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Abstract

Injuries often occur in sports and, due to medical and economic reasons, it is impor-
tant to understand the factors that mainly affect the risk of experiencing them. This
work aims to explore this field in the context of the National Basketball Association
(NBA) league. Thus, the main purpose is to identify the main individual players’
characteristics that are associated to a higher risk of suffering an injury in a shorter
time, taking into account ten seasons, from the beginning of 2010-2011 season until
the end of 2019-2020 season. All the needed information has been retrieved from
different big datasets regarding NBA players. The work stands in the survival data
analysis framework and, for the purpose, a Cox regression model with frailty has
been used. Results suggest that the player’s position and the Body Mass Index have
a significant effect on the injury’s risk. From a methodological point of view, this
manuscript provides an insight into the role of the frailty in the model, studying its
relationship with the residuals of a mispecified Cox model.

Keywords Survival data modelling - Time-to-event - Frailty Cox model - Injury
risk - Basketball

1 Introduction

Sports analytics has widespread in the last years to address many questions as, for
example, the expected value of a game state, the probability of winning a match
or a tournament, the evaluation of team strength and the use of sports betting mar-
ket data (Baumer et al. 2023). It is straightforward that the role of statistics is very
important in this field, and, even more importantly, so is the collaboration between
sport scientists and statisticians (Sainani et al. 2020; Cleather et al. 2023). Moreover,
besides practical applications, also the scientific research plays a fundamental role.
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Therefore, it is important the need of an open science, that allows the reproducibility
and replicability of the results (Borg et al. 2020; Bullock et al. 2023) and the role of
meta-analyses, that allow to provide a quantitative method for analyzing and sum-
marizing many research findings (Thomas and French 1986; Hagger 2006).

Nowadays many works have been published concerning the importance of statis-
tics in different sports (Albert et al. 2005; Albert and Koning 2007; Winston 2012;
Alamar 2013; Severini 2014; Miller 2015; Passos et al. 2016; Zuccolotto et al. 2017;
Albert et al. 2017; Groll et al. 2018, 2019; Baumer et al. 2023; Dominicy and Ley
2023) and, among these, basketball stands out as one of the most examined. In this
field, different aims have been considered, as, for example, performance analysis, the
identification of factors that distinguish winning and losing teams, tracking player’s
analysis and analysis of the psychology of athletes (Zuccolotto and Manisera 2020).

Besides all these objectives, one of the most interesting topics is injuries pre-
vention; indeed, injuries often occur in sports and have a negative impact on both
teams and athletes. To this extent, it is worth highlighting the importance of spe-
cialized figures, such as the Sport Epidemiologist and Biostatistician (Casals and
Finch 2017; Kerr 2023), able to apply appropriate statistical methods to injury data.
Many contributions have considered this issue in different sports, trying to under-
stand the factors that affect the risk of suffering an injury. Some focused on basket-
ball (McKay et al. 2001; Drakos et al. 2010; McCarthy et al. 2013; Torres-Ronda
et al. 2022; Lian et al. 2022), while others examined soccer (Venturelli et al. 2011;
Zumeta-Olaskoaga et al. 2021), running (Buist et al. 2010), baseball (Jack et al.
2019) and hockey (Sochacki et al. 2019). Finally, many other works have examined
injuries across various sports simultaneously (Beynnon et al. 2005; Malisoux et al.
2013; Nelson et al. 2016; Mai et al. 2017; Dekker et al. 2017; Lawrence et al. 2018;
Kontos et al. 2019; Howell et al. 2019; Ekeland et al. 2020; Lu et al. 2022).

This work aims to determine, from a descriptive point of view, the main risk fac-
tors of getting injured in the National Basketball Association (NBA) League dur-
ing 10 seasons (from the beginning of the 2010-2011 season until the end of the
2019-2020 season), using information retrieved from different datasets (injuries
data, matches’ data and players’ data). From a methodological point of view, time-
to-event models are the most appropriate for handling this kind of data (Ullah et al.
2014; Shrier et al. 2016; Nielsen et al. 2019a, b, 2020). These models stand in the
survival analysis framework, a collection of methods firstly employed in the medical
field, but now widely used in many other fields to study the occurrence of a given
event of interest taking into account the time-to-event. In particular, a Cox regres-
sion model with frailty (Hanagal 2011) has been used, because it is a classical model
that performs well in these contexts.

In sport analytics survival analysis has not only been used for studying injuries. For
example, time-to-event models have also been employed to evaluate the career length of
players (Fynn and Sonnenschein 2012), to investigate the role of team performance in
the dismissal of coaches (Wangrow et al. 2018; Tozetto et al. 2019), to identify the fac-
tors that impact the time before the first substitution during a football match (Del Cor-
ral et al. 2008), to study the connection between specific attributes of young athletes
and their attrition in different sports (Pion et al. 2015; Moulds et al. 2020; Smith and
Weir 2022; Back et al. 2023), the duration of Olympic success (Gutiérrez et al. 2011;
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Csurilla and Fert6 2022), the performance indicators able to predict the time before the
first goal or the times between goals in football or ice hockey (Thomas 2007; Nevo and
Ritov 2013; Pratas et al. 2016) or the skills determining a higher score in basketball
(Macis et al. 2023).

Besides the practical application, this paper aims to provide a methodological con-
tribution, drawing some insights about the role of the frailty component, studying its
relationship with the residuals of a classical Cox model.

This work is organized as follows. Section 2 reports the methodological framework;
then, Sect. 3 presents the case study, with two subsections devoted respectively to data
and results (Sect. 3.1) and to the role of frailty in the model (Sect. 3.2). Concluding,
some final remarks are reported in Sect. 4.

2 Methodological framework

Survival analysis aims to analyze the time necessary for the occurrence of a specific
event during a given observation time period (follow-up). One of the main features of
survival data is censoring, that occurs when the event of interest has not been observed
for a particular individual during the follow-up, implying that the only information
available for him/her is the last time the event did not occur (Collett 2015).

In this context, a subject i is denoted by three elements:

a time point 7;, either the event time ¢; or the censoring time c;;
an event indicator 6; assuming value 0 if the subject is censored, i.e. if 7; = ¢;, and 1
otherwise;

e avector of observed covariates x;.

Therefore, for the i subject the time-to-event can be defined as

. t, if6;,=1
7; = min(t;, ¢;) = { ¢ if6=0"
Survival times are assumed to be the observations of a non-negative random vari-
able T defined in [0;00), with density function f{) and cumulative distribution func-
tion F(¢). The most used quantities in this setting are (i) the survival function and (i7)
the hazard function. The survival function is a non-increasing and right-continuous
function that measures the probability that the event of interest does not occur before
time ¢. It can be defined as S(¢) = 1 — F(¢), with S(0) = 1 and lim,_,, , S(¢) = 0. Dif-
ferently, the hazard function %(f) measures the probability that an event occurs at a
specific time ¢ given that it has not occurred until that given timepoint. It is defined
as
iONE i Pt<T<t+AHT >1)

o) = 5o = im, At
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Survival data can be analyzed with statistical models or machine learning algo-
rithms. For both approaches, a big number of possible solutions is available (Macis
2023).

Among statistical models, one of the most used methods is the Cox proportional
hazards (Cox PH) regression model (Cox 1972), that is based on the proportionality
hazards assumption, i.e. the ratio of the hazards of two 1nd1v1dua1s ‘() , the so called

hazard ratio (HR) or relative hazard, is constant at each time ¢. It alms to estimate
the hazard of a subject i on the basis of a set of K covariates x; = (x;, Xy, .- » Xg;)"

hi(t,x;) = ho(t)eZim A )

where h;(t,x;) is the hazard of the i” subject, h(t) is the baseline hazard, x,; is the
observed value of the k" explanatory variable for subject i (i.e. the k" element of x;)
and f, is the corresponding coefficient, that is the k™ element of .
Since the expression in (1) is composed of a non-parametric component (the base-
line hazard) and a parametric term, the Cox PH model is said to be semi-parametric.
Each coefficient in the vector B is estimated by maximizing the partial log-likeli-
hood function:

InL(B) = I(B) = Z [ﬁx —1n<2eﬂ’xf>]

IeR;

- Z 5%, —In < > eﬂ'x/> Z 5,
i=1 i=1

leR;

@)

where 7 is the sample size, x; is the observed covariate vector for the i subject who
experienced the event at the /’h ordered event time 7, and R; is the risk set, i.e. the
set of subjects at risk at time 7;. According to this expressmn censored observa-
tions (6; = 0) contribute to the likelihood only indirectly because all the subjects are
included in the risk set.

The p coefficients represent the estimated change in the logarithm of the haz-
ard ratio in correspondence of a unit change of the corresponding covariate, inde-
pendently of the other explanatory variables. Usually, for easiness of interpretation,
their exponential is considered, representing the hazard ratio: for a quantitative
covariate X, a value of P greater (lower) than 1 means that a one-unit increase in
X, determines an increase (decrease) in the hazard by es; for a categorical covariate
X, a value of hazard ratio greater (lower) than 1 means that a subject in the corre-
sponding group defined by X, has a higher (lower) hazard - by an amount equal to
ePx - than a subject in the reference group.

2.1 Frailty models for survival data
The Cox PH model is valid when all the events, and consequently survival times,

are independent to each other; however, sometimes, survival times are not independ-
ent. A typical example is that of recurrent events, i.e. more events experienced by
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the same subject; in this case, the event times of each subject are not independent
(Collett 2015). Therefore, the individual heterogeneity should be taken into account
to deal with this kind of data. A possible solution is to introduce a random effect,
the so-called frailty, within the Cox PH model (Vaupel et al. 1979). In particular, the
frailty Cox model is an extension of the Cox PH model that is based on the assump-
tion that the hazard of a subject depends not only on the baseline hazard and on
the set of observed covariates, but also on the frailty, a non-negative latent random
variable Z, which acts multiplicatively on the baseline hazard function. Similarly to
classical time-to-event models, the nature of the baseline hazard determines whether
the frailty model may be classified as semi-parametric (no distributional assumption
on hy(t)) or parametric. The model is then defined as:

hi(tv x,’) = Ziho(t)ezle Bixii 3)

The hazard in (3) represents, therefore, the conditional hazard for an individual with
a given value of the frailty z;.

To ensure model’s identifiability, Z is assumed to be scaled so that its expecta-
tion is equal to one (Balan and Putter 2020). Depending on the nature of data, the
frailty Z can be defined individually or for groups of subjects (e.g. for clustered data
a shared frailty model is more appropriate). In any case, it is assumed that the frailty
increases or decreases the risk of experiencing the event(s) in a shorter time, sug-
gesting an individual susceptibility to risk. In particular, two subjects with the same
observed covariates can have a different risk of experiencing an event, depending on
their frailty.

The model in (3) can also be written in terms of w; = In(z;) as

ht, x;) = ho(0)e"+ Eiei B,

Usually, when some covariates are included in the model, the PH assumption holds
conditional on the frailty (Balan and Putter 2020).
Besides the conditional hazard, the marginal hazard, can be defined as:

h(t) = E[Z|T > 1]h(?).

This function can be interpreted as a weighted average of individual hazards of sub-
jects alive at time ¢, where the weighting depends on the distribution of Z among
the subjects at risk at that timepoint. The conditional and marginal hazards coincide
only if all the frailties are equal to 1 (Balan and Putter 2020).

Different distributions can be assumed for the frailty Z. Frailty models can then
be expressed in terms of Laplace transform. Once the Laplace transform of frailty
distribution is obtained, the parameters of frailty models can be easily estimated
(Hanagal 2011).

Among the possible distributions for the frailty, there are the log-normal distri-
bution and the family of the Power Variance Functions (PVF) proposed by Hou-
gaard (2000). In particular, this family includes, as particular cases, the Gamma, the
inverse Gaussian (IG), the Hougaard, the compound Poisson and the positive stable
(PS) distributions. The choice of the frailty distribution is important because each
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choice implies a different marginal model for the hazard. For example, if a Gamma
distribution is chosen, more emphasis is given to late dependence of the observa-
tions. On the contrary, if, for example, the PS frailty is assumed, emphasis is set on
early dependence; the IG is instead a middle ground between the two (Balan and
Putter 2020). The log-normal frailty is a popular assumption, but this distribution is
not infinitely divisible and its Laplace transform and expressions for the distribution
of survivors are not easily obtained in closed form (Balan and Putter 2020). Further
details may be found in Hanagal (2011).

On top of the distribution of the frailty, it is useful to take into account the vari-
ance of Z, because it provides information about the degree of heterogeneity in the
data and, consequently, the appropriateness of the introduction of this random effect
in the model.

According to the chosen frailty distribution, different estimation strategies can be
set up. Among these, there are (i) the penalized likelihood method (for a Gamma or
a log-normal frailty), (ii) the Laplace approximation (for a log-normal frailty), and
(iii) the Monte Carlo expectation-maximization (EM) algorithm (for a PVF or log-
normal frailty).

Further details on these estimation procedures can be found in Balan and Putter
(2020).

From a computational point of view, many R packages are available for fitting
frailty models. Among the existing R packages it is worth to mention:

e survival, which allows to estimate semi-parametric Gamma and log-normal
frailty models through the penalized likelihood method;

e frailtyEM, which allows to estimate semi-parametric frailty models (PVF
family) through the profile EM algorithm;
phmm, which uses the Monte Carlo EM algorithm for log-normal frailty models;
frailtyHL, which uses the h-likelihood for log-normal and Gamma frailty
models;

e frailtySurv, which supports some of the infinitely divisible distributions
from the PVF family and uses the pseudo-likelihood approach;

e coxme, which fits a Cox model with a Gaussian frailty, using a penalized likeli-
hood approach.

e frailtypack, which allows to estimate parametric frailty models for the
Gamma and log-normal distributions.

e parfm, which supports the PVF family distributions in a parametric setting.

3 Injury risk for NBA players

Injuries are very common in basketball, and the topic has gained more and more
interest, particularly in discussions about the role of load management in injury risk
in the NBA (Lewis 2018). In this case study, the injury risk for NBA basketball
players in the 10 seasons from 2010-2011 to 2019-2020 has been investigated, tak-
ing into account the nature of this data, i.e. the presence of recurrent events.
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Fig. 1 Example of the data structure for three players (black square = injury, white dot = censoring)

The outcome variable is then composed of (i) the time-to-event variable,
expressed as the minutes played by each player between two consecutive event times
and (ii) the event indicator (taking value 1 if the player got injured in that time-inter-
val). In particular, right-censored data have been considered: the only censored data
are those of players not injured at the end of the last observed season.

A novel contribution of this work is the definition of the time-to-event variable.
Indeed, instead of using matches dates, the playing time has been used as time-to-
event variable. This particular choice has been made because two injuries occurred
to a player at a short distance time frame (in terms of matches dates) may have a
very different meaning according to the total amount of minutes played between
them. Figure 1 shows an example of the data structure for three players who had
respectively four, zero and two injuries in the observation period, with two censored
players and one who exited the study injured.

The data analyzed in this case study were obtained through a meticulous data
preparation process. In particular, three different databases have been merged
together for obtaining all the needed information. The three used data sources are:

e [nj, the injury dataset, containing all the data about players who entered in the
NBA injury list from the beginning of the 2010-2011 season until the end of
the 2019-2020 season.' In this dataset, each row (total number of rows 27,105)
included the name of the player, the date of the event (start or the end of the sick
leave), the affiliated team and some notes describing the event.

! https://www.kaggle.com/datasets/ghopkins/nba-injuries-2010-2018.
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e PbP, the play-by-play data of the 10 analyzed NBA seasons, consisting in almost
6,000,000 game events recorded, for more than 12,000 matches. This data have
been made available by BigDataBall.?

o Infp;, a SQLite database containing information about more than 64,000 matches,
4800 players, and 30 Teams.>

The preparation of the final data began with some preliminary cleaning and align-
ment operations among the three datasets. More specifically:

all the sick leaves not due to injuries (e.g. flu, COVID-19) were excluded;
the injuries officially recorded in the days after the match were assumed to have
occurred in the match played immediately before (recovered from PbP);

e the extensions of the sick leave (without return of the player to the lineup) have
been considered as a single injury (merged to the previous injury);

e the players’ names have been harmonized across the three datasets because,
sometimes, the same player was recorded with different names (e.g ‘Mo Bamba’
and ‘Mohamed Bamba’).

Therefore, injuries have been recorded based on the injury list. No difference has
been made between time-loss and medical attention injuries (Bahr et al. 2020; Rodas
et al. 2019). However, usually, players who enter in the injury list sustained time-
loss injuries.

Finally, we merged the three datasets and we obtained the final data in long for-
mat (life-table form); therefore, there were different rows for each player, depending
on the number of suffered injuries. The dataset included information about the total
amount of minutes played by each player in the examined seasons (follow-up dura-
tion), the starting and ending point of each considered time-interval expressed as
minutes played up to the occurrence of an injury or the player’s exit from the study,
the indicator of injury’s occurrence and some players’ features. The example shown
in Fig. 1 has been also reported in tabular form (Table 1) for showing the structure
of the dataset.

3.1 Data description and model estimation

The overall sample consisted of 1299 NBA players observed over 10 seasons.
The players were firstly classified in seven different roles depending on the main
assigned play position (center, center-forward, forward-center, guard, guard-for-
ward, forward-guard and forward). Then, we considered three macro-categories:
center (center, center-forward and forward-center), guard (guard, guard-forward
and forward-guard) and forward, in order to gather players who have basically a
similar play-style. Using these three categories, it was observed that 635 players

2 www.bigdataball.com.

3 https://www.kaggle.com/datasets/wyattowalsh/basketball.
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Table 1 Example of the dataset

structure (life-table form) Player Follow-up time Tstart Tstop Injury BMI Position

A 13456 0 2560 1 28 Guard
A 13456 2560 5123 1 28 Guard
A 13456 5123 9138 1 28 Guard
A 13456 9138 11850 1 28 Guard
A 13456 11850 13456 0 28 Guard
B 11850 0 11850 0 24 Forward
C 8500 0 5080 1 22 Center
C 8500 5080 8500 1 22 Center

The data reported in the table are those represented in Fig. 1. Tstart
and Tstop are respectively the starting and ending timepoints of each
observed time interval. Injury is the event indicator

BMI: Body Mass Index

(48.9%) were guards, 373 (28.7%) were forwards and 291 players (22.4%) were
centers. The mean Body Mass Index (BMI) of the players included in the sample
was equal to 24.91 kg/m? (with standard deviation SD equal to 1.7).

The observed players, on average, played 4733.9 minutes (SD=6189.4) during
the follow-up.

Over the 10 seasons, 9463 injuries were observed. In the overall sample the
mean number of observed injuries was equal to 7.3 (SD=8.4), while among
injured players it was 8.6 (SD=8.5).

It emerged that 84.4% of the players (n = 1096) suffered from at least one
injury and, among these, 288 players ended the study injured. Therefore, the per-
centage of censored players (not injured at the end of the follow-up) in the sam-
ple was equal to 37.8%. More in details, we can see that just 9.2% of the players
sustained only one injury, while most of the players suffered from at least two
injuries. Moreover, it emerged that 40.9% of centers had more than 7 injuries; this
percentage is lower for forwards and guards (32.9% and 32.0% respectively).

These preliminary evidences are interesting; however, the number of injuries
may be also influenced by the duration of the observation period for each player;
therefore, we also evaluated the injury incidence rate for each player (Lee and
Zumeta-Olaskoaga 2022). To make the interpretation easier, this rate has been
evaluated per 100 player-match exposure:

= i 48 % 100
T AT ’

l

ri

where I, ; is the injury incidence rate of the i player, n_inj, is the number of injuries
he suffered, and AT, is the total number of minutes he played over the ten seasons.

The mean injury incidence rate in the sample was equal to 47.4, indicating that
on average almost 48 injuries per 100 players occurred in 48 minutes played.
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Table 2 Descriptive statistics of the sample according to the injury incidence rate

<3.19 [3.19; 8) [8;20.9) >209 Overall
N (%) 325 (25%) 324 (25%) 325 (25%) 325 (25%) 1299 (100%)
Position
Center, n (%) 52 (16.0%) 67 (20.7%) 87 (26.8%) 84 (25.9%) 291 (22.4%)
Forward, n (%) 99 (30.5%) 93 (28.7%) 85 (26.2%) 96 (29.6%) 373 (28.7%)
Guard, n (%) 174 (53.5%) 164 (50.6%) 153 (47.1%) 144 (44.4%) 635 (48.9%)
BMI, Mean (SD) 24.9 (1.8) 25.1 (1.6) 24.9 (1.6) 24.7 (1.9) 24.9 (1.7)

For position frequencies and percentages (conditional on the injury incidence rate) have been reported.
For BMI mean values and standard deviation have been provided

BMI: Body Mass Index; SD: Standard Deviation

Fig.2 Plot of Martingale residu-
als against the observed values &
of the Body Mass Index

o ]

Martingale Residuals
i

10

12

20 22 24 26 28 30 32

BMI

Then, we used the injury incidence rate for classifying the players into four
groups of players using quartiles. Some summary statistics for these players
groups are shown in Table 2.

We can see that, with respect to the overall statistics, a higher percentage of
guards had a lower injury incidence rate. Conversely, a higher percentage of cent-
ers had higher injury incidence rates. So, these preliminary statistics highlight
that centers suffered a higher number of injuries than guards and forwards.

The final aim of this work is to analyze the risk of getting injured, trying to
identify the individual players’ characteristics that affect this risk. To this extent,
a Cox model with a Gamma frailty has been fitted, and estimates have been
obtained by using the profile EM algorithm implemented in the frailtyEM R
package. We chose to use the Gamma distribution because of its simplicity and
flexibility (Wienke et al. 2003). Furthermore, many trials have been carried out
considering different frailty distributions (e.g. Inverse Gaussian and positive sta-
ble distribution), but there were some computational issues.

The survival outcome consisted of the time-to event (composed of the starting
and ending point of each observed interval) and the event indicator, assuming
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value 1 if the player suffered an injury in that time interval. The explanatory vari-
ables included in the model were the BMI, the player’s position and their interac-
tion. In particular, since it was found that the BMI had a non-linear effect on the
risk of getting injured (Fig. 2), the following transformation of the BMI has been
considered:

log [((BMI — Mean(BMI))* + 1] .

The covariates included in the final model are the following:

e the transformation of the BMI (BM1,,,,,,./),
e the players’ position (with three categories: guard, forward and center),
e the interaction effect between them.

In particular, we obtained a significant parameter for the interaction effect consider-
ing in the interaction term the position with only two categories (Position,,,, - for-
ward and center, guard):

h(t) — ho(t)eﬂlPositinn+ﬂzBMI,m,uf+ﬂ3BMI,mmfoositionaggr
i

For the following analyses the significance level a has been fixed equal to 0.05.

The results of the final model are shown in Table 3. Interestingly, we can see
that centers and forwards had a 61% and 32% higher probability of experiencing an
injury earlier compared to guards (reference category). Moreover, the interaction
(p = 0.045) suggests that the effect of BMI on the injury risk is different depending
on the players’ position. In particular, the following effect holds for the guards: as
the BMI deviates from the mean, the risk of getting injured earlier increases. There-
fore, for the guards, when the BMI is very low or very high compared to the mean
BMLI, the risk of injury is higher.

The estimate of the frailty variance is 0.75 and its related 95% confidence interval
is [0.68; 0.84]. The random effect is highly significant (p < 0.001), as indicated by
the Commenges-Andersen test. This result confirms that including the frailty com-
ponent in the model is appropriate because the data are heterogeneous. Moreover,

Table 3 Results of the Cox PH frailty model

B estimate [95% CI] Hazard ratio [95% CI] p value
Position
Guard ref ref ref
Forward 0.274 [0.078;0.470] 1.315 [1.081;1.600] 0.006
Center 0.476 [0.364;0.588] 1.609 [1.439;1.800] < 0.001
BMI,, .0 0.122 [0.010;0.234] 1.130 [1.010;1.264] 0.033
BMI,., ¢ X Position,,,.—0.150 [-0.296; — 0.004] 0.860 [0.743;0.996] 0.045

CI: Confidence interval; BMI: Body Mass Index
BMI, = log [(BMI — Mean(BMI))* + 1]

transf —
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we carried out the proportionality hazards test and we observed that the Gamma
frailty model satisfies the conditional proportional hazards assumption and, there-
fore, allows to explain the marginal non-proportionality (Balan and Putter 2019).

Figure 3 aims to show the effect of BMI and position on the injury risk, for two
different values of frailty. In particular, the hazard has been estimated at a given
timepoint (100 minutes) according to the position (guard, forward and center) and
to the value of the frailty (1.3 and 2.3). Then, the hazard has been evaluated for dif-
ferent values of the BMI (ranging from 19 to 33). First of all, the figure highlights
the non-linear effect of the BMI on the risk for the guards (red lines): the injury risk
assumes higher values when the BMI is lower or higher than the mean value (24.9).
Conversely, this effect is not observed for centers and forwards, who have a similar
risk behaviour. Moreover, we can see that on average, centers (green lines) are those
at highest risk of getting injured. Finally, the figure shows that, as expected, lower
values of frailty (dashed lines) imply a lower injury risk.

Machine learning methods may be an interesting alternative for analysing this
data; however, to the best of my knowledge, there are relatively few algorithms
capable of effectively accounting for recurrent events and incorporating the frailty
term into their models. Some preliminary analyses have been carried out fitting mul-
tivariate survival trees (Su and Fan 2004; Calhoun et al. 2018) and random survival
forests (Ishwaran et al. 2008, 2022), and in both cases there were some issues, due to
convergence and lack of packages documentation.

3.2 The role of frailty

From a methodological point of view we need to consider further the role of the
frailty within the model. One of the main aims of the paper is therefore to explore
it. Indeed, the name of this random effect and its definition may suggest that a
higher frailty indicates that a player is frailer (in absolute terms). However, from
an exploratory analysis, it resulted that the frailty is not associated, for exam-
ple, with the number of suffered injuries. This is due to the fact that, instead,
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Fig.3 Estimated hazard at a given timepoint (¢ = 100 minutes) as a function of the BMI and player’s
position for players with two different values of frailty (z = 1.3,z = 2.3)
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the frailty represents a sort of intrinsic frailty of the subject with respect to the
estimated risk. To confirm this assertion, the relationship between the residuals
of a mispecified Cox model (i.e. not taking into account the presence of recurrent
events and, therefore, without frailty) and the frailty values has been explored.
The obtained results are represented in Fig. 4. It emerged that the negative residu-
als of a mispecified model, indicating an overestimate of the risk (i.e. the player
got injured later than expected), are associated with frailties lower than 1. There-
fore, a value of the frailty lesser than 1 lowers the estimated risk of the player.
On the contrary, positive residuals, that show an underestimate of the risk (i.e.
the player suffered an injury sooner than expected), are mainly associated with
a frailty greater than 1. Thus, in this case, the frailty increases the risk for the
player. So, the frailty indicates whether the player is expected to suffer a higher/
lower number of injuries than another player with the same covariates and
observed for the same time period. This is clearly shown in Fig. 3: given a set of
covariates, i.e. same BMI and same position, players with a lower value of frailty
had a lower injury risk than players with a higher frailty.

In conclusion, the frailty is a random effect needed for catching the heteroge-
neity in the data improving the estimate of risk that, otherwise, would be overes-
timated or underestimated. Therefore, it is important to include this term when
data are heterogeneous (e.g. recurrent events, clustered data) to obtain more accu-
rate estimates.
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Fig.4 Histogram of the values of the frailty of a Cox PH regression model for recurrent events (bars col-
oured according to the sign of the residuals of a Cox PH regression model without frailty)
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4 Concluding remarks

In this paper, the risk of the NBA players of getting injured has been evaluated using
a frailty model for survival analysis (namely, the Cox PH with frailty). This model,
indeed, allows to address the issue of dependent survival times occurring when deal-
ing with recurrent events. The data used for the analyses have been obtained by the
merge of three different datasets, and data preparation required a huge effort for har-
monizing them. In particular, a wide dataset containing all the injuries occurred to
NBA players starting from season 2010-2011 to season 2019-2020 has been used
and merged with the play-by-play data of all the matches played in the same period
and a dataset containing players’ individual characteristics.

From a practical point of view, the novelty of this work stands in the definition
of the time-to-event as playing time and, therefore, measured as minutes played
until the injury.

The descriptive statistics highlighted that centers had a higher injury incidence
rate compared to forwards and guards. This evidence is also confirmed by the results
of the Cox PH model with frailty. Indeed, some interesting relationships between
the individual injury risk and individual characteristics of the players emerged. In
particular, we saw that guards were expected to get injured later than forwards and
centers and that centers were the players at highest risk of injury. Moreover, an inter-
esting result was obtained for the BMI: this variable, indeed, had a different effect
on injury risk depending on the player’s position. In detail, it was observed that for
the guards values far away from the mean BMI were associated to a highest risk
of getting injured in a shorter time. We chose to consider the BMI and position as
covariates for many reasons. In particular, the BMI allows to evaluate the player’s
physical build, while player’s position enables us to also consider his playing style.
We did not include height and/or weight for avoiding issues of multicollinearity.

From a methodological point of view, an interesting contribution of this work
is related to the interpretation of the frailty. Indeed, given its name and its defini-
tion, one might infer that it represents an individual measure of vulnerability in
absolute terms. However, it is merely a random effect that is needed to take into
account the within-subjects correlation and to adjust the individual estimate of
risk of an observation with a given set of covariates. Therefore, including this
random effect into the model allows to improve the estimate of risk according
to the individual vulnerability of subjects. In this way, a frailty less than 1 is
required to lower the risk of a player whose risk would be, otherwise, overesti-
mated. The vice versa holds if a frailty greater than 1 is observed. So, the frailty
improves the parameters estimation, allowing to reduce the error that would occur
if the data structure were ignored. Indeed, as plotted in Fig. 4, it effectively cap-
tures the residuals of the mispecified model.

In this context, therefore, the frailty indicates whether the injury risk of a
player is higher/lower than that of another player observed for the same time
period and with the same covariates. This effect is also clearly shown in Fig. 3:
given a set of covariates and an observation time, the injury risk of a player
increases/decreases according to his frailty.
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Besides the importance of introducing this random term from a methodologi-
cal point of view, frailty models are also useful from a practical standpoint. To this
extent, the frailty models enable us to focus on players who are at highest risk of
getting injured. Thus, knowing a player’s frailty may enable coaches to offer better
protection and tailor specific training sessions, while also paying close attention to
load management, which can impact the risk of injury (Lewis 2018).

From a practical point of view, future research could focus on the definition of a
new variable able to account for the injury’s severity. Moreover, a deeper investiga-
tion of the relationship between the injury risk and other covariates could be done
for further improving the identification of injury risk factors. Furthermore, develop-
ments will focus on considering only the players who got injured at least once, in
order to explore whether the previous injuries affect the risk of injury recurrence.

In addition, from a methodological point of view, subject heterogeneity could be
studied with random effects models also taking into account for confounding vari-
ables not included in this analysis as, for example, load variables, age, injury sever-
ity. Furthermore, the model could also be adjusted for left truncation, since players
may have sustained other injuries at the beginning of the study.

Then, further research will pay attention to different approaches for modelling
recurrent events, e.g. models developed in the framework of counting processes.

Finally, our interest will also focus on machine learning methods to recurrent
times-to-event data from both a methodological and practical point of view.
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