares per 48 minutes, and vesting, three
main types of generalized linear models were used, based on the response variable. Poisson
regression was used for years played, multiple linear regression was used for win shares and win
shares per 48, and logistic regression was used for vesting.
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Poisson Regression

In this thesis, since the number of years played in the NBA cannot be negative and can
only take on integer values, it is treated as a count and was modeled using Poisson regression.
The Poisson regression model is given by:
ln(λ) = 𝛽0 + 𝛽1 𝑥1 +. . . 𝛽𝑖 𝑥𝑖 (7)
When one or more of the assumptions of Poisson regression are not met, changes can be the
model to adjust for these deficiencies. A common issue that may present itself while fitting a
Poisson model is overdispersion, which occurs when there is more variation in the response than
expected of a true Poisson random variable, and thus, the assumption that the mean and variance
are equal is violated. Fortunately, this can be accounted for by introducing a dispersion
parameter, ϕ, into the equation. In this case, a quasi-poisson regression model is fit instead.
Another alternative for dealing with overdispersion is fitting a negative binomial model, which
also accounts for the extra variability by including one more parameter than a Poisson model,
and while the quasipoisson uses a quasilikelihood approach, negative binomial modeling is based
on an explicit likelihood model (Legler and Roback 2019). The negative binomial approach was
used to account for the overdispersion present in years played.

Multiple Linear Regression

In contrast to years played, win shares and win shares per 48 can both take on negative
values, so multiple linear regression is an appropriate choice for modeling these variables. The
multiple linear regression model is given by:
Y = 𝛽0 + 𝛽1 𝑥1 +. . . 𝛽𝑖 𝑥𝑖

(8)
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The assumptions of multiple linear regression can be checked rather easily through the use of
diagnostic plots. When one or more of the assumptions of multiple linear regression are violated,
the results cannot be properly interpreted. To account for these violations, transformations can be
applied to the response and/or the predictors. A common issue that occurs is a nonlinear
relationship between the response and the predictors, and so in this case, a nonlinear
transformation can be applied to attempt to achieve linearity. Some common transformations that
are used are taking the logarithm, squaring/exponentiating or square rooting one or more of the
variables in the model. Since the assumption of equal variance was violated in win shares, a
transformation was applied to account for this, which will be detailed further.

Logistic Regression

Since a player is vested once they have completed three years of NBA service, the only
possible outcomes of vesting are a) the player is vested or b) the player is not vested, based on
the number of years they have played. Thus, logistic regression is appropriate for modeling this
variable. The logistic regression model is given by:
P

ln (1−𝑃) = 𝛽0 + 𝛽1 𝑥1 +. . . 𝛽𝑖 𝑥𝑖

(9)

As is the case in Poisson regression, issues can arise in logistic regression when the data
is overdispersed. This can be addressed through the use of a quasi-binomial approach to account
for the additional variability present in the model.
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Model Selection
Having discussed the types of regression models that will be used in the previous section,
this section will cover the model selection procedures that will be used to help select the best
models.

Stepwise Regression

Stepwise regression is a procedure for building a regression model from scratch by taking
a pool of predictor variables and systematically adding and removing each variable into the
equation until a final model is reached based on a specified criterion; in this analysis, the best
model will be chosen using the Akaike information criterion (AIC). At each step, variables are
considered for addition or removal based on their significance in the model until meaningful
improvement can no longer be made. There are some drawbacks to stepwise regression,
however; since it is an automatic procedure, it does not consider the “real-life” importance of the
predictors, and thus may exclude a valuable predictor. It may also produce vastly different results
when using two variables that have high multicollinearity, when in fact the models should be
very similar. Stepwise regression was used initially in this analysis to help narrow down the large
set of predictors in search of significant predictors. However, to account for the drawbacks of
stepwise regression, manual variable selection was also done to check for additional variables
that may be important, as well as to address terms that may exhibit high multicollinearity.
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k-fold Cross-Validation

K-fold cross-validation is a specific type of cross-validation used to assess the predictive
ability of a model. Cross-validation, in general, uses a known data set, often known as a training
set, to “train” a model and then applies this model to an unknown data set, often known as a
testing set. K-fold cross-validation splits the data set into k different groups, and each step sets
aside one of the k groups as the testing set while using the other k-1 groups as the training set.
Various metrics are then reported to assess the performance of the model. In this analysis, 10fold cross-validation was used, with the R2 values and mean absolute errors being reported for
each candidate model. This information was used to help pick the best model for each response
variable.

Mean Absolute Error (MAE)

Mean absolute error, along with root mean squared error, are measures commonly used to
compare values predicted by a model to actual values. The formula for mean absolute error is as
follows:
1

𝑀𝐴𝐸 = 𝑛 ∑|(𝐴𝑐𝑡𝑢𝑎𝑙 𝑉𝑎𝑙𝑢𝑒) − (𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑉𝑎𝑙𝑢𝑒)|

(10)

In this thesis, mean absolute error will be used over root mean squared error because root mean
squared error tends to give greater weight to very large errors, which is not desirable in this case,
since there are bound to be outliers in player predictions that are simply unexplainable by
variables used in the models. Mean absolute error was used to help assess and compare models
used in this analysis to the actual data, and in turn help to select the best models for each of the
response variables used.
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Chapter 3 Data Analysis and Results
To begin, Table 5 summarizes some of the main statistics used in this analysis.
Table 5: Summary Statistics for Second-Round Picks from 1996-2015

Mean

Standard Deviation

Minimum

Maximum

Age (When Drafted)

21.99

1.101

18.36

27.15

Years Played (NBA)

3.730

3.871

0

16

WS (NBA)

5.728

12.04

-1.2

82.3

WS/48 (NBA)

0.03465

0.1029

-0.597

0.202

Total Games (Col.)

105.5

30.30

21

152

Min. Played (Col.)

1022

184.5

286

1366

TS% (Col.)

0.5697

0.04615

0.391

0.723

eFG% (Col.)

0.5328

0.05308

0.295

0.706

OWS (Col.)

2.704

1.255

-0.6

7

DWS (Col.)

2.051

0.9187

0.2

6.7

WS (Col.)

4.755

1.535

0.1

10.8

Correlation
Correlation is a simple yet effective way to see if any linear association exists between
two variables. One important consideration that must always be kept in mind when interpreting
correlations is that correlation does not equal causation, thus no directional relationship can be
established. The following figures show the values of the correlation coefficients between the
desired response variables and all of the college statistics used as predictors, as well as the
significance of those correlations, with an X meaning that the correlation is not significant. These
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correlations will help to provide a starting point in looking for significant relationships between
the predictor and response variables.

Figure 3: Correlation Coefficients and Significance for All Players

Using all players available, there were a number of significant correlations to be found
for the various response variables. While the significance of correlations differs for the different
response variables, defensive win shares is significantly positively correlated with two of the
three responses, while defensive rating is significantly negatively correlated with two of the three
responses, signifying that at first glance, defense appears to be king for successful secondrounders. For years played, defensive win shares are actually the only significant correlation
present. For win shares and win shares per 48, there are many more significant correlations,
especially for win shares per 48, which include rebounding rate (both offensive and defensive)
assist rate, block rate, and BPM. Interestingly, effective field goal percentage is correlated with
both win shares and win shares per 48, but true shooting percentage is not.

Figure 4: Correlation Coefficients and Significance for Guards (n=154)

29

Using only guards vastly changes the correlations present, as there are no significant
correlations for years played at all. Defensive win shares are again positively correlated with
NBA win shares, as is effective field goal percentage. BPM is also again positively correlated
with win shares per 48. Overall, there are not many correlations present, which is a sign that as a
whole, guards are a volatile position to predict.

Figure 5: Correlation Coefficients and Significance for Forwards (n=158)

For forwards, there are a much greater number of significant predictors. Once again,
defensive win shares are significantly positively correlated, this time with all three response
variables. For forwards, total win shares are also positively correlated with all three responses,
while offensive win shares are positively correlated with win shares and win shares per 48,
indicating that offense is also important for forwards. In addition, rebounding, assist, and steal
rates are all significant predictors for one or more response variables, indicating the importance
of versatility among forwards in the second-round. Strangely enough, block rate is negatively
correlated with number of years played.
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Figure 6: Correlation Coefficients and Significance for Centers (n=44)

Lastly, for centers, there are a number of very strong correlations present. It should be
noted that the sample size for centers (n = 44) was vastly smaller than for guards and forwards,
which may help to explain the strong nature of the correlations. While defensive win shares are
not significantly correlated with any responses this time, defensive rating is strongly negatively
correlated with win shares per 48, while defensive box plus-minus is strongly positively
correlated with win shares and win shares per 48, solidifying the importance of defense among
not just centers but all second-round picks. Since defensive rating and defensive BPM are rate
statistics while win shares is cumulative and dependent on playing time, per minute production
may be a more important factor for centers than career production. In addition, the total games
played in college for a center is negatively correlated with win shares in the NBA, which may
indicate that one-and-done centers are generally more successful than their upperclassmen
counterparts.
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Developing Regression Models to Predict NBA Outcomes

Years Played

To begin, a histogram of the years played by second-round picks was created to help
visualize the data, seen in Figure 7.

Figure 7: Histogram for Number of Years Played in the NBA by Second-Round Picks

As discussed previously, since years played can be interpreted as count data, Poisson
regression was used to model this variable. Upon initial modeling with Poisson regression, there
was evidence that the data was overdispersed, as the dispersion parameter was much greater than
one (close to 4). Thus, to address this, the negative binomial approach was used. All other
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assumptions were met properly. Using the modeling procedures discussed above, limited and
larger models were obtained for years played, and cross-validation was used to compare the two
models:
Table 6: Results of 10-fold Cross-Validation for Years Played

Model

Predictors Used

R2

MAE

Limited

TGC, DWSC

0.0516

2.0490

Larger

MPC, ORtgC, DWSC, WSC, BPMC

0.0561

2.1120

Given the lower MAE along with the simpler nature of the limited model, and an
evaluation of the model’s performance with real players, this model was chosen as the final
model for years played. Position was considered as a potential predictor, but no significant
interaction terms were found. The details of the model can be seen below.

𝑭𝒊𝒏𝒂𝒍 𝑹𝒆𝒈𝒓𝒆𝒔𝒔𝒊𝒐𝒏 𝑴𝒐𝒅𝒆𝒍 𝒇𝒐𝒓 𝒀𝒆𝒂𝒓𝒔 𝑷𝒍𝒂𝒚𝒆𝒅:
ln(# 𝑜𝑓 𝑌𝑒𝑎𝑟𝑠 𝑃𝑙𝑎𝑦𝑒𝑑) = 𝛽0 + 𝛽1 (𝐷𝑊𝑆𝐶) + 𝛽2 (𝑇𝐺𝐶) (11)
Table 7: Coefficients for Final Regression Model for Years Played

Coefficient

Term

Estimate

Std. Error

p-value

VIF

𝜷𝟎

Intercept

1.297

0.2199

3.73e-09

N/A

𝜷𝟏

TGC

-0.002274

0.001830

0.2140

1.023

𝜷𝟐

DWSC

0.1315

0.06011

0.0288

1.023

𝑁𝑢𝑙𝑙 𝑑𝑒𝑣𝑖𝑎𝑛𝑐𝑒: 477.77 𝑜𝑛 417 𝑑𝑒𝑔𝑟𝑒𝑒𝑠 𝑜𝑓 𝑓𝑟𝑒𝑒𝑑𝑜𝑚
𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑑𝑒𝑣𝑖𝑎𝑛𝑐𝑒: 471.65 𝑜𝑛 415 𝑑𝑒𝑔𝑟𝑒𝑒𝑠 𝑜𝑓 𝑓𝑟𝑒𝑒𝑑𝑜𝑚
𝐴𝐼𝐶: 2053.7
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In this model, the coefficients can be interpreted in the following manner: for a one unit
increase in total games played in college, the difference in logs of the predicted years played in
the NBA decreases by 0.0002274, while for a one unit increase in defensive win shares in
college, the difference in logs of the predicted years played in the NBA increases by 0.1315.
Interestingly, while DWSC is a significant term, given by its p-value, TGC may not be; however,
prediction errors were lower when including it in the model, thus its inclusion. Also, since the
coefficient for TGC is negative, more games played in college actually predicts less years played
in the NBA, favoring players who leave college for the NBA early.
The final model was then used to predict the years played for all second-round picks in
the dataset, and the players with the ten highest predictions can be seen below.
Table 8: Top 10 Players for Predicted Years Played

Name

Years Played

Predicted Years Played

Ranking (Out of 418)

Paul Millsap

16

7.157

1

DeJuan Blair

7

5.835

2

Joey Dorsey

7

5.734

3

Josh McRoberts

11

5.429

4

Dominic McGuire

6

5.362

5

P.J. Tucker

13

5.280

6

Robert Dozier

0

5.242

7

Stephane Lasme

1

5.119

8

Marcus Mann

0

5.034

9

James Augustine

2

5.033

10

To see how the model fares in predicting well-regarded NBA players, predictions for ten
other players who are among the most successful second-round picks of all time were also
collected and can be seen below.

34

Table 9: Predicted Years Played for Notable NBA Players

Name

Years Played

Predicted Years Played

Ranking (Out of 418)

Kyle Korver

16

3.847

165

Trevor Ariza

15

3.838

168

Carlos Boozer

13

4.426

43

Mo Williams

13

4.005

122

Michael Redd

12

4.023

116

DeAndre Jordan

11

4.879

14

Gilbert Arenas

11

4.219

81

Hassan Whiteside

9

4.701

25

Isaiah Thomas

7

3.508

281

Draymond Green

7

4.221

80

The model performs well in predicting the longevity of many successful forwards, such
as Paul Millsap, Josh McRoberts, and P.J. Tucker, as well as successful centers, such as
DeAndre Jordan and Hassan Whiteside. Meanwhile, guards are not rated quite as well, which is
exemplified by Isaiah Thomas. It is quite clear that the model for years played generally favors
big men and defensively minded players, which makes sense given that defensive win shares is
the key predictor in the model. However, the point predictions for these long-standing players are
not quite as good, with the highest being Paul Millsap at just 7 full years played. These point
predictions are weighed down by the fact that many second-round draft picks never end up
playing a single game in the NBA (see Figure 8 above). However, the rankings of players
provide a relative comparison of how players stack up against each other, and in this case, are
more useful than the actual prediction values.
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Win Shares

Initial linear regression modeling with win shares produced poor residual plots, with clear
violation of the equal variance assumption. This was confirmed after performing the BreuschPagan test for heteroskedasticity, producing a p-value much less than 0.05. To address this, a
multistep transformation was performed on the response, win shares. Firstly, since win shares
can be negative, a constant of 1.5 was added to all win shares so that all values were positive. 1.5
was chosen as the correction value because the lowest value of win shares in the data set was
-1.2, and so adding 1.5 would shift the lowest negative values just enough so that all values were
positive and transformations could be performed on them. Next, a square root transformation
was performed, followed by a log transformation. Thus, the final response variable was as
follows:
log√(𝑊𝑆 + 1.5)
After applying this transformation, the Breusch-Pagan test for heteroskedasticity produced a pvalue of around 0.08 for both the limited and larger models, so there is no significant evidence of
departure from the assumption of homoscedasticity. The QQ-plot for normality was not perfect
either (see Appendix A); however, given the large number of samples in the data set, this was not
a major issue. Limited and larger models were produced, and compared using cross-validation:
Table 10: Results of 10-fold Cross-Validation for Win Shares

Model

Predictors Used

R2

MAE

Limited

TGC, eFG.C, OWSC, DWSC

0.0811

5.1382

Larger

GC, ORtgC, DWSC

0.1427

5.0149
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Given the lower MAE and higher

R2

of the larger model, and an evaluation of the

model’s performance with real players, this model was chosen as the final model for win shares.
This model was further improved by testing and adding different interaction terms with position
based on significance, helping to improve the predictive power and overall significance of the
model. The details of the model can be seen below.
𝑭𝒊𝒏𝒂𝒍 𝑹𝒆𝒈𝒓𝒆𝒔𝒔𝒊𝒐𝒏 𝑴𝒐𝒅𝒆𝒍 𝒇𝒐𝒓 𝑾𝒊𝒏 𝑺𝒉𝒂𝒓𝒆𝒔:
log √(𝑊𝑆 + 1.5) = 𝛽0 + 𝛽1 (𝐺𝐶) + 𝛽2 (𝑂𝑅𝑡𝑔𝐶) + 𝛽3 (𝐷𝑊𝑆𝐶) + 𝛽4 (𝐹𝑜𝑟𝑤𝑎𝑟𝑑) +
𝛽5 (𝐴𝑆𝑇. 𝐶) + 𝛽6 (𝐹𝑜𝑟𝑤𝑎𝑟𝑑: 𝐴𝑆𝑇. 𝐶)

(12)

Table 11 : Coefficients for Final Regression Model for Win Shares

Coefficient

Term

Estimate

Std. Error

p-value

VIF

𝜷𝟎

Intercept

0.7080

0.6007

0.2410

N/A

𝜷𝟏

GC

-0.01459

0.01110

0.1912

1.312

𝜷𝟐

ORtgC

0.005209

0.004505

0.2500

1.058

𝜷𝟑

DWSC

0.1156

0.06387

0.07291

1.373

𝜷𝟒

Forward

-0.5150

0.1735

0.00363

5.721

𝜷𝟓

AST.C

-0.005015

0.004881

0.3063

1.467

𝜷𝟔

Forward:AST.C

0.05226

0.01281

8.22e-05

4.998

𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑒𝑟𝑟𝑜𝑟: 0.3996 𝑜𝑛 117 𝑑𝑒𝑔𝑟𝑒𝑒𝑠 𝑜𝑓 𝑓𝑟𝑒𝑒𝑑𝑜𝑚
𝑀𝑢𝑙𝑡𝑖𝑝𝑙𝑒 𝑅 − 𝑠𝑞𝑢𝑎𝑟𝑒𝑑: 0.183, 𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅 − 𝑠𝑞𝑢𝑎𝑟𝑒𝑑: 0.1411
𝑝 − 𝑣𝑎𝑙𝑢𝑒: 0.0005121
For ease of interpretation of this model, the regression equation can be broken down by
forwards and non-forwards:
𝐹𝑜𝑟𝑤𝑎𝑟𝑑𝑠: (𝛽0 + 𝛽4 ) + 𝛽1(𝐺𝐶 ) + 𝛽2 (𝑂𝑅𝑡𝑔𝐶 ) + 𝛽3 (𝐷𝑊𝑆𝐶 ) + (𝛽5 + 𝛽6 )(𝐴𝑆𝑇. 𝐶 )
𝑁𝑜𝑛 − 𝐹𝑜𝑟𝑤𝑎𝑟𝑑𝑠: 𝛽0 + 𝛽1 (𝐺𝐶) + 𝛽2 (𝑂𝑅𝑡𝑔𝐶) + 𝛽3 (𝐷𝑊𝑆𝐶) + 𝛽5 (𝐴𝑆𝑇. 𝐶)
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In this model, the coefficients can be interpreted in the following manner: for a one unit
increase in games played in the final year of college, the transformed win shares in the NBA
decreases by 0.01459, while for a one unit increase in offensive rating in college, the transformed
win shares in the NBA increases by 0.005209, and so on. Since “Forward” is a binary variable,
the transformed win shares in the NBA decreases by 0.5150 if the player is a forward. However,
there is also an interaction term involving forward; if the player is a forward, the transformed
win shares increases by an additional 0.05226 for each one unit increase in assist percentage in
college. In this model, both Forward and the interaction term with Forward and AST.C are
significant predictors at the 0.05 significance level. DWSC is significant at the 0.1 significance
level. GC has a negative coefficient, suggesting that players who play less games in their final
year may benefit in the NBA. While this may not mean much, since most players play a similar
number of games in college (excluding players who get injured), it may suggest that players who
play for top programs who typically advance far in the NCAA tournament (and thus play more
games) are not as productive as players who star at smaller, less successful programs. The model
as a whole is significant, with a p-value of 0.0005121.
The final model was then used to predict the win shares for all second-round picks in the
dataset, and the players with the ten highest predictions can be seen below. It should be noted
that since the larger model was chosen, players drafted prior to the 2009-2010 season were not
able to be predicted since they lacked data for ORtgC; thus, only 127 predictions were available
(rather than the full 433), which is reflected in the tables below.
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Table 12: Top 10 Players for Predicted Win Shares

Name

Win Shares

Predicted Win Shares

Ranking (Out of 127)

Draymond Green

38.9

33.911

1

Mike Muscala

9.5

20.610

2

Chandler Parsons

29.1

19.744

3

Khris Middleton

25.2

17.064

4

Landry Fields

10.5

16.592

5

Dwight Powell

15.2

15.145

6

Jae Crowder

24.6

12.890

7

Tyler Honeycutt

-0.1

11.112

8

Jarnell Stokes

0.6

10.345

9

Devin Ebanks

0.5

9.882

10

To see how the model fares in predicting well-regarded NBA players, predictions for five
other active players who have had success in the NBA are shown below.
Table 13: Predicted Win Shares for Notable NBA Players

Name

Win Shares

Predicted Win Shares

Ranking (Out of 127)

Isaiah Thomas

45.6

3.637

103

Hassan Whiteside

30.7

6.697

34

Kyle O’Quinn

16.0

7.119

28

Will Barton

15.5

6.378

39

Spencer Dinwiddie

8.6

7.993

18

Many successful NBA players are ranked well by this model, including All-Star
Draymond Green, who is ranked first by a large margin. Looking at the results above, it appears
that this model favors versatile players who can contribute on both the offensive and defensive
end, such as Green, Jae Crowder, and Khris Middleton. In addition, the forwards seem to have a
positional advantage over guards, with all players in the top ten being forwards likely due to the
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interaction term in the model. Unlike the model for years played, this model includes offensive
metrics in ORtgC and AST.C, helping players who contribute heavily on the offensive end,
though again, Isaiah Thomas is rated quite poorly due to his poor defensive abilities. As was this
case for years played, the point predictions for win shares are deflated for players who
accumulate a high number of win shares due to the fact that many second-round players do not
play in any games and thus do not accumulate any win shares.

Win Shares Per 48

Unlike linear modeling for win shares, modeling for win shares per 48 did not suffer from
the same heteroskedasticity issues and produced good looking residual plots, so no
transformations were needed. Following the same modeling procedures as above, the following
models were produced and compared using cross-validation:
Table 14: Results of 10-fold Cross-Validation for Win Shares Per 48

Model

Predictors Used

R2

MAE

Limited

MPC, WSC

0.1243

0.06171

Larger

TRB.C, PProdC, WSC

0.2080

0.05815

Although the larger model had a lower MAE and higher R2, the limited model was
ultimately selected as the best model for win shares per 48, for multiple reasons. An empirical
view of the predictions made by each model, an ability to be generalized to a greater number of
players, as well as the extreme significance of the limited model (p-value can be seen below) led
to the limited model’s overall performance being better, and made up for the slightly worse
MAE. Then, using this model, position was again tested as a predictor along with various
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interaction terms, helping to further improve model performance. The details of the model can be
seen below.
𝑭𝒊𝒏𝒂𝒍 𝑹𝒆𝒈𝒓𝒆𝒔𝒔𝒊𝒐𝒏 𝑴𝒐𝒅𝒆𝒍 𝒇𝒐𝒓 𝑾𝒊𝒏 𝑺𝒉𝒂𝒓𝒆𝒔 𝑷𝒆𝒓 𝟒𝟖:
WS/48 = 𝛽0 + 𝛽1 (𝑀𝑃𝐶) + 𝛽2 (𝑊𝑆𝐶) + 𝛽3 (𝐹𝑜𝑟𝑤𝑎𝑟𝑑) + 𝛽4 (𝐵𝐿𝐾. . 𝐶) +
𝛽5 (𝐹𝑜𝑟𝑤𝑎𝑟𝑑: 𝐵𝐿𝐾. . 𝐶)

(13)

Table 15: Coefficients for Final Regression Model for Win Shares Per 48

Coefficient

Term

Estimate

Std.

p-value

VIF

Error
𝜷𝟎

Intercept

-4.646e-03

3.722e-02

0.9008

N/A

𝜷𝟏

MPC

-4.038e-05

4.128-05

0.3292

1.749

𝜷𝟐

WSC

1.207e-02

4.953e-03

0.01565

1.642

𝜷𝟑

Forward

3.513e-02

1.760e-02

0.04730

2.218

𝜷𝟒

BLK..C

6.973e-03

2.588e-03

0.00764

1.811

𝜷𝟓

Forward:BLK..C

-5.431e-03

4.061e-03

0.1826

3.174

𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑒𝑟𝑟𝑜𝑟: 0.08556 𝑜𝑛 205 𝑑𝑒𝑔𝑟𝑒𝑒𝑠 𝑜𝑓 𝑓𝑟𝑒𝑒𝑑𝑜𝑚
𝑀𝑢𝑙𝑡𝑖𝑝𝑙𝑒 𝑅 − 𝑠𝑞𝑢𝑎𝑟𝑒𝑑: 0.09632, 𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅 − 𝑠𝑞𝑢𝑎𝑟𝑒𝑑: 0.07428
𝑝 − 𝑣𝑎𝑙𝑢𝑒: 0.0008415
For ease of interpretation of this model, the regression equation can be broken down by
forwards and non-forwards:
𝐹𝑜𝑟𝑤𝑎𝑟𝑑𝑠: (𝛽0 + 𝛽3 ) + 𝛽1 (𝑀𝑃𝐶) + 𝛽2 (𝑊𝑆𝐶) + (𝛽4 + 𝛽5 )(𝐵𝐿𝐾. . 𝐶)
𝑁𝑜𝑛 − 𝐹𝑜𝑟𝑤𝑎𝑟𝑑𝑠: 𝛽0 + 𝛽1 (𝑀𝑃𝐶) + 𝛽2 (𝑊𝑆𝐶) + 𝛽4 (𝐵𝐿𝐾. . 𝐶)
In this model, the coefficients can be interpreted in the following manner: for a one unit increase
in minutes played in the final year of college, the number of win shares per 48 in the NBA
decreases by 4.038-05, while for a one unit increase in win shares in college, the number of win
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shares per 48 in the NBA increases by 1.207e-02, and for a one unit increase in block percentage
in college, the number of win shares per 48 in the NBA increases by 6.973e-03.. If the player is a
forward, the number of win shares per 48 increases by 1.207e-02 as compared to non-forwards,
and additionally, the number of win shares per 48 decreases by 5.431e-03 for a one unit increase
in block percentage if the player is a forward. WSC, Forward, and BLK..C are significant
predictors in this model at the 0.05 significance level; in addition, the model as a whole is
extremely significant, with a p-value of 0.0008415. Interestingly, since the coefficient for MPC
is negative, accumulating more playing time in the final year of college predicts a decrease in
WS/48 in the NBA, so similarly to games played in the final year of college, players who star at
less successful schools may perform better than those at brand-name schools. Also, since the
coefficient for the forward and block percentage interaction term is negative, this means that
forwards benefit less from having a high block percentage than non-forwards.
The final model was then used to predict the win shares for all second-round picks in the
dataset, and the players with the ten highest predictions can be seen below. Due to missing data
in the MPC statistic for some players, the overall player pool was slightly decreased.
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Table 16: Top 10 Players for Predicted Win Shares Per 48

Name

WS/48

Predicted WS/48

Ranking (Out of 211)

Hassan Whiteside

0.201

0.14488

1

Jeff Withey

0.157

0.12437

2

Mike Muscala

0.127

0.09914

3

Stephane Lasme

0.041

0.09782

4

Hamady N’Diaye

0.013

0.09606

5

DeJuan Blair

0.129

0.09523

6

Carl Landry

0.149

0.09380

7

James Augustine

0.101

0.09351

8

Joey Dorsey

0.092

0.09067

9

KJ McDaniels

0.030

0.08936

10

To see how the model fares in predicting well-regarded NBA players, predictions for five
other active players who have had success in the NBA are shown below.
Table 17: Predicted Win Shares Per 48 for Notable NBA Players

Name

WS/48

Predicted WS/48

Ranking (Out of 211)

Montrezl Harrell

0.184

0.06624

34

Isaiah Thomas

0.155

0.01812

160

Draymond Green

0.143

0.07166

25

Kyle Korver

0.114

0.05629

55

Jae Crowder

0.107

0.08045

15

Centers seem to be rated most highly by this model, with Hassan Whiteside topping the
charts for win shares per 48. This makes sense, considering that centers block the most
percentage of shots out of any position in basketball. Again, players who excel defensively are
predicted well, while those who are more offensively-oriented do not perform quite as well. As
was this case for years played, the point predictions for win shares per 48 are deflated for players
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with a high WS/48 due to the fact that many second-round players do not play in any games and
thus do not accumulate any win shares.

Vesting

Logistic modeling for vesting was performed slightly differently than modeling for the
other responses. To begin, the dataset was divided into a training set and a testing set using a
70/30 split. Initial modeling followed the same steps, using a combination of stepwise regression
and manual inputting of predictors to arrive at limited and larger models. All assumptions of
logistic regression were properly met in the process of doing so. However, interestingly enough,
even when testing models using the whole range of statistics available, the models that
performed best only used the statistics from the limited set, allowing the entire pool of players to
be used. In addition, positional variables were tested, but did not provide any noticeable
improvement. Thus, the following model was obtained following training with the training set:

𝑭𝒊𝒏𝒂𝒍 𝑹𝒆𝒈𝒓𝒆𝒔𝒔𝒊𝒐𝒏 𝑴𝒐𝒅𝒆𝒍 𝒇𝒐𝒓 𝑽𝒆𝒔𝒕𝒊𝒏𝒈:
𝑃(𝑉𝑒𝑠𝑡𝑒𝑑)

ln (1−𝑃(𝑉𝑒𝑠𝑡𝑒𝑑 ) = 𝛽0 + 𝛽1 (𝐷𝑊𝑆𝐶) + 𝛽2 (𝑀𝑃𝐶) + 𝛽3 (𝐺𝐶)

(14)
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Table 18: Coefficients for Final Regression Model for Vesting

Coefficient

Term

Estimate

Std. Error

p-value

VIF

𝜷𝟎

Intercept

-0.4916

1.0523

0.640

N/A

𝜷𝟏

DWSC

0.2360

0.1465

0.107

1.133

𝜷𝟐

MPC

0.0003030

0.0009465

0.749

1.664

𝜷𝟑

GC

-0.0089524

0.04257

0.833

1.829

𝑁𝑢𝑙𝑙 𝑑𝑒𝑣𝑖𝑎𝑛𝑐𝑒: 353.41 𝑜𝑛 254 𝑑𝑒𝑔𝑟𝑒𝑒𝑠 𝑜𝑓 𝑓𝑟𝑒𝑒𝑑𝑜𝑚
𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑑𝑒𝑣𝑖𝑎𝑛𝑐𝑒: 350.37 𝑜𝑛 251 𝑑𝑒𝑔𝑟𝑒𝑒𝑠 𝑜𝑓 𝑓𝑟𝑒𝑒𝑑𝑜𝑚
𝐴𝐼𝐶: 358.37
In this model, the coefficients can be interpreted in the following manner: for a one unit
increase in defensive win shares in college, the difference in logs of the probability of being
vested in the NBA increases by 0.2360, while for a one unit increase in minutes played in
college, the difference in logs of the probability of being vested increases by 0.0003030, and for
a one unit increase in games played in the final year of college, the difference in logs of the
probability of being vested decreases by -0.0089524. None of these terms by themselves are
significant, which raises the question of whether the model itself is even significant. This will be
addressed below.
To test the predictive power of this model, the model was then applied to the testing set
and a confusion matrix was created using these predictions.
Table 19: Confusion Matrix for Vesting

Reference (1 = Vested)
Prediction n = 109

0

1

(1 = Vested)

0

27

24

1

25

33
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Table 20: Statistics for Confusion Matrix

Accuracy

0.5505

95% CI

(0.4522, 0.6459)

No Information Rate

0.5229

P-Value (Acc > NIR)

0.3163

Kappa

0.0983

Mcnemar’s Test P-Value 1.0000
Sensitivity

0.5192

Specificity

0.5789

Pos. Pred. Value

0.5294

Neg. Pred. Value

0.5690

Prevalence

0.4771

Detection Rate

0.2477

Detection Prevalence

0.4679

Balanced Accuracy

0.5491

As seen above, the accuracy of the model is about 55%, while the no information rate,
which represents the percentage of time that picking the majority class would be correct (which
in this case is state 1), is about 52%, representing a difference of about 3%. However, the p-value
for this improvement is well above 0.05, indicating there is not quite enough evidence yet to
suggest a significant improvement over the null using this model. For the rest of the statistics, it
should be noted that in this case, state 0, or the state of not being vested, is used as the
“positive”; for example, the sensitivity of the test is 0.5192, which means that the test
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successfully detects about 52% of players who are not vested. Meanwhile, the specificity of the
test is 0.5789, which means that the test successfully detects about 57% of players who are
vested.
The final model was then used to predict the probability of being vested for all secondround picks in the dataset, and the players with the ten highest predictions can be seen below.
Due to missing data in the MPC statistic for some players, the overall player pool was slightly
decreased.
Table 21: Top 10 Players for P(Vested)

Name

Vested

Predicted P(Vested)

Ranking (Out of 365)

Paul Millsap

Yes

0.7568

1

Joey Dorsey

Yes

0.7057

2

Robert Dozier

No

0.6828

3

James Augustine

No

0.6621

4

DeJuan Blair

Yes

0.6496

5

Stephan Lasme

No

0.6467

6

Sam Clancy

No

0.6459

7

Eduardo Najera

Yes

0.6444

8

Dominic McGuire

Yes

0.6410

9

P.J. Tucker

Yes

0.6407

10

Many of the same names that appeared in the top 10 for predicted years played in the
NBA appear here, which is not surprising considering the predictors used and the fact that being
vested is directly related to the number of years played in the NBA.
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Application to Recent Second-Round Picks
To get an overall sense of how players compare to each other, rankings were calculated
for all players drafted since the 2009-2010 season using the models obtained above for years
played, win shares, and win shares per 48 and averaged together to obtain a composite ranking
for each player. Again, since the model for win shares uses statistics not available for the entire
pool of players, only players that had all statistics were able to be used for this exercise. Results
are shown below for some of the most successful second-round picks from this time frame.

Table 22: Model Composite Rankings for Notable Active NBA Players
Player
Jae
Crowder
Draymond
Green
Hassan
Whiteside
Montrezl
Harrell
Will
Barton
Chandler
Parsons
Khris
Middleton
Spencer
Dinwiddie
Isaiah
Thomas
Josh
Richardson

Rk. (/133)

Yrs.

G

MPG

PTS

TRB

AST

STL

BLK

FG%

3P%

FT%

WS

WS/48

1

7

526

24.2

9.4

3.9

1.4

1

0.3

0.42

0.34

0.77

27.6

0.104

4

7

516

28.0

9.1

6.9

4.8

1.5

1.0

0.44

0.32

0.71

42.1

0.140

5

9

326

26.5

13.5

11.5

0.6

0.6

2.4

0.57

0.22

0.60

35.2

0.196

11

4

239

18.7

10.8

4.3

1.2

0.5

0.8

0.63

0.11

0.62

17.7

0.189

20

7

420

23.1

10.6

3.9

2.4

0.7

0.4

0.43

0.34

0.79

16.5

0.082

39

9

420

30.6

12.9

4.6

2.8

0.9

0.4

0.46

0.37

0.71

28.8

0.108

55

7

440

31.8

15.5

4.4

3.2

1.3

0.2

0.45

0.39

0.87

29.8

0.102

83

5

238

24.2

10.7

2.6

4.6

0.7

0.3

0.41

0.33

0.80

12.9

0.108

104

8

481

29.5

18.7

2.5

5.1

0.9

0.1

0.44

0.36

0.88

45.4

0.153

120

4

248

30.5

12.1

3.2

2.8

1.1

0.7

0.43

0.37

0.82

15.1

0.095
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To see how these models would evaluate actual draft classes, the 2016-2018 draft classes
(which were previously excluded from regression analysis) were used as test groups and ranked
using the same methodology as above. The results can be seen below. It should be noted that
since international and high school players were excluded from modeling, the predicted pick
numbers are not perfect, but can still be used as a general indicator of how the players stack up
against each other.

Table 23: Model Application to 2016 Draft

Player
Chinanu Onuaku
Deyonta Davis
Joel Bolomboy
Stephen Zimmerman
Diamond Stone
A.J. Hammons
Ben Bentil
Georges Niang
Patrick McCaw
Daniel Hamilton
Isaiah Whitehead
Tyler Ulis
Malcolm Brogdon
Cheick Diallo
Jake Layman
Michael Gbinije
Kay Felder
Abdel Nader
Tyrone Wallace
Marcus Paige
Isaiah Cousins
Demetrius Jackson

Actual Pick #
37
31
52
41
40
46
51
50
38
56
42
34
36
33
47
49
54
58
60
55
59
45

Model Pick #
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
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Table 24: Model Application to 2017 Draft

Player
Jordan Bell
Semi Ojeleye
Ivan Rabb
Nigel Williams-Goss
Sindarius Thornwell
Dillon Brooks
Alec Peters
Sterling Brown
Wesley Iwundu
Thomas Bryant
Damyean Dotson
Kadeem Allen
Ike Anigbogu
Tyler Dorsey
Edmond Sumner
Davon Reed
Jabari Bird
Jaron Blossomgame
Frank Mason
Dwayne Bacon
Frank Jackson
Monte Morris
Jawun Evans

Actual Pick #
38
37
35
55
48
45
54
46
33
42
44
53
47
41
52
32
56
59
34
40
31
51
39

Model Pick #
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53

Table 25: Model Application to 2018 Draft

Player
Alize Johnson
Keita Bates-Diop
Ray Spalding
Kevin Hervey
Vince Edwards
Jarred Vanderbilt
Devon Hall
Chimezie Metu
Justin Jackson
Gary Trent
Jevon Carter
Shake Milton
Bruce Brown
De’Anthony Melton
Tony Carr
Khyri Thomas
Thomas Welsh
Melvin Frazier
Jalen Brunson
Kostas Antetokounmpo
Hamidou Diallo
George King
Devonte’ Graham
Sviatoslav Mykhailiuk

Actual Pick #
50
48
56
57
52
41
53
49
43
37
32
54
42
46
51
38
58
35
33
60
45
59
34
47

Model Pick #
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
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Looking at the players above, with the exception of Malcolm Brogdon, who won Rookie
of the Year honors in 2017, none of the players in these drafts have really established themselves
in the NBA yet, so it will be interesting to track their progress and see how their careers look 5 to
10 years down the line.
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Chapter 4 Conclusions

Review
The goal of this thesis was to identify advanced statistics from college basketball that
could be used to predict success in the NBA for second-round draft picks, where it is often a
tough task to find useful players. Several variables were used as indicators of success in the
NBA, including years played to measure longevity, win shares to measure career productivity,
and win shares per 48 to measure per minute productivity. In addition, the probability of a player
being vested (in other words, playing 3 or more years) in the NBA was assessed.
Using Poisson regression to model years played, the final prediction model included total
games played and defensive win shares, although only defensive win shares was found to be a
significant predictor. In addition, total games played in college was inversely related to years
played in the NBA, meaning players who left college early were predicted to have greater
longevity in the NBA, although again this variable was not significant by itself. Using multiple
linear regression to model win shares, the final prediction model included games played in the
final year of college, offensive rating, defensive win shares, assist percentage, the positional
variable “forward”, and an interaction term with forward and assist percentage, with the latter
two being significant predictors. Win shares per 48 were also modeled using multiple linear
regression, and the final prediction model included minutes played in the final year of college
win shares, forward, block percentage, and an interaction term with forward and block
percentage, and all predictors but minutes played and the interaction term were significant.
Finally, logistic regression was used to model the probability of being vested in the NBA, and
the final prediction model included defensive win shares, minutes played, and games played in
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the final year of college, although none of these predictors were significant, nor was the final
model, so improvement is needed here. These results are summarized in the table below.
Table 26: Summary of Results

Response

Regression Type

Predictors in Model

Significant Predictors

Years Played

Poisson

TGC, DWSC

DWSC

GC, ORtgC, DWSC,
Forward,
Win Shares

Multiple Linear

Forward, AST.C,
Forward:AST.C
Forward:AST.C
MPC, WSC, Forward,
WSC, Forward,

Win Shares Per 48

Multiple Linear

BLK..C,
BLK..C
Forward:BLK..C

Vesting

Logistic

DWSC, MPC, GC

None

Overall, this analysis provides evidence that win shares in college are a potential
predictor of NBA success for second-round picks, as defensive win shares are a significant
predictor of years played and total win shares are a significant predictor of win shares per 48. In
addition, there is evidence that the success of forwards differs significantly from non-forwards,
as forward is a significant predictor in both win shares and win shares per 48. When applying
these models to previous second-round picks, they often favored forwards/centers more than
guards, especially ones known for their defense. For instance, the models successfully predicted
the successes of many players, such as Hassan Whiteside, Draymond Green, and Jae Crowder,
but missed on others, such as Khris Middleton and Isaiah Thomas. From a basketball standpoint,
the emphasis on defense in second-round picks should not come as too much of a surprise, since
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second-round players are much more likely to become solid-role players in the NBA rather than
bona-fide superstars that a team builds around. Coaches in the NBA are always looking for
players who are hard-nosed defenders and are willing to sacrifice their bodies for the team, and
players who excel on defense in college seem fit to translate their success into productive NBA
careers.

Previewing the 2019 NBA Draft
While the draft is still a few months away from the time at which this thesis will be
finished and players have yet to officially declare for the draft, the college regular season is over
and players’ stats are more or less stable, save for a player making a long run in the NCAA
tournament. Nonetheless, these stats can be used to take a preliminary look at potential secondround value picks in the upcoming draft.
Using the results from the models above, it seems most reasonable to evaluate players in
two pools: forwards and non-forwards. Given the predictors found to be significant, and statistics
from players whose NBA success was predicted well by the models, the following cutoffs will be
used to search for potentially valuable second-round picks:
𝐹𝑜𝑟𝑤𝑎𝑟𝑑𝑠: 𝐷𝑊𝑆𝐶 >= 2.5, 𝑊𝑆 >= 4.5, 𝐴𝑆𝑇. 𝐶 >= 10
𝑁𝑜𝑛 − 𝐹𝑜𝑟𝑤𝑎𝑟𝑑𝑠: 𝐷𝑊𝑆𝐶 >= 2.5, 𝑊𝑆 >= 4.5
Following these criteria and eliminating players who are consensus lottery picks in the upcoming
draft (namely Zion Williamson, R.J. Barrett, Rui Hachimura, and Jarrett Culver) produces the
following list of players:

54
Table 27: 2019 NBA Draft Matching Player List

Forwards

Non-Forwards

Anthony Lamb (Vermont)

Ty Jerome (Virginia)

Matt Rafferty (Furman)

Kyle Guy (Virginia)

Brandon Clarke (Gonzaga)

Davide Moretti (Texas Tech)

Ethan Happ (Wisconsin)

Jon Teske (Michigan)
Payton Pritchard (Oregon)
Javon Bess (Saint Louis)
Ahmad Caver (Old Dominion)
Zavier Simpson (Michigan)
Armoni Brooks (Houston)
B.J. Stith (Old Dominion)
Jordan Poole (Michigan)
Neemias Queta (Utah State)
Barry Brown (Kansas State)

This list will undoubtedly change once players officially declare their draft intentions, but
provide a starting point in uncovering players that may find success at the next level.

Limitations
When it comes to evaluating a player’s “success”, there is bound to be some subjectivity
involved. For the purposes of this thesis, player success in the NBA was evaluated in a rather
simple and binary fashion, using years played to judge longevity and win shares/win shares per
48 to judge a player’s impact on the court. However, others may have a different idea of how
player success should be evaluated, which may lead to differing results. Also, because many of
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the advanced statistics only became available in the past decade, a large portion of players were
excluded from analysis when using these newer statistics to predict the responses.
In addition, while this thesis focuses solely on NBA draft picks who played in college,
there are a handful of draftees every year that come from other settings and thus did not play
college basketball. These players will be addressed in the following paragraphs.

International Players

Every year, there are a good number of international players drafted in the NBA draft.
These players are often “stashed” overseas until they are ready to come over to the NBA,
meaning they continue to play internationally to develop their skills. These players do not take
up a roster spot on the team’s active roster, one of the main appeals of drafting and stashing.
There are certainly benefits to playing internationally rather than playing in college, including
the ability to receive paychecks and the opportunity to play against older and more seasoned
competition. In fact, some of the most successful second-round draft picks of all time have been
players who previously played internationally, such as Manu Ginobili, Marc Gasol, and current
NBA star Nikola Jokic. Theoretically, it could be possible to obtain statistics for these players
from their playing careers prior to entering the NBA. However, these players played in various
different leagues across different countries, making a fair comparison of these players’ stats prior
to playing in the NBA extremely difficult, especially to college competition. Thus, international
players are not included in this analysis.
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High School Players

From 1996 to 2018, there have been 13 players drafted straight out of high school in the
second-round of the NBA draft. Since 2006, the NBA has prohibited players from making the
jump straight from high school to the NBA. It is now required that the player be at least 19 years
of age and a year removed from high school to enter the draft. Thus, most players choose to play
at least a year of college basketball. However, a player may also choose to play internationally or
simply take the year off. Mitchell Robinson, who was drafted 36th in the 2018 draft by the New
York Knicks, gained national attention for becoming the first player to choose this route,
withdrawing from his college commitment and training on his own for a year (Bohlin 2017). Due
to the fact that these players did not attend college and thus did not accrue any college stats, they
are outside the scope of this analysis. However, it should be noted that 6 out of these 13 players
drafted in the second-round have had successful NBA careers spanning at least 10 years, with the
list including Rashard Lewis, Monta Ellis, Lou Williams, CJ Miles, Stephen Jackson, and Amir
Johnson. In addition, one other player (Andray Blatche) had a solid 8-year NBA stint, while the
aforementioned Robinson is currently enjoying a productive and promising rookie season. All in
all, players drafted straight out of high school in the second-round have been very successful,
especially considering their draft position.

Future Directions
There are various ways in which this analysis could be extended in the future. Firstly,
more metrics could be included to judge the success of a draft pick outside of years played and
win shares. Other statistics, such as total minutes played or BPM, could be used as different
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response variables to see what other results may emerge. Furthermore, with more data coming
from draft picks every year that includes the full range of advanced statistics, the results in this
analysis could be further strengthened or even modified depending on new trends that may
appear. In addition, with more time and effort, the dataset could be further refined to account for
other factors such as injuries and age. In order to improve point predictions, future analysis could
attempt to fit zero-inflated models to account for an excess of zeros in the data, such as a zeroinflated Poisson model.
Since each position in basketball requires its own set of skills to succeed, future analysis
could attempt to model each of the five positions separately to see if different metrics are
important for different positions. As another extension of analyzing past drafts, draft picks could
also be separated into different pick ranges (ex. 30-40, 41-50, 51-60) to see if successful picks in
different ranges may be associated with different metrics. Also, as discussed earlier, this analysis
excluded draft picks that came from international backgrounds and high school. In the future,
draft picks from these two pools could also be included in the analysis as they are likely to
continue be staples in the NBA for years to come. Data could be obtained for their careers in
international leagues/high school and weighted in such a manner that they are fairly comparable
to numbers produced in college basketball.
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Appendix A
Model Output and Residual Plots
R Output for Years Played Model:

Residual Plots for Years Played Model:
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R Output for Win Shares Model:

Residual Plots for Win Shares Model:
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R Output for Win Shares Per 48 Model:

Residual Plots for Win Shares Per 48 Model:
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