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Clarification

Statistics: Branch of mathematics devoted to the analysis of data of
any type.

Stats: Numerical data representing teams’ and players’ performance.

Statistics allows us to analyze stats...
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Motivation
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Love of sports, in particular, of basketball.

Interest in joining my hobby with my profession.

Basketball generates a huge amount of data (stats), both individual
and as a team.

In the NBA (USA male professional basketball league), data
collection and analysis has been usual practice for a long time.
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Guillermo Vinué Spanish basketball analytics



Motivation Data collection Descriptive statistics Predictive statistics Conclusions References 7/157

The NBA has an excellent website where a lot of information can be
examined.

www.nba.com/stats
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In Spain, the treatment of data at the official level is still very
rudimentary.

The male professional league is the ACB (Asociación de Clubes de
Baloncesto, in Spanish) (for sponsorship reasons it is known as Liga
Endesa) and is the one providing the audience with stats.

Basic stats, that, although informative, can be expanded.

Tabular representation, without option of interacting. Absence of
visualizations.
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Spain is a world basketball power, placed on the same level as the
NBA (current European and world champions).

But in the world of stats, the NBA is still holding a big advantage
over us. If they analyze their data in an advanced way...
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Why not do it too?
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Chance of innovation with the information generated from each game:

New representation of the traditional stats.

New analyses from the play-by-play data.

Importance of visualizing data: Identify trends and patterns in data
easily.

Software tool: R, www.r-project.org
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A short comment about R
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R is a programming language specifically developed to carry out
statistical analyses of data.

It is based on a system of packages, which are a collection of
functions developed by and for the users community.

They are mostly collected in the CRAN repository (The
Comprehensive R Archive Network). Around 20.000 packages1.

The best statisticians of the world use it (Rob Tibshirani, Julia Silge,
Rob Hyndman, etc).

It’s free.

1https://cran.r-project.org/web/packages/
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Example of R packages

tidyverse: Data processing and mining.

tidymodels: Models and predictive systems with machine learning.

shiny, flexdashboard: Dashboards for data visualization.

roxygen2: Development of personal packages.

RMarkdown: Writing of documents (interactive and with LATEX).
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Data collection
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Type of data in the ACB

Traditional stats: Summary of the players’ activity in several game
aspects (points, rebounds, etc) once the game is finished.

Play-by-play data: Transcription of every event (player, action and
time point (minute and second)) that happens during the game.

Guillermo Vinué Spanish basketball analytics



Motivation Data collection Descriptive statistics Predictive statistics Conclusions References 20/157

1 Traditional stats.

2 Play-by-play data.
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Traditional stats

They are provided as static tables (box score data).

There is no downloading option (as an Excel file, for instance).

Unfeasible copy and paste.
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http://www.acb.com/partido/estadisticas/id/103170
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Solution: Turn to the so-called friendly web scraping.

Web scraping is a data analysis technique that allows us to extract
information from websites by using software programs.

But... what does friendly mean?
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Before getting data, we must check if there is permission for that.

In the robots.txt file, the web owner specifies who can extract data
and who can not.
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Once we know that we have permission to get the data, we must find out if data
are available in html format.

Procedure: Right mouse button → View of web source code:
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Once we know that the html format is available, the rvest2 R
package is providing us with the suitable functions.

2https://CRAN.R-project.org/package=rvest
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1 Traditional stats.

2 Play-by-play data.
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Play-by-play data

They are provided as an event sequence.

There is no downloading option (as an Excel file, for instance).

Unfeasible copy and paste.
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http://jv.acb.com/es/103170/jugadas
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In this case, the html format is not available. Instead of using rvest,
the suitable R package is RSelenium3.

The procedure is tougher, but it works.

3https://CRAN.R-project.org/package=RSelenium
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As a summary...
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BEFORE
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BEFORE
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BEFORE
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R to the rescue!
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AFTER
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AFTER
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AFTER
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Descriptive statistics

Data processing, visualization and analysis
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1 Traditional stats.

2 Play-by-play data.
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New representation of the traditional stats

https://www.uv.es/vivigui/AppEuroACB.html

Development of the first web application for the interactive visualization of
European basketball box score data. Created in 2020. Available in Spanish and
English.
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Players’ and teams’ data can be analyzed very easily and intuitively.

Includes the traditional stats from the three most important
European competitions:

ACB league (from the 1985-1986 season to the 2019-2020 including
Copa del Rey and Supercopa).

Euroleague (2000-2001 to 2019-2020).

EuroCup (2002-2003 to 2019-2020).

A total of 40 available stats and several visualizations.
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Correlation between stats. Comparison between players and teams.
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Percentiles of stats (where the player is ranged regarding all the other players).
Comparison between players.
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Follow-up of the players’ monthly evolution all season long. Comparison between
players.

Guillermo Vinué Spanish basketball analytics



Motivation Data collection Descriptive statistics Predictive statistics Conclusions References 48/157

Follow-up of the players’ yearly evolution over the seasons. Comparison between
players.
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Heatmap to compare players’ stats from the same team.
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Shooting percentage of players from the same team.
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Four-factors. Comparison between teams.
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Publication

Impact factor: 2.128 ; Position: 37/110 = 0.34 (Computer Science, Theory & Methods) ; Base: JCR (2020) ; Cites: 5 ;
https://doi.org/10.1089/big.2018.0124
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Publication

https://CRAN.R-project.org/package=BAwiR
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Other studies: Demographic analysis

There are fewer and fewer Spanish players in the ACB (less than 30%).
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In the 80s and 90s there were more Spaniards than foreigners.

Trend change in the 2004-2005 season.

From then on, the gap only increases.
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In addition, a large part of these Spaniards is little protagonist.
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Publication

Gigantes del Basket, number 1522, 2022.
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1 Traditional stats.

2 Play-by-play data.
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New analyses from the play-by-play data

1 Lineups.

2 Breakdown by periods and clutch time.

3 Detailed personal fouls.

4 Offensive rebounds turned to scoring.

5 Possessions.

6 Offensive efficacy of time-outs.
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Clarification

The following results have been computed for the four periods of
each game from the regular season.

In other words, excepting for the computation of clutch time,
overtimes have not been taken into account. Thus, each game has
the same duration and results are exactly comparable.

Out of the 306 regular season games, there were 17 with overtime:
15 with one and 2 with two (5.6%).
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1 Lineups.

2 Breakdown by periods and clutch time.

3 Detailed personal fouls.

4 Offensive rebounds turned to scoring.

5 Possessions.

6 Offensive efficacy of time-outs.
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Lineups

Basketball is a collective game played 5 against 5.

The plus /minus stat indicates the points difference between one
team and the other.
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Nowadays, the plus /minus is only provided for players individually.
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However, it is much more informative to know how players interact.

From the 5 player lineups, we can obtain the 4 player lineups, 3 player
lineups and 2 player lineups that are part of them.

Combinatorial theory: C5,x =

(
5

x

)
=

5!

x!(5− x)!
, for x = 4, 3, 2

Additional information for a coach: Find out what the best and worst
combinations are during the season.
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Results

The best and worst three 5 PLAYER LINEUPS of the league in terms
of plus / minus are the following ones:

Best 5

team lineup occurrences time + / -

Valencia Dubljevic, Jones, Puerto, Radebaugh, Webb 15 58M 23S 52
Gran Canaria Albicy, Balcerowski, Brussino, Shurna, Slaughter 52 2H 29M 44S 51
Murcia Bellas, Diop, McFadden, Radovic, Rojas 17 54M 33S 45

Note: From the 15 times that Dubljevic, Jones, Puerto, Radebaugh and Webb played
together, only one was in the last period.

Worst 5

team lineup occurrences time + / -

Bilbao Alonso, Kyser, Radicevic, Reyes, Sulejmanovic 11 26M 27S -47
Granada Bropleh, Caicedo, Costa, Moore, Ndoye 8 33M 2S -45
Manresa Harding, Pérez, Sagnia, Steinbergs, Tyson 6 9M 10S -28

Note: If the number of occurrences or the time played seems to be scarce to achieve a
relevant conclusion, it is recommended to filter by a suitable threshold.
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The best and worst three 4 PLAYER LINEUPS of the league in terms
of plus / minus are the following ones:

Best 4

team lineup occurrences time + / -

Gran Canaria Albicy, Brussino, Shurna, Slaughter 111 4H 38M 52S 88
Barcelona Laprovittola, Mirotic, Sanli, Satoransky 37 1H 20M 24S 79
Valencia Dubljevic, Jones, Puerto, Radebaugh 49 2H 46M 53S 79

Worst 4

team lineup occurrences time + / -

Bilbao Alonso, Kyser, Reyes, Sulejmanovic 34 1H 30M 46S -69
Granada Bropleh, Costa, Moore, Ndoye 16 49M 15S -57
Bilbao Hakanson, Kyser, Smith, Sulejmanovic 51 1H 21M 49S -52
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The best and worst three 3 PLAYER LINEUPS of the league in terms
of plus / minus are the following ones:

Best 3

team lineup occurrences time + / -

Barcelona Laprovittola, Mirotic, Satoransky 112 4H 40M 32S 125
Barcelona Laprovittola, Sanli, Satoransky 82 2H 53M 36S 119
Tenerife Cook, Doornekamp, Salin 106 3H 4M 7S 114

Worst 3

team lineup occurrences time + / -

Bilbao Alonso, Kyser, Sulejmanovic 49 1H 48M 15S -83
Bilbao Alonso, Kyser, Reyes 90 3H 25M 11S -80
Bilbao Kyser, Reyes, Sulejmanovic 88 2H 48M 20S -80
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The best and worst three 2 PLAYER LINEUPS of the league in terms
of plus / minus are the following ones:

Best 2

team lineup occurrences time + / -

Barcelona Laprovittola, Satoransky 214 8H 8M 1S 186
Barcelona Laprovittola, Sanli 156 4H 54M 16S 181
Tenerife Doornekamp, Salin 249 6H 17M 54S 178

Worst 2

team lineup occurrences time + / -

Bilbao Kyser, Sulejmanovic 189 5H 21M 45S -139
Fuenlabrada Horton, Kromah 103 4H 13M 44S -135
Bilbao Kyser, Reyes 233 6H 57M 1S -129
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Extension with other stats. Same analysis as in the NBA.

https://www.nba.com/stats/lineups/advanced
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1 Lineups.

2 Breakdown by periods and clutch time.

3 Detailed personal fouls.

4 Offensive rebounds turned to scoring.

5 Possessions.

6 Offensive efficacy of time-outs.
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Breakdown by periods

A basketball game in the ACB is divided in four periods of 10 minutes.
If the match ends in a tie, there are successive 5-minute overtimes
until the tie is broken at the end of the corresponding overtime.

In addition the overall players’ performance, it is also interesting to
know how the player performs by period.
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For instance, to know...

who the most activated player at the beginning of the first or third
quarter is or...

who the best player at clutch time is.
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Results

Top 3 of scorers in each period:
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Clutch time: Game situation when the scoring margin is within 5
points with five or fewer minutes remaining in a game.
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Results

There have been 76 clutch time games (approximately 25%, that is
to say, one out of four).

Top 3 clutch time scorers:

player team points
games
played

games
won

percentage
victories

Feliz Joventut 49 10 7 70%
Sant-Roos Zaragoza 45 10 1 10%
Evans Betis 42 9 3 33.33%
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Top clutch time scorer for each team:

Feliz (49 | 10 | 7)

Sant−Roos (45 | 10 | 1)

Evans (42 | 9 | 3)

Bamforth (38 | 11 | 5)

Jones (34 | 11 | 4)

Laprovittola (32 | 9 | 5)

Howard (31 | 6 | 5) ; Marinkovic (31 | 6 | 5)

Robertson (26 | 7 | 5)

Smith (25 | 5 | 3)

Inglis (23 | 6 | 4) ; Shurna (23 | 8 | 4)

Shermadini (23 | 8 | 3)

Harding (21 | 5 | 3)

Taylor (19 | 7 | 2)

Will.−Goss (18 | 4 | 3)

Perry (18 | 7 | 2)

Bropleh (14 | 6 | 5)

McFadden (14 | 5 | 3)

Senglin (11 | 3 | 1)Carplus Fuenlabrada
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Extension with other stats. Same analysis as in the NBA.

https://www.nba.com/stats/players/clutch-traditional
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1 Lineups.

2 Breakdown by periods and clutch time.

3 Detailed personal fouls.

4 Offensive rebounds turned to scoring.

5 Possessions.

6 Offensive efficacy of time-outs.
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Detailed personal fouls

In basketball, a personal foul consists of a physical contact with the
opponent in an illegal (non-regulatory) manner.

If at the moment the foul is made, the attacking player is shooting,
that foul is penalized with free throws:

1 free throw if the shot ends in scoring.

2 free throws if not scoring and the foul is within the line of three.

3 free throws if not scoring and the foul is outside the line of three.
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Even if the fouled player is not in the act of shooting, two free throws
are also awarded if the opposing team is in bonus (5 fouls have been
already made in the same period).

The traditional stat counts the number of fouls committed and
received by each player.
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However, we can go a little deeper.

Idea of analysis: find out how many free throw fouls commits and
receives every player.

Added value for a player: He does not only gets fouls, but he
manages to get free throw fouls.

Find out a negative aspect of a player: He does not only commits
fouls, but these are free throw fouls.
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Clarification

For some players there may be a slight deviation between the number
of total fouls calculated in this analysis and the one on the ACB
website, due to some inconsistencies in the description of the data,
that I have not been able to solve for all cases.
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Results

Top 3 of players with most free throw fouls committed:

team player
nr of FT fouls
committed
and percentage

nr of FT
given

type of FT amount

1TL 15
Bilbao Sulejmanovic 55 (58.5%) 97 2TL 38

3TL 2

1TL 12
Zaragoza Hlinason 54 (57.4%) 97 2TL 41

3TL 1

Girona Miletic 52 (66.7%) 88 1TL 16
2TL 36

1TL 16
Breogán Happ 52 (52.5%) 89 2TL 35

3TL 1
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Player(s) with most 1, 2 and 3 free throw fouls committed:

team player type of FT amount

Breogán Happ 1TL 16
Girona Miletic 1TL 16
Murcia Sakho 2TL 45
Baskonia Costello 3TL 4
Valencia Radebaugh 3TL 4
Gran Canaria Inglis 3TL 4
Madrid Causeur 3TL 4
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Top 3 of players with most free throw fouls received:

team player
nr of FT fouls
received
and percentage

nr of FT
achieved

type of FT amount

Tenerife Shermadini 96 (63.2%) 173 1TL 19
2TL 77

Madrid Musa 87 (66.4%) 155 1TL 19
2TL 68

Gran Canaria Balcerowski 70 (72.9%) 124 1TL 16
2TL 54
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Player(s) with most 1, 2 and 3 free throw fouls received:

team player type of FT amount

Madrid Tavares 1TL 21
Tenerife Shermadini 2TL 77
Baskonia Howard 3TL 9
Bilbao Andersson 3TL 9
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Further analysis with attack fouls.

Top 3 of players with most attack fouls committed:

team player amount

Tenerife Shermadini 20
Obradoiro Blazevic 20
Unicaja Ejim 15

Top 3 of players with most attack fouls received:

team player amount

Gran Canaria Albicy 26
Obradoiro Westermann 20
Unicaja Alberto D́ıaz 18
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This allows us to complete the official stats.
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1 Lineups.

2 Breakdown by periods and clutch time.

3 Detailed personal fouls.

4 Offensive rebounds turned to scoring.

5 Possessions.

6 Offensive efficacy of time-outs.
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Offensive rebounds turned to scoring

When a team is attacking and misses the shot, can continue
attacking if grabbing the rebound → offensive rebounds stat.

Grabbing offensive rebounds is considered as one of the most
important aspects of the game.

The traditional stat counts the number of offensive rebounds that
every player has grabbed.
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However, we can go here also a little deeper.

Idea of analysis: find out the outcome of the offensive rebound, that
is to say, how many offensive rebounds end in scoring.

Added value for a player: He not only grabs the offensive rebound,
but he also scores it.

Guillermo Vinué Spanish basketball analytics



Motivation Data collection Descriptive statistics Predictive statistics Conclusions References 92/157

Results

Teams ordered by points scored after offensive rebounds. In red, the
three with the best percentage.

team
offensive
rebounds

scored
offensive
rebounds

percentage
scored
points

Barcelona 375 209 55.73 466
Manresa 362 212 58.56 461
Betis 405 210 51.85 457
Joventut 366 208 56.83 447
Murcia 408 203 49.75 436
Granada 389 202 51.93 429
Breogán 394 207 52.54 429
Valencia 345 194 56.23 427
Madrid 359 201 55.99 426

Continues in the next slide...
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team
offensive
rebounds

scored
offensive
rebounds

percentage
scored
points

Gran Canaria 327 193 59.02 409
Unicaja 337 189 56.08 409
Obradoiro 336 174 51.79 382
Bilbao 355 182 51.27 375
Baskonia 323 163 50.46 363
Zaragoza 337 179 53.12 361
Girona 341 168 49.27 358
Fuenlabrada 330 167 50.61 346
Tenerife 304 160 52.63 345
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This allows us to complete the official stats.

Note: There is a slight deviation between the total data in this analysis and those on the
ACB website because I am not counting team rebounds.
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Top team scorer after grabbing an offensive rebound:

Happ (82)

Tavares (78)

Gerun (67)

Radovic (61)

Kravish (57)

Niang (53)

Guerrero (53)

Vaulet (52)

Kyser (49)

Dubljevic (48)

Birgander (46)

Mekowulu (45)

Shermadini (42)

Diop (36)

Prkacin (35)

Enoch ; Kotsar (32)

Okouo (32)

Sanli (32)FC Barcelona

Carplus Fuenlabrada

Baskonia

Bàsquet Girona

Gran Canaria

Lenovo Tenerife

Casademont Zaragoza

Joventut Badalona

Valencia Basket

Surne Bilbao Basket

Baxi Manresa

Monbus Obradoiro

Covirán Granada

Unicaja

Ucam Murcia

Real Betis Baloncesto

Real Madrid

Río Breogán

0 20 40 60 80
Points

Offensive rebounds: Player (points)
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This allows us to complete the official stats.
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1 Lineups.

2 Breakdown by periods and clutch time.

3 Detailed personal fouls.

4 Offensive rebounds turned to scoring.

5 Possessions.

6 Offensive efficacy of time-outs.
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In basketball, the concept of possession is defined as the time that
the team has the ball and is attacking.

The possession ends when the defense gets the ball (and then, starts
its possession).

Importance: The variables are normalized according a common
criterion.

It allows us to compare leagues, games, teams or players.
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Team variables related to possessions

Offensive rating: points in favor / nr of possessions attacking.

Defensive rating: points against / nr of possessions defending.

Pace: nr of possessions in 40 minutes.
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Results
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Offensive efficacy of time-outs

The work of coaches is more difficult to analyze coldly.

Usual conclusion: if the team wins, the players are very good. If the
team loses, the coach is very bad.

Guillermo Vinué Spanish basketball analytics



Motivation Data collection Descriptive statistics Predictive statistics Conclusions References 103/157

To add objectivity to the opinion about the coaches we can try to
study how they intervene during the matches.

A direct intervention is through time-outs.
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Coaches use time-outs to guide their players in both attack and
defense.

When a coach calls a time-out, it is because he has to attack in the
next play.

Idea of analysis: to find out if the attacking play proposed by the
coach ends in scoring (at least one point).
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Results

Coaches ordered by most points scored after a time-out. In red, the
three with the best percentage.

team coach games
requested
time-outs

successful
time-outs

percentage
scored
points

Murcia S. Alonso 34 141 60 42.55 133

Valencia Á. Mumbrú 33 108 55 50.93 128
Baskonia J. Peñarroya 34 111 56 50.45 124
Granada P. Pin 34 137 56 40.88 122
Obradoiro M. Fernández 34 126 56 44.44 119
Breogán V. Mirsic 34 139 52 37.41 107
Barcelona S. Jasikevicius 34 107 44 41.12 101
Joventut C. Duran 34 110 46 41.82 97
Betis L. Casimiro 34 108 44 40.74 95
Zaragoza P. Fisac 30 104 43 41.35 91
Bilbao J. Ponsarnau 34 104 35 33.65 82

Continues in the next slide...
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team coach games
requested
time-outs

successful
time-outs

percentage
scored
points

Gran Canaria J. Lakovic 30 91 33 36.26 77
Manresa P. Mart́ınez 33 97 34 35.05 74
Girona A.G. Reneses 34 119 35 29.41 74
Madrid C. Mateo 34 80 31 38.75 71
Tenerife T. Vidorreta 31 71 30 42.25 65
Unicaja I. Navarro 33 87 32 36.78 64
Fuenlabrada J.L Pichel 14 57 21 36.84 45

Fuenlabrada Ó. Quintana 17 76 20 26.32 45
Fuenlabrada J.M. Raventós 3 13 4 30.77 9
Zaragoza M. Schiller 4 17 5 29.41 9
Gran Canaria V. Garćıa 4 10 3 30 9
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Curiosity: The coach of Tenerife, Txus Vidorreta, did not requested
a time-out for two consecutive games (days 8 and 9).

Coaches who did not requested a time-out

day team coach game result

6 Unicaja I. Navarro Unicaja-Betis 106-60
8 Tenerife T. Vidorreta Tenerife-Valencia 94-78
9 Tenerife T. Vidorreta Breogán-Tenerife 61-86
17 Tenerife T. Vidorreta Tenerife-Betis 88-64

33 Valencia Á. Mumbrú Fuenlabrada-Valencia 75-93
34 Manresa P. Mart́ınez Manresa-Gran Canaria 105-75
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Predictive statistics

Forecasting the future players’ performance
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The goal of the study is to provide predictions of the future players’
performance, based on their previous activity.

The statistical approach is based on combining the archetypoid
analysis with sparse functional data.
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In professional sports, it is very common that data are sparse and
irregular.

They are sparse because most players do not play a lot of time in the
same league.

They are irregular because each player plays a different number of
seasons.
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Example of available data (time data):

Rows: Players.

Columns: Age (years).

Cells: Value of the stat of interest.
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Methodology (I): Archetypoids

The analysis of archetypes allows us to identify in a data set those
activity patterns that stand out notably from the rest.

These patterns are called archetypes, since they are models that serve
to exemplify a certain behavior.
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The analysis of archetypoids is an extension of the archetype analysis
so that the archetypes correspond with specific observations of the
data set → archetypoids.

In basketball (and any other sport), these archetypoids are players
who have a very specific performance (for better or for worse).

Each individual of the database is represented as a combination of
archetypoids.
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Mathematical definition

Let Xn×m be a multivariate data matrix (n individuals, m variables).

The archetypoid analysis aims to identify k archetypoids by computing the
matrices α and β (n× k) that minimize the following residuals squared sum (RSS):

RSS =
n∑

i=1

‖xi −
k∑

j=1

αijzj‖2 =
n∑

i=1

‖xi −
k∑

j=1

αij

n∑
l=1

βjlxl‖2

under the constraints:

1)
n∑

l=1

βjl = 1 with
n∑

l=1

βjl = 1 and βjl ∈ {0, 1} =⇒ zj =
n∑

l=1

βjlxl

2)
k∑

j=1

αij = 1 with αij ≥ 0 =⇒ x̂i =
k∑

j=1

αijzj
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Ideally, the archetypoids are located in the frontiers of the data cloud.
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Philosophical approximation to the archetypoids, or...

THE STORY OF TWO COACHES NAMED
PLATO AND ARISTOTLE
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Plato (427-347 a. C.) already proposed an abstract idea of archetype
when he defined it as an original model of any expression of reality.

What’s beauty?
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What’s beauty?

Is it an ideal of perfection and symmetry?

Is it a paradigm of brilliance and splendor?
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Aristotle (384-322 a. C.) was more pragmatic.

What’s beauty? Stop messing...
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Beauty is...
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AN ARCHETYPE FOR PLATO:
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AN ARCHETYPOID FOR ARISTOTLE:

Guillermo Vinué Spanish basketball analytics



Motivation Data collection Descriptive statistics Predictive statistics Conclusions References 123/157

Method of analogues

In order to refine predictions, we use the so-called method of
analogues.

The idea is to find players related to the one of interest and then use
their documented activity to obtain the predictions.
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We know how other players already performed, so we can use their
information to gain an approximate idea about the future
performances of others.

In order to find related players, we use the archetypoid analysis.
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Methodology (II): Functional data

A time series is a sequence of data ordered in time.

The functional data analysis allows us to analyze time series data.

The idea of this work is to consider the sequence of data for every
player as a continuous function, instead of as individual observations.
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Each datum is a function, xi (t), that represents the metric value of
player i for a certain age t.

The archetypoid analysis was adapted to the functional field by Irene
Epifanio.
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In order to obtain the forecasts, we use the Regularized Optimization
for Prediction and Estimation with Sparse data (ROPES) method,
developed by Alexander Dokumentov and Rob Hyndman.

It makes predictions with bidimensional spare functional data.

It provides prediction intervals, which are very important because
they give a measure of uncertainty associated with the predictions.
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Results: Luka Doncic

Foreign players have an increasing impact in the NBA (Nikola Jokic,
Giannis Antetokounmpo, Luka Doncic...).

The identification of future international stars has gained great
importance.
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Luka Doncic played in the ACB for Real Madrid between the
2014-2015 and 2017-2018 seasons (between the ages of 15 and 18).

In the 2018 NBA draft, he was selected number 3, which indicates
the high expectations that were set for him (and that are being met).
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We proposed this study in 2018.

Our proposal was to use this methodology to forecast Doncic’s
evolution in future seasons, in terms of his ACB rating.

This forecast could be used as an approximation of his possible
performance in the NBA.
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Stat of interest

In the ACB and other European leagues, the Performance Index
Rating (PIR) is used to evaluate the players’ performance.

It is a unique value for each player that results from adding their
positive actions and subtracting the negative ones:

Sum: points + rebounds + assists + steals + blocks in favor +
received fouls.

Subtraction: missed field goals - missed free throws - turnovers -
blocks against - committed fouls.
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Procedure

Database: Average ratings of all ACB players from the 1985-1986
season to the 2017-2018.

1 Express the rating data for all players as functions in an orthonormal
basis.

2 Apply archetypoid analysis to the coefficients of that base.
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4 players (archetypoids) representative of different types of
performance were obtained (rating in parentheses):
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Troy Bell: He represents those players with an insignificant
performance or with a low presence in the league.

Paco Vázquez: He represents those mid-level players with a regular
presence on their teams.

Rudy Fernández: He represents those very high level players.

Arvydas Sabonis: He represents those players considered as super
stars, the highest level.
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3 Obtain the players analogous to Doncic using the analogous method.

Archetypoids and similarity percentage
P. Vázquez A. Sabonis T. Bell R. Fernández

L. Doncic 0 54% 0 46%

54% 46%

The players that Doncic can be similar to are those who have a
percentage of similarity with Sabonis greater than that of Doncic.
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4 Apply ROPES to the set of those analogous players (including
Doncic).

Forecast made in 2018 about Doncic’s future performance:
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Over the years, we can compare the predictions with the observations.
Doncic has been playing in the NBA since he was 19 years old.

The NBA stat that we can consider closest to the ACB’s PIR is the
Player Efficiency Rating (PER)4.

4https://en.wikipedia.org/wiki/Player efficiency rating
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PER, like PIR, tries to reduce all player’s contributions to a single
number.

But they don’t use the same formula. Therefore, this comparison can
only be done in an approximate way.
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Green: Point PIR
prediction.
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PIR prediction
intervals.

Red: PER observed
value.

The PER obtained
by Doncic is similar
to the upper bound
of prediction.

In three out of five
cases, it is within
the prediction
interval. In the
other two, it
surpasses it.

Guillermo Vinué Spanish basketball analytics



Motivation Data collection Descriptive statistics Predictive statistics Conclusions References 140/157

BUT LET’S GO BACK TO OUR COACHES...
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The analysis of archetypoids applied to basketball allows us to:

1 Identify representative patterns of performance different from the
rest, embodied in specific players (archetypoids).

2 Relate the other players to the archetypoids based on a similar
performance, and, consequently, help in the search for players with
high performance, but more affordable in terms of economic
requirements.

3 Combining it with functional data, give a forecast of player
development.
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Conclusions
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Pioneering studies in European and Spanish basketball. Placing
Spanish basketball at the level of the NBA also at the forefront of
statistical analysis.

Data treatment: Proposal for improvement through visualizations of
the traditional stats and accomplishment of new analyses with
play-by-play data, not available until now in Spanish basketball.

Research line: Publications in both scientific and dissemination
journals. Contribution to the free code software.
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Complement, not replace, the technical knowledge of sports directors
and coaches.

Extension to any sport, both male and female.

Expansion of journalistic coverage. More information for anyone
interested in basketball.
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Real importance of having all the possible knowledge. Example of
Kevin de Bruyne.
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Work in progress
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