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Abstract: Personalization of workloads is essential for optimizing training processes and minimizing
the risk of injuries in sports. Precise knowledge of the external load demands borne by basketball play-
ers during competition is necessary for this purpose. The objective of this research was to determine
the objective external load demands of five variables during a basketball competition, three kinematic
(speed, accelerations, and decelerations) and two neuromuscular variables (impacts/min and Player
Load/min), and subsequently establish workload ranges. Six official matches from preparatory
tournaments involving professional basketball players from the Spanish first division, Liga ACB,
were analyzed. Inertial devices and an UWB system were used for variable localization and recording
within indoor spaces. Two methods, two-step and k-means clustering, were employed for workload
range classification. The results revealed different workload thresholds clusters based on the data
analysis technique used. The following speed ranges were identified in professional basketball
players: Standing, <2.95 km/h; Walking, 2.96 to 7.58 km/h; Jogging, 7.59 to 12.71 km/h; Running,
12.72 to 17.50 km/h; and Sprinting, >17.51 km/h. The center of cluster 5 was found to determine
the concept of a sprint (>19 km/h) as well as high-speed running (>17.50 km/h). Acceleration and
deceleration ranges displayed few cases but with considerably high values, which must be considered
when designing injury prevention tasks. The distribution of impacts showed a normal pattern, with
identified periods during which players withstood significant G-forces (14%). Finally, the Player Load
value at which an activity is considered to be very high, 1.95 au/min, was identified. Considering the
obtained results, basketball is proposed as a sport with a high neuromuscular load. Coaches should
choose the classification method that best suits their needs. These reference values are the first of
their kind for this population of top-level professional players and should aid in adjusting training
processes to match competition demands.

Keywords: inertial devices; personalization; external load; competition; male

1. Introduction

Basketball is a physically demanding sport that involves high-intensity movements
such as jumps, cuts, sprints, quick direction changes, and defensive maneuvers [1,2]. These
repeated actions over time can lead to overuse injuries, such as stress fractures, tendinitis,
and muscle strains, if not adequately controlled in players [3,4]. Load monitoring in basket-
ball allows for understanding and manipulating factors such as training volume, intensity,
and recovery to optimize performance and minimize the risk of injuries and fatigue [5,6].
Gabbett and Domrow [7] highlighted that excessive training load and inadequate recovery
can increase the risk of injuries in basketball players. To mitigate these effects, it is necessary
to implement proper load monitoring by scientifically establishing the ranges of internal
and external load to which players will be exposed during training processes [8].
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Load monitoring helps personalize training programs to satisfy the specific needs of
each player. Not all players have the same physical and physiological capacities, injury
history, or recovery ability, as well as varying levels of skill and athletic capacity. Further-
more, the load is conditioned by the functions and actions performed by players based on
their specific positions [9,10]. By controlling and adjusting the load according to individual
characteristics, coaches can ensure that each player’s training is appropriate for their level
and help them reach their full potential.

The personalization of load should be based on knowledge of the demands imposed
by competition [11–13]. Reina et al. [14] stated that the personalization of external and
internal load thresholds allows for tailoring training to the specific characteristics of each
player, optimizing physiological adaptation, and enhancing individual performance by
adjusting training volume and intensity according to their specific needs, thereby improv-
ing physical performance [15,16] and technical-tactical skills [17,18]. The mechanical and
locomotor stress endured by athletes during training or competition is considered as the
external load [19], which can be measured through kinematic variables (speeds, acceler-
ations, decelerations, distances, etc.) that allow us to know the work ranges, or through
neuromuscular variables (impacts, Player Load, Power Metabolic) that allow us to identify
the accumulated load.

In the case of basketball, it is known that several methodological factors (such as
the instrument used to measure, the study design including or not warm-ups, or game
breaks), and external factors (such as playing position, gender, competition level, or age
category) condition the training and competition load [20–22]. Therefore, samples should
be individualized and specified according to the factors mentioned above to obtain a better
understanding of data collection.

For the monitoring of internal and external load, there are different subjective and
objective methods which coaches use depending on their knowledge and availability of
economic resources. Among the subjective methods for internal load control, the most
commonly used is the Rating of Perceived Exertion (RPE) method [23], while for external
load it is the Integral System for Task Analysis (SIATE) [24]. The use of objective methods
requires equipment that sometimes has a high cost, limiting its use by some coaches. For
internal load monitoring, heart rate bands are used to obtain different metrics on heart
rate or to calculate load values such as Banister’s TRIMPs [23]. The use of state-of-the-art
inertial devices, IMUs, based on the recording of the athlete’s positioning and accelerometry
monitoring [25] is the most widely used method at present. These devices allow obtaining
multiple objective external load variables of kinematic, neuromuscular, and tactical nature
via their ability to record the movements of the athletes through the field of play and
the interaction between them [26]. In indoor sports, in recent decades, Local Positioning
Systems, LPS, are being applied for monitoring players during training and competition.
The technology associated with LPS for data collection (ultra-wideband radio frequency)
involves the placement of signal emission-reception systems that, in sports facilities where
matches are played, are not allowed by federations and institutions during official matches,
as well as the use of inertial devices on the body of athletes. Therefore, there is a lack of
reference values derived from LPS in high-level competitive players and in competition.
It is necessary to know the thresholds of the objective external load variables that occur
during official competition with professional basketball players, as this will allow the
development of more precise conditioning programs adjusted to this population.

The highest quality IMUs on the market have specific software for processing the
raw data obtained during monitored sports practice. By default, these software packages
establish a series of reference values to identify actions or ranges of movement. Thus,
almost all of them establish that the concept of sprinting is performed when an athlete
moves at more than 24 km/h. From this value, speed ranges are established. The five speed
ranges defined in the SPro software of the company RealTrack Systems (Almeria, Spain)
are as follows: Very Low/Standing, Low/Walking, Moderate/Jogging, High/Running,
and Very High/Sprinting. However, it is necessary to have a critical position with respect
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to these proposed intervals (which come from the analysis of the activity of soccer players),
and to analyze if they are really applicable to other sports specialties and other populations.

Monitoring of basketball teams has identified that the players have been running
at their maximum intensity during training and competition. The speeds reached are
conditioned by the dimensions of the playing field (28 × 15 m in FIBA basketball), and it is
very difficult to reach the reference values presented in the literature. The establishment of
the reference thresholds should be carried out taking into account the maximum demands
made by the players during competition, the gender of the athletes, and the competitive
level, generating specific thresholds for each population of athletes. In order to carry out
comparative studies between different sports modalities, it will be important to take into
account both the absolute value (maximum) and the relative value (specific ranges).

Researchers have begun to customize these thresholds to the populations under study.
To do so, they record the actions they want to analyze, and, based on them, with the
raw data provided by the IMUs, they make the corresponding clusters according to the
values obtained. In school populations, studies are found that propose the following
thresholds within physical education classes for teaching basketball [27] or soccer [28]:
walking ≤ 6 km/h, jogging 6–12 km/h, running 12–18 km/h, and sprinting ≥ 18 km/h.
For their part, Gamero et al. [29] again adapted these ranges to their school context
and group of students by reducing the values as follows: walking ≤ 5.2 km/h, jogging
5.2–10.5 km/h, running 10.5–15.7 km/h, and sprinting ≥ 15.7 km/h.

This adaptation has also been made in studies on the sport of basketball. The literature
contains proposals for speed ranges according to the sex of the players, as well as age and
competitive level (Table 1). These ranges differ fundamentally according to the methodol-
ogy used for the classification, the gender, the sport level of the sample, and the IMUs used.
Some researchers obtained the data during collective game situations, five vs. five, during
training, in simulated game situations, or during competition. These reference values can
serve coaches to adjust the design of training tasks to the real demands of competition.

Table 1. Studies using speed ranges in basketball.

Author Sex Level Standing
km/h

Walking
km/h

Jogging
km/h

Running
km/h

Sprinting
km/h

Reina et al. [30] Female U’18 ≤3.6 3.6–6.5 6.5–10.2 6.5–10.2 >14.4
Vázquez-Guerrero et al. [31] Male U’18 ≤6.0 6.0–12.0 12.1–18.0 18.1–24.0 >24.1

Sosa et al. [32] Male U’18 <7.0 7.0–14.0 14.0–18.0 ≥18.0
Puente et al. [33] Male Senior non-professional ≤6.0 6.1–12.0 12.1–18.0 18.1–24.0 ≥24.0

Ibáñez et al. [8] Female Senior Professional and
semi-professional ≤2.31 2.31–5.33 5.34–9.32 9.33–13.12 13.13–17.08

Scanlan et al. [6] * Male Senior Professional and
semi-professional ≤3.6 3.96–10.8 11.16–25.2 >25.2

* Values converted from m/s to km/h.

In addition to these studies that identify ranges for the kinematic variable of speed,
in the literature, there are other studies that establish ranges for distances traveled [34],
accelerations and decelerations [8], impacts [8], or Player Load [35], which show reference
values for individualization of training and adaptation to the demands of competition.

In the evolution of basketball research, ref. [36] presented a relationship between
the four phases through which data analysis in sport evolves proposed by Houtmeyers
et al. [37] (Descriptive analysis, Diagnostic analysis, Predictive analysis and Prescriptive
analysis) with the techniques for data analysis. Clustering techniques would be found
within the Diagnostic phase, whose objective is to establish the performance profiles of
athletes. Within the clustering techniques, two of the methods that are commonly used for
the grouping of cases are two-step clustering and k-means clustering. These two techniques
provide very relevant information but differ in their approach and underlying principles.
Two-step clustering involves a hierarchical process consisting of two stages. The first stage
involves grouping the data using a less complex clustering algorithm (cluster analysis),
followed by a more refined clustering analysis (logistic regression analysis). Two-step
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clustering is based on a combination of distance and probability measures. K-means
clustering is one of the most popular and widely used methods in cluster analysis. This
algorithm seeks to group objects into k clusters, where k is a predetermined number [38].

The results obtained with two-step clustering offer more robust results, as its approach
is based on logistic regression and distance measures, whereas k-means clustering is based
on minimizing the sum of squared distances within each cluster. The number of clusters
in two-step clustering is not set in advance and is determined optimally during logistic
regression, whereas in k-means clustering, the number of k clusters is set in advance by the
researcher. The use of these clustering techniques will depend on the objective of the study.
Although two-step clustering may be a better model, sometimes the clusters it proposes
may not discriminate sufficiently for the work of the trainers. Therefore, it is necessary to
experiment with the different solutions provided by each model.

As far as is known, there are few studies that define the work ranges in objective
external load (OEL) variables in professional basketball players during official competition.
Likewise, there is very little research that, based on a mathematical model, establishes
the ranges, as well as confronts different models to better define these ranges. This type
of information is necessary for coaches to be able to adapt training processes to the real
demands of competition. Therefore, the general objective of this research was to determine
the objective external load demands during the basketball competition of five variables,
three kinematic (speed, accelerations, and decelerations) and two neuromuscular (impacts
and Player Load), and subsequently establish workload ranges. In addition, a comple-
mentary objective was established to analyze the results of the clusters according to the
mathematical model used in order to identify the best criteria for classification.

2. Materials and Methods
2.1. Design

This research is classified as a non-experimental design, as no variables are manipu-
lated and no treatment is assigned [39]. Specifically, this study is empirical with a quantita-
tive methodology, with a descriptive strategy, natural, as the research takes place in the
usual context in which the phenomenon occurs, and cross-sectional, as the players’ data
are recorded at a single, specific moment: the competition [40].

2.2. Participants

The participants of this research were six of the teams that played two official preseason
tournaments during the 2022–2023 season. The records were obtained from six games and
six teams of the first professional basketball league in Spain, the ACB League.

A total of 68 players who met the previously defined inclusion criteria participated in
this research. The inclusion criteria were the following: (a) belonging to the official squad
of the first team of the ACB League; (b) playing at least 5 min of the tournament; (c) not
having suffered a musculoskeletal injury in the 15 days prior to the game, which limits their
maximum performance during the game; (d) having had an adaptation period of 10 days
prior to the technological equipment that will be equipped during the competition and
accepting to have it equipped during the games; (e) participating voluntarily and signing
an informed consent form.

The managers of each team were informed of the purpose of the research, as well as
the potential risks and benefits, and their consent was received. The players and coaches
were subsequently informed about the procedure to be followed in the research and the
possible risks and benefits of participation. The coaching staff and the basketball players
of each team decided to participate in this research on a voluntary basis by signing an
informed consent form. The research was guided by the ethical principles and procedures
set out in the Declaration of Helsinki (2013) and was approved by the University Bioethics
Committee (233/2019).
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2.3. Sample

The sample was obtained from the records of six official games of teams from the first
professional basketball league in Spain, the ACB league. These matches were played during
the pre-season period during the 2022–2023 season. Because the league’s organizational
rules do not allow the use of inertial devices during official competition, these records were
obtained during two official pre-season tournaments.

The sample was composed of the records of the players who participated in the ana-
lyzed matches and who satisfied the inclusion requirements. Data collection was carried out
with inertial devices with a sampling frequency of 100 Hz. A total of 3,345,703 cases were ob-
tained for the speed variable, 22,943,386 cases for the acceleration variable, 26,451,233 cases
for the deceleration variable, and 257 cases for the impacts and Player Load variables.

2.4. Variables

Five variables belonging to two types of objective external load (OEL) variables were
analyzed in this study: on the one hand, the kinematic OEL variables speed, accelerations,
and decelerations (variables with which a continuum of data per second can be obtained
with inertial devices, being the most accurate measurement that can be obtained to perform
an analysis), and, on the other hand, the neuromuscular OEL variables impacts/min and
Player Load/min (cumulative variables of the load supported by the player). The latter
variables were obtained from the individual periods of continuous play of each player,
weighted to the playing time measured in minutes. Table 2 describes the study variables.

Table 2. External load variables used in the study.

Variable Unit Description

Speed km/h Space traveled in a unit of time
Accelerations m/s2 Positive speed variation
Decelerations m/s2 Negative speed variation

Impacts/min Number of G-force
impacts/min

Sum of impacts measured in G-forces supported by the athlete in the
three planes per minute.

Player Load/min arbitrary unit/min Cumulative load resulting from acceleration in the 3 axes per minute

The values of the speed and acceleration variables collected in the study do not have
any cut-off threshold. For each player, the continuum of data was extracted throughout
the entire match. In this way, for every millisecond, the evolution of all the values of the
kinematic variables is obtained, providing very precise values when it comes to knowing the
movements of each player at each moment. Therefore, all values between the value 0 and
the maximum value reached during the match are included. The data were obtained from
of the total time the player was on the court. That is, from the time he enters the court until
he is substituted by the coach or the period of play ends. This time includes the natural
pauses in the game (throw-ins, personal fouls, free throws, time-outs, etc.). The times when
the player is on the bench were excluded from the study.

2.5. Equipment

To obtain the data, all the players were equipped with inertial devices model Wimu
ProTM (RealTrack Systems, Almería, Spain), which were fitted in an anatomical harness to
be placed on the player’s back, at the intra-scapular level between T2 and T4. These IMUs
are prepared for recording indoors as they are equipped with ultra-wideband technology,
UWB, at a frequency of 33 Hz. The UWB system used consists of eight antennas that
transmit the signal to locate the devices. Their placement on the field of play allowed
the competition to take place without disturbing the intervention of the referees and
players. Two antennas were placed on each side of the field following the manufacturer’s
instructions (Figure 1). The recommendations proposed by Pino-Ortega et al. [41] for
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switching on and calibrating the equipment were followed in order to guarantee the
reliability and validity of the measurements.
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2.6. Procedures

This research was carried out in four phases. In the first phase, the clubs were contacted
to inform them of the objective of the research, as well as the benefits and possible risks for
the athletes. After the consent of the clubs, the organizations of the tournaments in which
the clubs participated were contacted, in addition to informing them of the objectives of the
research, to request authorization for the placement of the UWB equipment on the playing
fields. Once the proposal was accepted, the coaches and players of the participating clubs
signed the informed consent form.

In the second phase, data were obtained from the six official games played in these
two tournaments. To collect the data, all the players were equipped with an anatomical
harness in which the inertial device was inserted, as well as a heart rate band. In order
not to alter the players’ preparation before the match, the equipment was placed on them
on their arrival at the pavilion. The placement and calibration of the UWB antennas was
performed 90 min before the start of the match, so as not to interfere with the preparation
of the teams.

The third phase corresponds to data collection and extraction. Once the matches were
over, the data were extracted from the inertial devices to the specific software for this
equipment, SProTM. Once the corresponding analyses had been carried out to select the
time sequences in which the players were intervening during the matches, the raw data
were exported to the SPSS 25 data analysis program to carry out the cluster analyses. Raw
data were imported into the statistical package for the UWB speed channels (km/h) and
the acceleration and deceleration values (m/s2) of each positive and negative speed change
generated by all players during the matches. One file was generated for each variable under
study with all the data of the players. This file was used to perform the cluster analysis.

In the final phase, the data were analyzed, and the results grouped using two different
methodologies: on the one hand, an unconditional analysis using two-step clustering, and
on the other hand, using the five-group k-means clustering algorithm, as has been the usual
practice in the literature to date.

2.7. Statistical Analysis

With each of the five variables selected in this study, two cluster analyses were per-
formed: two-step clustering to identify the load zones automatically, and five-rank K-means
clustering as previous research has employed [8,30,31]. These investigations have employed
expert judgment to establish load thresholds. The researchers believe that with these five
levels, the demands of the players for each of the variables can be better discriminated.
After identifying the centers of each cluster, a new variable identifying the membership of
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each case was generated to identify the lower and upper values and thus determine the
working areas of each variable. The one-way ANOVA was used to confirm that the groups
generated were different and mutually exclusive.

The results obtained were presented in tables, including, for each of the five variables,
the cluster centers, the ranges of each zone, the number of cases or percentage of cases,
as well as a graph with the distribution of cases, to visually appreciate the weight of each
group within the set.

Data analysis was performed using the Statistical Package for the Social Sciences (SPSS,
IBM, SPSS Statistics, v.25.0, Armonk, NY, USA).

3. Results
3.1. Speed Cluster

Table 3 shows the results of the two-step cluster to group the speed ranges in an
unconditional way. The values of the cluster center, the speed ranges included in each
group, and the percentage of cases included, as well as their visual distribution, are
presented. Three speed groups are identified: Low/Walking; Moderate/Jogging; Very
High/Sprinting. Men’s professional basketball is a sport in which the speed during a game
is very low, less than 3.5 km/h, almost 60% of the time, with periods of moderate speed
(30%) and high-speed peaks (10%).

Table 3. Results of the two-step cluster of kinematic OEL speed.

Speed (km/h) Low/Walking Moderate/Jogging Very High/Sprinting

Cluster centers 1.17 5.94 14.06
Ranges <3.51 3.52 to 10.62 >10.63

% 57.9% 33.0% 9.1%

Distribution
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Although this information is very valuable for coaches, it does not discriminate the 
work that they can plan for the improvement of their players. This type of classification 
does not allow identifying the referential values that allow programming a sprint or a 
high-intensity effort in the applications that the inertial devices provide. Therefore, a K-
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Although this information is very valuable for coaches, it does not discriminate the
work that they can plan for the improvement of their players. This type of classification
does not allow identifying the referential values that allow programming a sprint or a
high-intensity effort in the applications that the inertial devices provide. Therefore, a
K-means cluster of five groups was performed following the usual classifications in the
literature: Very Low/Standing; Low/Walking; Moderate/Jogging; High/Running; Very
High/Sprinting. The results are presented in Table 4.

The K-means cluster analysis identified five speed groups different from each other
(F = 10027814.10; gl 4; p < 0.001), with significant differences between the groups. Again,
it is identified that the basketball player spends more than 80% of the time standing or
walking, while only 1% of the time moving at high intensity. The value of the center of the
Very High/Sprinting cluster can be considered as the value from which it can be thought
that professional basketball players perform a sprint, at a speed above 19 km/h. These
results also allow us to configure and identify HSRs, which are produced at more than
17.5 km/h. This information allows us to configure the specific software of these IMUs, the
SPROTM, to classify the speeds in the specific ranges of this population.
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Table 4. Results of the five-k means cluster of kinematic OEL speed.

Speed (km/h) Very
Low/Standing Low/Walking Moderate/Jogging High/Running Very

High/Sprinting

Cluster centers 0.92 4.73 9.85 14.70 19.35
Ranges <2.95 2.96 to 7.58 7.59 to 12.71 12.72 to 17.50 >17.51

n 1,730,473 1,071,090 355,007 154,115 35,018

Distribution

Appl. Sci. 2023, 13, 11936 8 of 21 
 

means cluster of five groups was performed following the usual classifications in the lit-
erature: Very Low/Standing; Low/Walking; Moderate/Jogging; High/Running; Very 
High/Sprinting. The results are presented in Table 4. 

Table 4. Results of the five-k means cluster of kinematic OEL speed. 

Speed (km/h) Very Low/Standing Low/Walking Moderate/Jogging High/Running 
Very 

High/Sprinting 
Cluster centers  0.92 4.73 9.85 14.70 19.35 

Ranges  <2.95 2.96 to 7.58 7.59 to 12.71 12.72 to 17.50 >17.51 
n 1,730,473 1,071,090 355,007 154,115 35,018 

Distribution 

 

 
 

The K-means cluster analysis identified five speed groups different from each other 
(F = 10027814.10; gl 4; p < 0.001), with significant differences between the groups. Again, it 
is identified that the basketball player spends more than 80% of the time standing or walk-
ing, while only 1% of the time moving at high intensity. The value of the center of the Very 
High/Sprinting cluster can be considered as the value from which it can be thought that 
professional basketball players perform a sprint, at a speed above 19 km/h. These results 
also allow us to configure and identify HSRs, which are produced at more than 17.5 km/h. 
This information allows us to configure the specific software of these IMUs, the SPROTM, 
to classify the speeds in the specific ranges of this population. 

3.2. Acceleration and Deceleration Clusters 
Table 5 presents the results of the non-predefined cluster of accelerations and decel-

erations. Three ranges of accelerations and two of decelerations are identified. There is a 
greater number of decelerations than accelerations, meaning that changes in speed under 
−2m/s2 are more frequent. Accelerations occur more progressively, while decelerations 
happen more abruptly. The number of high-intensity accelerations is scarce. Generally, 
decelerations progress gradually, with 30% of them being moderate but with high ranges. 
Decelerations, while braking, are highly intense, so this factor must be considered by 
trainers to strengthen the muscle groups responsible for braking and thus prevent poten-
tial injuries. 

  

51.7%

32.0%

10.6%

4.6%

1.0%

0.0% 10.0% 20.0% 30.0% 40.0% 50.0% 60.0%

Standing

Walking

Jogging

Running

Sprinting

3.2. Acceleration and Deceleration Clusters

Table 5 presents the results of the non-predefined cluster of accelerations and de-
celerations. Three ranges of accelerations and two of decelerations are identified. There
is a greater number of decelerations than accelerations, meaning that changes in speed
under −2m/s2 are more frequent. Accelerations occur more progressively, while decel-
erations happen more abruptly. The number of high-intensity accelerations is scarce.
Generally, decelerations progress gradually, with 30% of them being moderate but with
high ranges. Decelerations, while braking, are highly intense, so this factor must be consid-
ered by trainers to strengthen the muscle groups responsible for braking and thus prevent
potential injuries.

Table 5. Results of the two-step cluster of OEL kinematics accelerations and decelerations.

ACCELERATIONS

Acc (m/s2) Low Moderate Very High

Centers 0.19 0.82 2.16
Ranges <0.45 0.49 to 1.42 >1.43

% 43.1% 51.7% 5.2%

Distribution
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The unconditioned cluster does not provide an accurate discrimination of accelera-
tion and deceleration ranges. Therefore, Table 6 presents the results of a classification of 
these two variables into five ranges. The K-means cluster analysis identifies five distinct 
groups of accelerations (F = 10460669.16; df 4; p < 0.001) and decelerations (F = 28248438.51; 
df 4; p < 0.001) with significant differences between each of the five groups. 

With this clustering, it is confirmed that most accelerations occur at very low inten-
sity, meaning that players progressively increase their speed. Speed increments are 
smaller when the player is already moving at high intensity. These speed changes might 
be the factors that differentiate one player from another. 

Regarding the decelerations grouped into five categories, it is observed that over 90% 
of the decelerations are of low intensity, less than 2 m/s2. Perhaps the most relevant finding 
in this cluster is the verification that there are reductions in speed, braking, of moderate, 
high, and very high intensity, necessitating the design of tasks that can replicate these 
sudden speed reductions. 

It is essential to remember that the sampling frequency is 100 Hz, so speed variations 
in both positive and negative directions are recorded 100 times per second. Therefore, the 
magnitudes of accelerations in the Very High range correspond to a positive speed change 
of 12.26 m/s2 (equivalent to 44.14 (km/h)/s) for 0.01 s, which means an increase of 0.44 km/h 
in speed, and a negative speed change of 14.55 m/s2 (equivalent to a decrease of 0.52 km/h 
in speed). 
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The unconditioned cluster does not provide an accurate discrimination of acceleration
and deceleration ranges. Therefore, Table 6 presents the results of a classification of these
two variables into five ranges. The K-means cluster analysis identifies five distinct groups
of accelerations (F = 10460669.16; df 4; p < 0.001) and decelerations (F = 28248438.51; df 4;
p < 0.001) with significant differences between each of the five groups.

With this clustering, it is confirmed that most accelerations occur at very low intensity,
meaning that players progressively increase their speed. Speed increments are smaller
when the player is already moving at high intensity. These speed changes might be the
factors that differentiate one player from another.

Table 6. Cluster results of five kinematic OEL ranges for accelerations and decelerations.

ACCELERATIONS

Acc (m/s2) Very Low Low Moderate High Very High

Centers (m/s2) 0.46 1.29 3.34 6.49 14.23
Ranges (m/s2) <0.95 0.96 to 2.53 2.54 to 5.31 5.32 to 12.25 >12.26

n 19,155,209 3,553,364 212,237 22,456 120

Distribution
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Regarding the decelerations grouped into five categories, it is observed that over
90% of the decelerations are of low intensity, less than 2 m/s2. Perhaps the most relevant
finding in this cluster is the verification that there are reductions in speed, braking, of
moderate, high, and very high intensity, necessitating the design of tasks that can replicate
these sudden speed reductions.

It is essential to remember that the sampling frequency is 100 Hz, so speed variations
in both positive and negative directions are recorded 100 times per second. Therefore,
the magnitudes of accelerations in the Very High range correspond to a positive speed
change of 12.26 m/s2 (equivalent to 44.14 (km/h)/s) for 0.01 s, which means an increase of
0.44 km/h in speed, and a negative speed change of 14.55 m/s2 (equivalent to a decrease
of 0.52 km/h in speed).

3.3. Impacts Cluster

The impacts, or G-forces, that players endure during competition are a revealing
variable of the demands of the competition, extensively studied by researchers. Table 7
displays the results of the two-step cluster analysis, where results are unconditionally
grouped into two clusters, categorized as Moderate and High. A high number of impacts
per minute predominate in the competition (59.9%), which shows that basketball players
bear a high stress due to gravity, contact with other players, and the types of movements
they perform during the games (jumps, changes of direction, starts, braking, etc.). It is
important to note that these values are normalized to game time.

In order to achieve greater discrimination in the thresholds of this kinematic variable,
a five-range cluster analysis was also performed (Table 8). The K-means cluster analysis
identifies five distinct groups of impacts per minute (imp/min) (F = 593.048; df 4; p < 0.001),
with significant differences between each of the five groups. The results reveal that moder-
ate impacts (120.53 to 143.60 imp/min) predominate the most in basketball games (33.07%).
Moreover, there is a trend towards enduring higher loads, identifying moments when
players experience high stress (26.46%) and very high load (14.01%). Sequences of high
intensity are observed, caused by game actions involving contact with other players or
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specific movements such as jumps (rebounds or blocks) and changes in speed (defensive
movements, off-ball movements, etc.).

Table 7. Results of the two-step neuromuscular OEL cluster impacts/min.

Impacts/min (G-force) Moderate High

Centers 110.03 155.62
Ranges 27.50 to 130.75 131.00 to 223.47

% 40.1% 59.9%

Distribution
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Following the same procedure used with the previous variables, a five-range clus-
ter analysis was conducted for Player Load/min (Table 10). Five thresholds of Player
Load/min were identified using K-means clustering (F = 528.051; df 4; p < 0.001), with
significant differences between each of the five groups. The results obtained with this
classification system are similar to the previous one, confirming that, in basketball games,
there are moments of high-intensity load (1.72 au/min) amidst moderate intensities, with
fluctuating periods of increase and decrease. These values can serve as a reference for
designing tasks with higher or lower demand on the players.
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4. Discussion

The objective of this research was to determine the objective external load demands
during a basketball competition of five variables, three kinematic (speed, accelerations,
and decelerations) and two neuromuscular variables (impacts/min and Player Load/min),
and subsequently establish workload ranges. There is no evidence of differences in the
classification of external load demands when using a mathematical model not conditioned
by the researcher (two-step cluster) or when classifying according to the expert’s criteria
(k-means cluster). Likewise, an additional objective was established to analyze the results
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using two different types of mathematical models (two-step and k-means clustering) to
identify the best classification criterion. The results have allowed the characterization of the
workload demands endured by professional basketball players, as well as the thresholds in
which their responses can be classified.

Different studies have tried to analyze the activity of a basketball game, as well as
the rhythms at which the player moves. Some authors have classified the speed of dis-
placement in four categories (Standing-Walking, Jogging, Running, and Sprinting) [6,32,42],
while other authors established five categories (Standing, Walking, Jogging, Running, and
Sprinting) [8,31,33]. All these studies propose different reference values, due to the different
methodologies used in the studies, the sex of the samples, and the competitive levels. In
this research, two classification techniques were applied to identify the work ranges: on the
one hand, in an unconditioned manner, and on the other hand, establishing five groups.
The data obtained from the movement speed of male professional basketball players during
the official competition of the present study, using the two classification techniques, differ
especially regarding the highest values, those related to the speed used in the maximum ac-
tions (high-intensity running and sprinting). In the two-step cluster, such actions are those
performed from 10.63 km/h, while in the five-group K-means cluster, the highest speed
actions were established from 12.72 km/h (up to 17.50 km/h in the case of high-intensity
running and from 17.51 km/h in the case of sprinting). These data seem to be more in line
with those obtained by some authors in the literature [9,32] and appreciably lower than the
reference values provided by the companies that sell inertial devices, which are based on
values from professional men’s soccer players. It seems difficult to obtain very-high-speed
values in current basketball, and this may be due to the fact that both the distance of the
court and the fact of making such displacement compatible with technical-tactical actions
and with modifications of the run (i.e., changes of direction), together with the high load of
impacts and contacts between players, make it impossible to reach higher values.

It is true that some contradictory results are also observed when analyzing the studies
of Scanlan et al. [6] and Vázquez-Guerrero et al. [31], which offer higher values of speed
(above 24 km/h). However, it should be noted that in the case of the Scanlan et al. [6] study,
the data are obtained from a time and motion analysis performed on video; while in the case
of Vázquez-Guerrero et al. [31], despite the data being obtained with inertial technology,
the speed ranges (defined from the literature) were previously established, with very few
values being recorded in the higher speed range. In this regard, it is worth noting that it
should be relevant to assess not only the speed achieved but also the time spent at that
speed [43]. Previous research in team sports stipulates that, in order to consider an action
as a sprint, it has to occur in a period longer than one second [44,45], while other studies do
not establish the duration for a sprint to occur [46,47]. Modern local positioning systems,
LPS, are employed in invasion games that take place in enclosed spaces that employ a high
sampling frequency, allowing these speed peaks to be identified in fractions of less than
a second. This type of information is more accurate, and its use should be generalized in
sports such as basketball in order to customize the load demands of the players.

Once the speed ranges have been defined, the researchers define the parameters asso-
ciated with this variable. From the results of this study, it is proposed that, for professional
male basketball players, sprinting can be considered when they move at a speed greater
than 19 km/h. In addition, it is proposed that HSRs occur at more than 17.5 km/h.

Another aspect that is the subject of research is the percentage of distance covered at
each specific speed threshold. Traditionally, it has been observed that the player spends
between 23.4 and 66.3% of the time standing or walking; jogging between 5.6 and 36.3% of
the time; running between 4.5 and 33.2%; and sprinting between 0.3 and 8.5% [48–50]. In
the case of the present research, the results obtained support these data, both in the two-step
cluster model in which the percentage of time spent moving at high intensity or sprinting is
9.1% and in the k-means cluster model in which such displacements reach 5.6% (between
running and sprinting). Men’s professional basketball is defined as a sport in which players
move at medium-low intensity for a large part of the game, with very short periods of high
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intensities. This modulation should be known by coaches in order to design training tasks
in which, during a continuous movement, high speed peaks are included.

Relating these data to the results obtained in the analysis of the acceleration and
deceleration variables, it can also be observed that, regardless of the mathematical model
used, the percentage of abrupt accelerations or decelerations exceeding 2 m/s2 of high
intensity is very low (around 5.2% for accelerations in the two-steps cluster, with no precise
classification for decelerations in this model; the k-means cluster model for accelerations is
1.09% and for decelerations it is 3.25%). With a population of professional female basketball
players, Ibáñez et al. [8] identified this same trend of many low-intensity accelerations and
decelerations and few high-intensity ones. In addition, a very relevant data outcome of this
analysis is to verify that accelerations and decelerations of different intensities, moderate,
high, and very high, are produced, this observation being necessary to design tasks that can
reproduce this type of abrupt speed variation. Changes of pace are fundamental in modern
basketball. Having the ability to increase or decrease speed abruptly allows a player to
overcome the opponent. This explosive work should be included in the specific training
routines with the ball, as it will allow players to overcome the opponents. In addition, it is
necessary to prepare the body for this type of specific efforts.

When considering accelerometry data collected during elite competition, in most
research, it can be found that they divide such actions between total accelerations or
decelerations and high intensity accelerations or decelerations [51,52]. In the case of high-
intensity accelerations, it is again observed that the criterion to classify them as such varies
depending on the research, the criterion to qualify them as such being, in the case of
Svilar et al. [16], when the acceleration is >3.5 m/s2, while in the case of Vázquez-Guerrero
et al. [52], the criterion is above 3 m/s2. The same criteria were established for high-intensity
decelerations. Again, the same controversy arises, such that the most current results lead
to the understanding that such criteria were not adequate for basketball, and that ranges,
in this case of high-intensity accelerations and decelerations, need to be established in
a much more personalized way for each team and/or player. As suggested by Petway
et al. [53], it seems clear that further research on this topic is needed before a clear picture
of acceleration and deceleration demands can be drawn. The results of this research have
highlighted the specific demands of professional male basketball players. From these data,
coaches will design specific tasks that can resemble the demands of official competition. For
example, during game warm-ups, physical trainers should include tasks involving abrupt
accelerations and decelerations to adapt the metabolism to the demands of competition.

The impacts, or G-forces, that players bear during competition represent a variable
that reveals the demands of competition and that has begun to be studied in invasion
games. The recording of a G-force can occur for different reasons, such as sudden changes
in speed, direction, jumps, landings, or contact with other players. In this research, the
sum of impacts received by a player during the competition per minute was used as the
study variable. The results showed, with the two types of classification, a high tendency in
terms of the level of G-forces that players endure during competition. There is a greater
deviation of impacts towards high impacts (26.46%) and very high impacts (14.01%) than
on low or very low values. There are few studies that quantify the impacts in basketball
players, with many of them using high-intensity impacts. Ibáñez, Gómez-Carmona et al. [8]
defined intensity ranges for women’s professional basketball but not the quantity. With a
population of female basketball players, a decrease in the number of impacts/min has been
identified when the number of players increases in competition, e.g., in three vs. three and
five vs. five competition [54]. This decrease also occurs between full games in competition,
training, and small side games [55]. It has been shown that the amount and magnitude of
impacts received by professional players during competition is very high. Small side games
and full games during training are able to provoke demands similar to those of competition,
so coaches should maintain their training routines. The design of reduced training tasks
of high intensity, with contacts, or intense full games allows a correct preparation of
the players.



Appl. Sci. 2023, 13, 11936 15 of 20

The identification of neuromuscular external load demands through the Player Load
variable is beginning to occur in basketball. This variable allows us to identify the load
that the athlete supports from the variation of the accelerometry in the three planes of
movement. Therefore, for many researchers, it is beginning to be a variable to be used
for load control as a positive correlation has been identified between the Player Load and
the objective internal load [54,56] and the subjective external load [55]. Scanlan et al. [57]
established six ranges of Player Load intensity using individualized and fixed thresholds.
Their results revealed that more than 98% of the load occurs at low intensities, while only
2% occurred at high intensities during training. Regardless of the intensity ranges, as they
come from devices using different algorithms for the calculation of the Player Load [25],
the results reported from professional competition show a distribution of cases similar
to normality, with a predominance of the percentage of cases in a normal range (40%),
over 27% of cases in low and high values, and with 5% of cases in very high values. The
high-intensity peaks are the most interesting for coaches, since the technical-tactical actions
that provoke them should be identified in order to design training situations that reproduce
them. Likewise, during the monitoring of training sessions, coaches should know when
players are working at these intensities, so as not to produce excessive overloads that can
increase the risk of injury. Of the five variables analyzed, only in Player Load/min did
the cluster analysis coincide in the number of groups according to the intensity range
regardless of the technique used, conditioned and unconditioned.

Basketball is an acyclic sport, characterized by intermittent efforts where players
undergo constant transitions between low- and high-intensity movements [50]. During
the game, activities of continuous low intensity, such as walking or jogging, predominate,
interspersed with critical moments that demand high-intensity actions such as running,
maximum sprints, jumps, turns, and other explosive movements [21]. This unpredictable
combination of efforts presents a unique challenge for the physical preparation of basketball
players. Coaches must prepare players not only for the average physiological load but also
for the most demanding scenarios they may encounter during competition [53]. Therefore,
it is essential to understand the maximum external loading ranges in different kinematic
and neuromuscular variables for the strengthening and preparation of basketball players,
providing a scientific foundation for sport-specific preparation.

Having objective information about the kinematic and neuromuscular external loading
demands of professional basketball players will enable coaches at this level to design
training interventions specifically tailored to meet these sport-specific demands [58]. The
design of speed, acceleration, deceleration, and change of direction exercises should target
the kinematic intensities observed during live play [21], taking into account the principle
of specificity in sports training [59], which proposes that an athlete’s preparation should
closely match the competitive demands of the sport. Load ranges from other sports,
performance levels, or genders are not applicable to this population.

Understanding the kinematic and neuromuscular external loading demands during
competition and implementing a proper warm-up tailored to these needs is also crucial
for the prevention of injuries in basketball players [60]. Training loads should be adjusted
to the demands of competition, establishing thresholds and work times for personalized
training, as well as setting specific recovery protocols for each athlete [61]. Establishing
training loads according to the identified competition levels for a specific population of
players ensures a safe progression in training.

Finally, this study has used two different techniques to classify the load demands of
professional basketball players. This practice is not very common in the sports context,
since it requires prior data collection to establish the groups [8], although it subsequently
allows a better interpretation of the results, adapted to the population, team, or player
under study, and personalization of the training proposals [57]. The two clustering tech-
niques used, two-step clustering and k-means clustering, have revealed the existence of
different groups in the four external load variables analyzed, namely speed, accelerations,
decelerations, and impacts, presenting the same groups in the neuromuscular variable of
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Player Load. Although the results of two-step clustering are more robust from a math-
ematical point of view [38], from a practical point of view, so that coaches can design
tasks with a greater range of discrimination, five-rank k-means clustering is an interesting
alternative. In both cases, reference values are provided that should be taken into account
by the trainers, depending on the objective of their intervention or the degree of accuracy
in their practical proposals.

5. Study Limitations

In the present investigation, some limitations have been identified during the develop-
ment of the research and in the elaboration of the manuscript.

The characteristics of official basketball competitions, which preclude the use of inertial
devices on players, limit the amount of data that can be obtained. Our sample comes from
an official preparatory competition of professional basketball players. In future studies, the
sample should be expanded.

Another limitation is found in the few studies that use the classification system based
on mathematical criteria (two-step clustering) to establish the working thresholds in sports
science, conditioning the discussion of this study. Existing studies use samples of players
of lower competitive level and age or come from samples of female basketball players.

6. Conclusions and Practical Applications

The present study has allowed the characterization of the kinematic and neuromuscu-
lar external load demands of professional basketball players during official competition by
establishing load distribution ranges. The traditional speed thresholds established in the
literature, specifically those related to very-high-intensity and/or sprint actions, should
be modified. Data higher than 24 km/h are not usually observed, so it seems appropriate
to establish new ranges, encompassing maximum intensity actions from 17.5 km/h and
sprints at 19 km/h.

In relation to accelerations or decelerations, the data obtained reflect the same contro-
versy. Accelerations or decelerations exceeding 2 m/s2 are barely observed, not being in
accordance with the traditionally established ranges. The most recent results lead us to
understand that these criteria were not adequate for basketball, and that it is necessary to
establish ranges in a much more personalized way for each team and/or player.

This research overcomes the traditional limitation observed in the literature specific to
the thresholds of kinematic variables in basketball and offers a useful tool for the coach
and physical trainer, in such a way that allows to have a closer knowledge of the reality
when designing training sessions.

In relation to the neuromuscular variables recorded (impacts and Player Load), the
results lead us to consider basketball as a fundamentally neuromuscular sport, where high-
intensity impacts or high- and very-high-intensity Player Load represent a high percentage.

In view of the results obtained, and noting that, in most of the literature, basketball
is defined as an intermittent sport, mainly from the analysis of kinematic variables, this
definition should be reconsidered, being more accurate to understand basketball as a sport
with a high neuromuscular load.

The methodology of data analysis and classification (cluster analysis of the variables
recorded during the competition) allows for a more precise knowledge adapted to the
specific circumstances of each team and each player.

In relation to the clustering methods used, two-step clustering and k-means clustering,
different results are obtained for both kinematic variables and impacts, but not for the
Player Load analysis. The use of these clustering techniques will depend on the objective
of the study, using a mathematical criterion to classify or a criterion based on expert judges.
While two-step clustering may offer a more robust model, from a practical point of view, the
groupings proposed by this model may not discriminate enough for the work of the trainers,
making it necessary to use k-means clustering. The classification system based on expert
judgment, defining five thresholds, allows a greater discrimination of the type of tasks
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by always establishing five groups. The work thresholds derived from the mathematical
cluster offers the coach a more uniform type of tasks.

Based on these conclusions, the following practical applications can be established:

1. The traditionally established thresholds of kinematic variables, especially those refer-
ring to maximum intensity, do not really reflect the reality of competitive basketball.
Therefore, it is necessary to establish new speed thresholds, based on the data obtained
in competition, which allow a more concise customization of the different ranges of
work, depending on the characteristics of each team (competitive level, sex, age) and
each player.

2. Since it is known that the competitive activity experienced by players is highly condi-
tioned by different factors (gender, age, competitive level, etc.), future research on this
topic could allow the establishment of speed ranges according to specific positions,
gender, competition, etc., and thus, significantly improve the training processes.

3. The high demands for accelerations and decelerations identified in these athletes
suggest that specific lower-body strength training should be implemented to minimize
the risk of injuries. Additionally, this strength training should be complemented with
specific postural stability work for the lower limb joints.

4. In any case, observing the results obtained under the perspective of maximum demand
scenarios, it will be necessary to design tasks with a specific time frame that include
high-intensity actions and/or sprints, together with accelerations and decelerations
of moderate intensity, and high- and very-high-intensity. In the design of a task, the
duration of time will be established, and it will be controlled so that the players reach
those maximum physical demands, taking into account the reference values of each
population of players, to guarantee adequate preparation for what they will have to
face during the official competition.

5. Coaches, when designing training sessions, and depending on their duration, should
integrate the concept of maximum demand scenarios into the tasks, e.g., controlling
the exposure time of a speed range within a time window, aiming to, during a defined
time, reach the proposed speed peaks.

6. The high level of neuromuscular load experienced by a basketball player during
competition, both in relation to the impacts and the Player Load, makes it necessary
to review the recovery protocols, as well as the distribution of the training contents,
adapting the weekly microcycle of competition to this reality.

7. Based on the different Player Load thresholds obtained and on the maximum demand
scenarios, a weekly distribution of these scenarios could be established to provide the
different types of stimuli throughout the competitive microcycle.

8. The proposed Player Load thresholds should also be considered when designing
recovery processes for sports injuries, and even establish them as indicators to consider
a player fit or unfit to return to competition.

9. The software linked to the inertial devices with which the data are recorded allows
the customization of the working ranges for obtaining preliminary reports of the
monitored training and competitions. These reference data can be used to customize
the intensity ranges of the kinematic variables.

10. As an example, the SVIVO application of the company Realtrack System (devices
used in this research) allows a real-time visualization of the variables. Specifically,
the Player Load information is displayed. Physical trainers can identify, during
training and competition, when a player starts to be in a zone of high-intensity load
(1.59 au/min), being a first referential approximation to identify the real load of a task
or a moment of high physical demand during the competition.

Finally, it is necessary to indicate that we are at an incipient stage of research, due to
the absence of data collected during competition. Therefore, it is necessary to continue
overcoming the limitations established by sports organizations and collect information on
official competitions of different basketball populations to improve the scientific knowl-
edge of this sport. Furthermore, after identifying the work ranges for professional male
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basketball players, it is necessary to customize the work ranges to the playing positions in
order to adapt the training processes. The research has revealed the existence of differences
in game actions and load demands of the players per playing positions during competition.
Therefore, to adapt training to playing positions, it will be necessary to identify the differ-
ences in external load demands in this population of players. Thus, training will be more
personalized and specific.

Another line of research derived from this study will be the specific analysis of these
variables during periods of maximum demand, as it has been proven that basketball is an
endless sport of moderate intensity with windows of high intensity. The new thresholds
should be applied in these time periods to provide a more precise knowledge of what
happens during competition.
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