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Abstract: Since the accelerating development of technology applied to team sports and its subsequent
high amount of information available, the need for data mining leads to the use of data reduction
techniques such as Principal Component Analysis (PCA). This systematic review aims to identify
determinant variables in soccer, basketball and rugby using exploratory factor analysis for, training
design, performance analysis and talent identification. Three electronic databases (PubMed, Web
of Science, SPORTDiscus) were systematically searched and 34 studies were finally included in the
qualitative synthesis. Through PCA, data sets were reduced by 75.07%, and 3.9 & 2.53 factors were
retained that explained 80 £ 0.14% of the total variance. All team sports should be analyzed or trained
based on the high level of aerobic capacity combined with adequate levels of power and strength
to perform repeated high-intensity actions in a very short time, which differ between team sports.
Accelerations and decelerations are mainly significant in soccer, jumps and landings are crucial in
basketball, and impacts are primarily identified in rugby. Besides, from these team sports, primary
information about different technical/tactical variables was extracted such as (a) soccer: occupied
space, ball controls, passes, and shots; (b) basketball: throws, rebounds, and turnovers; or (c) rugby:
possession game pace and team formation. Regarding talent identification, both anthropometrics
and some physical capacity measures are relevant in soccer and basketball. Although overall, since
these variables have been identified in different investigations, further studies should perform PCA
on data sets that involve variables from different dimensions (technical, tactical, conditional).

Keywords: team sport; exploratory factor analysis; PCA; big data; data mining

1. Introduction

In the last decade, team sports have experienced an accelerating growth and evolution
in technological developments (e.g., wearable, small, and inter-device connection), influ-
encing the daily work from researchers to practitioners in the sports science area. Thanks
to this development, new and specific tools have been created to use in team sports science
and medicine that are safer, less invasive and with high validity and reliability [1,2]. The
creation of these technological tools led to the development of different software to capture
and analyze up to a thousand data per second in up to 400 variables after or in real-time
from different dimensions (technical, tactical, conditional) [3].
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The analysis and interpretation of a large amount of data derived from new technolog-
ical devices in a short time represent a supreme challenge to the team sports’ scientists [4].
These data sets or combinations of data sets must be managed as big data due to its volume,
complexity, variability; that requires special data management, processing and analysis [5].
The performance analysis in team sports involves the exploration of different types of
variables (technical, tactical, conditional), being a challenge to the realization of a modeling
process that allows the global understanding of the team behavior.

In the practical context, the assessment of training/competition workloads is necessary
to design the exercise prescription (task design and performance analysis), as well as for
talent identification. For this process, the identification of those variables which provide the
most relevant information about players’ technical, tactical conditional and anthropometri-
cal level/characteristics are very important for checking later the explaining performance
in a separate step, which could be through like regression analysis, discriminant analysis
or artificial neural networks, among others. Due to the large amount of information that
needs to be reduced in team sports, different techniques for multivariate data analysis have
been proposed [4]. For example, exploratory factor analysis (EFA) is commonly used in
sports research to explain many measured variables using a smaller number of extracted
factors [6-8]. These variables can then be used in the following analysis, such as Cluster
or regression analysis, to provide a better explanation of some sports behaviors [9,10].
Despite the several factor extraction methods (e.g., maximum likelihood, alpha factoring,
generalized least-products, unweighted least-squares, or principal axis factoring), Principal
Component Analysis (PCA) has been considered an appropriate alternative when the
purpose is to reduce a large amount of data into a reduced number of variables, especially
in the sport context [11,12].

PCA has been considered a method of statistical analysis for data reduction to explain
the most relevant variables of the players’ behavior in a number of different sports such
as rugby [8,13], soccer [14], or basketball [15]. Biomechanical, physical, physiological and
anthropometrical variables have been explored using PCA as a data reduction technique
in the three sports [8,9,13,14]. In rugby and soccer, studies have focused their analysis on
exploring which variables better explain the locomotion and kinematic behavior during
training and official matches [8,13]. In contrast, its use in basketball has usually explored
some technical and tactical variables [16,17]. Moreover, the PCA has been used to identify
the most relevant variables for talent identification is young team sports players [18].

However, since each team sport has different characteristics such as space, time, or
others, and it may be a reason for different players’ behavior, it is expected that different PCs
were extracted in each of them. Also, in the same sport, the change of input variables, the
phase of the season and other contextual variables may impact the factors obtained from the
model. Due to these differences, the amount of data and the number of variables that could
explain the total variance of each sport may vary. In this sense, some sports or different
constraints in the same sport would need a larger number of variables and/or principal
components to explain the total variance. The study of these potential differences and sport
specifications could elevate the understanding of those variables and indicators to improve
the knowledge of sports performance. Therefore, considering there is an increasing interest
in using PCA in performance analysis as a data reduction technique; this systematic review
aims to identify the key indicators of three team sports (soccer, basketball, and rugby)
using exploratory factor analysis to highlight the practical application for training design,
performance analysis, and talent identification.

2. Method

A systematic review was performed following the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) guidelines [19]. The procedure realized
for data identification, selection, and extraction is presented in Figure 1.
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Figure 1. Flow diagram of the study.

2.1. Data Sources

A systematic electronic search was computed from PubMed (n = 67), Web of Science
(n = 154), SPORTDiscus (1 = 68) and Scopus (1 = 179) on 1 November 2019 before 9:00 a.m.,
in order to identify studies that use the PCA in team sports as a data reduction technique.
The authors were not blinded to journal names or manuscript authors. The search strategy
combined terms covering the topics of the population (“team sport,” soccer, football,
basketball, rugby) and intervention (PCA; “principal component analysis”, “exploratory
factor analysis”). The search was made using combinations of the following terms linked
with the Boolean operators “AND” (inter-group Boolean operator) and “OR” (intra-group
Boolean operator, only for the second). Studies were included if PCA was made in the

most-studied team sports (soccer, rugby, or basketball) following previous research [16].

2.2. Data Collection

One of the authors downloaded the primary data from the articles (title, authors,
date, and database) to an Excel spreadsheet (Microsoft Excel, Microsoft, Redmond, WC,
USA) and removed the duplicate records. Then, two authors screened the search results
independently against inclusion/exclusion criteria. The references that could not be
eliminated by title or abstract were retrieved and independently evaluated for inclusion.
The authors were not masked to the title or authors of the publications. Any disagreements
(2%, n = 11) on the final inclusion-exclusion status were resolved through discussion in
both the screening and excluding phases, and the final decision was an agreement between
authors. Abstract and conference papers from annual meetings were not included due to
the lack of information needed to systematize (e.g., PC cumulative %, PCA total variance
explained, eigenvalues, statistical and methodological crucial information). The additional
information provided by the authors was considered during the screening process. Lack of
other forthcoming details led to the article being excluded. Documents from all languages
were included but were excluded if a translation may not be done.
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2.3. Data Selection

Two authors performed the final studies’ selection and information extraction. The
systematization of the data was made using methodological outcomes and results of the
studies. The methodological approach was made analyzing the criteria used to perform
exploratory analysis considering retention loading criteria, data suitability testing, extrac-
tion method used, factor and loading retention criteria selected, and rotation method if
performed (see Table 1). The EFA outcomes were resumed considering author, year, sport
(discipline), variables characteristics, participants information, sample size, number of
extracted factors, percentage of variances explained, number of variables extracted, and
final extraction outcomes (see Table 1).

3. Results

A total of 468 articles was initially retrieved from the mentioned databases, of which
116 were excluded considering the title, abstract and year of publication. After duplicate
removal, a total of 188 articles was analyzed, contemplating exclusion and inclusion criteria.
Finally, the full text of 42 studies was read and, due to a lack of vital information, eight
studies were not considered. Therefore, 34 articles were included in this review (Figure 1).

3.1. Study Characteristics

Big data reduction through PCA was performed in 34 articles, clustered in differ-
ent team sports: 17 in soccer, 11 in basketball, and 6 in rugby. The extracted variables
belonged to five metrics: technical, tactical, biomechanical, physical/physiological and
anthropometrics. Overall, the most considered metric was physical/physiological.

3.1.1. Soccer

From the 17 articles on soccer (Table 1), four articles aim to identify the technical pat-
terns that define players’ behavior, five articles to analyze the tactics, two articles to explore
biomechanical aspects, ten articles to assess the physical/physiological requirements, and
five articles to characterize the anthropometrical variables. Overall, from 54% to 81% of the
total variance was explained through <23 variables.

3.1.2. Basketball

From the 11 articles on basketball (Table 2), five articles extracted variables related to
technical patterns, one article evaluated biomechanical aspects, five articles characterized
physical/physiological requirements, and two articles assessed anthropometrical metrics.
In general, the percentage of total variance explained was higher than 62% through 14 or
fewer variables.

3.1.3. Rugby

From the six articles included in the qualitative synthesis (Table 3), five articles studied
the physical/physiological requirements, and one article analyzed the tactical variables. In
general, the percentage of total variance explained from those variables that formed PC
was between 52% and 90%, which was formed by 38 variables to explore tactical analysis
and lower than 9 for physical/physiological requirements.
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Table 1.

Variables extracted through principal component analysis (PCA) in soccer.

Variables
ipe o . . Tactical . . . Talent
. . NP° of Initial % Variance N° Variables . . Conditional Dimension e .
Ref. Aim Size Variables N FACTORS Explained Extracted Dimension Identification
Tactical Biomechanical P}.\ysm/. Anthropometrical
Physiological
, Portugal, Spain, Ellipsis area
Players
Moura et al. positional Ttaly, and. 1 NR NR 1 1st and 2nd
[20] Variabilit Germany in component
y EURO 2012 length
Identify the
tactical patterns Speed .Of
and the dispersion,
timescales of stretch index,
O First half: 80.8% length, width,
. positioning- :
Ricetal. [21] derived 20 male PRO 29 12 Second half: NR sectors,
variables that 80.91% corr 1dqrs,
define the longitudinal,
atterns durin and latitudinal
P 2 match & team speed.
Egicatlsit(;f;?e Ball position
opposition in 1 PRO team o Team space
Goncalves et al. H Team: ed5 Team: 72.2% Team: 8 occupation
22] spatial-temporal 12 matches, 1413 15 Top: 5 Top: 74.2% Top: 12 5 t the end
features that ball sequences op: Op: /2270 op: pace ?b lle en
describe a team ot bal
match possession
Exploratory, .
Torrents et al technical, and PRO. 22 ki\atliai(tiz:;etli
’ tactical behavior ' 21 9-14 100% NR .
[23] . . Amateur: 22 without ball
in small-sided Defend
soccer games clenders.
Number of
scoring
opportunities,
shots on goal,
Home team: goal attack
Carpita et al. 'Socce.r statistics Home team: 3 75.8-73.2% Home team: 6 percentage,
in actions of the Pro players 482 percentage of
[24] la Away team: 3 Away team: Away team: 11 nalti
play 73.2°70.5% penatties,
defensive
headings,
defensive

actions, balls
lost, etc.
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Table 1. Cont.
Variables
. Technical Tactical o, . . Talent
. . N° of Initial % Variance N° Variables . . . . Conditional Dimension [P
Ref. Aim Size Variables N FACTORS Explained Extracted Dimension Dimension Identification
. . . . Physic/ .
Technical Tactical Biomechanical . . Anthropometrical
Physiological
Weight
Prediction of Short pass Situp Height
Abdu[lzla;? etal. tecl;nllcgl skill 18% yo1r1th 2% 8 71.67% 16 Shooting RTC Agility Blscek}))s / Trlclefs
- canve players Shooting LTC 5-10-20 m speed ubscapuiar,
performance Suprailiac
Maturity
Develop
Anthropometric, Bicep/Triceps
Maliki et al. Growth and o Subscapular
126] Maturity Index 223 adolescent 26 2 76.37% 7 Suprailiac
(AGaMI) in Maturation
soccer
Anthropometric Force
power, static ' Static and
Ricotti et al. and dynamic 185 players o dynamic balance
(from amateur to 12 2 ~70% 6 with
[27] balance, contact .
. PRO) non-dominant
time and .
1e an limb and
reaction time L 1.
rapidity
Pyruvate
Acetyl-CoA
Fumarate
Succinyl-CoA
Identification of Alanine
Ra et al. [28] salivary fatigue 155 hale players 12 2 NR NR Glycine
markers in Leucine
soccer players Tryptophan
Phenylalanine
Tyrosine
Isoleucine
Valine
Angular velocity Center of mass
Determinants in Distance and Malleolus
Zago et al. [29] half-turn with 10 U’13 players 34 7 79% 23 speed of Pelvis and trunk
the ball di pee range of
isplacements.
movement
Identify the Maximum
components of push-ups
Abdullah et al. physical fitness 31 amateur 8 5 54.06% 3 Vertical jump
[30] related players Maxi
aximum
performance ;
sit-ups

pattern




Int. |. Environ. Res. Public Health 2021, 18, 2642

7 of 19
Table 1. Cont.
Variables
. Technical Tactical " . . Talent
. N NP° of Initial % Variance N° Variables A . . . Conditional Dimension e
Ref. Aim Size Variables N FACTORS Explained Extracted Dimension Dimension Identification
. . . . Physic/ .
Technical Tactical Biomechanical . . Anthropometrical
Physiological
Illinois agility
test
t-test
10-m and 20-m
Negra et al. Agility, speed, o sprint
[31] and power 95 male young 8 1 72.18% 8 Five jump test
Countermove.
jump
Squat jump
Abalakov
V Sit and Reach WAge
. . eight
Analysis of Ball control Sergeant jump Heioht
Essential Long pass Sit up variation Sittine % ioht
Abdullah et al. Performance Elite young: 84 27 Novice: 7 Novice: 72.58% Novice: 10 Short pass Agility Bice %Tr?c% S
132] Indicators in Novice: 100 Elite: 7 Elite: 69.51% Elite: 12 Shooting RTC Speed 5 m P P
. Subscapular
Two Levels of shooting, LTC Speed 10 m Suprailiac
Soccer Expertise KMO Speed 20 m
VO2max MUAC(CC
Maturity
Determine the
underlying 5-10-15m
structure of the acceleration
stretch- Free agility test
shortening cycle 505 agility test
Los A[r’gx]s etal. (SSC) jumping, 42 players 9 3 84.68% 9 20-yd agility test
o acceleration, and Squat jump
change-of- Arm swing
direction (COD) Countermove.
abilities in jump
soccer players
Examine the
most dominant
variables
multilaterally Weight
Maliki et al. Wlthfzgﬁzlefécally 184 male youth Side post Aerolfti)iead aci I\Zetll;gr};:y
Letal on the ¥ 33 9 66.62% 15 Ball shooting P capacity sy
[34] . players heading. Agility . .
differences and . Biceps/Triceps
. Flexibility
inter- Subscapular
individually Tliac
variability in

different soccer
positions
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Table 1. Cont.
Variables
. Technical Tactical . . . Talent
. . N° of Initial % Variance N° Variables . . . . Conditional Dimension cee .
Ref. Aim Size Variables N FACTORS Explained Extracted Dimension Dimension Identification
. . . . Physic/ .
Technical Tactical Biomechanical . . Anthropometrical
Physiological
Small Possession
SSG: 82.38% Distance
Small Possession Medium Small Possession Dist. High meta.
SSG: 3 Possession SSG: SSG: 9 load
Selection of Medium 78.17% Medium HSR/Sprint
. Possession SSG: Small SSG: Possession SSG: running
Casamichana external 24 PRO male o loai
etal. [14] intensity players 10 3 82.11% 2 Max. velocity
training loads Small SSG: 3 Medium SSG: Small SSG: 10 Acc/Dec
& Medium SSG: 3 79.49% Medium SSG: 10 Metabolic power
Large SSG: 3 Large SSG: Large SSG: 10 Dynamic stress
Off. match: 3 80.50% Off. match: 10 load
Off. match: Impacts
85.62%
Distance
Dist. 0-6;
. 21-24km/h
relﬁfenstelgftatgs/e Distance HSR
Oliva-Lozano external load 26 male PRO 49 4 66.8% 1 Acc HSR
etal. [9] rofile of players Sprints
p Acc and mean
match-play Acc
Max Acc/Dec

Max. Velocity

PCA = Principal Components Analysis, NR = Not Reported.
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Table 2. Variables extracted through PCA in basketball.
Variables
. Technical Tactical . . . Talent
. . N° of Initial % Variance N° Variables . . . . Conditional Dimension PP
Ref. Aim Size Variables N Factors Explained Extracted Dimension Dimension Identification
Technical Tactical Biomechanical Physic/ Physiological Anthropometrical
Effect of 306 cames Free-throws
Sampaio et al contextual E%RO 2 and 3 point,
ampaio et al. variables in ort 14 5 82% 7 3-point passes
[17] Spanish pomntp
game-related ll;:n;se Errors
statistics g Def/Off rebounds
Shots
RIS 2-point shot
Simplifies .
each indicator 3-p§2;c:he‘)0t
that affects Free thr% ws
Liu [35] bailg;t:all 23 games 17 5 79.67% 11 Def/Off rebounds
integrated Iéizzsltss
technical score
Turnovers, Fouls
Score
Playing time
Score
Steal
10 N° of faults
) Technical and elite-level o Games played
Yin [36] efficacy index NBA 10 3 89.48% 10 Rebound
players Block shot
Assist
Field-goal %
free-throw %
Gets players’ Playing time
ability com- 97 CBA SS‘;Z;T
Yin [37] prehensive foreign 10 3 89.48% 6 N° of fault
indicator players G Ot tauts
model ames played
’ Rebound
Passive force
peak
Time to reach
. . Static jump: . . the passive and
Andrade et al. Biomechanics 19 female 9 Static Jump: 2 73.39% Static jump: 4 propulsive force
N Jump with ) Jump with
[38] of jump PRO approx: 3 Jump with ADDIOX.: 5 peak
pprox: approx.: 79.15% pprox.: Mean speed
Load
Concent/Eccent.
phase duration
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Table 2. Cont.

Variables
. Technical Tactical i . . Talent
. . N° of Initial % Variance N° Variables . . . . Conditional Dimension PP
Ref. Aim Size Variables N Factors Explained Extracted Dimension Dimension Identification
Technical Tactical Biomechanical Physic/ Physiological Anthropometrical
Positional
. differences: Total/high Acc/Dec
Svilar, . Guards: 3 Guards: 100% Guards: 6 .
Castellano and aselri)c’ﬂrrilagte 1?1):1;2 10 Forwards: 3 Forward: 100% Forwards: 7 ,;I;?t’;l//}ﬂlgﬁ 'EgDs
Jukic [39] PProp pay Centers: 2 Centers: 92.96% Centers: 8 ghjump
training-load RPE
measures
Predictive Wingspan
validity of the Vertical jump Hand
NBA Draft 1092 NBA Max. jump length/width
Teramoto et al. Combine on o . Height without
draft 23 3 72.4% 12 3/4 court sprint,
[40] the future s Shoes
players Lane agility .
performance Bench press Standing reach
of basketball P Weight
players Body fat %
Force, velocity, Force: 6 Force )
and 34 trained Velocity: 4 Mean propulsive
Floria et al. [41] displacement- 3 . U 97 + 0.35% 3 velocity
. women Displacement: . .
time Py Displacement-time
curves curves
Squat jump
Countermove jump
Anthropometric, 22 national- Abalakov Height
Hilgemberg power, agility, natona o Agility test Weight
level 13 3 79.7% 11 .
etal. [42] speed, and outh 10 and 30 m sprint Fat mass
endurance y Abdominal endurance Muscle mass
Medicine ball throw
Oxygen uptake
Set kinematic Peak/Average Acc
Pino-Ortega behavior 94 voun Landing 8-100
°8 parameters young 252 3 66.3% 6 Rel. Distance
etal. [43] duri - elite
uring official Jump
matches Av. Take-off/landing
Identify the Dist. 0-6, 18-21,
Rojas-Valverde external 12 elite 24-50 km/h
) " workload basketball 44 3-5 74.7-80.6% 10-14 Max. Acc.
etal. [44] .
representative referees Max. Speed Impacts
variables 35g

PCA = Principal Components Analysis, NR = Not Reported.
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Table 3. Variables extracted through PCA in rugby.

Variables
. Technical . . . Conditional Talent
. N N° of Initial % Variance N° Variables A . Tactical Dimension . . e
Ref. Aim Size Variables N Factors Explained Extracted Dimension Dimension Identification
. . . . Physic/ .
Technical Tactical Biomechanical . . Anthropometrical
Physiological
Possession
Selecting Speed of play
Parm[;ﬁ etal. appropriate 45 players 45 10 81.8% 38 Form
measures Infringement
variables
SSG: 68%
$8G/SSCG: 1 SSCG: 52% fnd. TRIMP
Weavi Internal and . Tle. 20 RPE
eaving et al. L Skills, wrestle, Skills: 68%
; External Training 17 PROmale 5 710, 5 Body Load
[13] strongman, and Wrestle: 71% .
Load measures o Dist. HSR
speed: 2 Strongman: 72% Total impacts
Speed: 67% P
Daily TL
(1-2-3-4)
cumulative load
Week-to-week
- Variable selection change
Wllharrls etal. of training-load 173.PRO rugby 10 3 90% 9 Training strain
[45] union players . .
measures Acute: chronic
workload ratio
Exponentially
weighted
moving average
The effect of Skills: 57% RPE
Weaving et al. training mode on 23 PRO male 4 Skills: 1 Con ditioni; . Skills: 2 HR
[46] multivariate rugby players Conditioning: 2 o & Conditioning: 4 Dist. HSR
P 85%
training load Player Load
Physical .
Physical and Physical performance: Physical Sp\e;ﬁsgs/li{ir;m
Henderson Yt 20 PRO rugby performance: 4 62.30% performance: 4
) technical match , 18 . . . Max. speed
etal. [47] 7’s players Technical Technical Technical .
performance . . . Total carries
performance: 2 performance: performance: 2 Total
88.85% otal passes
Identify which
combination of
external and Distance
Weaving et al. internal TL metrics 21 male PRO 4 5 89.6% 4 Player Load
[48] capture similar or players o Dist. HSR
unique RPE

information for
individual players

PCA = Principal Components Analysis, NR = Not Reported.
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4. Discussion

The present systematic review sought to identify the most relevant variables to explain
players’ performances, extracted through PCA in soccer, basketball and rugby to highlight
the practical applications for training design, performance analysis and talent identification.
In soccer, together with some anthropometric measures, relative age is the most important
factor for talent identification. In the sport of soccer, a key tactic taught by coaches is
occupying space during the game. In addition to controlling the ball, passing, and shots
on goal, issues related to tactics and space occupation should guide training task design,
ensuring that a high level of aerobic endurance in combination with very intensive and
short actions is employed. In basketball, both anthropometrics and some physical capacity
tests (sprint, flexibility, and agility) should be performed for talent identification. Like
other team sports, training tasks in basketball should be based on a high level of aerobic
endurance and the required acceleration/decelerations, but unlike other sports, landings
impact, and body positioning gain relevance. While in rugby, as in other sports, high-
intensity actions need to be trained, but for rugby this needs to be in combination with
collisions. In addition, the tactics or style of play and high-intensity game pace are very
relevant for this team sport.

A player’s external perception defines the motor behavior required to respond, which
in turn determines the resultant motor action. These can be categorized into four main
conditional dimensions each sport-specific action. Specifically, a player act using a motor
skill (technical dimension) that requires a movement (conditional dimension), according
to the player’s decision making (tactical dimension), and is conditioned by the player’s
psychological state (psychological dimension) [49]. The uncertainty and non-linearity of
the team sports games’ environmental nature lead to engaging these dimensions during the
competition, without the possibility of pre-establishing what action will perform in each
situation, making team sports unpredictable. In this context, it is why behavior analysis
has become crucial to better understanding team sport athlete preparation.

The present systematic review, analyzed studies published in team sports that, applied
the PCA technique. Practically, the importance of this systematic review may be considered
in three ways: (1) team staff decision-making focusing training processes on the most
relevant performance manifestations (high-intensity actions, lower intensity actions, short-
explosive actions), (2) making more efficient training and competition analysis processes,
which remains crucial due to the congested schedules in which many of the sports are
usually involved, and (3) to highlight the most relevant variables for talent identification.

4.1. Soccer

One of the most relevant challenges for coaches of young soccer players is to develop
training processes to determine a particular potential to become a professional player.
Players’ anthropometrics (i.e., weight, height, biceps/triceps, subscapular, supra iliac mea-
sures) are essential performance indicators for talent identification. However, most studies
identified that maturity is one of the most critical variables in this regard [25,26,32,34]. To
date, the current research in soccer talent identification reports a systematic bias in selection
towards players born early in the year (relative age effect) [18]. Those players with early
maturity tended to have better physiological and technical performance. Subsequently,
they are more influential on the game and recognized as more talented [18].

But, all dimensions of a team performance should be trained using soccer-specific
situations. Therefore, technical and conditioning (in addition to psychological) dimensions
should be developed during soccer-specific tasks in which tactical positioning should
be the main basis [49]. In this regard, authors have highlighted the teams” surface area
(occupied space) as the main variable to assess team positioning [20-22]. This variable may
be suitable for evaluating team behavior during different game phases and training the
team to act in different game phases, where the attacking team should occupy a greater
area than the defending team [50]. This fact is suitable because players perform in greater
spaces per player and more inter-player distances during the attacking phase. In contrast,
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in the defending phase, players should maintain lower inter-player distances to close space
within the convex hull, avoiding the attacking team’s progression.

However, team tactics are governed by inter-player connections through technical
actions [51]. In this sense, training those tasks based on collective tactical positioning should
be constrained to improve motor skills. Based on PCA, the main technical variables are the
control of the ball, passes, and shots, specifically, in young soccer [25,32,34]. So, coaches
should design training tasks with continuous role changes, ensuring players concentrate
to coordinate sudden movements with teammates from greater areas to lower to improve
positional decision making, in combination with a high number of ball controls, passes,
and shots. This fact is consistent with Cordén-Carmona et al. [51], who explained that pass
networks imply passes and controls are a vital game issue.

Finally, physical fitness and conditioning in soccer should be achieved using high-
intensity intermittent actions (anaerobic endurance), with lower intensity and longer efforts
(aerobic endurance), considerable power and strength aimed to perform very fast and
intensive actions (neuromuscular efforts)—all of these together can results in agility and
flexibility training tasks. Therefore, from the more than 200 variables that may be extracted
from internal/external load, the challenge is to identify the most relevant variables in
each sense. From the studies identified that perform principal components, 17 variables
have shown the highest percentages explaining players performance: anaerobic endurance
(i.e., angular velocity, speed displacements, distance at high metabolic load, HSR, sprint
running, maximum velocity), aerobic endurance (i.e., distance covered, distance covered
slow than 6 km/h, distance covered at between 21-24 km /h, metabolic power, dynamic
stress load), and neuromuscular efforts (i.e., jumps, impacts, accelerations, decelerations,
maximum acceleration, maximum decelerations).

In summary, both head and physical fitness and conditioning coaches should de-
sign training tasks in which players’ are required to have an optimal use of occupied
space. Simultaneously, they need to perform many ball controls, passes and shots during
high-intensity aerobic endurance, combined with a high number of impacts and accelera-
tions/decelerations. For example, those task designed based on differential learning has
been demonstrated as efficient to improve players performance from different dimensions
(technical, tactical, and conditional) at the same time [52,53].

4.2. Basketball

Basketball as a sport has some unique qualities, which is different from other team
sports, when considering how to assist coaches with athlete selection decision-making.
Different authors have reported hand measures, height, weight, muscle mass and fat mass
or body fat % are the main anthropometric factors important for talent identification in
basketball. In fact, in talent identification programs, anthropometric measures have become
one of the most important measures to consider, with it reported that anthropometrics
metrics formed the second largest principle component in basketball talent identification,
explaining the 20 % of the variance [54]. Moreover, the first and the third component
related to talent identification is related to sprint test performance from 10 to 30 m, plus
flexibility and agility variables. These metrics and variables are consistent with those iden-
tified in this systematic review, in which these tests are supported for talent identification
processes, together with countermovement jump and squat jump testing [42]. Therefore,
anthropometrical variables and sprint, flexibility and agility tests seem to be the primary
basis for talent identification in basketball.

When considering the conditional dimension, unlike football, in basketball, both
technical and conditioning dimensions have formed the main research topic of performing
data reduction through PCA. In contrast, positional decision-making variables (tactical
dimension) have not been widely investigated in basketball [55], and its application has
been lower than in soccer [56-58]. For conditioning in basketball, distance over 18 km/h,
max accelerations and decelerations, together with impacts of 3-5 g, average landing
and take-off, and relative distance have been found as principal components between
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basketball’s load variables [15,43,44]. This is consistent with these studies highlighting that
lower spaces per player are related to a high number of accelerations/decelerations and
more high-intensity displacements [59,60]. When designing training tasks focused on these
variables, free-throws, 2 and 3-points, passes, turnovers, defensive and offensive rebounds
have been highlighted as essentials requirements [17,35-37].

Together with task focus on performance improvement, and the highlight that sudden
basketball-specific action variables identified by the principle component (i.e., throws,
turnovers, rebounds, acceleration/decelerations, and take off) make basketball a team sport
with a high incidence of injury [61,62]. Thus, training processes should aim to, together
with coadjutant exercises to focus on injury prevention. Specifically, injury prevention
programs should be done during the in-season period because of their greater effectivity
than pre-season, at least, in anterior cruciate ligament’s injury prevention [61]. Suggestions
by Stojanovic and Ostojic [62], reported that stretching, proprioception, strength, plyometric
and agility drills with additional verbal and visual feedback on proper landing technique
lead to a decreased rate of an anterior cruciate ligament injury in team sport athletes.
Due to the high eccentric contractions during basketball-specific actions, overuse and
inflammatory conditions accounted for more than 39% of injuries during a 32 weeks
basketball season [63] and, therefore, coadjutant training programs should consider this
fact.

4.3. Rugby

From a holistic viewpoint, players” and teams’ positioning is the main basis on which
to develop the remaining dimensions (technical, conditioning, and psychological). Al-
though distances between rugby players has been assessed [64], it is not widely evalu-
ated [65]. One study reported that time of possession, speed of play and playing form
variables are the appropriate measures to assess playing tactical issues. However, further
studies are needed to extract robust conclusions [8]. Similar to the tactical dimension, the
most relevant technical variables were not extracted. Therefore, although some actions such
as collisions/tackle and passes are highly considered in rugby [66,67], PCA is necessary to
extract the most critical information from technical actions.

The use of technology capable of extracting physical and physiological variables is
widely used in rugby [66]. Therefore, they are the dimension most considered to extract
the most relevant variables [13,45,46,48]. Rugby is a team sport in which players engage
in a repeated high-intensity exercise involving frequent collisions, especially during the
most demanding passages [66]. To assess players’ performance during matches, the
most relevant variables were aerobic/anaerobic endurance (rating of perceived exertion,
cumulative load, week to week load increasing, heart rate, player load and high-speed
distance), in combination with high-intensity impacts [13,45,46,48]. Therefore, coaches
should design training tasks in which the players perform a robust high-intensity activity
(i.e., HSR and sprint) separated by short bouts of lower intensity activities (i.e., standing,
walking, and jogging), together with collisions and wresting bouts [47,66]. This task
could be based on worst-case scenarios to ensure players’ performance in these critical
situations [66]. In these cases, high-speed running efforts and the importance of tackle
success is important [67]. As a consequence of the high-frequency collisions, especially
the head/face collisions, complementary training programs are essential to reduce injury
incidence [68,69].

Overall, each team sport’s structural constraints define the players’ and teams’ behav-
ior, and subsequently, main variables regarding talent identification, training design, and
match analysis differ between them. However, team sports are similar in the fact that they
are high-intensity sports in which the performance of high degree of aerobic endurance is
mixed with sub-maximal strength and power aimed to carry out fast and intensive actions
such as jumps, accelerations or decelerations. The implication of abilities, decision-making,
movement and psychological state is implied in the players’ motion action, makes that
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multivariate analysis processed should be made to warrant optimal player performance in
the most critical session: the official match.

However, in this systematic review, there was no work in which a data reduction
technique was used to reduce the data set in which multivariate data variables were
involved. Therefore, the most relevant variables of each dimension in each team sport were
extracted, focusing only on a unique dimension. In this regard, general conclusions identify
that a combination of 3—4 principle components is needed to explain team sports analysis
performance, at least when extraction criteria were set at an eigenvalue of greater than one.
Intensity training load metrics with principle component “loadings” above 0.6 or 0.7 were
deemed to possess well-defined relationships with the extracted principle component.

5. Conclusions

Since team sports’ performance depends on different dimensions (i.e., technical, tac-
tical, and conditional), multivariate data analysis should be performed in three ways: to
make an efficient game analysis, design training tasks based on the most relevant efforts,
and to highlight the most relevant variables for talent identification. The most critical
variables extracted differ between team sports in each dimension were:

5.1. Soccer
e  For talent identification: anthropometrical variables, together with a player’s relative
age.
e  For training design and performance analysis:
O Tactical dimension: occupied space.
@) Technical dimension: ball control, passes and shot to goal.
O Conditional dimension: angular velocity, speed displacements, distance at

high metabolic load, HSR, sprint running, maximum velocity, distance covered,
distance covered slow than 6 km /h, distance covered at between 21-24 km /h,
metabolic power, dynamic stress load, jumps, impacts, accelerations, decelera-
tions, maximum acceleration, maximum decelerations.

5.2. Basketball

e  For talent identification: anthropometrical variables (hand measures, height, weight,
muscle mass, and fat mass or body fat %), and 10 to 30 m sprint, flexibility, and agility
tests seem to be the main basis for talent identification in basketball.

e  For training design and performance analysis:

O Technical dimension: free-throws, 2 and 3-points, passes, turnovers, defensive
and offensive rebounds
O Conditional dimension: distance over 18 km/h, max accelerations and deceler-
ations, together with impacts 3-5 g, average landing and take-off, and relative
distance
5.3. Rugby

e  For talent identification: this review cannot give any information because of the lack
of literature on this aspect.
e  For training design and performance analysis:

O Tactical dimension: possession, speed of play, playing form, and infringement.
O Conditional dimension: rating of perceived exertion, cumulative load, week to
week load increasing, heart rate, player load, high-speed distance, and impacts.

However, since these variables are extracted from different studies, further research
should perform PCA from databases with variables from different dimensions and analyze
the impact of different dimensions in the behavior of other dimensions (e.g., biomechanical
in physical/physiological, tactic dynamics in technical efficacy).
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6. Practical Applications for Training Task Design and Performance Analysis

Training tasks should ensure the development of players’ tactical, technical and
conditional dimensions, both head and physical fitness and conditioning coaches should
ensure training tasks used are only those in which all dimensions are considered. Based on
different variables that formed each principal component in each team sport, training tasks
in each sport should differ:

e  Soccer: coaches should ensure that the occupied area is suitable during the game.
Together with ball controls, passes, and shots, this fact should guide task design
during a high level of aerobic endurance in combination with very intensive and short
actions.

e  Basketball: coaches should design training tasks based on high aerobic endurance
level, together with a high number of jumps, landings, and impacts, in combination
with passes and throws. However, future studies should assess what variables extract
the most relevant information about players” and teams’ tactical positioning through
PCA.

e  Rugby: coaches should design training tasks in which teams’ have to maintain a high
number of possession time, together with a high velocity of game pace, while the
players must perform high-intensity efforts in combination with collisions.

Author Contributions: Conceptualization, D.R.-V., and J.P--O., and M.R.-G.; methodology, D.R.-
V., C.D.G.-C., and M.R.-G.; formal analysis, D.R.-V.,, and C.D.G.-C,; investigation, D.R.-V., ].P--O.,
C.D.G.-C,, and M.R.-G,; writing—original draft preparation, D.R.-V,, ].P.-O., C.D.G.-C., and M.R.-
G.; writing—review and editing, D.R.-V,, and M.R.-G; supervision, D.R.-V., and ].P.-O.; project
administration, J.P.-O. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Conflicts of Interest: The authors declare no conflict of interest.

References

1.

10.

11.

Rico-Gonzalez, M.; Los Arcos, A.; Rojas-Valverde, D.; Clemente, EM.; Pino-Ortega, J. A Survey to Assess the Quality of the Data
Obtained by Radio-Frequency Technologies and Microelectromechanical Systems to Measure External Workload and Collective
Behavior Variables in Team Sports. Sensors 2020, 20, 2271. [CrossRef] [PubMed]

Verhagen, E.A ; Clarsen, B.; Bahr, R. A Peek into the Future of Sports Medicine: The Digital Revolution Has Entered Our Pitch. Br.
J. Sports Med. 2014, 48, 739-740. [CrossRef] [PubMed]

Bonomi, A.G. Towards Valid Estimates of Activity Energy Expenditure Using an Accelerometer: Searching for a Proper Analytical
Strategy and Big Data. J. Appl. Physiol. 2013, 115, 1227-1228. [CrossRef] [PubMed]

Rojas-Valverde, D.; Gémez-Carmona, C.D.; Gutiérrez-Vargas, R.; Pino-Ortega, J. From Big Data Mining to Technical Sport Reports:
The Case of Inertial Measurement Units. BM] Open Sport Exerc. Med. 2019, 5. [CrossRef] [PubMed]

Costa, EF. Big Data in Biomedicine. Drug Discov. Today 2014, 19, 433—440. [CrossRef] [PubMed]

Federolf, P.; Reid, R.; Gilgien, M.; Haugen, P.; Smith, G. The Application of Principal Component Analysis to Quantify Technique
in Sports: PCA Quantification of Technique. Scand. J. Med. Sci. Sports 2014, 24, 491-499. [CrossRef] [PubMed]

Gleersen, J.; Myklebust, H.; Hallén, J.; Federolf, P. Technique Analysis in Elite Athletes Using Principal Component Analysis. J.
Sports Sci. 2018, 36, 229-237. [CrossRef]

Parmar, N.; James, N.; Hearne, G.; Jones, B. Using Principal Component Analysis to Develop Performance Indicators in
Professional Rugby League. Int. J. Perform. Anal. Sport 2018, 18, 938-949. [CrossRef]

Oliva-Lozano, ].M.; Rojas-Valverde, D.; Gomez-Carmona, C.D.; Fortes, V.; Pino-Ortega, J. Impact Of Contextual Variables On The
Representative External Load Profile Of Spanish Professional Soccer Match-Play: A Full Season Study. Eur. J. Sport Sci. 2020, 1-22.
[CrossRef] [PubMed]

Rojas-Valverde, D.; Sanchez-Urefa, B.; Pino-Ortega, J.; Gomez-Carmona, C.; Gutiérrez-Vargas, R.; Timén, R.; Olcina, G. External
Workload Indicators of Muscle and Kidney Mechanical Injury in Endurance Trail Running. Int. ]. Environ. Res. Public Health 2019,
16, 3909. [CrossRef]

Witte, K.; Ganter, N.; Baumgart, C.; Peham, C. Applying a Principal Component Analysis to Movement Coordination in Sport.
Math. Comput. Model. Dyn. Syst. 2010, 16, 477-488. [CrossRef]


http://doi.org/10.3390/s20082271
http://www.ncbi.nlm.nih.gov/pubmed/32316325
http://doi.org/10.1136/bjsports-2013-093103
http://www.ncbi.nlm.nih.gov/pubmed/24273310
http://doi.org/10.1152/japplphysiol.01028.2013
http://www.ncbi.nlm.nih.gov/pubmed/24030666
http://doi.org/10.1136/bmjsem-2019-000565
http://www.ncbi.nlm.nih.gov/pubmed/31673403
http://doi.org/10.1016/j.drudis.2013.10.012
http://www.ncbi.nlm.nih.gov/pubmed/24183925
http://doi.org/10.1111/j.1600-0838.2012.01455.x
http://www.ncbi.nlm.nih.gov/pubmed/22436088
http://doi.org/10.1080/02640414.2017.1298826
http://doi.org/10.1080/24748668.2018.1528525
http://doi.org/10.1080/17461391.2020.1751305
http://www.ncbi.nlm.nih.gov/pubmed/32233969
http://doi.org/10.3390/ijerph16203909
http://doi.org/10.1080/13873954.2010.507079

Int. J. Environ. Res. Public Health 2021, 18, 2642 17 of 19

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

Rico-Gonzaélez, M.; Los Arcos, A.; Rojas-Valverde, D.; Pino-Ortega, J. A Principal Component Analysis in Futsal According to
Game Halves: A Case Study of an Amateur Futsal Cup Final. [Analisis de Componentes Principales En Futbol Sala Segtn Las
Partes de Juego: Un Estudio de Caso En Una Final de Copa Amateur]. Rev. Int. Cienc. Deporte 2021, 17, 88-101. [CrossRef]
Weaving, D.; Marshall, P.; Earle, K.; Nevill, A.; Abt, G. Combining Internal- and External-Training-Load Measures in Professional
Rugby League. Int. J. Sports Physiol. Perform. 2014, 9, 905-912. [CrossRef]

Casamichana, D.; Castellano, ].; Gomez Diaz, A.; Martin-Garcia, A. Looking for Complementary Intensity Variables in Different
Training Games in Football. |. Strength Cond Res. 2019. [CrossRef] [PubMed]

Svilar, L.; Castellano, J.; Jukic, I.; Casamichana, D. Positional Differences in Elite Basketball: Selecting Appropriate Training-Load
Measures. Int. J. Sports Physiol. Perform. 2018, 13, 947-952. [CrossRef] [PubMed]

Rojas-Valverde, D.; Pino-Ortega, J.; Gémez-Carmona, C.D.; Rico-Gonzalez, M. A Systematic Review of Methods and Criteria
Standard Proposal for the Use of Principal Component Analysis in Team’s Sports Science. Int. ]. Environ. Res. Public Health 2020,
17, 8712. [CrossRef] [PubMed]

Sampaio, J.; Drinkwater, E.J.; Leite, N.M. Effects of Season Period, Team Quality, and Playing Time on Basketball Players’
Game-Related Statistics. Eur. J. Sport Sci. 2010, 10, 141-149. [CrossRef]

Meylan, C.; Cronin, J.; Oliver, J.; Hughes, M. Talent Identification in Soccer: The Role of Maturity Status on Physical, Physiological
and Technical Characteristics. Int. J. Sports Sci. Coach 2010, 5, 571-592. [CrossRef]

Moher, D.; Shamseer, L.; Clarke, M.; Ghersi, D.; Liberati, A.; Petticrew, M.; Shekelle, P.; Stewart, L.A. Preferred Reporting Items
for Systematic Review and Meta-Analysis Protocols (PRISMA-P) 2015 Statement. Syst. Rev. 2015, 4, 1. [CrossRef]

Moura, FA,; Santana, ].E.; Vieira, N.A.; Santiago, PR.P.; Cunha, S.A. Analysis of Soccer Players” Positional Variability During the
2012 UEFA European Championship: A Case Study. J. Hum. Kinet 2015, 47, 225-236. [CrossRef] [PubMed]

Ric, A.; Torrents, C.; Gongalves, B.; Sampaio, J.; Hristovski, R. Soft-Assembled Multilevel Dynamics of Tactical Behaviors in
Soccer. Front. Psychol 2016, 7. [CrossRef]

Gongalves, B.; Coutinho, D.; Exel, J.; Travassos, B.; Lago, C.; Sampaio, J. Extracting Spatial-Temporal Features That Describe a
Team Match Demands When Considering the Effects of the Quality of Opposition in Elite Football. PLoS ONE 2019, 14. [CrossRef]
[PubMed]

Torrents, C.; Ric, A.; Hristovski, R.; Torres-Ronda, L.; Vicente, E.; Sampaio, ]. Emergence of Exploratory, Technical and Tactical
Behavior in Small-Sided Soccer Games When Manipulating the Number of Teammates and Opponents. PLoS ONE 2016, 11.
[CrossRef] [PubMed]

Carpita, M.; Sandri, M.; Simonetto, A.; Zuccolotto, P. Discovering the Drivers of Football Match Outcomes with Data Mining.
Qual. Technol. Quant. Manag. 2015, 12, 561-577. [CrossRef]

Abdullah, M.R.; Maliki, A.B.H.M.; Musa, R.M.; Kosni, N.A.; Juahir, H. Intelligent Prediction of Soccer Technical Skill on Youth
Soccer Player’s Relative Performance Using Multivariate Analysis and Artificial Neural Network Techniques. Int. J. Adv. Sci. Eng.
Inf. Technol. 2016, 6, 668-674. [CrossRef]

Maliki, A.B.H.M.; Abdullah, M.R.; Juahir, H.; Muhamad, W.S.A.W.; Nasir, N.A.M.; Musa, R.M.; Mat-Rasid, S.M.; Adnan, A.;
Kosni, N.A.; Abdullah, F; et al. The Role of Anthropometric, Growth and Maturity Index (AGaMI) Influencing Youth Soccer
Relative Performance. lop Conf. Ser. Mater. Sci. Eng. 2018, 342, 012056. [CrossRef]

Ricotti, L.; Rigosa, J.; Niosi, A.; Menciassi, A. Analysis of Balance, Rapidity, Force and Reaction Times of Soccer Players at
Different Levels of Competition. PLoS ONE 2013, 8, €77264. [CrossRef] [PubMed]

Ra, S.-G.; Maeda, S.; Higashino, R.; Imai, T.; Miyakawa, S. Metabolomics of Salivary Fatigue Markers in Soccer Players after
Consecutive Games. Appl. Physiol. Nutr. Metab. 2014, 39, 1120-1126. [CrossRef] [PubMed]

Zago, M.; Codari, M.; Grilli, M.; Bellistri, G.; Lovecchio, N.; Sforza, C. Determinants of the Half-Turn with the Ball in Sub-Elite
Youth Soccer Players. Sports Biomech. 2016, 15, 234-244. [CrossRef] [PubMed]

Abdullah, M.R.; Musa, R.M.; Azura, N. Similarities and distinction pattern recognition of physical fitness related performance
between amateur soccer and field hockey players. Int. J. Life Sci. Pharma Res. 2016, 6, 12.

Negra, Y.; Chaabene, H.; Hammami, M.; Amara, S.; Sammoud, S.; Mkaouer, B.; Hachana, Y. Agility in Young Athletes: Is It a
Different Ability From Speed and Power? |. Strength Cond Res. 2017, 31, 727-735. [CrossRef]

Abdullah, M.R.; Maliki, A.B.H.M.; Musa, R M.; Kosni, N.A.; Juahir, H.; Mohamed, S.B. Identification and Comparative Analysis of
Essential Performance Indicators in Two Levels of Soccer Expertise. Int. |. Adv. Sci. Eng. Inf. Technol. 2017, 7, 305-314. [CrossRef]
Los Arcos, A.; Mendiguchia, J.; Yanci, J. Specificity of Jumping, Acceleration and Quick Change of Direction Motor Abilities in
Soccer Players. Kinesiology 2017, 49, 22-29. [CrossRef]

Maliki, A.B.H.M.; Abdullah, M.R.; Juahir, H.; Musa, R.M.; Mat-Rasid, S.M.; Adnan, A.; Kosni, N.A.; Eswaramoorthi, V.; Alias, N.
Sensitivity Pattern Recognition and Variableness of Competitive Adolescent Soccer Relative Performance Indicators. J. Fundam.
Appl. Sci. 2017, 9, 539-562. [CrossRef]

Liu, J. The Correlation Analysis and Strategy between Basketball Scoring Index and Physical Fitness Based on Principal
Component Model. J. Chem. Pharm. Res. 2014, 6, 340-345.

Yin, W. Based on the Principal Component Factor Analysis Method of NBA Players Comprehensive Ability Evaluation Research.
Biotechnol. Indian ]. 2014, 10, 4734-4742.

Yin, W. Principal Component Factor Analysis-Based NBA Player Comprehensive Ability Evaluation Research. J. Chem. Pharm.
Res. 2014, 6, 2400-2405.


http://doi.org/10.5232/ricyde2021.06307
http://doi.org/10.1123/ijspp.2013-0444
http://doi.org/10.1519/JSC.0000000000003025
http://www.ncbi.nlm.nih.gov/pubmed/30844980
http://doi.org/10.1123/ijspp.2017-0534
http://www.ncbi.nlm.nih.gov/pubmed/29345556
http://doi.org/10.3390/ijerph17238712
http://www.ncbi.nlm.nih.gov/pubmed/33255212
http://doi.org/10.1080/17461390903311935
http://doi.org/10.1260/1747-9541.5.4.571
http://doi.org/10.1186/2046-4053-4-1
http://doi.org/10.1515/hukin-2015-0078
http://www.ncbi.nlm.nih.gov/pubmed/26557206
http://doi.org/10.3389/fpsyg.2016.01513
http://doi.org/10.1371/journal.pone.0221368
http://www.ncbi.nlm.nih.gov/pubmed/31437220
http://doi.org/10.1371/journal.pone.0168866
http://www.ncbi.nlm.nih.gov/pubmed/28005978
http://doi.org/10.1080/16843703.2015.11673436
http://doi.org/10.18517/ijaseit.6.5.975
http://doi.org/10.1088/1757-899X/342/1/012056
http://doi.org/10.1371/journal.pone.0077264
http://www.ncbi.nlm.nih.gov/pubmed/24130870
http://doi.org/10.1139/apnm-2013-0546
http://www.ncbi.nlm.nih.gov/pubmed/24988119
http://doi.org/10.1080/14763141.2016.1162841
http://www.ncbi.nlm.nih.gov/pubmed/27111261
http://doi.org/10.1519/JSC.0000000000001543
http://doi.org/10.18517/ijaseit.7.1.1150
http://doi.org/10.26582/k.49.1.12
http://doi.org/10.4314/jfas.v9i2s.35

Int. J. Environ. Res. Public Health 2021, 18, 2642 18 of 19

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

Andrade, M.D.S.; De Lira, C.A.B.; Koffes, FD.C.; Mascarin, N.C.; Benedito-Silva, A.A.; Da Silva, A.C. Isokinetic Hamstrings-to-
Quadriceps Peak Torque Ratio: The Influence of Sport Modality, Gender, and Angular Velocity. J. Sports Sci. 2012, 30, 547-553.
[CrossRef] [PubMed]

Svilar, L.; Castellano, J.; Jukic, I. Load Monitoring System in Top-Level Basketball Team: Relationship between External and
Internal Training Load. Kinesiology 2018, 50, 25-33. [CrossRef]

Teramoto, M.; Cross, C.L.; Rieger, R.H.; Maak, T.G.; Willick, S.E. Predictive Validity of National Basketball Association Draft
Combine on Future Performance. J. Strength Cond Res. 2018, 32, 396—408. [CrossRef] [PubMed]

Floria, P; Sanchez-Sixto, A.; Harrison, A.J. Application of the Principal Component Waveform Analysis to Identify Improvements
in Vertical Jump Performance. J. Sports Sci. 2019, 37, 370-377. [CrossRef] [PubMed]

Figueiredo, D.H.; Figueiredo, D.H.; Gongalves, H.R.; Stanganelli, L.C.R.; Dourado, A.C. Analise de componentes principais na
identificacao de caracteristicas primordiais em esportes coletivos. Rev. Bras. Ciénc. Mov. 2019, 27, 41-51. [CrossRef]
Pino-Ortega, J.; Gomez-Carmona, C.D.; Nakamura, F; Rojas-Valverde, D. Setting Kinematic Parameters That Explain Youth
Basketball Behavior: Influence of Relative Age Effect According to Playing Position. J. Strength Cond Res. 2020, in press. [CrossRef]
[PubMed]

Rojas-Valverde, D.; Gémez-Carmona, C.D.; Oliva-Lozano, ] M.; Ibafiez, S.J.; Pino-Ortega, J. Quarter’s External Workload Demands
of Basketball Referees during a European Youth Congested-Fixture Tournament. Int. J. Perform. Anal. Sport 2020, 20, 432-444.
[CrossRef]

Williams, S.; Trewartha, G.; Cross, M.J.; Kemp, S.P.T.; Stokes, K.A. Monitoring What Matters: A Systematic Process for Selecting
Training-Load Measures. Int. ]. Sports Physiol. Perform. 2017, 12, 52101-52106. [CrossRef]

Weaving, D.; Jones, B.; Marshall, P; Till, K.; Abt, G. Multiple Measures Are Needed to Quantify Training Loads in Professional
Rugby League. Int. ]. Sports Med. 2017, 38, 735-740. [CrossRef]

Henderson, M.].; Fransen, J.; McGrath, ].J.; Harries, S.K.; Poulos, N.; Coutts, A.]. Individual Factors Affecting Rugby Sevens
Match Performance. Int J. Sports Physiol. Perform. 2019, 14, 620-626. [CrossRef]

Weaving, D.; Dalton, N.E.; Black, C.; Darrall-Jones, J.; Phibbs, PJ.; Gray, M.; Jones, B.; Roe, G.A.B. The Same Story or a Unique
Novel? Within-Participant Principal-Component Analysis of Measures of Training Load in Professional Rugby Union Skills
Training. Int. ]. Sports Physiol. Perform. 2018, 13, 1175-1181. [CrossRef]

Delgado-Bordonau, J.L.; Mendez-Villanueva, A. Tactical Periodization: Mourinho’s Best-Kept Secret? Soccer Nscaa |. 2012, 7,
28-34.

Moura, F.A.; Martins, L.E.B.; Anido, R.D.O.; De Barros, RM.L.; Cunha, S.A. Quantitative Analysis of Brazilian Football Players’
Organization on the Pitch. Sports Biomec. 2012, 11, 85-96. [CrossRef]

Cordon-Carmona, A.; Garcia-Aliaga, A.; Marquina, M.; Calvo, J.L.; Mon-Lépez, D.; Refoyo Roman, I. What Is the Relevance in
the Passing Action between the Passer and the Receiver in Soccer? Study of Elite Soccer in La Liga. Int. |. Environ. Res. Public
Health 2020, 17,9396. [CrossRef] [PubMed]

Coutinho, D.; Santos, S.; Gongalves, B.; Travassos, B.; Wong, D.P.,; Schollhorn, W.; Sampaio, J. The Effects of an Enrichment
Training Program for Youth Football Attackers. PLoS ONE 2018, 13, e0199008. [CrossRef] [PubMed]

Santos, S.; Jiménez, S.; Sampaio, J.; Leite, N. Effects of the Skills4Genius Sports-Based Training Program in Creative Behavior.
PLoS ONE 2017, 12, €0172520. [CrossRef]

Muazu, R. Determining Youth Profile Using Principle Component Analysis for Identifying Talent in Sports. Int. J. Recent Technol.
Eng. 2019, 8, 212-215. [CrossRef]

Schmidt, R.C.; O’Brien, B.; Sysko, R. Self Organization of between Person Cooperative Tasks and Possible Applications to Sport.
Int. J. Sport Psychol. 1999, 30, 558-579.

Rico-Gonzalez, M.; Pino-Ortega, J.; Nakamura, FY.; Moura, EA.; Los Arcos, A. Identification, Computational Examination,
Critical Assessment and Future Considerations of Distance Variables to Assess Collective Tactical Behaviour in Team Invasion
Sports by Positional Data: A Systematic Review. Int. J. Environ. Res. Public Health 2020, 14, 1952. [CrossRef] [PubMed]
Rico-Gonzalez, M.; Pino-Ortega, J.; Nakamura, FY.; Moura, EA.; Los Arcos, A. Origin and Modifications of the Geometrical
Centre to Assess Team Behaviour in Team Sports: A Systematic Review. [Origen y Modificaciones Del Punto Geométrico Para
Evaluar El Comportamiento Tactico Colectivo En Deportes de Equipo: Una Revision Sistematica]. Rev. Int. Cienc. Deporte 2020,
16, 318-329. [CrossRef]

Low, B.; Coutinho, D.; Gongalves, B.; Rein, R.; Memmert, D.; Sampaio, J. A Systematic Review of Collective Tactical Behaviours in
Football Using Positional Data. Sports Med. 2020, 50, 343-385. [CrossRef] [PubMed]

Hoffmann, ].J.; Reed, J.P; Leiting, K.; Chiang, C.-Y.; Stone, M.H. Repeated Sprints, High-Intensity Interval Training, Small-Sided
Games: Theory and Application to Field Sports. Int. J. Sports Physiol. Perform. 2014, 9, 352-357. [CrossRef] [PubMed]

Halouani, J.; Chtourou, H.; Gabbett, T.; Chaouachi, A.; Chamari, K. Small-Sided Games in Team Sports Training: A Brief Review.
J. Strength Cond. Res. 2014, 28, 3594-3618. [CrossRef]

Michaelidis, M.; Koumantakis, G.A. Effects of Knee Injury Primary Prevention Programs on Anterior Cruciate Ligament Injury
Rates in Female Athletes in Different Sports: A Systematic Review. Phys. Sport 2014, 15, 200-210. [CrossRef] [PubMed]
Stojanovic, M.D.; Ostojic, S.M. Preventing ACL Injuries in Team-Sport Athletes: A Systematic Review of Training Interventions.
Res. Sports Med. 2012, 20, 223-238. [CrossRef] [PubMed]


http://doi.org/10.1080/02640414.2011.644249
http://www.ncbi.nlm.nih.gov/pubmed/22364375
http://doi.org/10.26582/k.50.1.4
http://doi.org/10.1519/JSC.0000000000001798
http://www.ncbi.nlm.nih.gov/pubmed/28135222
http://doi.org/10.1080/02640414.2018.1504602
http://www.ncbi.nlm.nih.gov/pubmed/30058950
http://doi.org/10.31501/rbcm.v27i3.9881
http://doi.org/10.1519/JSC.0000000000003543
http://www.ncbi.nlm.nih.gov/pubmed/32084109
http://doi.org/10.1080/24748668.2020.1759299
http://doi.org/10.1123/ijspp.2016-0337
http://doi.org/10.1055/s-0043-114007
http://doi.org/10.1123/ijspp.2018-0133
http://doi.org/10.1123/ijspp.2017-0565
http://doi.org/10.1080/14763141.2011.637123
http://doi.org/10.3390/ijerph17249396
http://www.ncbi.nlm.nih.gov/pubmed/33333901
http://doi.org/10.1371/journal.pone.0199008
http://www.ncbi.nlm.nih.gov/pubmed/29897985
http://doi.org/10.1371/journal.pone.0172520
http://doi.org/10.35940/ijrte.B1052.0782S719
http://doi.org/10.3390/ijerph17061952
http://www.ncbi.nlm.nih.gov/pubmed/32192000
http://doi.org/10.5232/ricyde2020.06106
http://doi.org/10.1007/s40279-019-01194-7
http://www.ncbi.nlm.nih.gov/pubmed/31571155
http://doi.org/10.1123/ijspp.2013-0189
http://www.ncbi.nlm.nih.gov/pubmed/23751941
http://doi.org/10.1519/JSC.0000000000000564
http://doi.org/10.1016/j.ptsp.2013.12.002
http://www.ncbi.nlm.nih.gov/pubmed/24703497
http://doi.org/10.1080/15438627.2012.680988
http://www.ncbi.nlm.nih.gov/pubmed/22742077

Int. J. Environ. Res. Public Health 2021, 18, 2642 19 of 19

63.

64.

65.

66.

67.

68.

69.

Bird, S.P.; Markwick, W.]. Musculoskeletal Screening and Functional Testing: Considerations for Basketball Athletes. Int. J. Sports
Phys. 2016, 11, 786.

Passos, P; Aratjo, D.; Davids, K.; Gouveia, L.; Serpa, S. Interpersonal Dynamics in Sport: The Role of Artificial Neural Networks
and 3-D Analysis. Behav. Res. Methods 2006, 38, 683-691. [CrossRef] [PubMed]

Rico-Gonzalez, M.; Pino-Ortega, J.; Nakamura, FY.; Moura, F.A.; Rojas-Valverde, D.; Los Arcos, A. Past, Present, and Future of
the Technological Tracking Methods to Assess Tactical Variables in Team Sports: A Systematic Review. Proc. Inst. Mech. Eng. Part
P ]. Sports Eng. Technol. 2020, 234, 281-290. [CrossRef]

Johnston, R.D.; Gabbett, T].; Jenkins, D.G. Applied Sport Science of Rugby League. Sports Med. 2014, 44, 1087-1100. [CrossRef]
[PubMed]

Colomer, CM.E; Pyne, D.B.; Mooney, M.; McKune, A.; Serpell, B.G. Performance Analysis in Rugby Union: A Critical Systematic
Review. Sports Med. Open 2020, 6, 4. [CrossRef] [PubMed]

Naughton, M.; Jones, B.; Hendricks, S.; King, D.; Murphy, A.; Cummins, C. Quantifying the Collision Dose in Rugby League: A
Systematic Review, Meta-Analysis, and Critical Analysis. Sports Med. Open 2020, 6, 6. [CrossRef] [PubMed]

King, D.; Hume, P.; Cummins, C.; Pearce, A.; Clark, T.; Foskett, A.; Barnes, M. Match and Training Injuries in Women'’s Rugby
Union: A Systematic Review of Published Studies. Sports Med. 2019, 49, 1559-1574. [CrossRef] [PubMed]


http://doi.org/10.3758/BF03193901
http://www.ncbi.nlm.nih.gov/pubmed/17393840
http://doi.org/10.1177/1754337120932023
http://doi.org/10.1007/s40279-014-0190-x
http://www.ncbi.nlm.nih.gov/pubmed/24748460
http://doi.org/10.1186/s40798-019-0232-x
http://www.ncbi.nlm.nih.gov/pubmed/31940120
http://doi.org/10.1186/s40798-019-0233-9
http://www.ncbi.nlm.nih.gov/pubmed/31970529
http://doi.org/10.1007/s40279-019-01151-4
http://www.ncbi.nlm.nih.gov/pubmed/31292854

	Introduction 
	Method 
	Data Sources 
	Data Collection 
	Data Selection 

	Results 
	Study Characteristics 
	Soccer 
	Basketball 
	Rugby 


	Discussion 
	Soccer 
	Basketball 
	Rugby 

	Conclusions 
	Soccer 
	Basketball 
	Rugby 

	Practical Applications for Training Task Design and Performance Analysis 
	References

