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Abstract This study examines the usefulness of the NonParametric Combination
technique in comparing basketball players’ performance. After an extensive review
of the literature on indices that can be computed to evaluate individual and team
performance in basketball matches, the NonParametric combination technique is
used to compare two players in the same role both on each performance index and
on overall. Data collected during the 14 matches played by the basketball womens
team at the University Sport Centre Padova in the 2022 winter season have been
analysed in this study. Three couples of players have been analysed and the results
show that only in one couple, one player was overall superior to the other.
Abstract In questo studio viene analizzata l’utilità della tecnica di NonParamet-
ric Combination nel confrontare le prestazioni dei giocatori di basket. Dopo aver
condotto un’estesa revisione della letteratura sugli indicatori che possono essere
calcolati per valutare le prestazioni individuali dei giocatori e della squadra, la
tecnica di NonParametric Combination è stata utilizzata per confrontare due gio-
catori nello stesso ruolo sia sui singoli indicatori che a livello complessivo. I dati
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raccolti durante le 14 partite giocate dalla squadra femminile del Centro Universi-
tario Sportivo di Padova nella stagione invernale del 2022 sono stati analizzati in
questo lavoro. Tre coppie di giocatrici sono state analizzate e i risultati dimostrano
che solo in una coppia una giocatrice è globalmente superiore rispetto all’altra.
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1 Introduction

In order to perform comparisons between pairs of players, the NonParametric Com-
bination (NPC) technique [1] can be applied. NPC is a highly flexible permutation-
based methodology which allows us to deal with complex problems, and, in the
context of basketball data, it can be used to identify significant differences, in terms
of multiple performance indicators, between players in the same role.

Let us assume that we want to compare the performance of two players, named P1
and P2, to verify whether one player outperforms the other. For each player we have
information on V variables (i.e. performance indicators). The system of hypotheses
of interest can be written as follows:

{
H0 : M1 = M2

H1 : M1 > M2
(1)

where Mk, k = 1,2, is a vector of V statistics (such as median or mean) computed
for the k-th player. The NPC methodology initially decomposes this system of hy-
potheses into V sub-systems (i.e., one for each performance indicator). The generic
v-th sub-system of hypotheses (v = 1, . . . ,V ) is as follows:

{
H0v : M1v = M2v

H1v : M1v > M2v
(2)

After choosing an appropriate test statistic, NonParametric Combination addresses
each sub-system individually and provides us with V partial p-values achieved
through permutation, so that we can detect differences between players in terms
of each performance indicator. It should be noted that the same permutation mecha-
nism is applied for the computation of each partial p-value [1], so that we implicitly
take into account the existing dependence between variables. Then, a combination
step in the NPC algorithm allows us to retrieve a combined p-value, which merges
the insights provided by the partial p-values, to be used to address the multivariate
problem of interest expressed in the system of hypotheses (1).

This methodology only requires us to make two fundamental choices: the choice
of the test statistic and the choice of the combining function to be adopted in the fi-
nal combination step. The first choice is driven by the nature of the problem at hand.
Since in this study we deal with numerical variables (see Section 2) characterised
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by outliers, the multivariate medians have been used for comparison between play-
ers. Therefore, the test statistic related to the v-th performance indicator is simply
computed as a difference between medians as follows: median1v−median2v

The second choice is mainly driven by the number of available sub-problems in
which the null-hypothesis is expected to be rejected and the correlation between
variables [9]. In this study, we rely on Fisher’s combining function, as it has been
shown to be the best solution in many scenarios.

2 Data description

The case study analysed in this research refers to 14 matches played by women’s
basketball team of the University Sport Centre (CUS) Padova during the 2022 winter
season. The official roster is made up of 16 players. Given a specific game, for each
player who took part in the game, several information have been collected, includ-
ing: shooting statistics (points scored; field goals attempted and made, separating
also 2 and 3-point shots; free throws attempted and made; throws attempted and
made from each part of the pitch), assists, rebounds, blocks, steals, fouls, turnovers
and minutes played.

2.1 Basketball performance indexes

As described in [4] and [3], several indicators have been computed to evaluate the
performance of players. Based on the data collected during the matches, the follow-
ing indeces have been computed:

• Performance Index Rating (PIR) [6]. This metric allows us to assess the effi-
ciency of players in a match, summing up all the “positive” actions (i.e. points,
total rebounds, assists, steals, blocks, received fouls) and subtracting from this
quantity all the “negative” actions (i.e. missed field goals, missed free throws,
fouls committed, turnovers). The disadvantage of this index is that it does not
consider neither the importance of the individual statistic among all the statistics
nor the role of the player in the match.

• Player Impact Estimate (PIE) [7]. This index is computed for each player, for
each team, and for each match. It allows us to obtain a measure of the overall
contribution of the player and the team to each match. This index is useful for
comparing players and teams.

• Floor Impact Counter (FIC) [5]. This index allows us to obtain a player’s eval-
uation rating system in which greater importance is given to assists, offensive
rebounds, and to the construction of offensive actions in general.

• Offensive Efficiency (OE) [8]. This index is used to measure the quality of
player’s offensive production. The index is computed as the rate between the
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number of profitable offensive possessions in which the player has been involved
and the total number of potential end-of-possession situations for the player.

• Efficient Offensive Production (EOP) [8]. This index is derived from the previous
one and is computed as: (0.75 × assists + points) × OE. The tuning parameter
of the assists (equals to 0.75) represents the estimated contribution of an assist to
the final points scored.

• Adjusted Field Goal (AFG) [6]. This index allows us to obtain a measure of the
shooting ability of each player.

2.2 Data analysis

The performance indicators computed as described in Subsection 2.1 have been di-
vided by the minutes played by each player in each match before to perform the de-
scriptive and inferential analysis. The analysis have been conducted on 6 players of
the same team. The descriptive analysis allowed us to identify potential differences
between pairs of players in the same role, comparable in terms of played matches
and minutes played (see Figure 1). In particular, the pair of players is formed as
follows: group 1 is made up of player 1 and player 2; group 2 is made up of player 3
and player 4; group 3 is made up of player 5 and player 6. Looking at Figure 1 it is
possible to notice that in the first group player 2 outperforms, in terms of the median
value for the EOP and the OE indices, the teammate. In the second group, player 3
outperforms (in terms of median value) player 4 with respect to FIC, PIE and PIR
indices. Finally, in the third group, player 5 appears to perform better looking at the
median value of the PIE index with respect to player 6.

3 Findings and conclusion

The results of the permutation-based testing procedure are reported in Table 1.
Please note that the problem of multiplicity control arises when the number of
sub-hypotheses to be tested is greater than one. For this reason, we applied the
Bonferroni-Holm method to adjust partial p-values as indicated in [1].

As anticipated from the descriptive analysis, player 1 significantly outperforms
player 2 in terms of EOP, with an adjusted partial p-value equal to 0.026. Regarding
group 2, player 3 outperforms player 4 with respect to the PIR, PIE, and FIC indices
(p-values are all lower than 0.05). Finally, in group 3, player 5 outperforms player 6
in terms of PIE only (p-value 0.044).

The combined p-values give us further useful indications regarding the players’
overall performance. Using this combined test, it is possible to affirm that overall
player 3 outperforms player 4 (combined p-value equals 0.006) while in group 1
and group 2 it is not possible to identify a player who overall outperforms the other

44



NonParametric Combination method for data analytics in basketball matches

Fig. 1 Distribution of the different performance indicators per player.

Comparison PIR PIE FIC OE EOP AFG
P1 < P2 0.318 0.791 0.277 0.318 0.026 0.430
P3 > P4 0.014 0.014 0.014 0.134 0.544 0.669
P5 > P6 0.582 0.044 0.546 0.844 0.844 0.776

Table 1 Partial p-values.

one (the combined p-value are equal to 0.051 and 0.197 respectively for group 1 and
group 2).

The proposed permutation-based test can be easily extended to the comparison
of more than two players, integrating it with the multivariate ranking procedure by
[2].
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