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Abstract

Player acquisition is one of the fundamental problems of basektball analytics. An analyst
may be tempted to recommend simply acquiring the best available player, where best is de-
fined by an all-encompassing skill metric. How a player fits with his teammates, however, is
also important in determining the effectiveness of a lineup. Thus in this paper we model the
effectiveness of a lineup as an interacting function of the offensive skill, defensive skill, and
player archetype of all ten players on the court. We find that fit is indeed just as essential as

skill in crafting a lineup.

1 Introduction

Roster construction is one of the fundamental problems that an NBA front office faces. NBA gen-
eral managers want to sign free agents and trade for players who improve the team’s ability to win
games. Also, given the roster NBA coaches want to start the best available five-man combination
of players. Mathematically, each of these problems (free agency, trading, and setting a lineup) rests
on being able to estimate the effectiveness of a (potentially unseen) five-man lineup. For instance,
given a solidifed set of four players in the starting lineup, a general manager may want to add a

free agent who maximizes the effectiveness of the lineup.

An analyst may be tempted to recommend simply adding the best available player, where best is
defined by an omnipotent skill metric. All-in-one metrics like RAPM, RPM, PIPM (RIP), LE-
BRON, BPM, and DARKO attempt to distill player skill into just one number. Given a team’s
current players, the most skilled available player is not necessarily the best acquisition. Beyond

skill, a player’s fit, or the interaction of his role with the roles of his teammates, contributes to

*Graduate Group in Applied Mathematics and Computational Science, University of Pennsylvania. Correspon-
dence to: ryguy123 @sas.upenn.edu
TWharton School, University of Pennsylvania.



the effectiveness of a lineup. Hence in this work, we estimate the effectiveness of a lineup as a
function of the offensive skill, defensive skill, and player archetype of all ten players on the court.
From this model we create a player acquisiton algorithm. We find that fit is just as essential as skill

in crafting a lineup.

2 Data and model specification

We begin with a brief overview of our dataset of NBA possessions and identify several variables
that may be predictive of the outcome of a possession. We then create player archetypes and

introduce our Bayesian regression model.

2.1 Data

First we obtained data that we use to cluster players into player archetypes. A player archetype
should capture a player’s role in a lineup, or sow he plays, not how well he plays. Hence we ob-
tain data for each player-season that quantify how he plays, including totals, per 100 possession
stats, shooting distances, time with ball, rated-based location data, advanced passing, driving/catch
and shoot/pull-up rates, and post-up and paint frequencies. More specifically, using player-season
data from NBA.com, BasketballReference, and CraftedNBA, we compiled 48 metrics for each
player-season that capture a player’s style: FTPCT, TSPCT, THPAr, FTr, TRBPCT, ASTPCT,
AVGDIST, Zto3r, THto10r, TENto16r, SIXTto3PTr, HEIGHT, WINGSPAN, FRNTCTTCH, TOP,
AVGSECPERTCH, AVGDRIBPERTCH, ELBWTCH, POSTUPS, PNTTOUCH, DRIVES, DR-
FGA, DRPTSPCT, DRPASSPCT, DRASTPCT, DRTOVPCT, DRPFPCT, DRIMFGPCT, CSFGA,
CS3PA, PASSESMADE, SECAST, POTAST, PUFGA, PU3PA, PSTUPFGA, PSTUPPTSPCT,
PSTUPPASSPCT, PSTUPASTPCT, PSTUPTOVPCT, PNTTCHS, PNTFGA, PNTPTSPCT, PNT-
PASSPCT, PNTASTPCT, PNTTVPCT, and AVGFGATTEMPTEDAGAINSTPERGAME. We ex-
clude players who played fewer than 1000 minutes in a season to make sure each player has a

representative sample. From this data we fit K player archetypes, described in Section 2.4.

Next we obtained data that we use to cluster five-man lineups into lineup superclusters. A lineup
supercluster should capture how a five-man lineup plays together as a unit, not how well it plays
together. Hence we obtain data for each lineup-season that quantify how it plays, including tradi-
tional, advanced, miscellaneous, four factor, and scoring data per possession. More specifically,
using lineup-season data from the NBA.com lineup tool, we compiled the following weighted met-
rics that capture a lineup’s style: WFGMPercUAST, WEGMPercAST, WThreeFGMPercUAST,
WThreeFGMPercAST, WTwoFGMPercUAST, WTwoFGMPercAST, WPercPTSPITP, WPercPT-
SOffTO, WPercPTSFT, WPercPTSFBPS, WPercPTS3PT, WPercPTSMR, WPercPTS2PT, WPer-



cFGA3PT, WPercFGA2PT, WOppTORATIOpercent, WOppFTARATE, WPACE. From this data

we fit lineup superclusters, described in Section 2.5.

We use DARKO to measure player offensive and defensive skill. DARKO (Daily Adjusted and
Regressed Kalman Optimized projections) combines bayesian inference with machine learning to
develop game-by-game estimates of how well a player is likely to perform in the future (Medve-
dovsky and Patton, 2022). We use DARKO because, to our knowledge, it is the most predic-
tive all-in-one skill metric for NBA players (see Figure 1, a Tweet from DARKO creator Kostya
Medvedovsky). We obtained the pre-season DARKO for each player-season in our possession-

level dataset (described below). We also obtained player salary data from HoopsHype.

r Kostya Medvedovsky - Jan 29, 2021 X
@kmedved - Follow
Replying to @kmedved
| took every metrics' season-ending rating from 2014-2019, and
merged it onto next season's game-logs, and combined with
DARKOQ's predicted minutes for each player for that game (which
yields a projected team strength by game). | measured how well
this predicted game outcomes. 6/n

£ Kostya Medvedovsky

@kmedved - Follow
The results are below, and are sorted by RMSE. I've also
shown mean average error and R*2. Different stats lead

in the various metrics. EPM especially stands out to me
here for leading in MAE and R*2. 7/n

darko_rapm 10.264008 13.106515 .164252
la_rapm 10.275483 13.116826 .153053

rapm 10.284488 13.132589 .151468

pipm 10.304522 13.144648 .154136

rpm 10.384094 13.251351 .166247
taylor_bpm 10.479778 13.389584 .156094
raptor_box 10.552974 13.493715 .153216

raptor 10.6] 13.571412 .153506
pipm_box 10. 13.671651 .183270
predator 10. 13.839469 .156448

bpm 10.945757 13.892081 .182096

raptor_on_off 11.413806 14.569466 .118048

7:21PM - Jan 29, 2021 ®

Figure 1: Evidence that DARKO is the most predictive all-in-one NBA player skill metric.

Finally, we obtained possession-by-possession data, which we use to fit our model that estimates

the outcome of a possession. From Ramiro Bentes’ GitHub page we got a PBP dataset that includes



lineups, teams, scores, time, and playtype data for every event from the 2022-23 season. For

simplicity, in this paper we use data from just the 2022-2023 NBA season.

To measure the outcome of the ' possession y; we use expected net points, or the points scored
by the offensive team minus points given up in transition. We subtract points given up in transition
because transition points are generally regarded to be the result of bad play by the offense. We

define transition play as within 7 seconds of a turnover.'

2.2 Modeling the outcome of a possession

Our goal is to model the outcome of a possession as a function of the skills and archetypes of
all ten players on the court. If the outcome of the i’ possession y; were purely a function of the
offensive skills (DARKO) Xi‘}f 7 and defensive skills (DARKO) X;]l.ef of each player j on the court,
we could model

Ey; = o+ B - ( )y Xi?‘ff) — Bt ( ) Xz"j'Ef)' .1y
def.

off. player player

j=1,...5 j=1,...5
This is an additive model that says the expected outcome of a possession is a weighted difference
between the combined offensive skills of the offensive lineup and the combined defensive skills of
the defensive lineup. Having differing coefficients 8%/ and B¢/ for the offensive and defensive
lineups, respectively, allows the relative impact of offensive and defensive skills to differ. In the

NBA, we expect offensive skill to have a larger impact than defensive skill.

The primary weakness with this simple model is the multiplicative impact of an offensive player’s
offensive skill B°/7 is constrained to be the same for all five players on the court (similarly for the
defense). This is not true in the NBA: the marginal impact of a player’s skill on the outcome of a
possession depends on his role or position in the context of his five-man lineup and the opposing
five-man lineup. For instance, consider a lineup with “offensive juggernaut” Lebron James. James
usually has the ball in his hand and tends to draw extra defenders towards him, which increases
the impact of “3&D” players who can catch-and-shoot and decreases the impact of “playmak-
ing initiating guards” whose skillset is redundant to James’. Now consider a lineup with Giannis
Antetokounmpo, the best “non-shooting, defensive minded big” in the NBA. The impact of An-
tetokounmpo’s offensive skills, dominating the paint area, is muted against a Miami Heat defense
that crowds the paint area. Finally, consider another “non-shooting, defensive minded big” Rudy
Gobert. The impact of Gobert’s defensive skills, rim protecting, is muted against a great shooting

team like the Warriors who can spread the floor and shoot from distance. Hence the impacts f//

Thttps://halfcourthoops.substack.com/p/nba-defense-transition
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and B¢/ of a player’s skill should depend on his archetype a in the context of all ten players of the

court, or the matchup.

A matchup M = (L°/7 1.4¢f) is a combination of an offensive archetype-lineup L/ = {9/ ... a2/T}

and a defensive archetype-lineup L%/ = {a‘llef onad! s}, where af 175

is the archetype of offensive
player j (similarly for defensive player j). Given enough data for each matchup, we would fit
separate coefficients Bof / and ﬁdef for each archetype a in matchup M. In that case, we would

model

o off . off off. player j def def def. player j

Eyl - ﬁO,Mi + Z ﬁa M I (has archetypea ) Z ﬁa M; gl has archetype a | (2.2)
off. player def. player
j=1,....,5 j=1,....,5

where M; is the matchup in possession i.

In practice, given the amount of data we have, there are far too many unique matchups to fit
separate coefficients for each matchup. Specifically, we fit K = 8 player archetypes in Section 2.4,
so there are K> = 32,768 unique archetype-lineups. In practice the vast majority of archetype-

lineups feature at most two players of the same archetype, so there are effectively

OWOOC= e

unique archetype-lineups. In the the 2022-23 season there were 182 observed unique archetype-

lineups and 7,203 unique matchups.

To make fitting our model tractable we reduce the dimensionality of the set of matchups. The idea
is to cluster archetype-lineups into lineup superclusters who play similar styles of basketball. In
Section 2.5 we create K’ = 6 lineup superclusters, capturing how a five-man archetype-lineup plays
together as a unit (not how well it plays together). Then, a matchup m = (1°//,19¢/) is one of 36

combinations of an offensive supercluster /°// and a defensive supercluster /%¢/. We model

L off yoff off. player j \ def dEf def. player j
Eyi = Bom + Z Be: M X I (has archetype a Z Bz M "I has archetype a | » (2.4)
off. player def. player
j=1,..5 j=1,...5

where m; is the matchup in possession i. Combining the offensive skills X(;f f

of all offensive
players j of archetype a on the court during possession i into Z; af f (similarly for the defense), our

model is equivalently expressed by

Ey; = BOm,+Zﬁ;’£{f z Zﬁfinf, : (2.5)



We initially fit this regression model using ordinary least squares but found that some of the signs
of the B parameters were wrong. The parameters 3°// should be positive because an increase in
offensive skill should be lead to an increase in the predicted net points of a possession. Similarly,
the parameters B¢/ should be positive because an increase in defensive skill should be lead to a
decrease in the predicted net points of a possession. To constrain the signs of these parameters, we

use weakly-informative diffuse priors
B~ A:(0,5%) and  BL ~ A4.(0,5%). (2.6)

We use standard normal priors for all other parameters.

2.3 Modeling the effectiveness of a lineup

The expected outcome of a possession Ey, which we model in Equations (2.5) and (2.6), is im-
plicitly a function E[y(¢1,¢;)] of the offensive lineup ¢; and the defensive lineup ¢;. A lineup
¢ is a set of five players’ offensive skills, defensive skills, and player archetypes. We evaluate
Ey = E[y(¢;,#¢,)] by constructing the combined skill Z of all players of archetype a from the in-
dividual player skills X and by constructing the matchup index m from the archetypes a of all ten

players on the court.

Then we define the value v(¢,¢,) of lineup ¢; versus an opposing lineup ¢, by the difference in

expected net points when ¢ is on offense versus defense,

V(ﬁl,ﬁz) = ]E[y(ﬁl,ﬂz)] —]E[y(gz,gl)]. (2.7)

We then define the value of lineup ¢; as the average value of ¢; against each of last year’s playoff

teams, i
v(ly) = 6 ) v({1,07). (2.8)
} last year’s
26playoff teams

We pit the lineup ¢; against just playoff team’s because we want to optimize for being successful

against good teams with the ultimate goal of pursuing a championship.

2.4 Fitting player archetypes

We cluster players into archetypes that describe their role within a lineup via K-means clustering.’

We cluster on the 48 variables describing how a player plays (detailed in Section 2.1). We use

2We used Alex Stern’s K-means clustering code from https://alexcstern.github.io/hoopDown.html.
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K = 8 archetypes because the rolling difference in the sum of squared error for K-means levels off
around there (see Figure 2b). Also, the assigned player archetypes for K = 8 passed the sniff test

(i.e., they looked reasonable).

Where does this level off? A Clearer Picture
12500

1
0000 2000

w
& 700

1000

SSE Rolling Difference

5000

12345678 09101112131415161718192021222324252627282930313233 34 3536 37 38394041 4243444546 474849 50 12345678 910111213141516171819202122232425262728293031323334 3536 37383940414243444546 47484950
K K

Figure 2: On the left: the sum of squared error for K-means clustering of player archetypes as
a function of K. On the right: the rolling difference in the sum of squared error for K-means
clustering of player archetypes as a function of K.

We summarize the K = 8 player archetypes as follows,

Scoring Wings,

Non-Shooting, Defensive Minded Bigs,
Offensive Minded Bigs,

Versatile Frontcourt Players,

Offensive Juggernauts,

3&D,

Defensive Minded Guards,
Playmaking, Initiating Guards.

® NN kW =

We visualize the statistical makeup of each player archetype in Figure 3.

2.5 Fitting lineup superclusters

We cluster archetype-lineups, or five-man combinations of archetypes, into superclusters that de-
scribe how a five-man lineup plays together as a unit via K-means clustering. We cluster on
weighted archetype-lineup data describing how a archetype-lineup plays (detailed in Section 2.1).
Specifically, for each of the 182 observed unique archetype-lineups, we take a weighted average
of each lineup statistic from Section 2.1, weighting by the number of minutes played by each ob-

served five-man lineup. We use K’ = 6 superclusters because the rolling difference in the sum
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Figure 3: Visualizing our K player archetypes derived from K-means clustering.

of squared error for K-means levels off around there (see Figure 2b). Also, the assigned lineup

superclusters for K’ = 6 passed the sniff test (i.e., they looked reasonable).
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Figure 4: On the left: the sum of squared error for K-means clustering of lineup superclusters
as a function of K. On the right: the rolling difference in the sum of squared error for K-means
clustering of lineup superclusters as a function of K.



We summarize the K = 6 lineup superclusters as follows,

Three-Point Symphony,

Half-Court Individual Shot Creators,
Slashing Offenses,

All-Around with Midrange,

Chaos Instigators,

A T

Up-Tempo Distributors.

We visualize the statistical makeup of each lineup supercluster in Figure 5.
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Figure 5: Visualizing our K lineup superclusters derived from K-means clustering.

3 Results

To obtain our posterior samples, we run one MCMC chain for 10,000 iterations. We implement our
sampler in Stan (Carpenter et al., 2017) and perform our MCMC simulation using the rstan pack-
age (Stan Development Team, 2022). The Gelman-Rubin R statistic is less than 1.1, suggesting

convergence (Gelman and Rubin, 1992). It took about 18 hours to run the chain.

Now we apply our model for the effectiveness of a lineup from Formula (2.8) to conduct player

acquisition. We focus on a specific scenario: given four solidifed starters, which fifth player should



we add to the lineup? We search over all players in our dataset who made less than $25 million

last season.

First we consider the Los Angeles Lakers. Near the 2022-2023 trade deadline, they traded for Rui
Hachimura to join their core of LeBron James, Anthony Davis, and Austin Reaves. The Lakers
had a solid four-man lineup but still needed a fifth starter. An analysis considering traditional
positions in the NBA would suggest that the Lakers need a point guard. The Lakers followed
suit and traded for D’ Angelo Russell. We classify LeBron James as an “offensive juggernaut”,
corresponding to offensive versatility and ball-dominance, making the ball-handling skills of a
point guard redundant. According to our model, 3&D and defensive-minded guards are predicted
to fit better alongside the Lakers core. In Figure 6 we highlight three such players who are highly

recommended by our model.

4-Man Lineup to Optimize Rank iit;,r;‘:ffj Offensive  Defensive
Net Points Skill Skill shabubl Lo
- -
e Bogdan W 02670 | 1.61 | -0.28 6
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__4 .
"Rui"“_ 1Amhon*yr Def,”Ck 0.1850 | 0.58 | 0.92 7
Hachimura Davis White \ 7l
AN AN

Figure 6: Players recommended to join the Lakers core.

Next we consider the Indiana Pacers. Near the 2022-2023 trade deadline the Pacers were a middle
of the pack team that needed a spark. Their core four consisted of young star point guard Tyrese
Haliburton, rookie Bennedict Mathurin, solid veteran shooting guard Buddy Hield, and solid vet-
eran big man Myles Turner. Conventional wisdom regarding traditional positions would suggest
that the Pacers need a power forward. But, given that three of the four Pacers had negative de-
fense skill ratings, our model recommends acquiring any defensive-minded archetype, inlcuding
a defensive big, 3&D, or defensive guard. Simply put, we believe the Pacers needed to prioritize

defense. In Figure 7 we highlight three such players who are highly recommended by our model.

Finally we consider the Phoenix Suns prior to the start of the 2023-2024 season. The Suns created
an unprecedented pairing of three offensive juggernauts: Bradley Beal, Devin Booker, and Kevin
Durant. Over the summer, the Suns front office debated whether to keep or trade offensive big

Deandre Ayton. The Suns ended up trading Ayton for fellow offensive big Jusuf Nurkic. Our
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Figure 7: Players recommended to join the Pacers core.

model believes that a defensive big would have been a better fit, shown in Figure 8. Interestingly,
according to our model Nurkic was the best available offensive big (but he was still predicted to be
a worse fit than any of these defensive bigs.)

Estimated P ek
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Figure 8: Players recommended to join the Suns core.

4 Discussion

Player acquisition is one of the fundamental problems of basektball analytics. An analyst may
be tempted to recommend simply acquiring the best available player, where best is defined by an
all-encompassing skill metric. How a player fits with his teammates, however, is also important
in determining the effectiveness of a lineup. Thus in this paper we measure the effectiveness of a
lineup as a function of the offensive skill, defensive skill, and player archetype of all ten players

on the court. We create a novel model which captures interactions between the skills and roles of

11



all ten players. We find that fit is just as essential as skill in crafting a lineup.

Although we improve upon the state-of-the-art, our analysis is not without limitations. First, the
impact of skill may be nonlinear. Perhaps the impact of skill is much heavier in the tails than
in the fat of the distribution. Using logit-transformed skill should remedy this. Additionally, in
this work we hard-cluster players into archetypes and hard-cluster lineups into superclusters using
K-means clustering. In reality, while certain players are traditional single-position players (e.g.,
Rudy Gobert is a quintessential defensive minded big), other players fall near the border of two or
even three positions. In future work we recommend exploring soft-clustering players and lineups
(i.e., fitting the probability that each player belongs to each cluster) using, say, a Gaussian mixture

model. In that scenario it is straightforward to modify Formula (2.5) to incorporate soft-clusters.
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