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Abstract
The recurrence of injuries represents a major challenge in professional sports, with 
relevant financial implications for teams and considerable psychological impact 
on athletes, highlighting the importance of adopting sustainable risk management 
strategies. This paper aims to evaluate the main factors affecting repeated injuries 
among National Basketball Association (NBA) players within a recurrent-event 
analysis framework based on a dynamic event-count model. For this purpose, the 
study relies on three big datasets regarding players and games over a ten-year pe-
riod, each characterized by complex structures. A key contribution of this work 
is the introduction of the Weakness, a variable designed to model the momentary 
vulnerability of players due to previous injuries and to capture a carryover effect 
of past injuries on future risk. This measure reflects the increased vulnerability of 
a player when multiple injuries occur within a short period, with the effect gradu-
ally decreasing as the time without new injuries increases. Beyond Weakness, both 
recovery time and player-specific attributes were investigated as potential factors 
determining the risk of relapse. Empirical results show that Weakness and recovery 
time significantly affect the risk of injury recurrence. Furthermore, age and playing 
position emerge as additional risk factors. The evidence highlights the potential of 
data-driven models to inform decision making in sports management, supporting 
sustainable strategies to reduce injury risk and enhance athlete availability, ulti-
mately contributing to the long-term sustainability of their performances.
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1  Introduction

In recent years sports analytics has become a hot topic in scientific research. 
Data science tools are commonly used to address various inquiries, so a lot of 
contributions have been published dealing with several sports (among others, see 
Albert et al. 2005; Albert and Koning 2007; Winston 2012; Alamar 2013; Sev-
erini 2014; Miller 2015; Passos et al. 2016; Zuccolotto et al. 2017; Groll et al. 
2018, 2019; Albert et al. 2017; D’Urso et al. 2023; Carlesso et al. 2025; Cefis and 
Carpita 2025). With regards to basketball, numerous research studies have been 
carried out addressing a range of objectives, including analysing performance, 
investigating the effects of high-pressure game situations, determining the char-
acteristics that distinguish winning from losing teams, tracking playing styles, 
measuring players’ psychological attributes and their impact on match results, 
studying medical issues related for example to injuries, physical and physiologi-
cal characteristics of players, developing optimal fitness and training strategies, 
and many other issues (see Zuccolotto and Manisera 2020 for a review).

A key topic in sports analytics concerns injury prevention. Recurrent inju-
ries represent a major challenge in professional sports, and their prevention is of 
utmost importance considering the financial impact on teams, the psychological 
effects on athletes, as well as the broader need for sustainable risk management 
strategies. In this perspective, injuries are increasingly viewed also through the 
lens of sustainability. Recurrent injuries not only affect short-term performance, 
but may compromise athletes’ long-term health and career longevity, highlight-
ing the need for sustainable workload and recovery management (Soligard et al. 
2016; Gabbett 2016). From an organizational standpoint, sustainable injury pre-
vention strategies are crucial to balance competitive performance with player 
welfare, as injuries have been shown to negatively affect team performance and 
continuity (Hägglund et al. 2013). Thus, several studies have been carried out to 
study injuries from different perspectives, including the identification of injury 
risk factors (e.g., Wilkerson et al. 2018; Bahr and Holme 2003; Hopkins et al. 
2007; Kemler et al. 2015), and the understanding of the role of perceived injury 
risk (e.g. Deroche et al. 2012; Travert et al. 2017; Kontos 2004).

This study aims to investigate the main risk factors of injury recurrence in 
basketball. From a methodological point of view, we resort to survival analysis, a 
class of statistical techniques that offers a powerful framework to study how the 
risk of occurrence of an event changes over time, with a special focus on recur-
rent events. Although originally developed in medical research to investigate, 
for example, patient survival or disease recurrence, survival analysis has proven 
highly versatile and is now widely applied in other fields, including sports ana-
lytics. In this context, survival models have been used to address many research 
questions, including the timing and recurrence of key events in athletes’ careers. 
For example, some studies have applied these approaches to study the duration 
of professional basketball players’ careers (Fynn and Sonnenschein 2012), the 
determinants of coaches’ dismissal (Wangrow et al. 2018; Tozetto et al. 2019), the 
determinants of athlete dropout across different sports (Pion et al. 2015; Moulds 
et al. 2020; Smith and Weir 2022; Back et al. 2023; Difernand et al. 2025), and the 
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persistence of Olympic success (Csurilla and Fertő 2022; Gutiérrez et al. 2011). 
Other research questions addressed through survival analysis include the timing 
of substitutions in football (Del Corral et al. 2008), the time until the first goal is 
scored, and the intervals between consecutive goals in football matches (Pratas 
et al. 2016; Nevo and Ritov 2013; Leriou and Ntzoufras 2025) and ice hockey 
matches (Thomas 2007), and the identification of skills that predict higher scor-
ing performance in basketball (Macis et al. 2023; Macis 2025a). Beyond these 
applications, survival analysis is particularly suitable for investigating injury risk 
factors and the importance of recovery times in sport, as documented by several 
papers (Beynnon et al. 2005; Hopkins et al. 2007; Buist et al. 2010; Venturelli 
et al. 2011; Schneider et al. 2013; Mahmood et al. 2014; Nelson et al. 2016; Mai 
et al. 2017; Dekker et al. 2017; McLeod et al. 2017; Lawrence et al. 2018; Kontos 
et al. 2019; Howell et al. 2019; Sochacki et al. 2019; Jack et al. 2019; Ekeland 
et al. 2020; Lu et al. 2022; Moore et al. 2023).

Traditional survival models typically focus on the time until the first occur-
rence of an event. In our study, however, players may experience multiple events; 
therefore, we adopt a recurrent-event analysis approach, an extension of survival 
analysis that allows for the modelling of repeated events over time. Such approach 
has been widely discussed and applied, not only in the context of sports injuries 
(e.g., Ullah et al. 2014; Zumeta-Olaskoaga et al. 2021, 2025; Macis 2025b), but 
also, for example, to the analysis of the timing of corner kicks in football (Peng 
et al. 2025).

Specifically, this study extends the work of Macis (2025b) to evaluate the risk 
of injury recurrence (i.e. the occurrence of injuries after the first one) among 
National Basketball Association (NBA) players over ten seasons, from 2010–
2011 to 2019–2020. Hereafter, ‘new injury’, ‘recurrent injury’, and ‘relapse’ will 
be used interchangeably.

More in detail, the aim is verifying whether the risk can be affected by both 
player features, such as the Body Mass Index (BMI), the playing position and 
the age, and injury-related features. Among these, the number of rest days and 
the recent occurrence of previous injuries are considered. In particular, since the 
same player may experience multiple injuries within a short time period, result-
ing in clustered events, we define a new variable called Weakness, capable of 
measuring the momentary vulnerability of a player, resulting from the occurrence 
of multiple injuries in close succession. This variable, defined as a function of the 
time elapsed between two consecutive injuries, is designed to capture a carryover 
effect (Çiğşar and Lawless 2012a; Nirmalkanna and Çiğşar 2025), i.e. a transient 
effect that increases the event intensity after the occurrence of certain conditions, 
such as a previous injury. Therefore, this variable is an internal time-dependent 
covariate, as it depends on the event process and varies over time; its inclusion in 
the model leads to a dynamic event-count model (Aalen et al. 2008).

The final data used for these analyses have been obtained by a non-trivial 
match and harmonization of three large databases: (i) data about all the injuries 
that occurred in the ten observed seasons; (ii) a play-by-play dataset of the ten 
analysed seasons, used to recover information about minutes played; (iii) a data-
set containing information about players’ birthdate, height, weight and position. 
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In particular, data on injuries have been obtained from a dataset made available 
with license ‘CC0: Public Domain’ by Randall Hopkins on the Kaggle reposi-
tory. The play-by-play dataset has been provided by BigDataBall, a data provider 
widely recognized as a reliable source of validated and verified statistics for sev-
eral sports associations, supporting numerous academic studies. Finally, informa-
tion about players has been retrieved by the SQLite database shared on Kaggle by 
Wyatt Walsh under the ‘CC BY-SA 4.0’ license.

The article is structured as follows. In Sect. 2 we introduce the methodologi-
cal framework for recurrent-event analysis, focusing on the model specification 
(Sect.  2.1), the development of the novel time-varying variable Weakness to 
capture players’ momentary vulnerability (Sect. 2.2), and the estimation of indi-
vidual frailty (Sect. 2.3). In Sect. 3 we describe the procedures used to match dif-
ferent information sources and the steps followed for obtaining the final dataset. 
Following, in Sect. 4 we provide a description of the data and report the results 
of the analysis. Finally, in Sect. 5 we draw some concluding remarks and outline 
the directions for future research.

2  Methodological framework

Survival analysis is a well-known statistical approach used to study the time until 
a specific event occurs, the so-called survival time, within a given follow-up 
(observation) period. However, in many studies, the exact survival time cannot 
be observed for all individuals due to censoring, which occurs when a subject 
has not experienced the event of interest by the end of the follow-up or is lost to 
follow-up (Collett 2015).

Classical approaches, such as the widely used Cox proportional hazards (Cox PH) 
regression model (Cox 1972), rely on the assumption that survival times are inde-
pendent. In practice, however, this assumption may not be valid. A common example 
occurs when individuals experience recurrent events, leading to dependent survival 
times within the same subject.

To account for this dependence structure, extensions of classical survival mod-
els have been developed within the framework of recurrent-event analysis. In 
this context, the event history of an individual can be represented by a counting 
process {𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑁 ≤ 𝑡𝑡}, which records the cumulative number of events observed 
until time t:

	
𝑁𝑁𝑁𝑁𝑁𝑁 𝑁

∞
∑
𝑘𝑘𝑘𝑘

𝐼𝐼𝐼𝐼𝐼𝑘𝑘 ≤ 𝑡𝑡𝑡 𝑁

 where 𝐼𝐼𝑘𝑘  denotes the time of the 𝑘𝑘𝑡𝑡𝑡  event.
Models for recurrent events aim to estimate the intensity function, i.e. the 

instantaneous probability of an event occurring at time t, conditional on the pro-
cess history ℋ𝑁𝑁𝑁𝑁 (Cook and Lawless 2007):
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𝜆𝜆𝑁𝑁𝑁𝑡ℋ𝑡𝑁𝑁𝑁𝑁 𝑁 𝑡𝑡𝑡𝑡𝑡𝑡𝛥𝛥𝑡𝑡𝑡𝑡

𝑃𝑃𝑃𝑃{𝛥𝛥𝑁𝑁𝑁𝑁𝑁𝑁𝑁  𝑁𝑁𝑁𝑁𝑁𝑁𝑁}
𝛥𝛥𝑁𝑁 𝑁� (1)

where 𝛥𝛥𝑁𝑁𝑁𝑁𝑁𝑁 represents the number of events in the interval [𝑁𝑁𝑁 𝑁𝑁 𝑡𝛥𝛥𝑁𝑁𝑁 and 
ℋ𝑁𝑁𝑁𝑁 𝑁 {𝑁𝑁𝑁𝑁𝑁𝑁 𝑁 𝑁 ≤ 𝑠𝑠 𝑠 𝑠𝑠} represents the history of the process up to time t.

2.1  The Andersen-Gill model

Different time scales may be chosen, leading to different model formulations 
(Ullah et al. 2014). In this work, we consider the so-called calendar time, which 
relies on a unified timescale for all events, defined with respect to a fixed time 
origin, and ensures that risk periods for a given player do not overlap.

Within this framework, we use the Andersen-Gill (A–G) model (Andersen and 
Gill 1982), a semiparametric regression model, that specifies the intensity of the 
counting process 𝜆𝜆𝑁𝑁𝑁𝑡ℋ𝑡𝑁𝑁𝑁𝑁 as a function of the observed covariates 𝒙𝒙𝑖𝑖𝑁𝑁𝑁𝑁, which 
may be fixed or time-varying. Moreover, covariates can be classified as external 
or internal. An external covariate assumes values independently of the recurrent 
event process, while internal covariates depend on the event history of the pro-
cess itself (e.g., number of previous events).

The classical A-G model is specified as:

	 𝜆𝜆𝑖𝑖𝑁𝑁𝑁𝑡ℋ𝑡𝑁𝑁𝑁𝑁 𝑁 𝑡𝑡 𝑖𝑖𝑁𝑁𝑁𝑁 exp𝑁𝛽𝛽𝑇𝑇𝒙𝒙𝑖𝑖𝑁𝑁𝑁𝑁𝑁𝜆𝜆𝑡𝑁𝑁𝑁𝑁 𝑁� (2)

where 𝑡𝑡 𝑖𝑖𝑁𝑁𝑁𝑁 is the at-risk indicator, equal to 1 if the 𝑡𝑡𝑡𝑡𝑡  individual is under obser-
vation, and thus at risk at time t, and 0 otherwise; 𝜷𝜷 is the vector of regression 
coefficients associated with the p observed covariates; and 𝜆𝜆𝑡𝑁𝑁𝑁𝑁 is the baseline 
intensity function. In the A–G formulation, 𝜆𝜆𝑡𝑁𝑁𝑁𝑁 is common to all individuals, 
left unspecified, and assumed not to follow any particular parametric form (Cook 
and Lawless 2007).

The coefficients can be interpreted in terms of intensity ratio, by considering their 
exponential: exp𝑁𝛽𝛽𝑘𝑘𝑁, with 𝑘𝑘 𝑁 𝑁𝑁 𝑘𝑘𝑘𝑁 𝑘𝑘, denotes the multiplicative effect of a one-unit 
increase in the 𝑘𝑘𝑡𝑡𝑡 numerical covariate, holding all other covariates constant (Cook 
and Lawless 2007). In particular, the intensity ratio represents the ratio of the event 
intensity for two individuals differing in a given covariate, all else being equal. If the 
intensity ratio is greater than one, a one-unit increase in the covariate is associated 
with a higher risk of event occurrence; if it equals one, there is no effect; if it is lower 
than one, it is associated with a lower risk. For categorical covariates, the same inter-
pretation applies, comparing a given category with the reference category rather than 
considering a one-unit increase.

2.2  The Weakness variable

Determining the appropriate timing for return to play is a central issue for 
coaches and medical staff in the management of injured players, as it involves a 
trade-off between two competing objectives: allowing adequate recovery to mini-
mize the risk of reinjury, and reintegrating the player into competition as early 
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as reasonably possible. A premature return may increase the short-term risk of a 
subsequent injury, thereby contributing to injuries occurring in close succession, 
whereas an excessively delayed return may unnecessarily prolong absence from 
competition and reduce team availability.

In the analysis of recurrent events, the temporary increase in the risk of a 
subsequent event after a previous one, a form of short-term event dependence, is 
commonly referred to as a carryover effect, that is, a transient increase in event 
intensity driven by the individual’s event history (Çiğşar and Lawless 2012b; 
Nirmalkanna and Çiğşar 2025).

One possible way to model carryover effects is by means of an internal time-
dependent covariate, i.e. a covariate whose value at time t depends on the sub-
ject’s event history up to that time. In this spirit, Çiğşar and Lawless (2012a) 
considered a formulation based on a binary time-dependent covariate that takes 
value 1 only within a prespecified interval following the occurrence of an event, 
usually referred to as the risk window 𝛥𝛥, and 0 otherwise:

	 𝑋𝑋𝑁𝑁𝑁𝑁 𝑁 𝐼𝐼𝑁𝑁𝑁𝑁𝑁𝑁−) > 𝑁)𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 ≤ 𝛥𝛥) 𝑁

where 𝐼𝐼{⋅} denotes the indicator function, 𝑁𝑁𝑁𝑁𝑁−𝑁 is the number of events observed 
prior to time t, and 𝐼𝐼𝑁𝑁𝑁𝑁 𝑁 𝑁𝑁 𝐵 𝐼𝐼𝑁𝑁𝑁𝑡𝑡−) is the backward recurrence time, namely the 
elapsed time since the most recent event preceding t.

Building on this class of internal time-dependent formulations, the central 
contribution of this paper is the introduction, within the A–G framework, of a 
new time-varying internal covariate, termed Weakness, specifically designed 
to model carryover effects in recurrent events. The rationale underlying Weak-
ness is that the occurrence of a previous injury may induce a temporary state of 
increased vulnerability, thereby increasing the risk of a subsequent event when 
injuries occur in close succession. More specifically, the proposed covariate is 
constructed to retain memory of recent injuries when the time elapsed between 
consecutive events is short, while this memory progressively fades, and ulti-
mately decays towards zero, as the gap between events increases. Accordingly, 
Weakness yields a nonlinear autoregressive representation of the carryover effect, 
with its value at time t recursively determined by its value at time 𝑁𝑁 𝐵 𝑁 and by 
nonlinear excitation and decay components reflecting the subject’s injury history. 
In this setting, the inclusion of an internal time-varying covariate such as Weak-
ness places the resulting A–G specification within the class of dynamic models 
(Aalen et  al. 2008), which can be interpreted as a modulated Poisson process 
(Cook and Lawless 2007).

To capture the idea that the effect of a previous injury should depend on the 
time elapsed since its occurrence, we first introduce a nonlinear weighting func-
tion of the backward recurrence time. This function is intended to assign greater 
weight to shorter backward recurrence times and progressively smaller weight to 
longer ones, thereby reflecting the gradual fading of injury-related vulnerability 
over time. Specifically, we consider the following logistic weighting function:
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𝑓𝑓𝑁𝐼𝐼𝑁𝑁𝑁𝑁𝑁 𝑁 𝑒𝑒𝛼𝛼𝑁𝐵𝐵𝐵𝑡𝑡)−𝐵𝐵)

𝑁 𝑡 𝑒𝑒𝛼𝛼𝑁𝐵𝐵𝐵𝑡𝑡)−𝐵𝐵) 𝑁

where B(t) denotes the backward recurrence time, the parameter 𝛼𝛼 controls the 
steepness of the function, and q is the value such that 𝑓𝑓𝑁𝐼𝐼𝑁𝑁𝑁𝑁𝑁 𝑁 𝑁𝑘𝑓. In practice, 
q may be fixed according to the time horizon within which a new injury is still 
likely to be regarded as a relapse of the previous one. When 𝛼𝛼 𝑠 𝑁, f(B(t)) is 
decreasing in B(t), with larger absolute values of 𝛼𝛼 corresponding to a sharper 
decline. Moreover, the condition 𝛼𝛼 ≤ 𝐵 log(𝑁𝑁 𝐵 𝜖𝜖𝑁/𝜖𝜖)/𝑞𝑞 ensures that 𝑓𝑓𝑁𝑁𝑁 ≥ 𝑁 𝐵 𝜖𝜖, 
for arbitrarily small 𝜖𝜖 𝜖 𝑁𝑁𝑁 𝑁𝑁. Two examples of f(B(t)) are shown in Fig. 1.

The Weakness for the 𝑡𝑡𝑡𝑡𝑡 player at time t is then defined recursively as

	 𝑊𝑊 𝑖𝑖𝑁𝑁𝑁𝑁 𝑁 [𝑊𝑊 𝑖𝑖(𝐼𝐼𝑖𝑖𝑖𝑁𝑁𝑖𝑖𝑁𝑡𝑡−)) 𝑡 𝑓𝑓𝑁𝐼𝐼𝑖𝑖𝑁𝑁𝑁𝑁)] ⋅ 𝑓𝑓𝑁𝐼𝐼𝑖𝑖𝑁𝑁𝑁𝑁) 𝑁

where 𝐼𝐼𝑖𝑖𝑁𝑁𝑁𝑁 is the backward recurrence time for the 𝑡𝑡𝑡𝑡𝑡 player, and 𝐼𝐼𝑖𝑖𝑖𝑁𝑁𝑖𝑖𝑁𝑡𝑡−) denotes 
the time of the most recent injury observed before time t. 

For the purpose of constructing the covariate to be included in the A–G model, 
Weakness is evaluated only at the times of new injury events.

In this case, the backward recurrence time coincides with the elapsed time between 
two consecutive injuries, namely 𝐼𝐼𝑖𝑖𝑁𝐼𝐼𝑖𝑖𝑖𝑁𝑁𝑖𝑖𝑁𝑡𝑡)𝑁 𝑁 𝛥𝛥𝐼𝐼𝑁𝑁𝑖𝑖𝑁𝑡𝑡), where 𝛥𝛥𝐼𝐼𝑁𝑁𝑖𝑖𝑁𝑡𝑡) denotes the 
time between consecutive injuries, expressed in minutes played. Accordingly, the 
value of Weakness at each event time is determined by both the player’s previous 
level of vulnerability and the time elapsed since the most recent injury.

This construction has a natural interpretation. When injuries occur in close 
succession, that is, when 𝛥𝛥𝐼𝐼𝑁𝑁𝑖𝑖𝑁𝑡𝑡) ≈ 𝑁, the function 𝑓𝑓𝑁⋅𝑁 is close to 1, and Weakness 
is approximately equal to the cumulative number of injuries suffered over that 
period. By contrast, when a new injury occurs after a long interval, for example 
when 𝛥𝛥𝐼𝐼𝑁𝑁𝑖𝑖𝑁𝑡𝑡) ≫ 𝑞𝑞, 𝑓𝑓𝑁⋅𝑁 approaches 0, and Weakness becomes approximately 0. 
Conceptually, this means that injuries occurring close in time are more likely to 
be related to one another, so that the player’s temporary vulnerability increases 
with the accumulation of relapses. Conversely, when two consecutive injuries are 
separated by a long period, it is plausible that they are unrelated, and the vulner-

Fig. 1  Logistic function f(B(t)) that weights the time elapsed since the most recent event prior to t
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ability induced by the previous injury can reasonably be regarded as negligible. 
A practical illustration of the behaviour of Weakness is provided in Sect. 3 (Fig. 3 
and Table 1).

The proposed Weakness covariate differs from standard carryover formula-
tions in three main respects. First, it incorporates an autoregressive component 
through the recursive term 𝑊𝑊 𝑖𝑖𝑁𝐼𝐼𝑖𝑖𝑖𝑁𝑁𝑖𝑖𝑁𝑡𝑡−)𝑁, so that the current level of Weakness 
depends on its most recent past value. Second, it includes a self-exciting compo-
nent through the additive contribution of 𝑓𝑓𝑁𝐼𝐼𝑖𝑖(𝑁𝑁𝑁𝑁, which allows a new injury to 
increase the current level of vulnerability. Third, it embeds a decay mechanism 
through the multiplicative effect of 𝑓𝑓𝑁𝐼𝐼𝑖𝑖(𝑁𝑁𝑁𝑁, which ensures that the impact of pre-
vious injuries decreases smoothly as the time since the last event increases. Taken 
together, these features make Weakness a nonlinear autoregressive representation 
of the carryover effect. 

2.3  The frailty component

The A–G model described above, including the proposed internal time-varying 
covariate Weakness and the other observed covariates, may still fail to fully 
account for unobserved heterogeneity across players. Such residual heteroge-
neity may induce additional within-subject dependence among recurrent injury 
events. To account for this feature, subject-specific latent random effects, usually 
referred to as individual frailties, can be incorporated into the model (Vaupel 
et al. 1979). In this setting, the frailty term represents a player-specific propensity 
to experience injuries that is not explained by the observed covariates.

The corresponding intensity function, conditional on the individual frailty and 
on the observed covariates and event history available just before time t, can be 
written as

	 𝜆𝜆𝑖𝑖𝑁𝑁𝑁 ∣ 𝑍𝑍𝑖𝑖𝑁ℋ𝑖𝑖𝑁𝑁𝑁𝑁𝑁 𝑁 𝑡𝑡 𝑖𝑖𝑁𝑁𝑁𝑁 𝑡𝑡𝑖𝑖 𝜆𝜆𝑡𝑁𝑁𝑁𝑁 exp{𝛽𝛽𝑇𝑇𝒙𝒙𝑖𝑖𝑁𝑁𝑁𝑁}𝑁� (3)

where 𝑡𝑡 𝑖𝑖𝑁𝑁𝑁𝑁 is the at-risk indicator, 𝜆𝜆𝑡𝑁𝑁𝑁𝑁 is the baseline intensity, 𝒙𝒙𝑖𝑖𝑁𝑁𝑁𝑁 denotes 
the vector of observed covariates, including Weakness, and 𝑍𝑍𝑖𝑖  is the frailty term 
for the 𝑡𝑡𝑡𝑡𝑡  player.

The frailty is usually assumed to be a positive random variable with mean 
equal to 1, so that the baseline intensity retains its population-level interpreta-
tion, and variance 𝜃𝜃, which quantifies the degree of unobserved heterogeneity. 
In the proposed framework, frailty and Weakness represent two distinct sources 
of heterogeneity in injury risk. The frailty term accounts for stable, unobserved 
differences across players in their underlying propensity to experience injuries. 
These differences may arise from individual characteristics that are not mea-
sured, or are only imperfectly captured by the observed covariates. Thus, for the 
same observed covariate profile and follow-up time, a player with higher frailty 
is expected to experience more recurrent injuries than a player with lower frailty 
(Balan and Putter 2020). Some deeper insights about the meaning of the frailty 
component are addressed in Macis (2025b), where a practical explanation of how 
the frailty should be interpreted is provided.
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By contrast, Weakness represents a dynamic, internal time-varying compo-
nent of risk. It is designed to capture a transient state of increased vulnerability 
induced by recent injuries, and therefore reflects how the player’s own injury 
history may temporarily modify the risk of a subsequent event.

This distinction is particularly important when carryover effects are of interest. 
If stable unobserved heterogeneity is ignored, the model may incorrectly attribute 
part of the excess recurrence risk due to unmeasured player-specific characteris-
tics to event-history dependence. As a result, the carryover effect may be over-
estimated (Nirmalkanna and Çiğşar 2025). The inclusion of a frailty component 
therefore allows latent inter-individual heterogeneity to be accounted for jointly 
with the observed dynamic event-history structure represented by Weakness. In 
this sense, frailty and Weakness are complementary rather than alternative com-
ponents: frailty captures persistent differences between players, whereas Weak-
ness captures transient within-player changes in vulnerability following recent 
injuries.

Different distributions can be assumed for the frailty term. A common choice 
is the Gamma distribution, typically parametrized to have mean 1 and variance 
𝜃𝜃, where 𝜃𝜃 quantifies the degree of unobserved heterogeneity across subjects. 
Other commonly used choices include the inverse Gaussian, positive stable, and 
log-normal distributions (Hougaard 2000; Cook and Lawless 2007; Balan and 
Putter 2020). These distributions differ in the way they represent between-subject 
variability and in the resulting marginal dependence structure among recurrent 
events from the same subject. In applied recurrent-event models, the Gamma and 
log-normal specifications are among the most frequently used, partly because 
they are widely available in standard statistical software.

Several R implementations are available for recurrent-event models with 
frailty terms, including survival, frailtypack, frailtyEM, and coxme. 
These packages differ in their modelling focus, supported frailty distributions, 
and estimation procedures. In particular, frailtypack and frailtyEM pro-
vide more specialized tools for frailty modelling, whereas coxme is oriented 
toward Cox mixed-effects models with Gaussian random effects. In the present 
work, we used the coxph function from the survival package (Therneau and 
Lumley 2015), because it provides a direct and flexible implementation of the 
Andersen–Gill counting-process formulation, accommodates interval-specific 
time-varying covariates, and allows the inclusion of a player-level frailty term 
within the same modelling framework. This was particularly convenient for the 
proposed analysis, in which Weakness was coded as a time-varying covariate and 
the frailty term was specified at the player level.

3  Risk of recurrent injuries among NBA players

The modelling framework described in the previous sections was applied to the 
analysis of recurrent injuries among NBA basketball players observed over ten 
consecutive seasons, from 2010–2011 to 2019–2020.
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In this application, a key methodological choice concerns the definition of 
the time scale. Instead of indexing follow-up in elapsed calendar days, we used 
cumulative playing time, defined as the total number of minutes spent on court 
by each player.

This choice reflects the fact that, in professional basketball, exposure to injury 
risk is more directly related to time actively spent in competition than to the mere 
passage of chronological time. Indeed, NBA basketball games sometimes take 
place on dates that are very close to each other, and two injuries occurring within 
a short calendar interval may have different interpretations depending on how 
many minutes the player actually played between them (Macis 2025b). Accord-
ingly, in the present analysis, the recurrent-event process was indexed by expo-
sure time rather than chronological time.

Study time was therefore defined as cumulative playing time and was not reset 
after each injury event. For each player, the origin of follow-up was set at the 
return to play after the first recorded injury. Subsequent injury events were then 
represented on the cumulative playing-time scale, so that each event time cor-
responded to the total number of minutes played by that player since the start of 
follow-up. This formulation allowed the Andersen–Gill counting-process struc-
ture to be implemented using cumulative minutes played as the time scale.

Fig.  2 provides an example of the resulting data structure for four players 
(A, B, C, D) who experienced three, four, zero, and two relapses, respectively, 
during follow-up. The follow-up period starts at time 0, corresponding to each 
player’s return to play after their first recorded injury. Three players ended the 
study censored, namely A, B, and C, whereas player D experienced an injury 
at the end of the observation period. For example, player A experienced a first 
relapse after 1400 minutes of play. After returning to play, he accumulated an 
additional 1600 minutes before sustaining a second recurrent injury, correspond-
ing to 3000 cumulative minutes from the start of follow-up. He then played a 
further 1800 minutes, reaching 4800 cumulative minutes at the time of the third 
new injury. Finally, he reached 9345 cumulative minutes by the end of follow-up, 
corresponding to a censored observation.

To further clarify how the proposed internal time-varying covariate operates 
in the present data structure, Fig.  3 provides an example of the behaviour of 
Weakness for one player. The example illustrates how W(t) changes according to 
the elapsed playing time between consecutive injuries and how it translates the 
player’s recent injury history into a dynamic measure of temporary vulnerability. 
The player experienced seven relapses after the first recorded injury and was 
then censored after having accumulated 2000 minutes of playing time. The white 
diamond in Fig. 3 denotes the first recorded injury, the black squares indicate the 
observed recurrent injuries and their corresponding event times, and the white 
dot denotes the end of follow-up without any further injury events.

In this example, several injuries occurred in close succession, whereas others were 
separated by longer intervals of playing time. This pattern allows the main features 
of Weakness to be visualized: W(t) increases when recurrent injuries occur after short 
playing-time intervals and decreases when the elapsed playing time since the previ-
ous injury becomes longer.



1 3

Page 11 of 28    127 The impact of weakness and recovery time on recurrent injuries in…

Figure 3 combines three graphical elements that should be interpreted jointly. 
First, the black squares indicate the observed injury events and their correspond-
ing event times on the cumulative playing-time scale. Second, the red points 
indicate the observed values of Weakness assigned to the player at the beginning 
of each at-risk interval. These are the values used as covariate values in the A–G 
model. Third, the blue dashed curves show how W(t) would evolve as a function 
of playing time after each injury, under the hypothetical scenario that a subse-
quent injury occurred earlier than actually observed. These curves are therefore 
useful for visualizing the decay mechanism of Weakness between consecutive 
events.

The figure shows that W(t) increases when injuries occur in close succession 
and decreases when the elapsed playing time between consecutive injuries is 
longer. At the beginning of follow-up, the player has a value of Weakness equal 
to 0.205, reflecting the first injury occurring after 100 minutes from the start of 
the first playing season (grey region of Fig. 3). The first four relapse then occur 
after relatively short intervals of 117, 53, 45, and 96 minutes, leading to a rapid 
increase in Weakness. In contrast, the subsequent injuries occurring after 989 and 
360 minutes are preceded by longer playing-time intervals, so that Weakness pro-
gressively decays towards zero. Finally, the last observed recurrent injury occurs 
after 40 minutes, resulting in a renewed increase in Weakness, with an observed 
value equal to 0.876.

Minutes played (2010−2011 to 2019−2020 season)
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Table 1 reports some examples of the values corresponding to the curves dis-
played in Fig. 3. These values illustrate how Weakness would change if a relapse 
occurred at different times after the previous injury. For example, at the begin-
ning of follow-up the player has a value of Weakness equal to 0.205; if the first 
recurrent injury had occurred after 10 minutes of play, W(t) would have increased 
to approximately 1.169, whereas if it had occurred after 20 minutes, W(t) would 
have been equal to 1.149. The remaining values can be interpreted in the same 
way, as hypothetical values of Weakness evaluated at different elapsed playing 
times since the previous injury.

Because Weakness is an internal time-varying covariate, its value is deter-
mined by the previous injury history of the player. However, when it is included 
in the A–G model, the value used to model the risk at a given time must be based 
only on information already available before that time. For this reason, in each 
at-risk interval from 𝐼𝐼𝑠𝑠𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡  to 𝐼𝐼𝑠𝑠𝑡𝑡𝑠𝑠𝑠𝑠 , Weakness is assigned the value known at 𝐼𝐼𝑠𝑠𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡
, that is, before observing whether the interval will end with a relapse or with cen-
soring. The injury event occurring at Tstop, when present, is then used to update 
Weakness only for the following interval. This convention preserves the temporal 
ordering between covariate values and event occurrence and avoids using future 
information to explain the event that closes the current interval.
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The construction of Weakness requires the specification of the parameters govern-
ing the logistic weighting function, namely 𝛼𝛼, q, and 𝜖𝜖. In the present case study, 𝜖𝜖 
was fixed at 0.01, so that the weighting function was constrained to take values close 
to one immediately after an injury. The parameter q was set equal to 96 minutes, cor-
responding to the time point at which the assigned weight is equal to 0.5. Alternative 
values of q were also explored in sensitivity analyses, as reported below.

Table 1  Values of the Weakness function shown in Fig. 3
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The parameter 𝛼𝛼 controls both the direction and the steepness of the logistic 
weighting function. Since the weight f(B(t)) should decrease as the playing time 
elapsed since that injury increases, only negative values of 𝛼𝛼 were considered. 
Within this range, larger absolute values of 𝛼𝛼 correspond to a steeper decrease, 
whereas values closer to zero produce a more gradual decay. This parameter was 
selected empirically. Given the values of q and 𝜖𝜖, different plausible negative 
values of 𝛼𝛼 were evaluated by fitting separate A–G frailty models and comparing 
their performance using the Bayesian Information Criterion (BIC) and the cross-
validated Concordance Index. Across the explored values, the selected value was 
𝛼̂𝛼 𝑁 𝐵 log 𝑁𝑁𝑁 𝐵 𝜖𝜖𝑁/𝜖𝜖𝑁/𝑞𝑞. This value is the least negative value compatible with the 
constraint 𝑓𝑓𝑁𝑁𝑁 ≥ 𝑁 𝐵 𝜖𝜖, and therefore corresponds to the most gradual decay of 
the weighting function among the values satisfying this constraint.

3.1  Data preparation

The analysis is based on a dataset we call Data, built by combining information 
from three different big databases. The first information source is a dataset, Inj, 
in which all the injuries sustained by NBA players over the 2010–2011 to 2019–
2020 seasons are recorded1. This dataset includes information about the date of 
the event (which may indicate either the onset or the end of the sick leave), the 
team of the involved player, the name of the player, and some notes providing 
a brief description of the event, for a total of 27,105 events recorded. The sec-
ond data source is the dataset PbP, containing play-by-play records of all the 
games played in the analysed seasons (nearly six million match events recorded, 
covering more than 12,000 games, made available by BigDataBall2). Lastly, we 
retrieved information about players from the dataset InfPl, a SQLite database 
including records of more than 64,000 games, 4800 players, and 30 teams3. 

To combine these three datasets, some preliminary cleaning and alignment 
operations were necessary on the Inj dataset:

	● deletion of sick leaves unrelated to injuries (e.g. vertigo, COVID-19, mi-
graines, etc.), as these conditions are not directly related to physical injuries;

	● alignment of dates for injuries officially recorded during the interval between 
games to the immediately preceding match played (recovered from PbP). 
This assumption was necessary when an injury was recorded in the injury list 
on a date different from that of a match (e.g., injuries sustained during train-
ing sessions). In such cases, the assumption was considered valid, given that 
the outcome of interest was minutes played in official matches;

	● treatment of extended sick leaves without player’s return to the line-up as 
continuations of the previous injury. Indeed, in these cases, in the absence of 
evidence of a new injury event, it was reasonable to assume that the extension 
is related to the injury already recorded.

1 https://www​.kaggle.com​/datasets/g​hopkins/​nba-injuries-2010-2018
2 www.bigdataball.com
3 https:​​​//w​ww.kag​gle​.com/dat​asets/wyatt​​owalsh/basketball

https://www.kaggle.com/datasets/ghopkins/nba-injuries-2010-2018
http://www.bigdataball.com
https://www.kaggle.com/datasets/wyattowalsh/basketball
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In addition, a consistency check was performed due to small differences in the 
way the same player name is sometimes recorded in the three different data-
bases (e.g ‘Juan Hernangomez’ and ‘Juancho Hernangomez’, or ‘Kevin Knox’ 
and ‘Kevin Knox II’). After the check, the players’ names were made consistent 
across the three databases Inj, PbP and InfPl, ensuring a correct and reliable 
merge of the datasets.

All major steps undertaken to create the Data dataset are explained below and 
summarized in the pseudo-code Algorithm 1: 

1.	 The first step consisted of computing the total minutes played by each player in 
each match using PbP data, and recording this information in an auxiliary dataset, 
called MPl.

2.	 Next, information on injury occurrence was added to each observation in the 
MPl dataset by aligning it with the Inj dataset. Based on this merge, a binary 
event indicator was created to denote whether the player had an injury recorded 
on that date or shortly thereafter. As a result, the MPl dataset now contains one 
row per player per match, including information about minutes played and injury 
occurrence.

3.	 The next step consisted of retrieving player-specific characteristics, such as height, 
weight, date of birth, and playing position, from the InfPl dataset, and merging 
them into the MPl dataset. Moreover, each player’s BMI was evaluated using the 
available height and weight information.

4.	 Then, for each injury event, the cumulative minutes played between consecutive 
injuries were computed. For the first injury, the total minutes played from the 
beginning of the observation period were considered. Additionally, the cumulative 
minutes played from the last injury (or from the start of the observation period 
if no injury occurred) to the end of the observation period were computed. For 
each row in the dataset, two time variables were defined: 𝐼𝐼𝑠𝑠𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡, representing the 
cumulative minutes played at the start of the interval (0 for the first time interval), 
and 𝐼𝐼𝑠𝑠𝑡𝑡𝑠𝑠𝑠𝑠, representing the cumulative minutes played at the end of the interval, 
corresponding to an injury occurrence. Consequently, MPl now contains multiple 
rows per player, corresponding to each injury event, plus an additional row repre-
senting the final observation period.

5.	 For each resulting time interval, the player’s age, the number of days at rest, and 
Weakness variable (see Sect. 2.2) were calculated at the beginning of the interval.

6.	 Finally, since the focus of this analysis is on injury relapses, players who never 
sustained an injury were excluded from the dataset. Furthermore, for players who 
sustained at least one injury, the interval corresponding to the first injury was 
removed. Then, the observation period effectively starts at 0 when the player 
returns to the court after the first recorded injury.
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To stand in the A–G framework, the final dataset, denoted as Data, is therefore 
organized in a counting-process format, i.e. a long form structure, and contains 
data about all the players who sustained at least one injury during the ten anal-
ysed seasons. More in detail, for each player there are as many rows as the num-
ber of injury relapses, plus, possibly, an additional row recording the data about 
the time from the last injury to the end of the follow-up. These rows represent 
the player-specific at-risk intervals. For each interval, the starting time 𝐼𝐼𝑠𝑠𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡  was 
defined as the cumulative number of minutes played at the beginning of the inter-
val, whereas the stopping time 𝐼𝐼𝑠𝑠𝑡𝑡𝑠𝑠𝑠𝑠  was defined as the cumulative number of 
minutes played at the time of the next injury event or censoring. The event indi-
cator was equal to 1 when the interval ended with a recurrent injury and 0 when 
the interval ended with censoring. Therefore, censored observations correspond 
to players who did not experience any relapses during the observation period or 
who were not injured at the end of follow-up.

In this structure, each player could contribute several rows to the dataset, cor-
responding to successive at-risk intervals between return to play and the next 
injury event, or between return to play and the end of observation. Thus, recur-
rent injuries were represented as multiple event times on the same cumulative 
playing-time scale. Importantly, because the time scale was not reset after each 
event, 𝐼𝐼𝑠𝑠𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡  and 𝐼𝐼𝑠𝑠𝑡𝑡𝑠𝑠𝑠𝑠  retained their interpretation as cumulative minutes played 
since the origin of follow-up.

The recorded variables in the dataset include the timepoints 𝐼𝐼𝑠𝑠𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡  and 𝐼𝐼𝑠𝑠𝑡𝑡𝑠𝑠𝑠𝑠 
defining each player-specific at-risk interval, the injury indicator, and many 
covariates, including the player’s main playing position, the player’s BMI, the 
age - evaluated at the beginning of each time interval -, Weakness, and the num-
ber of rest days after the previous injury. In particular, this last variable measures 
the number of days between the injury date and the date of the player’s return to 
the court. In some cases, this measure may also include days off due to the end 
of the playing season, thereby capturing the total number of days in which the 
player was effectively resting and not participating in official matches, rather than 
considering only days prescribed for recovery. It is also important to note that, 
under this time-scale formulation, age, Weakness, and the number of rest days are 
all treated as time-varying covariates, since their values may change over time, 
particularly at the beginning of each at-risk interval.
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Algorithm 1  Data preparation

4  Results

In this Section, the description of the sample and the results of the fitted dynamic 
event-count model are presented.
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4.1  Data description

During the follow-up, i.e. the period ranging from the 2010–2011 season to the 2019–
2020 season, a total of 1066 players have been observed, and, overall, 8367 relapses 
have been recorded. More in detail, in the overall sample, the mean number of observed 
events (new injuries) was equal to 7.8, with a standard deviation (SD) equal to 8.5.

It emerges that, among the sample, 89 𝑁8𝑘3%𝑁 players did not suffer any relapses, 
while the remaining 977 players (9𝑁𝑘7%) experienced one or more new injuries after 
the first one. Among these, 258 players ended the study still injured. Moreover, only 
𝑁𝑁% of the players suffered a single relapse, while 8𝑁𝑘7% of the players (𝑛𝑛 𝑁 87𝑁) 
sustained at least two new injuries.

The players have been classified according to their main playing position on the 
court: 𝑓𝑁8 𝑁47𝑘7%𝑁 were guards, 296 𝑁27𝑘8%𝑁 were forwards, and 262 𝑁24𝑘6%𝑁 were 
centers.

On average, throughout the observation period, the observed players played 
4844.1 minutes (SD= 5867.5).

Since the number of relapses may also be influenced by the number of minutes 
played, the injury incidence rate per 100 player-match exposures has also been evalu-
ated (Lee and Zumeta-Olaskoaga 2022):

	
𝐼𝐼𝑠𝑠𝑖𝑖𝑖 𝑁

𝑛𝑛_𝑡𝑡𝑖𝑖𝑖𝑖𝑖𝑖
𝛥𝛥𝐼𝐼𝑖𝑖

× 48 × 𝑁𝑁𝑁 𝑁

where 𝐼𝐼𝑠𝑠𝑖𝑖𝑖 is the injury incidence rate of the 𝑡𝑡𝑡𝑡𝑡 player, 𝑛𝑛_𝑡𝑡𝑖𝑖𝑖𝑖𝑖𝑖 is the number of relapses 
suffered, and 𝛥𝛥𝐼𝐼𝑖𝑖 denotes the total minutes played by the player during the follow-up 
period.

The mean injury incidence rate in the sample was equal to 56.8, corresponding to 
almost 57 new injuries per 100 players per 48 minutes of play. Table 2 shows some 
summary statistics, after grouping players into four classes defined by the quartiles 
of the injury incidence rate. In particular, conditional column frequencies of playing 
position and partial means of BMI in the four groups are reported. Results show that, 
compared with the overall statistics, a larger proportion of centers had higher injury 
incidence rates, whereas a greater proportion of guards had lower rates. For example, 
it can be seen that in the third and fourth group nearly 3𝑁% of players are centers, while 
this percentage decreases to about 2𝑁% in the first two groups with lower injury inci-
dence rates. Therefore, given the same number of minutes played, a higher percentage 
of guards would be expected to sustain fewer injuries than forwards and centers.

Table 2  Summary statistics of the sample by injury incidence rate
𝑠 4.47 [4.47; 9.55) [9.55; 25.13) ≥ 25.𝑘3 Overall

Playing position
 Center, n (%) 58 (2𝑘.7%) 53 (𝑘𝑞.𝑞%) 79 (2𝑞.7%) 72 (27.𝑡%) 262 (24.𝑞%)
 Forward, n (%) 75 (28.𝑘%) 71 (2𝑞.7%) 73 (27.4%) 77 (28.8%) 296 (27.8%)
 Guard, n (%) 134 (5𝑡.2%) 142 (53.4%) 114 (42.𝑞%) 118 (44.2%) 508 (47.7%)
BMI, Mean (SD) 24.9 (1.8) 25.0 (1.6) 24.9 (1.7) 24.8 (1.9) 24.9 (1.7)
Data referring to NBA players observed between the 2010–2011 and 2019–2020 seasons
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4.2  Model estimation

The final aim of this study is to evaluate the risk of recurrent injuries. Different 
approaches can be used to model this kind of data (Ullah et al. 2014); here, we used 
the Andersen-Gill model with frailty described in (3).

The aim is to evaluate whether variables related to player characteristics (BMI, age 
at the beginning of each time interval, and playing position) and variables describing 
the injuries sustained (number of rest days after the previous injury and Weakness) 
affect the player’s risk of relapse. As in Macis (2025b), a transformation of the BMI 
has been considered to account for possible non-linearities:

	 𝐼𝐼𝐵𝐵𝐼𝐼𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑠𝑠𝑡𝑡 𝑁 log [𝑁𝐼𝐼𝐵𝐵𝐼𝐼 𝐵𝐵𝐵𝑒𝑒𝐵𝐵𝑛𝑛𝐵𝐼𝐼𝐵𝐵𝐼𝐼𝑁𝑁2 𝑡 𝑁] 𝑘

The first fitted model also included three interaction terms (between the position and, 
respectively, the 𝐼𝐼𝐵𝐵𝐼𝐼𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑠𝑠𝑡𝑡 and the Weakness and between the number of rest days 
and the Weakness). However, since the first two interaction terms were not statisti-
cally significant, a model including only the main effects and the interaction between 
the number of rest days and the Weakness has been considered; this model was also 
preferable according to the BIC value.

The final model therefore includes three piecewise-constant time-varying covari-
ates recorded at the beginning of each time interval - namely, Weakness, the number 
of rest days after the previous injury, and the age of the player (expressed in years) 
- two time-independent covariates, i.e. the transformed BMI (𝐼𝐼𝐵𝐵𝐼𝐼𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑠𝑠𝑡𝑡) and the 
player’s playing position (with three categories: guard, forward and center), and one 
interaction term between Weakness and the number of rest days. As already men-
tioned, since Weakness is an internal time-varying covariate, as its value depends on 
the past history of the recurrent event process and evolves over time, its inclusion into 
the A–G model yields a dynamic event-count model that, conditional on the frailty, 
can be interpreted as a modulated Poisson process. Then, the fitted model, aimed at 
estimating the conditional intensity of relapse at playing time t, measured in minutes 
of on-court playing time, given the covariates, the frailty, and the history of the pro-
cess, is specified as follows:

	

𝜆𝜆𝑖𝑖𝑁𝑁𝑁𝑡𝑍𝑍𝑖𝑖𝑁ℋ𝑖𝑖𝑁𝑁𝑁𝑁𝑁 𝑁 𝑍𝑍𝑖𝑖𝜆𝜆𝑡𝑁𝑁𝑁𝑁 exp{𝛽𝛽𝑘𝑊𝑊𝑊𝑊𝑊𝑊 𝑡 𝛽𝛽2Rest_days𝑁𝑁𝑁𝑁 𝑡 𝛽𝛽3Age𝑁𝑁𝑁𝑁𝑡
+ 𝛽𝛽4BMItransf + 𝛽𝛽5Position + 𝛽𝛽𝑞Rest_days𝑁𝑁𝑁𝑁 × 𝑡𝑡𝑡𝑁𝑁𝑁} 𝑘

For the following analyses, a significance level of 𝛼𝛼 𝑁 𝑁𝑘𝑁𝑓 has been used. Results 
are shown in Table 3.

As expected, the Weakness is positively associated with the intensity of new inju-
ries (exp{𝛽𝛽𝑘} > 𝑁): an increase in the number of consecutive injuries occurring in 
quick succession leads to a higher rate of occurrence of new injuries. Furthermore, 
the number of rest days affects the intensity in interaction with the Weakness, sug-
gesting that, for a given value of Weakness, a longer recovery period reduces the 
effect of Weakness on the intensity. For what concerns players’ characteristics, age 
is positively associated with the relapse occurrence rate, indicating that injuries 
occur more frequently among older players over time. Moreover, in line with Macis 
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(2025b), centers exhibited a higher risk of recurrent injury than guards, whereas no 
comparable difference was observed for forwards. Then, differently from the findings 
reported in Macis (2025b), BMI is not statistically significant.

Focusing on the frailty component, it is assumed to follow a Gamma distribution, 
with an estimated variance of 0.48 (9𝑓% confidence interval: [0.43; 0.55]). The pres-
ence of residual unobserved heterogeneity was evaluated using the Commenges–
Andersen score test, applied to the A–G model without frailty (Commenges and 
Andersen 1995). The test assesses the null hypothesis of homogeneity across players, 
corresponding to the absence of a residual frailty component after accounting for the 
observed covariates, including Weakness. Rejection of this null hypothesis provides 
evidence of unexplained player-specific heterogeneity and supports the inclusion of 
a frailty term in the recurrent-event model. The Commenges-Andersen heterogeneity 
test shows that the random effect is highly significant (𝑘𝑘 𝑠 𝑁𝑘𝑁𝑁𝑁), confirming that its 
inclusion in the model is appropriate.

Figure 4 shows an example illustrating the effect of Weakness and the number of 
rest days on the intensity of new injuries. Specifically, the intensity was estimated 
at a fixed time point, 𝑁𝑁 𝑁 24𝑁 minutes, for two anonymized players, denoted here as 
player A and player B, taking into account their values of age, 𝐼𝐼𝐵𝐵𝐼𝐼𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑠𝑠𝑡𝑡, position, 
and estimated individual frailty. Estimates were obtained as a function of Weakness, 
ranging from 0 to 13, and rest days, considering two different recovery times, namely 
7 and 30 days.

This intensity is a measure of the instantaneous rate of relapse at time 𝑁𝑁 𝑁 24𝑁 
minutes for the two players, after a sequence of injuries determining a given value of 
Weakness and after either 7 rest days, represented by the solid lines, or 30 rest days, 
represented by the dashed lines, since the previous injury. The red and blue lines 
show the estimated intensity for player A and player B, respectively, for different 
values of Weakness. In both cases, the intensity increases as Weakness increases and, 
for a fixed value of Weakness, decreases as the number of rest days increases.

Moreover, player A shows a higher intensity than player B, due to differences in 
individual frailty, equal to 2.95 for player A and 0.22 for player B, and in the observed 
covariates, namely age, position, and 𝐼𝐼𝐵𝐵𝐼𝐼𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑠𝑠𝑡𝑡. Regarding the covariates, the effects 
of BMI and playing position appear similar across players, with guards and forwards 
exhibiting comparable effects. The main difference concerns age, which is higher for 

Table 3  Results from the Andersen-Gill model with frailty
𝛽𝛽estimate [𝑞5%CI] Hazard ratio [𝑞5%CI] p-value

Weakness 0.1399 [0.1150; 0.1647] 1.1501 [1.1219; 1.1791] 𝑠 𝑡.𝑡𝑡𝑘
Rest days −𝑡.𝑡𝑡𝑡3[−𝑡.𝑡𝑡𝑡7; 𝑡.𝑡𝑡𝑡𝑘]   0.9997 [0.9993; 1.0001] 0.099
Age 0.0361 [0.0234; 0.0488] 1.0368 [1.0237; 1.0500] 𝑠 𝑡.𝑡𝑡𝑘
BMItransf 0.0381[−𝑡.𝑡283; 𝑡.𝑘𝑡45] 1.0388 [0.9721; 1.1101] 0.260
Playing position
 Guard ref ref ref
 Forward 0.0670[−𝑡.𝑡𝑞4𝑞; 𝑡.𝑘𝑞𝑞𝑡] 1.0693 [0.9371; 1.2202] 0.320
 Center 0.1587 [0.0238; 0.2937] 1.1720 [1.0241; 1.3413] 0.021
Rest days×Weakness             −𝑡.𝑡𝑡𝑡5[−𝑡.𝑡𝑡𝑡8;−𝑡.𝑡𝑡𝑡2] 0.9995 [0.9992; 0.9998] 𝑠 𝑡.𝑡𝑡𝑘
CI: Confidence Interval
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player B. However, as shown in Fig. 4, despite his higher age, the lower frailty leads 
to a lower intensity for player B.

The 9𝑓% bootstrap confidence bands slightly overlap; however, the aim was not to 
test for differences between the curves, but rather to show the effect of Weakness and 
length of rest on the intensity.

Finally, a sensitivity analysis was carried out to test the robustness of the cho-
sen q value in the definition of the Weakness. Different values of q have been con-
sidered (𝑞𝑞 𝑁 48𝑁 𝑞𝑞 𝑁 𝑁44𝑁 𝑞𝑞 𝑁 𝑁92), and no substantial differences in the results were 
observed: all previously identified relationships were still valid.

5  Conclusions

In this paper, we investigated recurrent injuries among NBA players over the 2010–
2011 to 2019–2020 seasons within a recurrent-event modelling framework. The 
proposed specification combines three key components: the Andersen–Gill count-
ing-process formulation for recurrent events, a nonlinear autoregressive internal 
covariate, Weakness, designed to represent dynamic carryover effects after previous 
injuries, and a frailty term accounting for residual heterogeneity among players.

The dataset used for the present analysis was obtained by matching and harmo-
nizing injury records, play-by-play data, and player-level characteristics. This step 
required careful data cleaning and alignment because the three sources differed in 
observational unit and temporal resolution. To improve transparency and reproduc-
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Fig. 4  Estimated intensity at 𝑡𝑡 𝑘 24𝑡 minutes as a function of Weakness, according to length of rest, for 
two anonymized players. The curves are shown with corresponding 𝑞5% bootstrap confidence bands. 
Player A: Age = 22.75, 𝐵𝐵𝐵𝐵𝐵𝐵transf 𝑘 𝑡.𝑡8, Position = Guard, Frailty = 2.95; Player B: Age = 34.41, 
𝐵𝐵𝐵𝐵𝐵𝐵transf 𝑘 𝑡.𝑡7, Position = Forward, Frailty = 0.22
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ibility, we provided a pseudo-code summarizing the key steps used to construct the 
recurrent-event data structure required for model estimation. This procedure may 
provide a useful practical reference for researchers interested in applying recurrent-
event methods to basketball injury data or related sports contexts.

The final aim was to evaluate the risk of recurrent injuries by considering both 
players-level characteristics (BMI, playing position, age), and injury-related features, 
such as the number of rest days after each injury, and the number of injuries occur-
ring in rapid succession. Within this framework, one of its main contributions is the 
creation of Weakness, an internal time-varying covariate designed to model a tem-
porary carryover effect after previous injuries. Unlike standard carryover formula-
tion (Çiğşar and Lawless 2012a; Nirmalkanna and Çiğşar 2025), Weakness provides 
a nonlinear autoregressive representation of injury-related vulnerability, since its 
current value depends both on its previous recorded value and on the playing time 
elapsed since the most recent injury. Through its self-exciting and decaying com-
ponents, Weakness increases when injuries occur in close succession and decreases 
when the time elapsed since the previous injury becomes longer. In practical terms, 
it can be interpreted as a measure of temporary vulnerability induced by clusters of 
injuries occurring within a short period, under the assumption that injuries close in 
time may be related to the initial event.

Our proposal is conceptually related to the idea underlying Hawkes processes 
(Hawkes 1971b, a), which have also been used in sports injury modelling (Worrall 
et al. 2025) to model the injury rate. In a Hawkes process, the conditional intensity 
is specified directly as a self-exciting function of the full event history, so that previ-
ous events increase the subsequent event rate through a predefined excitation ker-
nel. In our approach, by contrast, the A–G intensity is not formulated as a Hawkes 
intensity. Instead, the effect of previous injuries is summarized through the internal 
time-varying covariate Weakness, which enters the model as part of the observed 
covariate history. Interestingly, our specification has many similarities with Hawkes 
processes. Indeed, the trajectory of W(t), when mapped onto the intensity scale, i.e., 
after exponentiation and weighting by its regression coefficient, resembles the shape 
of the intensity of a Hawkes process with a parametric exponential triggering kernel 
(as that shown in Figure 8 of Worrall et al. 2025), displaying similar excitation and 
decay behaviour. Thus, the proposed specification captures a form of history-depen-
dent self-excitation within a standard recurrent-event regression framework, rather 
than requiring a separate point-process model.

It is also important to distinguish Weakness from the frailty term. Weakness is 
an internal time-varying covariate that represents a transient state of vulnerability 
induced by injuries occurring in close succession, and its value changes over time 
according to the player’s recent injury history. Frailty, by contrast, is a subject-spe-
cific latent random effect that captures persistent differences in injury propensity 
across players not explained by the observed covariates. Thus, the two components 
are complementary: Weakness models dynamic within-player variation in risk after 
recent injuries, whereas frailty accounts for residual between-player heterogeneity in 
susceptibility to recurrent injuries (Macis 2025b).

The proposed frailty-extended dynamic A–G model provided interesting evidence 
on the factors associated with recurrent-injury intensity. Unlike the results reported in 
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Macis (2025b), where BMI was associated with the risk of sustaining an injury, in the 
present study BMI was not significantly associated with the intensity of injury recur-
rence. By contrast, the role of playing position was broadly consistent with previous 
evidence: centers showed a higher recurrent-injury intensity than guards, whereas 
forwards did not differ substantially from guards. Age was also associated with inju-
ries recurrence, with older players showing a higher instantaneous rate of recurrent 
injury.

The results also support the role of the proposed Weakness covariate. Injuries 
occurring in close succession were significantly associated with increased recurrent-
injury intensity, indicating that recent injury history contributes to the short-term 
dynamics of recurrence. The number of rest days further modified this association 
through its interaction with Weakness: for a given level of Weakness, a longer rest 
period corresponded to a lower instantaneous rate of subsequent injury. This finding 
is consistent with the interpretation of Weakness as a transient state of vulnerability 
whose effect may be attenuated by a longer rest period.

The present study is subject to some limitations. First, some player characteris-
tics, such as BMI and playing position, were treated as time-fixed covariates because 
repeated measurements were not available in the player-level dataset InfPl. Although 
these characteristics may vary over a player’s career, the available data provided only 
one value per player; therefore, these variables were included in the analysis as con-
stant over the observation period. Second, the proposed definition of Weakness does 
not incorporate information on injury severity. In the present analysis, the dynamic 
carryover effect was modelled as a function of the previous value of Weakness and of 
the playing time elapsed since the most recent injury. However, the risk of subsequent 
injuries may also depend on the severity of the preceding injury, which could affect 
both the duration and the magnitude of the vulnerability state. Further investiga-
tion could involve the development of a new variable capturing this feature. Third, 
the parameters governing the decay of Weakness were not estimated directly within 
the inferential model. In this study, they were selected through model comparison, 
whereas future research may consider more flexible formulations in which the decay 
parameters are estimated jointly with the other model parameters. Such extensions 
could also allow for player-specific decay rates, thereby accounting for heterogeneity 
across players in the duration of the vulnerability induced by previous injuries.    

Future research may extend the present framework in several directions. From 
a methodological perspective, alternative approaches for recurrent-event analysis, 
including machine learning-based methods, could be considered to explore nonlinear 
effects, complex interactions, and prediction-oriented extensions.

From an applied perspective, further work may assess how dynamic measures of 
post-injury vulnerability can support injury prevention and return-to-play decisions. 
The management of injured players necessarily involves competitive and economic 
considerations; however, an early return to play may increase the risk of recurrent 
injury, particularly when residual vulnerability remains high. Therefore, future appli-
cations of this framework may help inform decisions on player reintegration by bal-
ancing the immediate needs of the team with the foreseeable risk of subsequent injury.
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