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Abstract: In basketball and other team sports, assessing
players’ and lineups’ performances is crucial for team man-
agement. This assessment should address both individual
players’ contributions and the synergies among them. Here,
we aim to analyze the importance of collaboration among
NBA players from the 2002-2003 to the 2022-2023 season.
To this end, we propose a modification of the extended
Regularized Adjusted Plus-Minus model, where the efficacy
of each lineup is determined by adding up the non-negative
contributions of players on the court, adjusted for a posi-
tive or negative interaction term. The proposed specifica-
tion improves the readability of the estimated values of
players’ and lineups’ effects, which can be straightforwardly
visualized and used more efficiently for actual decision-
making. The main analyses based on this model specifica-
tion revealed that, in the NBA, the importance of synergies
among players decreases over the years, suggesting a shift
from team to individual-oriented style of play. The only
notable exception occurs during the COVID-19 lockdown
period, when the relevance of lineups effects temporarily
increases, indicating a change towards a team-oriented style
of play. The proposed model can also be adopted to evalu-
ate the difference between home and away-specific perfor-
mances of players and lineups.

Keywords: basketball analytics; lineups and players perfor-
mances; players synergies; NBA data; sports management

*Corresponding author: Luca Grassetti, Department of Economics and
Statistics, University of Udine, Udine, Italy, E-mail: luca.grassetti@uniud.it.
https://orcid.org/0000-0003-1997-8001

Michele Lambardi di San Miniato and Valentina Mameli, Department
of Economics and Statistics, University of Udine, Udine, Italy,

E-mail: michele.lambardi@uniud.it (M. L. D. S. Miniato),
valentina.mameli@uniud.it (V. Mameli).
https://orcid.org/0000-0003-2423-4250 (M. L. D. S. Miniato).
https://orcid.org/0000-0002-0540-144X (V. Mameli)

1 Introduction

Sports analytics has a relatively long history, and its rele-
vance has grown with technological advancements. Accord-
ing to Markovic et al. (2020), any data record contributing to
the decision-making process can be considered part of these
analytics. For this reason, the beginning of sports analytics
can be dated back to the early days of organized sports.
Nowadays, the availability of large quantities of complex
data influences the interest of statisticians (see, for instance,
Baumer et al. 2023) and machine learners (as in Aalbers
and Van Haaren 2019; Assuncdo and Pelechrinis 2018) in
applying sophisticated methodologies to gain insights and
enable data-driven decision-making in a variety of sports-
related domains. Purely theoretical contributions in peer-
reviewed journals are rare, making it challenging to provide
a detailed overview of the current state of the art in this
field. Notwithstanding, from an empirical point of view,
the interest in analytics is fostered by the large availabil-
ity of data from sports events. The analysis of these data
can be diverse (see Zuccolotto and Manisera 2020). In this
complex framework, the assessment of teams’ or athletes’
performance represents a marginal aspect in the statistical
literature while being a crucial aspect of team manage-
ment. Data-driven techniques can help in this respect, but
they require extensive data processing, and the knowledge
acquired through such methods is difficult to translate into
everyday decision-making practice in sports.

We develop our study within the model-based frame-
work; in this context, the Regularized Adjusted Plus-Minus
(RAPM) model (Sill 2010) can be an effective and efficient
solution for determining players’ performances, allowing
for direct comparisons among players. The present work
focuses on assessing the performance of the National Bas-
ketball Association (NBA) players over a 21-season period
from 2002-2003 to 2022—2023, with particular attention to
the role of player synergies. Specifically, we propose an
empirical study to explore how individual contributions
and synergistic effects can influence team outcomes in the
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NBA. To conduct this analysis, we build on the Extended
RAPM (E-RAPM) model introduced by Grassetti et al. (2021),
which allows for the joint estimation of lineup and player-
specific effects. From the decision makers’ point of view, this
model offers a direct interpretation of total lineup perfor-
mance, which, for each lineup, is determined by the sum
of pure players’ effects, adjusted by adding the pure lineup
effect. On the one hand, the total lineup performance can be
used to measure the efficacy of the different five-man units.
On the other hand, the individual contributions of each
player to this performance are still somewhat difficult to
discern due to the unconstrained nature of the pure players’
effect. Although not central to our contribution, we adopt
a slightly modified version of the E-RAPM model obtained
by constraining the players’ effects to be non-negative. In
this way, the scoring system in a match can be seen as
a process in which the players contribute to the score in
an additive fashion, and their synergistic behaviors impact
the final result either positively or negatively. This simple
modification improves the readability of the results and
provides an intuitive and more accessible visualization tool
that supports practical decision-making. Hereafter, we refer
to the proposed model specification as the Modified E-RAPM
model (ME-RAPM).

Previous research on the Euroleague revealed the
importance of synergies in explaining team performance
(Grassetti et al. 2021). However, the extent of cooperation
and physicality of the NBA is actually different. According to
Mandic et al. (2019), the most noticeable distinction between
the two competitions is the game tempo. With a longer posi-
tional and planned offense, European basketball is more tac-
tical than NBA basketball, which is characterized by shorter
possession times, less focus on defense, and more turnovers
and transition plays, resulting in a more appealing game
for the general public. Motivated by these considerations
and a preliminary analysis of the NBA season 2022—2023, we
raised the following interesting research questions:

Does synergy among players matter in NBA gameplay?
Has the relevance of the individual players’ contribu-
tion changed over time in the NBA?

To address these questions, we analyze NBA play-by-play
data from the 2002-2003 season to the 2022-2023 season.
Specifically, we use the historical data collected, cleaned,
and improved by BigDataBall (https://www.bigdataball
.com/).

The insights obtained from these analyses lead to
further investigations into other relevant aspects of
players’ performances. By slightly modifying the model
specification, we introduce home and away-specific
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performance metrics that allow us to explore an additional
research question:

Is there any difference in the home and away-specific
performances of NBA players?

The paper is organized as follows. Section 2 overviews
the existing proposals in basketball players’ performance
analysis, focusing on the Adjusted Plus-Minus literature
and RAPM estimation. In addition, it introduces the mod-
ification to the RAPM model specification adopted in the
empirical analyses. Descriptive analyses in Section 3 pre-
pare the reader for the application to NBA play-by-play data.
Section 4 reports the discussion on model estimation results.
Section 5 focuses on the evolution of players’ teamwork in
the NBA. Finally, Section 6 gives conclusions and draws a
possible future development.

2 Literature review

Many are the possible applications of sports analytics in
basketball, and an interesting overview can be found in
Oliver (2004). The recent literature has focused on some
important topics for team management, including analysis
of team performance (see Metulini and Gnecco 2022), match
and tournament outcome prediction (see Kvam and Sokol
2006; Manner 2016; Ruiz and Perez-Cruz 2015; Yang and Lu
2012), injury prevention (see Cohan et al. 2021), and player
salary determination (see Ozbalta et al. 2021; Sarlis and
Tjortjis 2024). In this very diversified framework, evaluating
the performance of individuals and groups of individuals is
arguably relevant to all of these strands (Terner and Franks
2021).

The classical players’ performance analysis can be car-
ried out by considering various metrics. In Sarlis and Tjortjis
(2020), the authors comprehensively review some useful
metrics available at the match level using box-scores data,
including the Plus-Minus (PM) and Adjusted PM metrics.
Although box-score statistics can be used for performance
assessments at the players’ and teams’ levels, play-by-play
data offer more insight into players’ contributions to the
team’s performance (as, for instance, in Deshpande and
Jensen 2016; Gong and Chen 2024). Profiling players’ per-
formance based on their on-court statistics is a very rel-
evant topic in the sports management framework (Tiede-
mann et al. 2010). These analyses can be invaluable in
making well-informed managerial decisions and may pro-
vide a competitive edge in the world of sports. As reported
in Hvattum (2019), coaches and team managers can make
decisions based on players’ ratings, which can be estimated
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in different ways. Indeed, players’ performance can also be
assessed using suitable modeling techniques.

The origins of model-based approaches in sports can
be traced back to the early 2000s and the significant work
of Rosenbaum (2004), who introduced the Adjusted PM
(APM), a regression-based version of the PM metric. The
model-based approach is further discussed in Omidiran
(2011) and is considered one of the most popular methods
for evaluating player performance. This model specifica-
tion entails sparse design matrices, multicollinearity, and
severe overparameterization. For these reasons, regular-
ization is crucial to improve accuracy. Regularized APM
(RAPM) was formulated by Sill (2010) and typically employs
ridge regression to estimate player efficiency, as summa-
rized in Engelmann (2017), but other regularization meth-
ods can also be adopted, such as those reviewed by Efron
and Hastie (2016). The RAPM model is arguably one of the
best solutions because it allows for computing the efficiency
of players while accounting for the opposing lineup and
including some exogenous variables, such as the current
time and score and the difference in teams’ ranking, to
mitigate confounding. Typically, the RAPM model is based
on play-by-play data aggregated over shifts, defined as play-
ing periods without substitutions. In a very recent work,
Damoulaki et al. (2025) developed an RAPM-based indicator
on a finer aggregation of play-by-play data at the level of
possessions. The authors employed a model-based approach
to analyze a single possession outcome. Their approach
enables the study of offensive and defensive player perfor-
mance by applying a lasso-regularized multinomial regres-
sion model. In this context, a by-product of the model esti-
mation is the performance of lineups and teams, defined as
groups of players.

However, considering the players’ effects as the only
measure of the group performance is simplistic since the
team and lineup performances also depend on players’
interactions, hereafter referred to as synergistic effects. In
this respect, a peculiar use of the RAPM model is the one
introduced in Grassetti et al. (2019), where the PM concept
is applied to estimate the lineup effects only, encompassing
the synergies among players on the court. As the number
of observed lineups exceeds by far the number of play-
ers, this model specification involves more sparsity and,
more relevantly, more complex results. From a technical
perspective, it takes a step forward in terms of the good-
ness of fit. However, from a practical point of view, the
estimated lineup effects are less interpretable than the clas-
sical RAPM players’ contributions. More recently, in Gras-
setti et al. (2021), the original RAPM model is extended to
include synergies among players, namely, the pure lineup
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effects. Considering P players, L lineups, and T shifts, the
E-RAPM model specification can be compactly expressed in
a matrix form as

y=XB+Z"u+2Py +e, )

where y is the T-dimensional vector of differences between
home and away scored points divided by the shift-specific
number of possessions and Xf is the linear predictor for
the effect of exogenous variables. With only two non-zero
entries per row, Z? is the T x L design matrix for lineups’
effects, whereas Z? is the T x P design matrix for the
players’ effects, presenting ten non-zero entries per row.
These matrices are sparse, and their non-zero entries are
either +1 or —1 when the lineups and players belong to
home or away teams, respectively. The players’ effects vec-
tor, denoted by y, has length P. The vector u represents the
effects of the lineups and has length L. Finally, the model
assumes the following normal distribution for the error

term 5
c

£~ N(O, 5)
1

where n, is the observed number of possessions during the
generic shift t.

The classical RAPM literature employs ridge regression
to estimate players’ effects. As the model in equation (1) con-
siders two sparse design matrices for the players and lineup
effects, the empirical Bayes or full Bayesian approaches can
be adopted to achieve a feasible and more flexible regular-
ization. These solutions require the specification of priors
for the lineup and player effects, which have been assumed
to be independent Gaussian distributions, namely

t=1,...,T,

U~ N(O, Gil]L> and y ~ N(O, ofllp),

where [ is the D X D identity matrix. In the full Bayesian
approach, to mimic the regularization obtained by ridge
regression, one must introduce suitable priors for 6/24 and
af, as shown in Grassetti et al. (2021). The full Bayesian solu-
tion is computationally and memory-intensive. Notwith-
standing, its flexibility brings valuable advantages when
considering further model generalizations, such as the one
proposed in the next subsection.

2.1 The modification of the E-RAPM model

As just introduced, from a managerial point of view, read-
ing the E-RAPM model in terms of players’ contributions
to the teams’ performance is not straightforward. In fact,
the cumulative performance of players on the court can be
defined by summing up the typical RAPM measures, but
this summarization does not represent a clear and easily
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readable tool, as the resulting index cannot be directly dis-
entangled to represent the individual contributions. This
work proposes a model in which estimated effects still allow
to assess player performance but are also easy to read and
visualize for decision-makers.

In particular, we propose to treat the shifts’ scores for
the home and away teams as the outcome of players’ efforts,
borrowing the idea of input contribution in a production
process. In this regard, an E-RAPM-like model specifica-
tion can be applied to the non-negative home and away-
specific scores. Specifically, let y,, and y,, be the measures
of the home and away teams’ efforts observed at shift t.
The two contributions to the outcome of shift ¢ may be
expressed as the total effect of the players on the court
and an additional effect related to the specific lineups
as

» »
Y =20u+2Py, and y,=zZ0u+7zly. @

where ht and at indicate the home and away teams play-
ing at shift t. Regarding the lineups, the two design matri-
ces are extremely sparse since each row, (..
(Z),_, ... only has one non-zero element indicating the
presence of the lineup at shift t. The two design matri-
ces for players at home and away are also sparse. Indeed,
( Z(p)) 3

ht 7t=1...,
indicating the five players on the court at shift . The vectors
u and y collect the lineup’s and player’s effects, respec-
tively. As y,, and y, show non-negative and heavy-tailed
distributions, it is natural to define the players’ effects as
non-negative contributions to the team scores and consider
unconstrained synergistic effects (due to lineup composi-
tion) to adjust the lineup’s total performance. The result-
ing model is called ME-RAPM hereafter. Dealing with non-
negative player contributions, one can finally supply the
team’s management and coaching with an effective tool
for building the team roster first and selecting the best
lineup solutions during the games, being able to quantify
the players’ contributions and their synergies clearly and
simultaneously. Moreover, the proposed solution also helps
in shrinking the low-performing players’ effects, thereby
minimizing the potential influence of negative outliers in
their practical use. The shrinkage effect of the proposed
solution is visualized in Figure 2.1 in the Supplementary
Material.

Following the model formulation in equation (1), the
overall score at each shift ¢t can then be modeled as a
function of the difference between the home and the away
teams’ efforts, defined in (2) as

)t=1

.....

.....

Ve=XB+Vyu—YVau+te&, t=1..,T, 3
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where X, is a matrix of additional covariates at shift ¢, with
the associated vector of coefficients  and the idiosyncratic
error term g, ~ N(O, :—Z .

Note that the model defined by combining equations (2)
and (3) is a reformulation of the original E-RAPM model,
which still fully accounts for the adjustment due to the
simultaneous presence of players on the court. Modeling the
two scores separately provides a more accurate representa-
tion of the data-generating process and represents a further
justification for defining non-negative contributions from
players.

Moreover, this formulation can be directly used to split
the estimated effects into home and away-specific measures,
defining two distinct vectors collecting the home and away
performances of players (y, and y,) and lineups (u;, and
H,) as well. As a result, the equations defining the home and
away-specific scores can be defined as follows:

D

— 7 D
Yne = th

M+ 2 e and Yo =Z0u+ 20y, @
The resulting model (Generalized ME-RAPM - GME-RAPM
hereafter) present a noticeable complexity due to the spar-
sity of the design matrices, in particular when considering
the generalization of lineup effects.

In a Bayesian framework, the non-negative player
effects can be modeled considering a half-normal distribu-
tion (HN (0, ai[l P) ). Such priors enable easier evaluation of
the role of players and lineups in the team’s performance. A
Gaussian distribution (N (0, o-fl Iy ) ) can still be assumed for
the lineup effects u. Finally, the model specification assumes
prior distributions for f and the standard deviations for
the player effect (5,), the lineup effect (), and the error
term (o). Similarly to Grassetti et al. (2021), we adopt weakly
informative priors such as half-Cauchy distributions with a
moderately large scale hyperparameter (equal to ten) for
the standard deviation parameters, and an independent
zero-mean normal distribution with a large standard devi-
ation (equal to ten) for the components of f, according to
the response values’ range; refer to the works of Gelman
(2006) for further information on non-informative priors.
The resulting model specification is a typical example of
hierarchical Bayesian models. The same priors can also be
adopted when considering the modification introduced in
equation (4).

Hierarchical models often face estimation issues such
as funneling. This issue may arise when some prior dis-
tributions are ruled by parameters that, in turn, present
a given prior, leading to unstable chains. When the priors
for players’ effects are either Gaussian or half-normal, one
may adopt hierarchically non-centered parameterizations
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(NCPs, Papaspiliopoulos et al. 2007). This approach stabi-
lizes sampling from posterior distributions in hierarchical
models, making the full Bayesian solution computationally
viable.

3 Data exploration

In this section, we present a few descriptive analyses
that motivate our choices on data subsetting and stratifi-
cation. These choices are crucial in drawing meaningful
conclusions.

The NBA is a professional basketball league compris-
ing 29 American clubs and one Canadian club, based in
Toronto. The league is split up into the Eastern and West-
ern conferences. The teams and their abbreviations, along
with conference affiliations, are given in the Supplemen-
tary Material in Section S1 to improve the readability of the
following results.

To describe the main characteristics of the NBA data,
we first focus on the 2022-2023 season. The older seasons,
starting from 2002 to 2003, are then analyzed to highlight rel-
evant patterns with a special focus on lineups’ and players’
utilization.

The data cleansing process is as follows. First, we aggre-
gate the play-by-play data and turn them into shift-by-shift
data to match the RAPM model specification. Secondly, for
each shift, we compute points scored and possessions played
by the home and away teams, as well as the elapsed and

shifts players
16 10
9
12
c 8
)
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remaining time at the end of the shift. Lastly, we drop shifts
when no possessions occurred or when the game is “gone”,
that is, with a points difference larger than 20 and less than
6 min left, because it can be considered garbage time. The
percentage of time passed in this condition varies hetween
2.37 % and 4.27 % in the 21 considered seasons.

3.1 2022-2023 NBA season

The first analysis we propose is a fine-tuning of the data-
cleansing process. In particular, all the analyses hereafter
will not consider the playoffs because games in this phase
of the tournament are fewer than and significantly different
from the regular season in many respects (Cabarkapa et al.
2022). For instance, Figure 1 displays the effective number
of shifts, lineups, and players per game over months in
2022-2023, computed as described in Section 3.2. A pro-
nounced shift in team dynamics is observed in April, coin-
ciding with the start of the NBA playoffs.

The 2022-2023 regular season consists of 1,230 games
with 467 plays per game on average. After aggregation and
data cleansing, the dataset includes 35,128 shifts, with an
average of 14.3 lineups and 10.3 players per team, and 28.4
shifts per game. Each shift consists of 3.4 possessions per
team, on average.

Before starting the analysis of players’ utilization, we
describe the rationale behind the proposed model specifica-
tion. By looking at the joint and marginal distributions of
home and away points per possession scores in Figure 2,

lineups
9
6
- e
55 8FFs@Fiss

Figure 1: 2022-2023 NBA season. The players’ usage over the season: the effective number of shifts, players, and lineups per game and month.
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4 6
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Figure 2: 2022-2023 NBA season. The scatterplot of points per possession at home and away (A) and the empirical marginal distributions of points

per possession at home and away (B).

we note the scores exhibit a peculiar distribution with a
remarkable positive skewness and zero inflation, support-
ing the idea that the player’s contributions can be consid-
ered non-negative.

To study the players’ utilization, we finally assess the
concentration of possessions per lineup and player, which
can help to evaluate the gameplay characterizing each team.
Summary statistics describing the distribution of posses-
sions per lineup and player are provided in the Supplemen-
tary Material, in Section S2.1.

To illustrate this distribution, Figure 3 presents a com-
parative analysis across four selected teams: on the left
panels, a rescaled Lorentz curve for the concentration of
possessions among lineups for four selected teams is dis-
played, while on the right panels, the distribution of posses-
sions per player is reported. The chosen teams exhibit some
rather distinct behaviors. For example, Boston Celtics’ and
Denver Nuggets’ lineups play a significantly larger amount
of possessions compared to San Antonio Spurs’ and Brook-
lyn Nets’. Boston Celtics and Denver Nuggets are smaller
teams, both with only 18 players, and they put fewer line-
ups on the court during the season. The average difference
between the home and away teams’ points per 100 posses-
sions can also be expressed as a function of the possessions
scored when specific lineups or players are on the court. In
Section S2.1 of the Supplementary Material, we provide a
representation of this relationship for the four previously
selected teams.

All these analyses demonstrated that teams adopt very
different strategies when choosing the players’ rosters and
also when combining their players on the court. As a result,
assessing players’ and lineups’ performances can be crucial
for managing the player rotation, which in turn represents a
fundamental aspect of teams’ performance, as clearly stated
in Clay and Clay (2014).

3.2 NBA seasons from 2002-2003
to 2022-2023

The analysis in the previous subsection suggests that the
teams may behave rather differently in terms of players’
and lineups’ usage. Here, we show that changes in terms
of players’ usage have occurred over time, too, so it is
better to stratify the analysis based on seasons in the
following.

The number of games played in the regular season is
essentially constant over the years, except in the 2011-2012
season for the lock-out and the 2019-2020 and 2020-2021
seasons during the COVID-19 pandemic. The number of
plays per game varies from 444 to 476, with an average
value of 455.6. Over time, there has been some variability
in the number of shifts per game, ranging from a mini-
mum of 27.1 to a maximum of 29.8, with an average of 28.3.
The lineups’ and players’ average numbers per team and
game are 13.8 and 10.2, respectively. The average number
of possessions per team and shift is 3.2 and ranges between
3 and 3.4. Further details can be found in the Supplemen-
tary Material (Section S2.2).

To evaluate the differences among the seasons, we
analyze the distribution of the effective number of play-
ers, lineups, or shifts per game over the years. These mea-
sures are computed as the ratios between the sum of
the possessions recorded for players, or lineups, or shifts
and their maximum within the team and game. In other
words, the relevance of players, lineups, or shifts is mea-
sured by the number of played possessions. The analy-
sis shows that the effective number of players and shifts
increases over time, but the number of lineups remains
mostly unchanged. This trend is illustrated in the Supple-
mentary Material (Section S2.2).
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Figure 3: 2022-2023 NBA season. The concentration of possessions across lineups (left) and the distribution of possessions per player (right) for the

four selected teams.

4 Model estimation results

This section collects the analysis of the model estimation
results for the model specifications introduced in Section 2,
using data from the 2022-2023 NBA season. This section
is intended to facilitate the reading of the main results
reported in Section 5 but it also gives general insights into
the empirical analysis.

The first subsection highlights the similarities and dif-
ferences between the E-RAPM and ME-RAPM models and
compares their estimated performances with other estab-
lished metrics. The second subsection introduces a graph-
ical tool for visualizing player and lineup effects derived
from the ME-RAPM model. The third subsection examines
the estimates of the ME-RAPM model that accounts for home
and away-specific performances.
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Figure 4: 2022-2023 NBA season. Bayesian predictive model checking: comparison of the standardized observed score with some samples simulated
from the predictive distribution for the E-RAPM model (A) and for the ME-RAPM model (B). Top panel, left: boxplots of observed response and six
simulated samples. Top panel, right: density plots of the observed variable and 50 simulated samples. Bottom panel: 50 % intervals computed using
the predictive distribution, with the observed score superimposed, sorted by possessions.

All model estimates are obtained using R (R Core Team
2024), adopting the full Bayesian approach. The rstan library
(Stan Development Team 2024) is used to estimate the
model. To visualize model estimates and diagnostic outputs,
we use the bayesplot library (Gabry and Mahr 2024), and
some ggplot2 tools (Wickham 2016) for more specialized
plotting solutions.

4.1 Model fitting, estimation, and evaluation

Using 2022-2023 NBA season data, we analyze and contrast
E-RAPM with the ME-RAPM model. In general, the estima-
tion is based on four MCMC chains, and for each chain,
2,000 warmup iterations are discarded, while 2,000 post-
warmup iterations are retained for inference. The R-hat
(R) statistic (Gelman et al. 1995) serves as a convergence
diagnostic. When this measure exceeds 1.01, there are some
concerns regarding the simulation’s stability, as suggested
in Vehtari et al. (2021). In our simulations, all model parame-
ters have R statistics close to 1and less than 1.01, thus not sig-
naling any convergence problem. The Effective Sample Size
(ESS) is sufficiently large to yield precise estimates. More-
over, the expected log-predictive density (ELPD) is used to
assess the model’s goodness of fit (Vehtari et al. 2017). Higher
ELPD values indicate greater posterior predictive accuracy.
According to the ELPD, the E-RAPM and ME-RAPM models
exhibit comparable performance, with scores of —221, 973.7
and —221, 975.5, respectively.

To further check the models’ fit, we examine their pos-
terior predictive distributions. We also evaluate whether
models can simulate data that approximately match the
observed score, normalized by the number of posses-
sions, by drawing 50 simulated datasets from the posterior

predictive distributions of the E-RAPM and the ME-RAPM.
Figure 4 compares the observed score, normalized by the
number of possessions, with data simulated from the two
posterior predictive distributions. All the comparisons indi-
cate that, despite a few outliers, both models provide ade-
quate fits.

Model estimates are given in Table 1. The two mod-
els show similar estimates except for the players’ effects
scale parameters, which differ due to the models’ specifica-
tions. The estimates show the typical home effect, which has
been largely discussed in the sports analytics literature. For
instance, in Harris and Roebber (2019) the authors evaluate
the reasons for the decline of the home advantage over the
NBA seasons using a neural network-based approach. In
Ribeiro et al. (2016), the authors identify a general decline
in this phenomenon over the years. Still, they also dis-
tinguish some team-specific positive patterns, identifying
heterogeneity in the phenomenon. Following the idea of
identifying a period-specific home effect as in Jones (2007),
we consider a model based on the period dummies that cap-
ture this effect. In particular, §;, identifies the home advan-
tage, while the parameters corresponding to the periods are
typically not significant. The scale parameters also reflect
a common characteristic of the RAPM models, where the
residual error component is often prominent. The extent
of the lineup and player effects can be inferred from the
scale parameters estimates. As one can notice, the mag-
nitude of y parameters is superior to that of u ones for
all the considered models, even if not directly comparable.
Further details on the distribution of the estimated effects
for players and lineups can be found in the Supplemen-
tary Material (Section S3.1), where the previously mentioned
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Table 1: 2022-2023 NBA season. E-RAPM and ME-RAPM model
estimation results. Along with player and lineup effects, the models
considered a simple dummy variables model matrix for the period of the
game. For all the parameters, the mean of the posterior distribution is
reported along with the 95 % credible interval, effective sample size
(ESS), and k fit measures.

Parameters Mean 2.5%97.5% ESS R
E-RAPM model

By 3115 1.266 4.991 3,353.2731.000
B, —1.655—4.308 0.985 4,526.6521.000
B3 —1.092-3.823 1.559 4,543.7221.000
B4 —0.791-3.506 1.893 4,458.4211.000
log(o,) 5.496 5.488 5.503 10,453.0771.000
log(o,) 1.061 0.864 1.237 2,628.683 1.001
log(c,) 0.019 —2.881 1336  708.2081.002
ELPD —221,973.665 (158.5)

ME-RAPM model

By 3164 1.268 5.033 2,790.335 1.001
B, —1.706 —4.424 0.949 3,516.008 1.001
Bs —1.119-3.859 1.631 3,792.364 1.001
Ba —0.825—3.538 1.842 3,485.6611.001
log (o, ) 5.496 5.488 5.50310,633.9341.000
log(o,) 1.523 1319 1.707 2,312.4101.002
log(c,) —0.042 -2.916 1.299  728.2721.001
ELPD —221,975.525 (158.493)

shrinkage of the effects of the worst-performing players is
clearly visible in the right-hand panel.

To test the validity of the estimated RAPM measures and
equivalence between the original and the modified RAPM
model specifications, we compare our estimated player
performances with official rankings. Players considered in
this analysis are only those who played at least half of the
regular season. Figure 5 shows that the performance mea-
sures considered in the comparison are all positively corre-
lated, but two main clusters of measures can be identified in
the picture. One indicates that the RAPM results are closely
related to the estimated Net Rating (E_NR), the Plus-Minus
(PM), and the Net Ratings (NR). The other one identifies
a more heterogeneous group, including Efficiency (EFF),
Player Impact Estimate (PIE), and Player Efficiency Rating
(PER), which are weakly related to model-based results.
Moreover, these three measures are highly correlated and
also strongly related to the Win Shares (WS), the Value Over
Replacement of Players (VORP), and the Box score Plus-
Minus (BPM). A lower correlation can be observed between
the two model-based measures and WS, VORP, and BPM.

We can also notice that the two RAPM-based results
present an almost perfect positive correlation, supporting
the equivalence of the two model specifications. This
analysis encompasses different “players stats” data sources,
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Figure 5: 2022-2023 NBA season. Spearman correlation matrix
visualization compares some players’ efficiency measures, and the RAPM
estimated players’ effects (E-RAPM and ME-RAPM).

such as the official NBA for EFF, E_NR, PM, PIE, and
NR (https://www.nba.com/stats/players), the Basketball
Reference for VORP, WS, and BPM (https://www.basketball-
reference.com/leagues/NBA_2023_advanced.html), and the
ESPN for PER (https://insider.espn.com/nba/hollinger/
statistics). The complete set of performance measures can
be found in the Supplementary Material (Section S3.2).

4.2 Visualizing player and lineup effects

In this section, we present a graphical representation to
visualize the player and lineup effects estimated by the ME-
RAPM model. These visualizations help to identify individ-
ual player contributions as well as the combined impact
of specific lineups on team performance. This provides an
example of the types of visual analysis that will be used in
the next section.

The non-negative characterization of players’ effects
introduced in the proposed specification enables a more
intuitive visualization of the total lineup performance.
By summing the estimated effects of the players, we can
express a lineup’s overall impact in a clear and informative
way.

To illustrate this, Figure 6 compares Denver Nuggets,
who won the 2022-2023 championship, and the worst-
performing team of the regular season, San Antonio Spurs.
The figure shows each team’s best and worst lineups and
displays the total lineup effect as a single white bar, allowing
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Figure 6: 2022-2023 NBA season. The five best and worst lineups total effects compositions. DEN (NBA champion) versus SAS (worst western

conference team).

for immediate visual comparison of overall performance.
The stacked grey bars identify the individual player effects,
making it easy to see how each player contributes to the
lineup’s total impact, since all the contributions are positive.
The difference between the stack of grey bars and the white
bar represents the synergistic effect. Notice that, comparing
the two teams, we consider the x-axis scale to be free for
better readability of the results. Regarding the best lineups,
Denver Nuggets’ total effects are almost double those of San

Antonio Spurs. On the contrary, the estimates for worst line-
ups are similar. The lineup effects in the considered case are
negligible, and consequently, the lineup total performance
is mainly equivalent to the sum of pure players’ effects.

4.3 Splitting home and away effects

Looking at the results in Table 2, one can appreciate the
effects of the modification introduced in Section 2.1. As a
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Table 2: 2022-2023 NBA season. ME-RAPM model with home

and away-specific effects estimation results. Along with player

and lineup effects, the models considered a simple dummy variables
model matrix for the period of the game. For all the parameters,

the mean of the posterior distribution is reported along with the 95 %
credible interval, effective sample size (ESS), and R fit measures.

Parameters Mean 2.5% 97.5% ESS R

ME-RAPM model with home and away-specific effects

By —5.155 —12.296  1.821 3,659.614 1.001
B, —1.499 —4.165 1.150 10,674.630 1.000
Bs —1229 —3.925 1.446 11,890.102 1.000
Ba —0.494 —3.261 2259 11,217.020 1.000
log(o,) 5496  5.489 5.503 14,721.758 1.000
log(o, ,) 1631 1381 1854 3,833.422 1.001
log(o,4) 0402 —2.334 1736 15348340 1.000
log(o, ,) 1188 0752 1523 3,616.516 1.000
log(o,,,) 0.077 —2.680 1.468 1,976.188 1.002
ELPD —222,001.404 (158.480)

result of the half-normal specification of players’ perfor-
mances, splitting players and lineups effects into home and
away-specific terms, the home advantage is captured by
the difference in the estimated size of the players’ perfor-
mances. In fact, this difference also determines an aver-
age difference in favor of the home-specific performances
as illustrated in Figure 7, where most points lie above
the bisector line. The difference between the estimated
regression model and the bhisector line measures the aver-
age home advantage. One can also notice that this advan-
tage is relatively more relevant for the worst-performing
players. Additional evidence of how estimated players’
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8 o \. o ::. 2. i
i . . { -~ ...0. o0
5.0 . * 'o.‘.:.
0 Rkt ’.'.
° 0.20 N ‘.’:'5—‘ ° ®e
v T TS A )
TS A T |
7 2 3 4

L. Grassetti et al.: Revisiting player contributions in RAPM models == 11

effects capture the home effect is given in the Supplemen-
tary Material Section S4 (Figure 4.1). Finally, the lineup
effects also show larger variability when playing at home;
however, these terms are less relevant, and their credible
intervals exhibit a substantial overlap.

5 Analysis of historical NBA data

This section collects the results obtained using historical
NBA datasets to study the evolution of teamwork relevance
over the years. We estimate the models separately for each
available season to evaluate the changes highlighted in the
preliminary analyses in more detail. The estimation results
show that the strength of synergies among players, charac-
terizing the 1980s and 1990s, is weakening over time. The
early 2000s represent, from this point of view, a transition
period in which the synergistic effects are still present, but
their relevance slowly decreases. Today, the lineup in the
NBA can be merely considered a “sum of individuals”, as
clearly arises from the following data analysis. In the case
of the 2018-2019 season, we compare the results of the NBA
analysis with those based on Euroleague data. The model
estimation results will include the scale parameters of play-
ers and lineup effects as the estimation procedure treats
them as parameters driving the sampling process. As the
number of estimated effects is huge, the model estimation
results will be mainly summarized graphically to make their
inspection feasible. As observed in the analyses of the pre-
vious section, synergistic effects in the NBA courts in recent
years are mostly negligible, but some interesting patterns
have emerged over the years.

R=0.37,p<22e-16

Figure 7: 2022-2023 NBA season. A direct comparison of home and away-specific estimated players’ performances.
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Figure 8: 2002-2003 NBA season. The five best and worst lineups total effects compositions. NBA champion SAS.

5.1 The evolution of teamwork in NBA
games

The following analyses are meant to answer the first two
research questions introduced in Section 1. In particular,
the first analysis developed on the 2002—-2003 NBA season
dataset shows that, in the early 2000s, the player interac-
tions (synergies) played a relevant role. To give an example,
Figure 8 shows the composition of the total lineup effects
for the five best and worst lineups of the NBA title winner,
San Antonio Spurs. On the one hand, all the first five lineups
include Duncan, Bowen, and Parker. Ginobili or Robinson’s
presence seems to generate a similar total effect for the four-
man units. As the second and fourth lineups differ for only
one player, namely Rose or Jackson, the estimation results
suggest that Robinson and Rose’s simultaneous presence
on the court brings a negative synergistic effect. All the
other solutions present a total lineup effect that is more
prominent than the mere sum of players’ effects. Conversely,
all the worst five lineups show adverse synergistic effects.
Moreover, one of the five best lineups includes Smith, who
presents a low individual contribution, demonstrating that
a positive synergistic players’ behavior may play a relevant
role in the evaluation of lineups. These players’ synergistic
effects have a more prominent role than in the 2022-2023
season results reported for the same team in Figure 6. All
these results are in line with the general assessment made in
Lefko (2016), where mostly qualitative evaluations are made

on the importance of players’ synergies and the superstars’
role.

More generally, the ME-RAPM model is used to study the
evolution of collaborative behavior among players on the
court. In particular, to answer the second research question,
one can consider the scale parameter of the lineup effects
as a proxy of the strength of collaboration among players.
Figure 9 shows that this parameter declines over time. For
space reasons, the figure only reports six equally spaced
NBA seasons from 2002-2003 to 2022—2023. The plot also
shows that the players’ effects variance parameter presents
substantial stability over time. This phenomenon is possibly
connected with the prevalence of superstars’ performances
over teamwork. In other words, the effects of the players
are far more relevant in the modern NBA than the synergies
among them.

Interestingly, this behavior did not occur in the
Euroleague 2018-2019 championship (see Grassetti et al.
2021), supporting the idea that European basketball still
emphasizes teamwork. Moreover, the NBA championship
is characterized by players’ superior athleticism, whereas
the Euroleague puts more emphasis on basketball tactical
aspects, as highlighted in Mandi¢ et al. (2019). To support
these last considerations, we use the Euroleague dataset
to estimate the ME-RAPM model and compare it with the
results of the concurrent NBA season. Table 3 collects the
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Figure 9: Evolution of scale parameters for lineup and player effects
over the NBA seasons.

Table 3: 2018-2019 season. ME-RAPM estimates for the Euroleague
and NBA data: the posterior mean and 95 % credible intervals.

Euroleague championship NBA championship

Parameters

Mean 25% 97.5% Mean 25% 97.5%
By 5244 1.230 9.381 2460 0.635 4.306
B, —-0.527 —6.384 5247 1394 —1202 4.072
B3 —0.461 —6.443 5422 —0.940 —3.500 1.668
Ba —5.568 —11.485 0.551 0484 —2.172 3.019
log(o,) 5385  5.368 5403 5480 5473 5.487
log(c,) 1.500  0.951 1892 1523 1331 1709
log(o,,) 1.822  —0.383 2474 04181 —2.632 1428

model estimation results for the two datasets and high-
lights the differences between the two cases. European
competition’s results present a behavior similar to that
observed in the first decade of the 21st century in the NBA.
This analysis clarifies that the synergistic lineup effects are
more relevant in the Euroleague than in the NBA data. More-
over, the synergistic effect estimated using Euroleague data
is even more prominent than in the early 2000s NBA. For
the 2002-2003 NBA season, the posterior mean of log(c, )
is 1.401. The graphical representation of the composition
of total lineup effects for the Euroleague Champion Team,
CSKA Moscow, is given in Figure 10. The reported results
show that the synergy among players in this league deter-
mines substantial departures from the sum of players’
effects. For instance, the best lineup presents a total players
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effect that is lower than the other four best lineups, yet
its total expected performance greatly benefits from the
interaction among the players.

5.2 The home and away specific results

Considering the estimation of the home and away-specific
performance parameters, it is possible to identify some
interesting patterns over time. Figure 11 summarizes the
results of these estimates for the six seasons analyzed in
the previous section. One can notice that the scale of player
effects varies slightly over time, but the home parameters
are generally larger than the away ones, indicating that
the volatility and the mean of the players’ performance is
larger when playing at home. This is consistent with the
presence of a home advantage in professional basketball
previously highlighted in Section 4.1. The opposite result
can be observed when considering the lineup-specific scale
parameters. In this case, away parameters show values that
in most cases are larger than the home ones. Notwithstand-
ing, the magnitude of these effects shows a decreasing trend
in the first 10 years of observation, and they are practically
negligible in the last seasons. This trend confirms the results
highlighted in the previous section, which shows a decreas-
ing importance of teamwork in the modern NBA.

5.3 A focus on COVID-19 lockdown period

The sports analytics literature counts many research papers
developed after the COVID period to address the changes
observed in sports practice due to the lockdown and the
particular environment in which the athletes trained and
played. Many papers focus on the so-called bubble effect on
players’ and teams’ performances, and propose to treat this
period as a pseudo-experimental framework in which the
effect of fans’ absence and the concurrent COVID-specific
conditions serve as treatment/exposure factors. Focusing
on basketball analytics, Alonso et al. (2022) and Lu et al.
(2022) use the COVID-games as a natural experiment to test
the effect of fan presence on the so-called home advantage.
Gong (2022) examines the effect of fans’ presence on referee
and home biases. Markwell et al. (2021) studies the effect of
bubble-games on the shooting performances of NBA play-
ers. Caselli et al. (2024) focuses on the changes in perfor-
mance of black players related to the lowered racial pres-
sure. McHill and Chinoy (2020) uses this pseudo-experiment
to evaluate the changes in players’ performances due to
frequent travels and circadian disruptions that characterize
the NBA championship. Paulsen and Boucot (2023) studies
the psychological effects of the family absence during the
NBA bubble games. In this regard, we decided to adopt the
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Figure 10: 2018-2019 Euroleague season. The total lineup effects of the five best and worst lineups - Euroleague championship winner CSKA Moscow.
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Figure 11: Evolution of scale parameters for home and away-specific lineup and player effects estimated by the GME-RAPM model formulation over

the NBA seasons.

proposed models to determine the trend in the sizes of the
lineup and players’ effects during the COVID period.

As discussed in the previous section, the estimated val-
ues of lineup-specific effects size parameters seem to be
constantly low after season 2010/2011, but they show a
noticeable trend during the period 2019-2020. These esti-
mates, summarized in Figure 12, reveal a clear increase in

the relevance of lineups’ effects in 2019-2020, and a grad-
ual return to the pre-COVID levels. On the contrary, the
size of players’ effects exhibits a mostly constant behavior
throughout the entire period. This behavior has also been
observed in many other studies focused on the changes in
sports performance due to the lockdown and games played
without spectators. In our opinion, this peculiar behavior
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Figure 12: Evolution of scale parameters for generic (ME-RAPM), home and away-specific (GME-RAPM) lineup and player effects from 2018 to 2022,

COVID related NBA seasons.

can be connected with the capacity of the top players to
assume a dominant role in response to the fans’ presence
and pressure. Their will to be dominant and involve the fans
during the game obviously lowers during the lockdown.
From a different perspective, teamwork assumes a more
significant role in the absence of fans.

Further insights emerge from comparing home
and away-specific estimated parameters. As illustrated
in Figure 12 home and away effects allow us to study
the difference between the two measures. This analysis
suggests that the home advantage effect is captured by the
difference observed in the ¢, parameters. To complement
this analysis, the Supplementary Material (Section S4)
presents a direct comparison of players’ effects at home
versus away. The same comparison is also provided for
the effects of the lineups. Moreover, in contrast to many
other studies, the home effect appears to persist during the
COVID period.

6 Conclusions

Applying proposed models to NBA data, we highlighted that
players’ synergistic effects are substantially irrelevant in
today’s NBA. The availability of historical datasets, dating
back to the early seasons of the 2000s, allowed us to study
this phenomenon over the years. When collecting pieces of
evidence from separated model estimation results, one can
notice that the magnitude of lineup effects, identified with
the scale parameter, decreases over time. In other words,
in today’s NBA, the teams’ performance is mainly related
to the single players’ efforts. By contrast, the interaction

among players was much more relevant in the early years
of the new millennium. Moreover, a comparative analysis
of the NBA and Euroleague seasons in 2018—2019 shows that
players’ synergistic hehavior was still relevant in a less phys-
ical championship, such as the European one. The analysis
also considered splitting the performances of players and
lineups into home and away-specific parameters. Analyz-
ing these results, one can notice that the general patterns
are also observed in this framework, and the difference
between home and away parameters is relevant for players’
effects only.

These results stimulated further study over the COVID
period. The results of this specific analysis are interest-
ing because in accordance with many other studies, the
empirical evidence shows that the behaviour of profes-
sional players mutates during the lockdown period, show-
ing how much the presence of fans can affect the gameplay
of this sport. In particular, during the lockdown, teamwork
assumes a more relevant role in the outcome of NBA basket-
ball games.

The proposed model specification, obtained by intro-
ducing non-negative constraints on the E-RAPM players’
effects, allows us to use and visualize them as parts of a
total lineup performance, which is positively or negatively
affected by the players’ interactions. In fact, under this spec-
ification, the total lineup effects can be defined as the sum
of non-negative players’ contributions and lineup-related
adjustments. This solution represents a valuable tool for
data summarization. In particular, the estimated perfor-
mances can be used to evaluate the players in the roster
construction phase and choose the best lineups during the
games. Moreover, coaches can dynamically choose the best
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solution at each shift by comparing opponents’ lineups and
the available five-man unit efficiencies. Using ME-RAPM
results, the identification of single players’ contributions is
straightforward and can be of practical usefulness in team
management and coaching activities.

Future work will investigate the possibility of general-
izing the proposed models to a bivariate outcome in a fash-
ion similar to double Poisson models in soccer (Shen 2014).
In this context, players and lineups effects can be further
extended to include offensive and defensive-specific terms
as in Damoulaki et al. (2025). One can find a glimpse of this
generalization in the Supplementary Material in Section S5.
This generalization is relatively easy for players’ effects,
but the number of observations for each lineup is limited,
and this might lead to mild identifiability issues. In this
respect, one may also consider the definition of a more
comprehensive outcome that, in addition to the scored
points, includes some other relevant offensive and defen-
sive plays, as suggested by the four-factor theory introduced
in Oliver (2004), and recently revisited in Poropudas and
Halme (2023). Although the current work is built within the
basketball framework, it can be easily applied to other team
sports, such as ice hockey and soccer (see Macdonald 2011;
Schultze and Wellbrock 2018, for some examples of RAPM
model application).
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