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Abstract
This thesis aimed to (i) establish the concurrent validity and intra-unit reliability of a foot-mounted
inertial measurement unit (IMU), for measuring the frequency of technical actions performed during
soccer training activities, and (ii) to quantify the within-microcycle, inter-positional, and between-drill
differences in the technical actions of professional soccer training using foot-mounted IMUs.

Twelve male amateur soccer players collectively performed 8,640 ball touches and 5,760
releases, throughout a series of technical soccer tasks, repeated over two pre-determined distances.
Concurrent validity was determined by calculating the proportion of agreement (P4) between the IMU
and retrospective video analyses. Intra-unit reliability was established using the same method,
supplemented by a percentage coefficient of variation (CV). Intra-operator reliability of the reference
performance analyst, who conducted all analyses, was established by manually coding three randomly
selected repetitions of each soccer task three times (Pa= 100.0%). The IMU exhibited good concurrent
validity (Pa = 95.1% - 100.0%) and intra-unit reliability (Pa = 95.9% - 96.9%, CV = 1.4% - 2.9%) for
measuring ball touches and releases throughout all experimental conditions.

Twenty-one male professional soccer players’ technical performance data (ball touches,
releases, ball touches per minute, releases per minute), collected during training sessions throughout 24
weekly microcycles (i.e., match day [MD] minus day number [MD - n]), was subsequently analysed
using general linear modelling. The most ball touches (X = 218.0) and releases (X = 110.8) were
observed on MD - 1, with MD - 5 eliciting the highest frequency of ball touches per minute (X = 3.8)
and releases per minute (X = 1.7). Central midfielders performed the most ball touches (X = 221.9),
releases (X = 108.3), ball touches per minute (X = 3.4), and releases per minute (X= 1.6). Small-sided
games evoked more ball touches per minute (X4 = 1.5), and releases per minute (X“f = 0.1), than

previously reported in match-play. The fewest ball touches per minute (X= 1.2) and releases per minute

(X = 0.5) were observed during tactical drills. The results of this thesis indicate that the foot-mounted
IMU displayed promising capacity as a valid and reliable method of quantifying technical actions in
soccer, as well as providing a novel understanding of the within-microcycle, inter-positional, and

between-drill differences in the technical actions performed by professional players during training.

XVi



Chapter 1:

Introduction



1.1. Background

Soccer is a popular team sport throughout Europe (Vergeer & Mulder, 2019), with the majority (n =
53,077, 41.2%) of global professional players (n = 128,983) playing their domestic soccer in countries
regulated by the Union of European Football Associations (UEFA) (Fédération Internationale de
Football Association (FIFA), 2019b). In England, the Football Association (FA) governs four
professional league competitions: the English Premier League (EPL), English Football League (EFL)
Championship, EFL League One and EFL League Two. Despite being responsible for majority (n =72,
78.3%) of professional soccer clubs competing below the summit of English professional soccer, the
EFL does not possess financial riches on the same scale as the prosperous EPL (Wilson et al., 2020).
The average EFL Championship (£33m), EFL League One (£8m) and EFL League Two (£4m) club
observed annual revenues significantly lower than the £215m achieved by their EPL counterparts in
2019 (Deloitte, 2020). Promotion to the EPL offers EFL. Championship clubs a momentous financial
opportunity, with a £120m reward available to those who are promoted to the top division (Wilson et
al., 2018). Consequently, there exists an ever-increasing importance for prescribing professional soccer
players in the EFL (and beyond) with adequate training stimuli that not only sufficiently prepares
players for the multifactorial demands of competition (Morgans et al., 2014a; Nédélec et al., 2015b),
but also reduces their susceptibility to injury (McCall et al., 2016b; Rossi et al., 2018) and ensures
coaches have as many players available for selection as possible each week (Carling et al., 2015).

For clubs who compete in the EFL. Championship, a brief pre-season preparatory period is
followed by a 40-week in-season phase (Reilly, 2007), typically spanning August to May, which
contains 46 domestic league and up to 13 domestic cup fixtures. This arduous competition schedule,
through involvement in three domestic competitions, frequently requires players to participate in two
(e.g., Saturday, Tuesday/Wednesday) and sometimes three (e.g., Saturday, Tuesday/Wednesday,
Friday) fixtures within seven days (Anderson et al., 2016). Combined with winter fixture congestion
(Morgans et al., 2014b), the annual competition schedule associated with EFL. Championship soccer
represents a significant difficulty for applied sports scientists, performance analysts, and coaches,

henceforth collectively referred to as ‘practitioners’ (Burgess, 2017), to balance players’ need to recover



with the requirement to technically and tactically prepare for competition (Morgans et al., 2014a; Silva
et al., 2018).

The affluence of top division professional soccer clubs has facilitated the concomitant increase
in the number of multidisciplinary practitioners employed to support the players (Rothwell et al., 2020).
Clubs may enlist upwards of 15 practitioners (Eisenmann, 2017), in an array of roles, to provide
performance solutions to a variety of key stakeholders (Reade et al., 2009) and collectively focus upon
one common goal; helping the team to secure three points on a match day (MD) (Martindale & Nash,
2013; Bartlett & Drust, 2020). As the nature of player performance has become progressively complex
(Halson et al., 2019), practitioners attempt to adopt an evidence-based approach to their daily working
procedures (Coutts, 2017; Fullagar et al., 2019a). Translated from the medical industry, Bartlett and
Drust (2020) described evidence-based practice as the process of making informed decisions through
the integration of information derived from peer-reviewed research. Accordingly, to promote
knowledge transfer (Argote & Ingram, 2000), and bridge the gap between research and practice (Champ
et al., 2020), it is becomingly increasingly commonplace for a researcher to be embedded within a
professional club (McGuigan et al., 2018; Malone et al., 2019). Pursuant to Coutts’ (2016) conceptual
model, this integrated research practitioner role enables stereotypically ‘fast” working practitioners to
work ‘slow’, adopting principles of scientific rigour (i.e., robustness, quality control) to answer complex
performance questions (Buchheit, 2016; 2017b; McCall et al., 2016a) and further develop the evidence
base that practitioners are able to utilise (Jones et al., 2019).

Many of these questions relate to the optimisation of training activities that professional soccer
players are exposed to (Bourdon et al., 2017). Traditionally, this has been achieved through the
manipulation of four key components, being; the volume, intensity, duration, and type of exercise (Fry
et al., 1992; White et al., 2020). The ability to objectively measure the multifactorial determinants of
performance is fundamental for ensuring that training activities adequately mirror the requirements of
competition (Taylor et al., 2017; Weaving et al., 2017), which subsequently increases the prospect of
inducing beneficial training outcomes (Impellizzeri et al., 2005; Castellano et al., 2012). As such,
practitioners are progressively seeking contemporary methods for measuring players’ actions during

training and match-play. One approach involves attaching wearable microtechnology to various regions



on a player’s body. Notable examples of ‘wearables’ include microelectromechanical systems (MEMS)
mounted between the scapulae, that incorporate global positioning systems (GPS) and inertial
measurement unit (IMU) components, frequently combined with heart rate (HR) telemetry using a
chest-mounted belt, which permits the quantification of time-motion (e.g., total distance, high-speed
running distance) and physiological (e.g., percentage of maximal HR) parameters.

Although practitioners have utilised MEMS for many years (O’Reilly et al., 2018), the majority
(if not all) of these devices are located in the thoracic region (Barrett et al., 2014). However, the
consistent evolution of wearable technology has recently contributed to manufacturers exploring the
possibility of affixing devices to alternative anatomical locations (Waldron et al., 2020). Given the
pivotal role that soccer players’ feet play during technical performance, which is an indispensable
determinant of competition success (Castellano et al., 2012; Redwood-Brown et al., 2012), the advent
of a commercially available soccer-specific foot-mounted IMU appears intuitive. Implementation of
such devices would broaden scholarly understanding of the periodisation strategies used to manipulate
soccer players’ multidimensional training load (Wallace et al., 2014; Paul et al., 2015; Scott et al.,
2016a), potentially empowering practitioners to uncover otherwise hidden areas of potential
performance enhancement (McParland et al., 2020). Therefore, the overall purpose of this research
project, communicated by means of a written thesis, is to examine the efficacy and utility of a foot-
mounted IMU for measuring the frequency of technical actions performed during professional soccer

training.



Chapter 2:

Review of Literature



The notions of technical performance, and wearable microtechnology, are central to the aims of this
research project. Therefore, the aim of the following chapter is to establish familiarity with, and
critically discuss, previous research that has explored these constructs. The following review of
literature (Chapter 2) is presented in six main sections. After introducing technical performance
(Section 2.1.1), as one of the multifactorial demands of professional soccer (Section 2.1), several
investigations that have quantified technical actions in professional soccer match-play are discussed
(Section 2.2). Thereafter, the numerous methods of monitoring players’ technical performance are
appraised (Section 2.3), prior to examining the key components of professional soccer training (Section
2.4). Then, the prospect of using foot-mounted IMUs to quantify the frequency of technical actions
performed by professional soccer players during training is explored (Section 2.5), with Section 2.6
providing an overall summary which culminates in two specific aims of this research project being

established.

2.1. Multifactorial Demands of Professional Soccer
Professional soccer match-play has a high-intensity intermittent nature (Bradley et al., 2010),
characterised by momentary periods of maximal multidirectional movements (Varley & Aughey, 2013),
interspersed with longer periods of low-intensity activity (Bangsbo et al., 2006a). The acyclical activity
profile of professional soccer requires a variety of technical actions (e.g., ball touches, passes) to be
integrated within players’ locomotor performance (Turner & Stewart, 2014). Alongside the concurrent
tactical, physiological, and psychological requirements (Bangsbo et al., 2006b), this represents
competition demands that are largely multifactorial (Stelen et al., 2005; Dellal et al., 2012). Previous
research has demonstrated that the average EFL Championship player covers a total distance of
11,429.0 £ 816.0 m per match, with 803.0 £ 227.0 m being classified as high-speed running (19.8 - 25.1
km-h™) and 308.0 + 139.0 m categorised as sprinting (> 25.1 km-h™") (Bradley et al., 2013).

As well as the physiological demand of these movement patterns, players must contend with a
variety of non-locomotor requirements during match-play (Williams & Ward, 2007). For example,
players need to consider their individual positional roles in implementing the team’s tactical strategy

(Bush et al., 2015), such as executing a high-press to regain ball possession (Bradley & Ade, 2018),



while extracting relevant information from their environment to anticipate what actions teammates and
opponents may undertake (Ford et al., 2010). Furthermore, players are required to make appropriate
decisions to enact subsequent reactive and proactive behaviours (Williams et al., 2006), with such
perceptual-cognitive aspects illustrating the high psychological demands of competition (Krane &
Williams, 2006; Williams & Ford, 2008). Although these multiple factors of player performance are
interrelated, the key component of successful soccer performance is the ability to score more goals than
the opponent within the allotted time period (Lago, 2009; Redwood-Brown et al., 2012). Therefore,
professional soccer coaches frequently prioritise technical parameters during training sessions
(Morgans et al., 2014a), due to their ability to discriminate between winning, drawing, and losing during

competition (Castellano et al., 2012; Carling, 2013).

2.1.1. Technical Performance in Soccer

Technical (i.e., skill-related) performance in soccer has traditionally been described as the learned
ability to evoke pre-determined motor skills with maximal proficiency and minimal expenditure of time
and energy (Knapp, 1977). McMorris (2004), proposed that technical performance involves the
consistent production of learned, sport-specific, goal-oriented movements, which require the interaction
and application of cognitive, perceptual, and motor skills in a dynamic environment (Bate, 1996;
Williams, 2000). Various discrete technical actions represent important components of soccer
performance (Ali, 2011). For example, the ability to accurately pass the ball to a teammate is an essential
requirement for all players (Haaland & Hoff, 2003; Rostgaard et al., 2008), with the capacity to dribble
past an opponent being associated with talented players (Rosch et al., 2000). Regardless of their specific
position, the actions of tackling, heading, crossing, and shooting the ball are necessary competencies
that all players must frequently demonstrate (Zeederberg et al., 1996), which are often performed in a

sequential manner to achieve a desired performance indicator (e.g., shot on target) (Ali, 2011).

2.1.2. Performance Indicators
Technical performance is often evaluated using performance indicators, defined as the selection and

combination of action-related variables that describe aspects of performance (Hughes & Bartlett, 2002;



Taylor et al., 2010). Theoretically, performance indicators should explain match outcomes if they are
to provide worthwhile insights into player and team performance (Nevill et al., 2008), with previous
researchers (e.g., McGarry, 2009) suggesting that the match score itself may be considered as the
definitive indicator of successful performance. Practitioners have adopted ‘key’ performance indicators
as a means of distinguishing position specific indicators that head coaches may associate with success
according to their playing philosophy (Hughes et al., 2012; Wright et al., 2012; 2013). However, the
addition of this adjective has contributed to ambiguity surrounding the importance of some indicators
that are, rather, mere descriptors of performance (Hughes & Bartlett, 2002; O’Donoghue, 2013). To
combat such misconceptions, Butterworth et al. (2013), proposed that key performance indicators must
be objectively classified as paramount to success, with failure “vastly amplified” in their absence (p.
588). Whereas performance indicators are modifiable, at the discretion of a head coach, the importance
of key performance indicators means that they should remain consistent throughout activity, despite the
potential influence of situational variables (as discussed further in Section 2.2.1) (Butterworth et al.,

2013).

2.1.3. Performance Profiling
Research incorporating performance indicators is necessary for enabling technical performance in
soccer to be empirically measured (Parmar et al., 2018). The widespread use of performance indicators
by practitioners has enabled researchers to devise technical performance profiles, which describe
individual and/or team performance by collecting data pertaining to a multitude of indicators. By
quantifying the frequency of discrete technical actions performed during match-play, technical
performance profiles may help practitioners to prepare players for peak match demands, to enhance
task repetitiveness during training sessions and, potentially, to select appropriate players for a particular
match scenario (Liu et al., 2016; Gong et al., 2019).

There are two pertinent techniques for profiling technical performance available within the
literature. Each of these techniques (James et al., 2005; O’Donoghue, 2005), collates performance
indicators, with pre-determined validity and reliability, that are capable of displaying inter-positional

trends throughout a series of performances (Butterworth et al., 2013). Crucially, each technique utilises



confidence intervals (CI) to account for the variability in player performance, which is especially useful
for practitioners seeking to establish the degree of performance consistency when selecting between
two individuals for one playing position (Butterworth et al., 2013). Practitioners may also utilise CI to
determine whether a meaningful change has occurred, or whether performance variability could be a
result of measurement error (O’Donoghue, 2013). Performance profiling is beneficial for facilitating
the comparison of player data from a specific training session or match, or series of training sessions or
matches, against normative values gathered throughout longitudinal monitoring procedures (Akenhead
& Nassis, 2016; Rago et al., 2020). Indeed, athletes participating in many team sports (including
soccer), perceive performance profiling as useful for promoting self-awareness, enhancing motivation,
providing a basis for future goal setting, and evaluating progress over time (Weston et al., 2011),
suggesting that such performance enhancing initiatives are welcomed throughout professional sport.
The large financial incentive associated with success in professional soccer has contributed to
clubs employing copious methods (e.g., manual coding, third-party data providers, semi-automatic
multiple camera tracking systems), which are discussed in detail shortly (Section 2.3), for identifying
areas in which they can make marginal gains to yield substantial performance improvements
(McParland et al., 2020). Subsequently, the development of technical performance profiles throughout
professional soccer (see Section 2.2) has been the subject of numerous academic investigations (e.g.,
Dellal et al., 2011a; Liu et al., 2016; Aquino et al., 2017; Yi et al., 2019; 2020), providing researchers
and practitioners with an objective understanding of the inter-positional differences in players’ technical
actions during match-play in specific competitions. Much of the available literature concerning
technical performance in professional soccer features players competing in the four biggest European
domestic leagues (i.e., Spanish Primera Division, EPL, German Bundesliga and French Ligue Une)
(UEFA, 2020). Each of these competitions has traditionally been characterised by an idiosyncratic style
of play (Sarmento et al., 2013), attributed to the historical sociocultural differences that exist between
these countries (Sapp et al., 2018). For instance, Spanish Primera Divisién teams tend to emphasise
technical proficiency to maintain ball possession (Crolley et al., 2000), whilst EPL soccer features a
direct style of play with importance placed upon players’ physical attributes (e.g., strength, speed,

power) (Dellal et al., 2011a). Clubs competing in the German Bundesliga and French Ligue Une



typically employ stringent defensively-oriented tactical systems (Oberstone, 2011), requiring
physically adept players to exploit a counter-attacking style of play (Sapp et al., 2018). Yet, the playing
styles and tactical strategies observed throughout these competitions are thought to be evolving (Frick,
2007), due to the heightened frequency of player and coach migration between leagues (Littlewood et
al., 2011). For instance, FIFA (2019a) revealed that the highest number of intra-continental player
transfers (n = 8,108) was observed within leagues affiliated to UEFA, with such transfers commanding

76.2% of the total value of cumulative transfer fees worldwide (£4.22bn).

2.2. Technical Actions in Professional Soccer Match-Play

Several empirical investigations have sought to quantify not only the frequency of discrete technical
actions executed during professional soccer match-play (Rampinini et al., 2009; Dellal et al., 2011a;
Alberti et al., 2013; Liu et al., 2016; Yi et al., 2020), but also the degree of success associated with these
actions (Collet, 2013; Morgans et al., 2014b), and the location on the pitch that such actions are
performed (Taylor et al., 2010). Longitudinal research has revealed that the frequency of technical
actions executed by professional soccer players during match-play has increased over time. Explicitly,
a dataset comprising 22,846 individual player observations from the 2006/2007 to 2012/2013 EPL
seasons, unveiled that the frequency of ball touches and passes has risen, by 10.5% and 39.9%
respectively, over seven consecutive seasons (Barnes et al., 2014). Bush et al. (2015) furthered Barnes
and colleagues’ (2014) work, by attributing much of the increase to players who occupy central
positions (effect size [ES] = 0.9, moderate). That is, the frequency of passes executed by central
defenders ([CD], %™ = ~70.0, p < 0.001) and central midfielders ([(CM], (%™ = ~50.0, p < 0.001)
elevated significantly over this time, with wide defenders (WD), wide midfielders (WM) and strikers
(ST), exhibiting small increases (%™ = ~25.0, p <0.001, ES = 0.5). This increase may be attributed to
heightened intra-continental player and coach migration, and subsequent playing philosophy
transformations (Sarmento et al., 2013), with the proportion of EPL head coaches coming from overseas

increasing by 175.0% during this seven-year period (EPL, 2021). Moreover, retrospective analyses of

44 FIFA World Cup competitions have revealed statistically significant increases in passing rate (X4
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= 35.4%, p < 0.001) and ball speed (X= 15.0%, p = 0.029) between 1966 and 2010 (Wallace &
Norton, 2014). Given that the Laws of the Game (International Football Association Board [[FAB],
2020) have generally remained unchanged throughout these time periods (FIFA, 2015), these findings
collectively demonstrate that the demands of professional soccer match-play have evolved (Norton &
Olds, 2001). This evolution has highlighted the requirement for the modern player to possess sufficient
technical proficiency to be successful in competition (Ali et al., 2007; Frencken et al., 2011).
Considering the historical idiosyncrasies associated with each of the four biggest European
domestic leagues (Sarmento et al., 2013; Sapp et al., 2018), Dellal et al. (2011a), constructed a technical
performance profile that established inter-positional differences (Butterworth et al., 2013) in the
frequency of technical actions performed by players during 600 fixtures in the Spanish Primera Division
and EPL. However, only one performance indicator (ball touches) referred to the frequency of a discrete
action that involved only one player at any one time. The remaining indicators either expressed technical
actions as a function of time (e.g., duration of ball possession), incorporated a measure of outcome
success (e.g., percentage of successful aerial duels), or classified technical actions according to the
direction in which they were performed (e.g., passes towards the opponent’s goal). Further, Dellal et al.
(2011a), failed to provide operational definitions of the examined performance indicators, leaving
equivocal variables such as ‘duels’ open to interpretation. Concerns regarding the lack of transparency
(Mackenzie & Cushion, 2013; Carling et al., 2014), lack of consensus (Williams, 2012), and consistent
omission of comprehensive operational definitions (Sarmento et al., 2014) have been raised throughout
the literature, limiting the potential repeatability of ensuing research (Bradley & Ade, 2018).
Nevertheless, reporting the frequency of ball touches performed is relatively unambiguous
(O’Donoghue, 2007; 2010), and therefore, facilitates the comparison of this performance indicator
throughout various studies (Russell et al., 2016). Accordingly, inter-positional differences in the
frequency of ball touches performed by professional soccer players in the Spanish Primera Division (n

=1,896) and EPL (n = 4,042) are displayed by Table 2.1.
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Table 2.1: A summary of the inter-positional differences in the frequency of ball touches performed by professional soccer players during match-play in the

Spanish Primera Division and EPL (Dellal et al., 2011a). Data are presented as mean + standard deviation (SD).

Playing Position
Mean + SD
Performance CD WD CM WM ST
Indicator
Primera Division EPL Primera Division EPL Primera Division EPL Primera Division EPL Primera Division EPL Primera Division EPL
(n=624) (n=1,704) (n=212) (n=132) (n=698) (n=1,432) (n=100) (n=150) (n=262) (n=724) (n=1,896) (n=4,042)
Ball Touches (f) 43.4+9.7 41.2+10.1 54.4+£10.7 ** 589+8.9 573+£95%* 552+89 553+9.7 56.2+8.9 41.5+7.2 43.0+7.6 2519+7.3 254.5+82

N.B. * = statistically significant difference (p < 0.005) between competition. ** = statistically significant difference (p < 0.001) between competition. SD = standard

deviation. EPL = English Premier League. CD = central defenders. WD = wide defenders. CM = central midfielders. WM = wide midfielders. ST = strikers.
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A myriad of investigations have sought to examine the differences in players’ technical actions
between the aforementioned European domestic competitions (e.g., Dellal et al., 2011a; Oberstone,
2011; Alberti et al., 2013; Collet, 2013; Lago-Peiias et al., 2016; Sapp et al., 2018). However, whilst
some studies have utilised third-party data providers ([see Section 2.3.2], Lago-Pefias et al., 2016) or
semi-automatic multiple camera tracking systems ([as discussed in Section 2.3.3], Dellal et al., 2011a)
to measure technical performance, others have relied upon official competition resources ([e.g.,
www.premierleague.com], Alberti et al., 2013) or publicly available online databases ([e.g.,
www.whoscored.com], Sapp et al., 2018). As discussed further in Section 5.3, methodological concerns
regarding inconsistent methods of data collection and statistical analysis have limited the comparability
of previous research (Yi et al., 2019). Therefore, the standardised method of quantifying technical
performance during UEFA Champions League match-play, which is an inter-league competition
contested between top division clubs throughout Europe, represents an efficacious source of data for
scientific study. Subsequently, the work of Yi and colleagues’ research group has provided a
contemporary understanding of the frequency of technical actions performed by professional players at
the pinnacle of European soccer.

In the first of two studies examining more than 1,000 UEFA Champions League fixtures over
an 8-season period, Yi et al. (2019), used generalised mixed linear modelling to quantify the differences
in players’ technical actions from the four prominent European leagues during UEFA Champions
League match-play. As displayed below (Table 2.2), players from each of these domestic competitions
typically performed 61.5 = 20.8 ball touches, 44.3 + 19.2 passes, 1.1 = 2.6 crosses, 1.0 £ 1.5 shots and
1.5 £ 2.2 clearances per match. Using the term ‘releases’, adapted from the term ‘distributions’
previously applied within the literature to describe the cumulative total number of passes, crosses, shots
and clearances performed (Russell et al., 2013; Harper et al., 2014), this equates to each player

executing 48.0 + 25.5 releases per match.
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Table 2.2: A summary of the frequency of technical actions performed by players from four prominent European domestic leagues during UEFA Champions

League match-play (Yi et al., 2019). Data are presented as mean £ SD.

Domestic League Competition

Perfo_rmance Mean + SD
Indicator
Primera Divisién (n = 2,597) EPL (n =2,303) Bundesliga (n = 2,021) Ligue Une (n = 1,356)

Ball Touches (f) 61.6+20.8 61.3+£20.7 62.3+£21.0 60.6 +20.6 61.5+20.8

Passes (f) 449+194 43.9+19.1 45.6+19.6 42.9+18.8 443+£19.2
Crosses (f) 1.0+£2.5 1.0+2.5 1.2+£2.7 1.3+2.8 1.1+£2.6
Shots (f) 1.0+£14 09+14 1.2+1.6 1.0+1.5 1.0+£1.5
Clearances (f) 1.5+£22 1.6+£22 1.5£22 1.5+2.1 1.5+£22

Releases (f) 48.4+£255 474+£252 49.4+26.0 46.6 £25.2 48.0+£25.5

N.B. SD = standard deviation. EPL = English Premier League.
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2.2.1. Effect of Situational Variables

A situational variable encompasses any extraneous variable that impacts player performance at a
behavioural level (Gomez-Ruano et al., 2013). Due to the complex and highly dynamic nature of
professional soccer (Liu et al., 2015), match performance cannot be generalised in all contexts.
Therefore, the frequency of technical actions executed during match-play may be influenced by
multiple modifiable and non-modifiable contextual (e.g., fixture schedule, season phase) and
environmental (e.g., altitude, temperature) variables (Trewin et al., 2017; Impellizzeri et al., 2019;
Stodter & Cushion, 2019). The inclusion of situational variables when devising technical performance
profiles reveals further detail surrounding players’ match behaviours (McGarry, 2009; Bradley et al.,
2014), by providing additional information regarding the nature of competition at any given time
(Dalton-Barron et al., 2020). Trewin and colleagues’ (2017), suggested that both types of situational
variable may impact player performance, with their exclusion during performance profiling yielding a
one-dimensional view of a match (Paul et al., 2015). Situational variables might be deemed important
when considering the relatively low-scoring nature of soccer, and lack of control over match
fluctuations compared with other invasion games (e.g., basketball, netball), whereby practitioners are
able to influence match momentum by utilising strategic time-outs (Wright et al., 2014).

Previous research that has examined the influence of situational variables on players’ technical
performance during match-play typically incorporates the creation of a technical performance profile
(Liuetal., 2016; Yi et al., 2020). Such investigations enhance scholarly understanding of the frequency
of technical actions executed by professional soccer players during match-play. Therefore, inter-
positional differences in the frequency of technical actions performed during 380 Spanish Primera
Division matches that took place during the 2012/2013 season are displayed by Table 2.3 (Liu et al.,

2016).
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Table 2.3: A summary of the inter-positional differences in the frequency of technical actions performed by professional soccer players during Spanish Primera

Division match-play (Liu et al., 2016). Data are presented as mean = SD.

Performance
Indicator

Playing Position

Mean + SD

CD (n=1,393) WD (n = 1,289)

CM (n = 1,398)

WM (n = 676)

Ball Touches (f)

Passes (f)

Crosses (f)

Shots (f)

Clearances (f)

Releases (f)

72.50+ 24.0

57.5+24.0

1.7£2.7

1.1+£1.2

1.5+£1.8

61.8+£29.6

60.7 £ 18.8

413+£173

22+23

1.7+14

26+2.0

47.9+£23.1

N.B. SD = standard deviation. CD = central defenders. WD = wide defenders. CM = central midfielders. WM = wide midfielders.
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Further to their work published in 2019, Yi et al. (2020), devised a performance profile that
considered the effects of three situational variables (i.e., match outcome, qualification status, match
location) on the inter-positional differences in the frequency of technical actions performed during the
group and knock-out stages of the UEFA Champions League. This investigation failed to report the
statistical magnitude of these inter-positional differences prior to considering the influence of the
previously specified contextual variables. Yet, the longitudinal dataset provided by Yi et al. (2020),
contributes the most contemporary understanding of the frequency of technical actions executed during
professional soccer match-play to date, serving as a useful resource for evidence-based practitioners to
refer to when prescribing training activities. As displayed by Table 2.4, CM typically performed more
ball touches, and cumulative releases (Russell et al., 2013; Harper et al., 2014), than all other playing
positions during match-play. Specifically, players who occupied this position executed more ball
touches than CD (XY= 6.4), WD (X“T= 6.5), WM (X“f= 12.8) and ST (X¥= 15.9). Further, CM

performed more releases than CD (X4= 4.4), WD (X“=7.0), WM (X“=11.3) and ST (X¥= 17.0).
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Table 2.4: A summary of the inter-positional differences in the frequency of technical actions performed during UEFA Champions League match-play (Yi et

al., 2020). Data are presented as mean = SD.

Playing Position

Pei;fgil'cl;lz)l;ce Mean + SD
CD (n=3,632) WD (n = 3,429) CM (n =4,044) WM (n = 1,565) ST (n=1,767)

Ball Touches (f) 61.5+£20.5 61.4+18.7 67.9+23.2 58.2+£20.8 52.1+£20.3 60.2 £20.7
Passes (f) 47.5+20.7 444+17.0 532+229 41.0+19.3 353+16.8 443+19.3
Crosses (f) 0.8+1.9 2.5+2.7 1.5+£25 2.6+£3.0 23+29 1.9+26
Shots (f) 0.6+0.9 0.5+0.8 1.2+£1.5 1.9+1.7 29+20 14+14

Clearances (f) 47+£35 35+2.8 2.0+2.8 1.1+1.6 0.6+0.9 24423
Releases (f) 53.6+27.0 51.0+£234 57.9+29.5 46.6 £25.7 41.0+£22.7 50.1 £25.7

N.B. SD = standard deviation. CD = central defenders. WD = wide defenders. CM = central midfielders. WM = wide midfielders. ST = strikers.
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2.2.2. Effect of Neuromuscular Fatigue

Laboratory and field-based soccer simulation protocols have been validated for replicating multiple
performance metrics observed during match-play (Stone et al., 2011; Robineau et al., 2012; Page et al.,
2015). Researchers have utilised such protocols to consistently demonstrate the detrimental impact of
neuromuscular fatigue on indices of technical performance. For instance, Russell et al. (2011) observed
fatigue-related decrements to the shooting accuracy (%% =-25.5, p = 0.035) and passing speed (X4f=
0.8 m's”, p = 0.039) of EFL Championship soccer players following an adapted 90-minute version of
the Loughborough Intermittent Shuttle Test (Nicholas et al., 2000). This was analogous with the
findings of Stone and Oliver (2009), who reported significant reductions to semi-professional players’
dribbling time (%™ = 4.5, p = 0.009) and shooting accuracy (X“=-7.6 au, p = 0.012) as a result of 45
minutes of the same soccer-specific exercise protocol (Nicholas et al., 2000). Moreover, similar

protocols have hindered players’ maximal shank angular velocity and resultant ball velocity (X¥=-2.9
m-s”, p <0.001) (Kellis et al., 2006), as well as maximal ball velocity (n*=-0.39, p < 0.005) (Ferraz et
al., 2019), which potentially reduces players’ chances of scoring by giving goalkeepers more time to
react to a slower moving ball (Dorge et al., 2002). Such findings likely relate to the mechanics of a
soccer kick. That is, the repeated eccentric contractions, and rapid eccentric-to-concentric transfer,
required during kicking, promotes structural muscular damage and inflammation (Guex & Millet,
2013). In particular, the backswing phase of a soccer kick requires a high-force eccentric contraction of
the knee extensors (Brophy et el., 2007) to decelerate knee flexion and initiate the forward swing phase
(Orchard et al., 1999).

Previous research that has investigated the effect of neuromuscular fatigue on indices of
technical performance has required the use of complex, laborious, and expensive laboratory-based
methods (Waldron & Highton, 2014). For example, Russell and colleagues (2011), used advanced
motion capture methods, which comprised eight semi-fixed cameras sampling at 100 Hz recording the
position of 18 body-worn optical markers, to measure the three outcome variables of precision,
percentage success, and mean ball speed. Although the specific number of data points analysed was not

stated, the complicated methods used to determine these variables (as described in detail by Russell et
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al. [2010]) required intricate synchronisation and digitisation of video footage. Further, Stone and
Oliver (2009) determined players’ dribbling ability using a laser timing gate system, with shooting
accuracy ascertained through nine players collectively performing in excess of 900 repetitions of the
Loughborough Soccer Shooting Test (Ali et al., 2007). Kellis et al. (2006), conducted their three-
dimensional kinematic analyses using two video cameras that tracked the location of 12 anatomical
markers, and two ball-mounted markers, whilst Ferraz et al. (2019) quantified ball velocity using a
hand-held Doppler radar speed gun. Such sophisticated methods are generally unavailable outside of
the laboratory, leaving the fast working professional soccer practitioners unable to longitudinally
monitor the impact of neuromuscular fatigue on players’ technical performance (Coutts, 2016; Malone
et al., 2019). In this setting, practitioners may benefit from more automotive wearable technologies that

facilitate field-based data collection in a timely manner (see Section 2.5).

2.3. Monitoring Technical Performance in Professional Soccer Match-Play
The evident longitudinal increases in the frequency of technical actions executed by professional soccer
players during match-play (Section 2.2) (Barnes et al., 2014, Bush et al., 2015) has emphasised the
requirement for practitioners to accurately quantify technical performance (Hughes & Franks, 2004).
In this context, notational analysis has been described as an objective method of recording player
performance, allowing the key elements of performance to be quantified in a consistently valid and
reliable manner (Nevill et al., 2008). Sitting alongside time-motion analysis, under the performance
analysis umbrella (Mackenzie & Cushion, 2013; Sarmento et al., 2014), notational analysis has
traditionally focussed upon the systematic observation of technical-related facets of player performance
that occur in their natural context (i.e., match-play) (O’Donoghue & Mayes, 2013; Sampaio & Leite,
2013). Notational analysis quantitatively records the frequency of specific technical actions performed
(Taylor et al., 2008), which tends to incorporate a qualitative appraisal of the effectiveness of such
actions (Carling et al., 2005).

During a historical review of the development and progression of literature published in the
field of sports science over a 25-year period, Nevill et al. (2008) noted a substantial upsurge in the

application of performance analysis in numerous sports around the 1980s (e.g., Reilly, 1976; Sanderson
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& May, 1977; Sanderson, 1983). Previously, both performance analysis research and practice involved
the handwritten formalisation of movement (i.e., hand notational analysis) (Hughes & Franks, 2004).
However, despite early attempts to quantify player performance during invasion games (e.g.,
Messersmith & Corey, 1931; Reep & Benjamin, 1968), the expansion of performance analysis was
concomitant with the development of audio-visual and information technologies (David, 2005), such as
the widespread use of portable video cameras and computers (Teschke et al., 2009), alongside the initial
publication of the Journal of Sports Sciences (Nevill et al., 2008). Having been accepted as a legitimate
sub-discipline by the British Association of Sport and Exercise Sciences in 1988, and with the advent
of'a dedicated professional body (i.e., International Society of Performance Analysis of Sport) alongside
the introduction of global conferences (e.g., World Congress of Performance Analysis in Sport) and
specialised scientific journals (e.g., International Journal of Performance Analysis in Sport),
performance analysis has gained a prominent place in the scientific literature (Sarmento et al., 2014)
and is presently viewed as an important part of the multidisciplinary sports science service available to
support players and head coaches (Butterworth et al., 2013; Halson et al., 2019).

Previous research has sought to address both the applied and theoretical perspectives of
performance analysis (McGarry, 2009), the role that a performance analyst undertakes in professional
soccer (Wright et al., 2013), player and head coach engagement (Wright et al., 2016) and perceptions
of the discipline (Reeves & Roberts, 2013; Francis & Jones, 2014; Nelson et al., 2014), and the coach-
analyst relationship (Bateman & Jones, 2019). From a theoretical standpoint, the overriding purpose of
performance analysis is to provide accurate supplementary information to key stakeholders by gathering
an objective audit of the behaviours performed during sports performance (McGarry, 2009).
Consequently, much of the role of the performance analyst working in professional soccer involves
monitoring players’ technical performance according to an abundance of pre-determined performance
indicators (Section 2.1.2) (Hughes et al., 2001). Given the aforementioned technological advancements
that have occurred over recent decades, performance analysts have utilised a number of approaches for
quantifying the frequency of technical actions executed during match-play. Each of these approaches
has distinct considerations regarding their benefits, drawbacks, validity, reliability, availability, and

financial feasibility, which are discussed in detail throughout the forthcoming sections.
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2.3.1. Manual Coding

2.3.1.1. Overview

The manual coding of video footage (i.e., computerised notational analysis) has been described as the
process by which a performance analyst may utilise electronic software to physically highlight the
frequency of specific actions that occur during a match (Wright et al., 2013). There are many examples
of software packages that performance analysts may utilise to monitor technical performance during
match-play (e.g., Fulcrum Angles, Dartfish, Nacsport) (Robertson, 2020). However, 59.0% and 87.5%
of the respective samples of Wright et al. (2012) and Wright et al. (2013) identified SportsCode as their
most widely used software package, contributing to this programme featuring heavily throughout
academic investigations concerning the validity and reliability of manual coding as a method of
measuring technical performance (Reed & Hughes, 2006; Gonzalez-Garcia et al., 2016; Francis et al.,
2019). Notwithstanding the specific software package used, this approach provides stakeholders with a
wealth of descriptive data that typically pertains to four of the six traditional ‘servants’ purported by
Kipling (1902). That is, manual coding by a human performance analyst enables the ‘who?’ (i.e., the
player(s) involved), ‘what?’ (i.e., the specific type, and outcome, of the action performed), ‘where?’
(i.e., the location on the pitch that the action occurred), and ‘when?’ (i.e., the time during an activity
that the action took place) to be established.

Manual coding is a relatively inexpensive method of quantifying technical performance, that is
available in both the training and competition environments. The comprehensive dataset yielded
through manual coding provides head coaches with an abundance of feedback upon which to make
informed decisions regarding the nature of training activities or team preparation (O’Donoghue, 2007).
However, given that objective feedback plays an important role during the process of performance
improvement (Nelson & Groom, 2012), it is crucial that the data collected through manual coding is
consistently valid and reliable (Nevill et al., 2008). The analytical goal of achieving between 80.0% -
85.0% inter- and intra-operator reliability has been historically accepted (Van Der Mars, 1989). Yet, in
light of the contemporary technological advancements that are discussed shortly, such thresholds may

now be considered statistical artefacts.
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2.3.1.2. Validity and Reliability

The use of manual coding as a method of measuring the frequency of technical actions performed should
always be preceded by an examination of the validity and reliability of the individual(s) responsible for
collecting the required data (O’Donoghue, 2007). As such, the International Journal of Performance
Analysis in Sport have stipulated this as an essential requirement for original research articles to be
considered for publication, enabling researchers and practitioners to interpret the results of a given
investigation with an appreciation of the associated measurement error (O’Donoghue, 2007). This
requirement has contributed to previous research demonstrating that manual data collection through
computerised coding can provide an efficacious method of measuring the frequency of technical actions
performed during match-play in many sports (Gonzalez-Garcia et al., 2016; Francis et al., 2019; Gong
etal.,2019). For instance, Gonzalez-Garcia et al. (2016), reported very good agreement (Cohen’s Kappa
[K] = 0.85 - 0.96) (Altman, 1991; Viera & Garrett, 2005; O’Donoghue, 2010) between four
performance analysis system operators, with low overall typical error of measurement (TEM) values of
between 0.1% - 0.2%. Moreover, Francis et al. (2019), noted very good agreement (K = 0.98 - 1.00)
and low TEM values (0.0% - 1.5%) between two system operators, with those examined by Gong et al.
(2019) displaying very good intra-operator (K = 0.89 - 0.97) and inter-operator (K = 0.87 - 0.93)
agreement combined with low TEM values (0.0% - 0.3%). These investigations collectively
demonstrate that manual coding by a human performance analyst, using the specific data collection
instrument during each respective study, can possess sufficient validity and reliability for quantifying
the frequency of technical actions performed in various sporting scenarios. However, a clear, well-
designed, performance analysis instrument (see Figure 2.1 for a soccer-specific example), accompanied
by precise operational definitions, is required to facilitate straightforward data collection and

subsequent practical applications of manual coding (Gong et al., 2019).
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Figure 2.1: An exemplar soccer-specific performance analysis instrument used to manually code the
frequency, pitch location, and outcome of six possession-related performance indicators (adapted from

O’Donoghue & Holmes, 2015).

A common theme throughout these studies is the degree of experience required for system
operators to achieve sufficient validity and reliability. The operators investigated by Gonzalez-Garcia
et al. (2016), possessed 14.69 + 1.92 years of playing experience prior to their 4.64 + 4.04 years of
coaching experience, and underwent an extensive 12-hour training regime to become familiar with the
data collection instrument prior to the study. Those examined by Francis et al. (2019), had 19.33 £ 0.58
years of coaching experience, with a similar familiarisation period of 10 hours preceding the
investigation. Despite possessing comparably less experience (X=1.75 + 0.29 years) than prior studies,
Gong et al. (2019) described their system operators as well-trained, with it being suggested that those

responsible for manual coding must undergo systematic and consistent practice, using the required
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performance analysis instrument (O’Donoghue, 2010), to diminish the potential for human error
adversely impacting the validity and reliability of the data collected through this method. Reporting
data which may contain human measurement error, which is one of the seven historical scientific
dishonesties (Thomas & Nelson, 1996), risks key stakeholders making flawed decisions regarding
training strategies or team preparation based on potentially erroneous findings (O’Donoghue, 2007;

Reeves & Roberts, 2013).

2.3.1.3. Considerations

The main issue associated with the manual coding of video footage by a performance analyst is the
significant amount of human resources required to produce such a detailed dataset (Nelson & Groom,
2012), in a timely manner (Carling et al., 2014; Robertson, 2020), that is consistently valid and reliable
(O’Donoghue, 2007; Nevill et al., 2008). The aforementioned system operators collectively possessed
a mean of 13.47 + 0.95 years of experience, alongside extensive training regimes, in order to attain
acceptable levels of validity and reliability (Gonzalez-Garcia et al., 2016; Francis et al., 2019; Gong et
al., 2019). Moreover, a high proportion (n = 9, 28.1%) of Wright and colleagues’ (2013) sample of
practitioners working in professional soccer reported spending more than six hours to complete their
post-match analyses. Within a typical training week, practitioners must also allocate time to conduct
post-match feedback sessions (n = 39, 81.3%), pre-match opposition analysis (n = 38, 79.2%), and live
within-match analysis (n = 38, 79.2%) (Wright et al., 2013). Given that insufficient human resources
are a substantial barrier to effective player monitoring procedures (Akenhead & Nassis, 2016),
outsourcing the process of manual coding to third-party data providers (Section 2.3.2) or investing in
state-of-the-art camera systems (as discussed in Section 2.3.3) and/or wearable microtechnology
(Section 2.3.4) may be practically advantageous for practitioners working in the demanding

environment of professional soccer (Bourdon et al., 2017).
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2.3.2. Third-Party Data Providers

2.3.2.1. Overview

Third-party sports data providers present organisations with an alternative method to relying on manual
data collection by performance analysts to quantify technical performance. There are numerous
companies (e.g., InStat, StatsBomb, STATS Perform, Wyscout) who collect, analyse, and distribute
data relating to copious performance indicators (Liu et al., 2013). Founded in 1996 and now described
as a “media powerhouse” (Frodl, 2015, p. 61), OPTA Sports are the largest private data provider
available to broadcasters, governing bodies, and professional clubs across more than 40 sports
worldwide (Yarrow & Kranke, 2016). To extend their performance analysis provision, elite soccer clubs
tend to employ dedicated data specialists, often with atypical backgrounds in sectors such as
mathematics and theoretical physics, to embark upon focussed match analysis (Lewis, 2014). Indeed,
OPTA Sports was identified as the second-most widely used tool that 32.0% of 46 experienced soccer
coaches noted as having access to (Wright et al., 2012). The data provided by OPTA Sports has been
central to academic investigations concerning players’ technical performance during match-play (e.g.,
Oberstone, 2009; 2010; 2011; Liu et al., 2016; Yi et al., 2019; 2020; Errekagorri et al., 2020). However,
an understanding of the validity and reliability of OPTA Sports is required for the data to be used with
assurance by practitioners working in soccer clubs that devote significant financial resources by

subscribing to the provider (O’Donoghue, 2007).

2.3.2.2. Validity and Reliability

Given the evident popularity and diverse demographic of OPTA Sports’ clientele, it might be
considered surprising that just one study has challenged the efficacy of the data provided by the
company. Liu et al. (2013), undertook the only independent examination of the validity and reliability
of the performance analysis instrument, known as OPTA Client System, used by OPTA Sports’
performance analysts to quantify players’ technical actions during match-play. This investigation
involved four well-trained operators (X = 2.13 + 0.85 years of experience), who had undertaken a
‘rigorous’ familiarisation regime, to independently code technical actions from just one Spanish

Primera Division fixture. This study revealed that the four independent operators agreed upon 1,509
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technical actions performed by outfield players (K = 0.92 - 0.94), and 95 technical actions executed by
goalkeepers (K =0.86 - 0.92), resulting in low TEM values of between 0.1% - 0.2%. Given the absence
of subsequent investigations that may oppose Liu and colleagues’ (2013) findings, the OPTA Client
System may be cautiously considered a valid and reliable method of quantifying the frequency of

technical actions performed during professional soccer match-play (Liu et al., 2013).

2.3.2.3. Considerations

Third-party sports data providers are an expensive method of measuring technical performance. For
example, a basic package of OPTA Sports’ services, granting access to data from only one European
domestic competition, requires a minimum annual subscription fee of £12,000 (OPTA Sports, 2017).
Comprehensive packages encompassing 20 competitions demand a significant financial commitment
of up to £81,500 per annum (OPTA Sports, 2017); figures likely to have risen over the previous four
years. Such monetary obligations may be simply unfeasible for many professional clubs (O’Reilly et
al., 2018), especially in the EFL, given the dwindling annual revenues procured when competing lower
down the English soccer pyramid (Deloitte, 2020).

Practitioners working in professional sport recently identified “immediate” and “time-efficient”
feedback as important prerequisites of player monitoring procedures (Starling & Lambert, 2018, p.
781). However, technical performance insights provided by OPTA Sports are subject to a 24-hour
process of quality control, whereby the in-stadium data collection is checked by criterion data analysts
located in offices worldwide (OPTA, 2021). This may reduce the usefulness of this method, with some
professional soccer players also preferring to receive objective post-match feedback immediately to
inform their post-match reflection (Wright et al., 2016). By providing objective post-match feedback
promptly, at the point at which an individual’s recollection of their performance may be clearest
(McArdle et al., 2010), players are not afforded the time to dwell on potentially poor performances
(Wright et al., 2016). This enables their attention to be placed upon the next opponent as soon as
possible (Carling et al., 2014), something particularly important at the professional level, given the
limited time in which players are required to complete pre-match opposition analysis during periods of

fixture congestion (Wright et al., 2013; 2014; Morgans et al., 2014b). Therefore, practitioners may seek
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alternative methods of monitoring technical performance during professional soccer match-play, such

as that discussed shortly (Section 2.3.3), which does not entail such delays.

2.3.3. Semi-Automatic Multiple Camera Tracking Systems

2.3.3.1. Overview

The use of semi-automatic multiple camera tracking systems has evolved considerably since Van Gool
etal. (1988) pioneered this method in the sporting environment more than 30 years ago. Now considered
a sophisticated means of quantifying player performance (Castellano et al., 2014), substantial
technological developments have enabled computer-aided technologies to concurrently track the
movements of soccer players, match officials, and the soccer ball to measure plenteous time-motion,
technical, and tactical parameters (Carling et al., 2012). Consequently, the introduction of such
technology has equipped practitioners with large volumes of data, in timescales unrivalled by previous
monitoring methods, providing head coaches with the potential to refine the training process (Castellano
etal., 2012; Drust, 2019).

The amalgamation of the two prominent suppliers of this technology (Amisco Pro® and
ProZone Sports®™) in 2011, to form a “global industry leader in sports data and performance analytics”
(Frodl, 2015, p. 61), has resulted in semi-automatic multiple camera tracking systems being installed at
the stadia of all 20 EPL clubs, as well as countless venues worldwide (Taberner et al., 2020).
Subsequently, researchers have utilised these systems throughout the literature examining time-motion
(e.g., Abt & Lovell, 2009; Di Salvo et al., 2009; 2010; Carling et al., 2010; 2011; 2012; Di Mascio &
Bradley, 2013; Anderson et al., 2015; 2016; Carling et al., 2016; Chmura et al., 2017), technical (e.g.,
Taylor et al., 2008; Lago, 2009; Russell et al., 2013), and the interaction between time-motion and
technical parameters (e.g., Dellal et al., 2010; 2011a; 2013; Barnes et al., 2014; Morgans et al., 2014b;
Bush et al., 2015; Ade et al., 2016) during match-play. A ProZone® system requires eight stable
synchronised cameras, sampling at a rate of 25 Hz, to be permanently installed in optimally calculated

positions at the top of soccer stadia (Randers et al., 2010; Fradua et al., 2013). As depicted by Figure
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2.2 below, these eight cameras are positioned to ensure that each pitch location is covered by two

camera angles for accuracy, resolution, and to protect against occlusion (Di Salvo et al., 2006).
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Figure 2.2: A schematic of the position and pitch coverage provided by eight stable synchronised

cameras, installed at Manchester United’s Old Trafford stadium, that comprise a ProZone® semi-

automatic multiple camera tracking system (adapted from Di Salvo et al., 2006).

2.3.3.2. Validity and Reliability
Many studies have sought to establish the validity and reliability associated with both Amisco Pro®

(Zubillaga et al., 2009; Randers et al., 2010) and ProZone® (Bradley et al., 2007; 2010; Di Salvo et al.,
2006; 2009; Harley et al., 2011) technologies. However, the majority of these studies focussed upon
time-motion variables, such as comparing ProZone® data with timing gate recordings during different
running tasks (Di Salvo et al., 2006), or comparing these systems with MEMS (Randers et al., 2010;

Harley et al., 2011). A review of the published literature, which utilises such systems (Castellano et al.,
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2011), identified only one study that provides evidence in support of manufacturers’ claims regarding
their validity and reliability for measuring technical actions (Edgecomb & Norton, 2006). That is,
Bradley et al. (2007) compared the data gathered by 14 independent ProZone® system observers during
one EPL match in the 2006/2007 season. This investigation reported that 2,552 events from the match
were correctly identified by ProZone® observers which, alongside the low TEM of < 0.01 s for event
time and 3.6 m for event location, resulted in very good validity and reliability for measuring the
frequency (K = 0.99), and player(s) involved (K = 0.99), in technical actions performed during match-

play (Bradley et al., 2007).

2.3.3.3. Considerations
Although semi-automatic multiple camera tracking systems may alleviate concerns related to human
resources (Wright et al., 2013; Carling et al., 2014; Akenhead & Nassis, 2016; Bourdon et al., 2017),
and provide key stakeholders with feedback in a time-efficient manner (Wright et al., 2016; Starling &
Lambert, 2018), this method of measuring technical performance is not without limitation. As described
in detail by Di Salvo et al. (2006), these systems require an intricate arrangement of high-specification
computer equipment to synchronise and filter the data captured by eight separate cameras into one
exportable dataset, obligating a significant financial investment from organisations (Castellano et al.,
2014; Lago-Pefias & Sampaio, 2015). For clubs below the top division of English soccer, who may
perceive inexpensive as a desirable prerequisite of a player monitoring system (Starling & Lambert,
2018), the cost of these systems can be presumed as a barrier to their implementation (Brink et al., 2018;
Deloitte, 2020). This has likely contributed to the relatively low proportion of practitioners reporting
access to Amisco Pro® (X = 27.1%) and ProZone® (X = 35.4%) technologies (Wright et al., 2013). The
subsequent lack of systematic coverage throughout soccer clubs has led to inconsistencies in the data
available at different levels of the English soccer pyramid (Drust, 2019), limiting the potential for
research comparing player performance across the domestic leagues in England.

The eight semi-automatic cameras that comprise these tracking systems are positioned around
the roof of soccer stadia which, in the EPL, is generally at a towering height. However, with most EFL

stadia typically being considerably smaller, such as AFC Wimbledon’s Plough Lane stadium reaching
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just 12.5 m, clubs competing at this level may lack the height required to prevent occlusion and utilise
these systems effectively (Di Salvo et al., 2006; Rein & Memmert, 2016). Moreover, with the exception
of some ultra-modern facilities in England, such as the Academy Stadium situated at Manchester City’s
Etihad Campus, the training centres of English soccer clubs also fail to possess the necessary
infrastructure to facilitate the implementation of semi-automatic multiple camera tracking systems in
this environment (Buchheit & Simpson, 2017). This may present a complication for practitioners, in
considering the problematic nature of quantifying performance with different systems in different

environments (see Section 5.3) (Buchheit et al., 2014b; Taberner et al., 2020).

2.3.4. Microelectromechanical Systems

2.3.4.1. Overview

The previous 20 years has seen a substantial increase in the use of wearable microtechnology for
monitoring professional soccer player performance during training and match-play (Zhou et al., 2016;
Malone et al., 2020). Now, the use of MEMS has provided key stakeholders with access to more
information regarding player performance than ever before (Cummins et al., 2013; Coutts, 2014a;
Bartlett et al., 2017). The widespread acceptance of wearables has also contributed to an exponential
rise in original research articles using such technology available in PubMed between 2001 and 2018
(%™ =4,433.3) (Malone et al., 2020). Such devices collect data pertaining to an array of variables, with
the most appropriate variables directly relating to the competition demands of a particular sport
(Impellizzeri et al., 2019). Consequently, those tasked with monitoring player performance must
carefully select suitable metrics that answer the questions of key stakeholders (Buchheit, 2017a), by
considering how players’ data will be consistently collected, the potential limitations of certain
variables, and how this data will be effectively communicated (Thornton et al., 2019; Nosek et al.,
2021). Monitoring performance using MEMS permits decisions concerning player preparation to be
made objectively (Malone et al., 2017; Rago et al., 2020), and enables the simultaneous assessment and
manipulation of training activities (Barrett, 2017; Weaving et al., 2017). This process is important for

arranging training stimuli that promote physiological adaptations, whilst limiting the risk of injury
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(Colby et al., 2014) and, therefore, enhances the likelihood of eliciting favourable training outcomes,
such as improvements in physical qualities or technical proficiency (Impellizzeri et al., 2005).

Practitioners have traditionally reported the frequency of specific technical actions, or the
distance covered along a time-motion continuum of walking to sprinting, without accounting for
players’ specific roles within the team’s tactical strategy (Bush et al., 2015). However, the advent of
specialised computer software packages (e.g., Catapult Vision) enables the manually coded video
footage of technical performance (as discussed in Section 2.3.1) to be combined with the corresponding
time-motion data provided by MEMS, in order to provide plausible situational explanations for player
performance (Bradley & Noakes, 2013). However, the process of amalgamating one manual method of
measuring players’ technical actions (i.e., manual coding), with one automotive method of conducting
time-motion analysis (i.e., MEMS), fails to mitigate the limitations of manual coding as already
discussed. Therefore, to facilitate the desirable multidimensional integrated approach of monitoring
player performance (Bradley & Ade, 2018), practitioners should explore the use of automotive
technologies (e.g. wearable IMUs) for monitoring sport-specific technical actions (Chapter 4).

The IMU components found within MEMS devices (i.e., accelerometers, gyroscopes and
magnetometers) are capable of quantifying movement in the anterior-posterior, mediolateral, and
longitudinal axes, respectively (Krasnoff et al., 2008; Chambers et al., 2015). Prior applications of
wearable IMUs have demonstrated the ability for practitioners to efficiently measure the frequency and
magnitude of gross fatiguing sport-specific actions in the field, something previously restricted to the
laboratory (Dixon et al., 2018; Kyprianou et al., 2019). Chambers and colleagues (2015) identified a
variety of studies that have utilised single or multiple IMUs to measure such sport-specific movements
in individual (n = 8), team (n = 7), water (n = 8), and snow (n = 5) sports. However, this systematic
review revealed no prior attempts to utilise MEMS to measure soccer-specific technical actions.
Consequently, the following paragraph shall discuss previous applications of wearable
microtechnology for quantifying sport-specific actions in sports other than soccer.

Ahmadi et al. (2009) measured determinants of a tennis serve using a Kionix IMU, with the
inertial components within Catapult’s MinimaxX™ S4 being used by researchers to monitor tackling

in rugby league (Gabbett et al., 2010) and Australian rules football (Gastin et al., 2013; 2014). Dadashi
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and colleagues’ research group quantified front crawl characteristics during swimming with a Physilog®
IMU (Dadashi et al., 2012; 2013), with both the Physilog® IMU and MinimaxX™ S4 being used to
monitor segmental coordination in skiing (Chardonnens et al., 2012; 2013) and snowboarding (Harding
et al., 2008) respectively. Contemporary research has seen Catapult’s MinimaxX™ S4 (McNamara et
al., 2015), and OptimEye S5 devices (Jowitt et al., 2020), being used to automatically detect fast
bowling deliveries in cricket (McGrath et al., 2019). Finally, scholars have utilised a bespoke IMU to
determine the characteristics of a spike action in volleyball (Wang et al., 2018), as well as using an
IMeasureU BlueThunder device to categorise kick types in Australian rules football (Ellens et al., 2017,
Cust et al., 2021).

The broad utilisation of wearable IMUs for measuring sport-specific actions likely ascribes to their
relatively low expense (Burgess, 2017; O’Reilly et al., 2018; Robertson, 2020) which, as well as the
obvious start-up cost of an exercise detection system (i.e., hardware, software), relates to the human
resources required during the daily processes of collecting, cleaning, interpreting, and reporting the data
gathered (Robertson et al., 2017). Moreover, the low invasiveness (Cardinale & Varley, 2017), time-
efficiency (Gabbett, 2013; Lutz et al., 2020), and ease of implementation (Buchheit & Simpson, 2017)
of wearable IMUs, compared to alternative methods such as semi-automatic multiple camera tracking
systems (see Section 2.3.3.3), may be especially advantageous for EFL clubs who are less prosperous,

and less well-equipped, than those in the EPL (Deloitte, 2020; Wilson et al., 2020).

2.3.4.2. Validity and Reliability

To accurately interpret the data provided by wearable MEMS, it is crucial that their validity and
reliability is independently examined (Scott et al., 2016b; Thorpe et al., 2017). This enables
practitioners to make evidence-based decisions having distinguished the ‘signal’ from the TEM (i.e.,
‘noise’) within specific variables of interest (Malone et al., 2020). Many researchers have sought to
establish the validity and reliability of different MEMS devices for quantifying sport-specific
movements. Considering the aforesaid applications of such technology, the remainder of this section

provides examples of empirical investigations that have established these parameters.
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Ahmadi and colleagues (2009), quantified the angular velocity of shoulder rotation, upper arm
internal rotation, and wrist flexion during tennis by affixing three Kionix IMU devices to the
corresponding anatomical sites. Using the VICON motion capture system as a criterion measure, which
comprises eight cameras sampling at 100 Hz recording the position of 18 optical markers, Ahmadi et
al. (2009) reported a strong correlation between the two methods (r = 0.87, p <0.001), concluding that
the IMU could be used with assurance for assessing the determinants of a tennis serve.

Gabbett et al. (2010) reported that the triaxial accelerometer located within MinimaxX™ S4
devices, which also sampled at 100 Hz, exhibited no statistically significant differences (p > 0.005) and
a strong overall correlation (r = 0.96, p < 0.001) between the frequency of mild (X4 = -1.0, r = 0.89),
moderate (X4 =4.0, r=0.97), and heavy (X¥f = -4.0, r = 0.99) collisions and the manually coded video
footage of the 184 respective incidents observed during professional rugby league training. Collisions
were detected when a spike in instantaneous PlayerLoad™ was immediately followed by the device
being located in a non-vertical position. The lack of statistically significant differences, combined with
the strong correlations, lead Gabbett et al. (2010), to conclude that the MinimaxX™ S4 devices provide
a valid method of automatically quantifying the contact load within collision sport athletes.
Additionally, Gastin et al. (2013), discovered no significant differences between the incidence of low-
(n=115), medium- (n = 218), and high-intensity (n = 19) tackles recorded by MinimaxX™ S4 devices
and those manually coded during four Australian Football League matches. Whilst a specific value was
not reported, Gastin et al. (2013) reported a level of ecological validity, which provided further support
for the use of accelerometers to assess sport-specific collisions.

Dadashi et al. (2012) compared the efficacy of one sacrum-mounted Physilog® IMU, containing
a triaxial 11 g accelerometer and 900°-s™ triaxial gyroscope sampling at 500 Hz, with a criterion 100
Hz SpeedRT® tethered system for measuring instantaneous velocity during swimming. Having
measured 1,448 front crawl stroke cycles, Dadashi and colleagues (2012), reported no significant
differences (X = 0.6 + 5.4 cm-s™, p > 0.001) and a strong correlation (r = 0.94, p < 0.001) between
the two methods, leading the authors to endorse the use of IMU technology for measuring instantaneous

front crawl velocity in swimming outside of the laboratory setting.
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Chardonnens et al. (2012), used the criterion VICON system to establish the validity and
reliability of the same Physilog® IMU, affixed to the thigh and shank using custom straps, for detecting
the take-off release, take-off, and early flight temporal phases of a ski jump (Schwameder, 2008).
Having established the accuracy (X= 9.17 ms) and precision (X = 32.33 ms) of the IMU during 40
indoor and 36 outdoor jumps, the authors concluded that inertial sensors are capable of accurately and
reliably detecting the key phases of a ski jump based on the angular velocity of a skier’s knee and shank.
Moreover, Harding et al. (2008) demonstrated the efficacy of the IMU components within Catapult’s
MinimaxX™ S4 devices, when attached to the lower back, for reliably classifying the air time and
rotational angle of aerial acrobatics manoeuvres performed in elite half-pipe snowboarding (R* = 0.77,
r=0.88+0.11, p<0.001).

As discussed further in Section 2.5.1, Jowitt and colleagues (2020) examined the validity of the
inertial components within Catapult’s OptimEye S5, which sampled at 100 Hz, for predicting fast
bowling deliveries in professional cricket. Having observed a strong correlation (r = 0.95) between
more than 20,000 manually recorded events and the corresponding trunk-mounted IMU data, Jowitt et
al. (2020) developed a highly sensitive (X = 98.0%) and specific (X = 97.6%) machine learning
algorithm, and subsequently concluded that MEMS represent a valid method of efficiently monitoring
the workload of professional cricketers.

Wang et al. (2018) reported that a bespoke wrist-mounted IMU, with embedded machine
learning algorithms (Section 2.5.1), was capable of discriminating between spike actions performed by
elite and non-elite volleyball players with a high mean prediction accuracy of 94.0%. The capabilities
of the IMeasureU BlueThunder device examined by Cust et al. (2021), which contained a 16 g triaxial
accelerometer and 2000°-s™ triaxial gyroscope sampling at 500 Hz (Parrington et al., 2016), was
established during four types of kicking action performed by Australian football players. Having
obtained video footage of the 587 kicks performed throughout the experimental protocol, Cust et al.
(2021) demonstrated that the IMU was capable of differentiating between drop punt, grubber, surge,

and snap kicks with an overall accuracy of 82.8%.
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2.3.4.3. Considerations

One limitation associated with the implementation of wearable microtechnology for measuring gross
fatiguing sport-specific technical actions relates to players’ adherence with this monitoring method
(Burgess, 2017; Nassis, 2017). The miniaturisation of MEMS, allowing IMUs being embedded within
wearable garments (Cardinale & Varley, 2017), has contributed to some players perceiving wearable
microtechnology as uncomfortable (Taberner et al., 2020). Consequently, sporadic adherence with
MEMS leaves practitioners with incomplete datasets, which complicates longitudinal player monitoring
(Plews et al., 2014; Fullagar et al., 2019b; Borg et al., 2021). Further, the philosophy of a head coach
has the potential to facilitate, or inhibit, the implementation of evidence-based player monitoring
protocols in practice (Thornton et al., 2019). A non-receptive head coach (McCall et al., 2016b), with
a dismissive attitude towards MEMS (Bartlett & Drust, 2020), may influence the behaviours of key
stakeholders at a professional soccer club. Therefore, practitioners should understand and complement
the philosophy of a head coach with regular communication, openness, and a collaborative approach
across multidisciplinary departments (Gabbett et al., 2018; Malone et al., 2020).

The findings of previous research communicated throughout this section collectively
demonstrate the efficacy of MEMS for measuring a multitude of sport-specific actions. It might be
considered surprising, therefore, that the applicability of wearable IMUs for quantifying technical
actions in soccer remains to be explored. According to the Laws of the Game (Law 4.4; IFAB, 2020),
any piece of wearable microtechnology worn as part of electronic performance tracking systems must
bear the FIFA International March Standard mark. This requirement came into fruition at the beginning
of the 2017/2018 season, to ensure that MEMS do not endanger players in any way, as independently
established by an accredited test institution (FIFA, 2020). However, of the 28 wearable devices listed
in the FIFA database as authorised for use in official competition (FIFA, 2021), none are capable of
measuring the frequency of soccer-specific technical actions. Therefore, practitioners are left with the
difficult task of weighing up the considerations noted throughout the previous sections when deciding
which, if any, method of quantifying technical performance during match-play adequately translates to

the training environment.

36



2.4. Professional Soccer Training
Optimal performance with minimal injury risk is predominantly determined by the training stimuli that
soccer players are exposed to (Verheul et al., 2020), with performance being the culmination of a long-
term process of training intended to equip players with the necessary competencies required to excel
during competition (Stelen et al., 2005; Sampaio & Magas, 2012). Constructing and delivering training
sessions that develop these competencies is the primary role of the professional soccer coach (Williams
& Reilly, 2000). The highly competitive nature of professional soccer has, therefore, compelled
practitioners to adopt an increasingly evidence-based background to the structure and preparation of
training programmes (Malone et al., 2015), which is to be discussed further in the next section.

Figure 2.3 depicts the plausible structure and content of a training week in which the majority
of players’ conditioning requirements can be sufficiently addressed. Walker and Hawkins (2018),
proposed that a two-day post-competition recovery period, combined with a mid-week training stimulus
(Malone et al., 2020) followed by period of specific technical and tactical preparation for an impending
fixture, ensures appropriate training activities that maximise competition readiness can be administered
(Anderson et al., 2016; Mujika et al., 2018). However, as mentioned in Section 1.1, the congested
multicyclic in-season phase of the EFL Championship often requires players to go through a bi-weekly,
and occasionally tri-weekly, round of competition, recovery, training, and subsequent competition
(Issurin, 2010; Ritchie et al., 2016). With practitioners rarely afforded the luxury of time during a
training week (Walker & Hawkins, 2018), and training activities often being solely determined by the
head coach (Los Arcos et al., 2017), the development of technical skills and tactical strategies takes
precedence over other components of the wider training programme (Morgans et al., 2014a). This is
because technical and tactical parameters are closely associated with competition success (Carling,
2013). For instance, multivariate discriminant analyses have revealed that attacking-related variables
(e.g., total shots, shots on target) were able to significantly differentiate between winning, drawing, and
losing teams during three consecutive FIFA World Cup competitions (Castellano et al., 2012). Training
programmes are most efficacious when the activities prescribed closely resemble those performed
during match-play (Taylor et al., 2017). Therefore, the objective data gathered as a result of monitoring

technical performance, using the multiple methods available during match-play, helps practitioners to
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devise training activities that are specific to the positional demands of the respective competition (Dellal
et al., 2011a; Baptista et al., 2018). This information is often difficult for head coaches to detect using
their subjective perception alone (Calder & Durbach, 2015), highlighting the importance of adopting

an objective approach to quantify player performance in both settings (Hughes & Franks, 2004; 2015).
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Figure 2.3: A schematic of the plausible structure and content of a typical professional soccer training microcycle that contains only one fixture (adapted from

Walker & Hawkins, 2018). N.B. Dashed lines represent the commencement of a new microcycle. MD = match day.
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Previous research has proposed that all soccer training activities can be classified into two
dichotomous categories: ‘training form’ or ‘playing form’ (Ford et al., 2010; Cushion et al., 2012).
Training form activities are described as individual or small group practices performed without a match-
play context (Cushion et al., 2012), such as physical conditioning or technical drills. This differs from
playing form activities, which directly relate to competitive scenarios (Ford et al., 2010) and encapsulate
practices such as tactical drills and small-sided games (SSG). Given their discrete, blocked, and
consistent practice conditions (Schmidt & Lee, 2005), training form activities typically promote the
acquisition of technical skills (e.g., passing, crossing, shooting) in isolation, providing players with
relatively few perceptual-cognitive stimuli (e.g., anticipation, decision-making) (Williams & Ford,
2008; Cushion et al., 2012). Contrastingly, the increasingly variable and distributed practices classified
as playing form, which are more representative of match-play conditions, encourages the transfer of
technical skills to competition (Ford et al., 2010).

Having systematically observed the practice activities employed by a sample of 25 soccer
coaches, all of whom were accredited with a minimum of a UEFA ‘B’ License, Ford and colleagues
(2010) reported that elite players spent 60.0% = 20.0% of overall training time taking part in training
form activities, with 21.0% =+ 13.0% of this being technical drills. Contrary to the authors’ hypotheses,
the proportion of training classified as playing form did not significantly differ between elite and non-
elite players (X4 = 9.5%, p > 0.005). The findings reported by Ford et al. (2010) provided evidence to
support the seminal work of Starkes (2000), later revisited by Hopwood et al. (2015), who also reported
no statistically significant difference between the time spent engaging in sport-specific play (i.e.,
playing form) according to skill level reported by 209 athletes from 33 sports. This begins to question
whether elite athletes are devoting too much time ‘training to train’ rather than ‘training to compete’
(Balyi & Haminton, 2004; Ford et al., 2011), by engaging in training form activities that are unlikely to
provide sufficient perceptual-cognitive, physiological, and motor stimuli encountered during match-
play (Reilly et al., 2000; Williams & Hodges, 2005). Practitioners should encourage training to compete
when appropriate, to ensure players receive training stimuli that supersede the most intense passages of
play (i.e., the worst-case scenario) encountered during competition (Pollard et al., 2018; Wass et al.,

2020; Malone et al., 2020).
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2.4.1. Periodisation of Professional Soccer Training

The overall purpose of the training process in professional soccer is to administer appropriate activities
that evoke suitable perceptual-cognitive, physiological, and motor stimuli (Jaspers et al., 2017) that
promote adaptations, which enhance individual and team performance (Akenhead et al., 2016). It is
theoretically accepted (e.g., Seyle, 1950; Impellizzeri et al., 2005), that field-based soccer training
modalities must apply sufficient stressors to induce physiological adaptations, which allow players to
withstand the demands of, and optimise performance during, competitive match-play (Dellal et al.,
2010; McLaren et al., 2018). Such adaptive responses to training are attained as a consequence of the
progressive manipulation of fundamental training variables, encompassing (but not limited to) the
volume, intensity, duration, and type of exercise (Fry et al., 1992; White et al., 2020). The product of
the volume and intensity of training is commonly referred to as training ‘load’ (Mujika et al., 2004;
Manzi et al., 2010), depicted as the input variable used to induce a training outcome (Impellizzeri et al.,
2020). Training load has been represented as either internal or external (Impellizzeri et al., 2004),
dependent upon whether the measurable variables occur internally or externally to the player
(Impellizzeri et al., 2005). External training load is generally sport-specific (Scott et al., 2016a) which,
in soccer, encompasses multifaceted variables such as total distance, mean speed, and the frequency of
specific technical actions performed (Wallace et al., 2014). Players’ physiological responses to the same
activities (i.e., internal load) may differ (Abbott et al., 2018), resulting in a variable adaptive response
(Hunter et al., 2015).

The progressive manipulation of training load is commonly referred to as periodisation, which
is considered as the salient planning strategy for player preparation (Impellizzeri et al., 2005; Issurin,
2016). Although countless definitions of periodisation exist throughout the literature, each with very
subtle differences between authors (Mujika et al., 2018), there is general agreement that periodisation
involves the methodical sequencing of different training units (i.e., long-term, medium-term, and short-
term) to systematically control the adaptive response to training (Gambetta, 2004; Lambert et al., 2008;
Issurin, 2010). In the context of professional soccer, these main structural components of a training
programme are typically known as a macrocycle (i.e., the duration of the season), mesocycle (i.e., a

multi-week training block), and microcycle (i.e., each training week) (Matveyev, 1981; Norris & Smith,
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2002). Rather than a rigid concept, Norris and Smith (2002) considered periodisation as a directional
framework, within which training programmes can be tailored to the specific requirements of each
athlete. As well as the traditional manipulation of athletes’ external training load (Todd et al., 2012),
the flexible nature of contemporary periodisation has enabled the sequential integration of multiple
components (Bompa, 1999). That is, the integrated periodisation of recovery practices, nutritional
strategies, psychological components, and skill acquisition may contribute to optimal performance
during competition (Mujika et al., 2018). However, the integration of skill-related performance
parameters within a comprehensive periodisation plan has received comparably less scholarly attention
than the four formerly mentioned components, contributing to a scarcity of empirical evidence

surrounding this topic.

2.4.1.1. Periodisation of External Training Load

When planning a training programme, practitioners must not only recognise specific technical and
tactical objectives, but also the positive and negative implications, of each individual training session
and the net result of the accrued training load when a fixture takes place (Akenhead et al., 2016). For
outfield players who complete a full match, MD generally represents the most demanding day of each
microcycle (Anderson et al., 2015). Consequently, within-microcycle periodisation strategies are often
arranged with the aim of maximising recovery and minimising residual neuromuscular fatigue prior to
competition (Vanrenterghem et al., 2017; Hills et al., 2020b).

Previous research has explored the periodisation practices employed by practitioners to prepare
professional soccer players for the multidimensional demands of competition. Much of the available
literature has been conducted during the in-season phase, examining short one-week microcycles
(Anderson et al., 2015; Malone et al., 2015; Stevens et al., 2017; Martin-Garcia et al., 2018), mesocycles
from four-to-10 weeks (Scott et al., 2013; Abade et al., 2014; Gaudino et al., 2014) and lengthier
training blocks of three-to-four months (Alexiou & Coutts, 2008; Casamichana et al., 2013). As well as
these insights into the in-season phase, Manzi et al. (2013) examined training load during the pre-season
preparatory period, whilst Jeong et al. (2011), compared training practices during pre-season with in-

s€ason.
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When investigating specific in-season microcycles, practitioners have generally adopted the
standardised method of categorising individual training sessions in relation to the number of days prior
to a competitive fixture that they take place (i.e., MD minus day number [MD - n]) (Malone et al.,
2015). Subsequently, researchers that have quantified the within-microcycle periodisation strategies
have consistently demonstrated that markers of external training load (e.g., total distance, mean speed)
are at their lowest on the day immediately before competition. For instance, Stevens et al. (2017)
examined the within-microcycle differences in the external training load encountered by Dutch
Eredivisie players, reporting that total distance exhibited progressive reductions as competition
approached. Specifically, Stevens and colleagues (2017) reported MD - 1 values (X = 3,848.0 + 454.0

m) significantly lower than that observed on MD - 4 (X%f=3,419.0 £ 459.0 m, p < 0.005), MD - 3 (X4ff

=2,272.0 + 734.0 m, p < 0.005) and MD - 2 (X¥f=1,371.0 + 427.0 m, p < 0.005), respectively. In a
similar investigation conducted within Spanish Primera Division players, Martin-Garcia et al. (2018)
reported that total distance exhibited progressive declines as competition neared (ES = 1.2 - 3.1, large-
to-very large), with MD - 1 values (X = 2,657.3 £ 601.7 m) being significantly lower than MD - 4 (X4t
=2,447.9 + 302.8 m, p < 0.005), MD - 3 (X4T=2,927.5 + 604.0 m, p < 0.005) and MD - 2 (X4 =
1,545.3 £ 18.5m, p <0.005). Together, these studies demonstrate that practitioners may adopt a tapering
approach to their within-microcycle training prescription, in an attempt to physically unload players
and increase readiness for an impending fixture (Malone et al., 2015; Owen et al., 2017). Anecdotally,
this unloading coincides with training activities becoming more technically and tactically oriented
(Martin-Garcia et al, 2018; Walker & Hawkins, 2018). Yet, for reasons aforementioned in Section 2.3,
empirical evidence that demonstrates this is lacking.

Another similarity throughout the literature that has explored periodisation practices during
professional soccer training microcycles is that the external load experienced by players tends to peak
on the fourth day preceding a fixture. Stevens et al. (2017), reported significantly higher total distance

values on MD - 4 (X=7,267.0 £ 913.0 m) than MD - 3 (X%=1,147.0 £ 275.0 m, p < 0.005), MD - 2

(X4f=2,048.0 + 32.0 m, p < 0.005) and MD - 1 (X¥=3,419.0 + 459.0 m, p < 0.005). Furthermore,

Martin-Garcia et al. (2018) recorded significantly greater high-speed running distance (> 19.8 km-h™)
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values on MD - 4 (X = 245.6 + 148.6 m) than MD - 2 (X%= 158.3 £ 74.7 m, p < 0.005) and MD - 1

(X¥=195.7+91.7 m, p <0.005). Referring back to the structure of a single-game microcycle illustrated
by Figure 2.3, the trend for professional soccer players to exhibit the highest external training load on
MD - 4 likely relates to training content delivered on this day (Scott et al., 2013). That is, with no mid-
week fixture, practitioners are more likely to deliver both ‘intensive’ and ‘extensive’ soccer activities
during the mid-week training phase. Intensive soccer emphasises components of performance such as
players’ acceleration, deceleration and change of direction ability. This differs from extensive soccer
activities, which utilise larger areas to mimic actual match-play (Walker & Hawkins, 2018; Malone et

al., 2020).

2.4.2. Professional Soccer Training Drills
Head coaches play an important role in the systematic manipulation of players’ training load. Whilst
practitioners may possess a varying degree of influence concerning the activities performed during a
training microcycle (Weston, 2018), the head coach generally dictates the day-to-day selection of which
drills are included in specific training sessions, based on the perceived technical and tactical needs of
their squad (Anderson et al., 2016; Los Arcos et al., 2017). Despite practitioners employing a variety
of training drills to maximise their contact time with players by concurrently developing multiple
performance components (Dellal et al., 2012; Barrett et al., 2020), club confidentiality policies may
explain the scarcity of academic understanding regarding the specific training drills performed by
players during a typical weekly microcycle.

Much of the available literature examining soccer training drills has focussed solely on SSG.
These are a popular training modality employed by practitioners, thought to maximise training
efficiency by simultaneously developing players’ technical, tactical, physiological, and psychological
components of performance (Fradua et al., 2013; Aguiar et al., 2015). Such drills are easily modifiable,
with an abundance of literature determining the influence of pitch dimensions (Kelly & Drust, 2009;
Casamichana & Castellano, 2010; Hodgson et al., 2014), number of players (Katis & Kellis, 2009;

Owen et al., 2011; Brandes et al., 2012; Dellal et al., 2012; Aguiar et al., 2013; 2015), technical rules
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(Hill-Haas et al., 2010; Dellal et al., 2011b; Abrantes et al., 2012; Ngo et al., 2012), the inclusion of
goalkeepers (Castellano et al., 2013; Casamichana & Castellano, 2015; Hulka et al., 2016), and game
duration (Koklii et al., 2012; 2017) on multifarious indices of performance. This body of research
demonstrates the importance of training session design in modulating the nature and magnitude of the
training stimuli that players are exposed to (Barrett et al., 2020).

Until last year, the types of training drill executed by professional soccer players had not been
objectively reported. However, having collected a dataset comprising 65,825 individual drill
observations from one club from each of EPL, EFL Championship and EFL League One over an §-
season period, Barrett and colleagues (2020) (in conjunction with eight head coaches) assigned each
observation into one of six distinct categories (Table 4.1). Notwithstanding the substantial variation
between the eight head coaches, attributed to their respective philosophies (Hughes et al., 2012; Wright
et al., 2012; 2013), SSG were the most frequently performed training modality (n = 21,722, 33.0%),
followed by possession (n = 17,773, 27.0%), technical (n = 9,874, 15.0%), and tactical (n = 7,241,
11.0%) drills. Drills classified as conditioning (n = 6,583, 10.0%) and position specific (n = 2,633,
4.0%) were the two training modalities which featured the least throughout the eight-season period
(Barrett et al., 2020).

As well as quantifying the composition of training sessions, Barrett et al. (2020) established the
effect of drill category on seven indices of external training load, highlighting trivial-to-very large (ES
= 0.02 - 2.70) between-drill differences in players’ absolute and relative total distance, relative
PlayerLoad™, and the relative frequency of high-intensity acceleration/deceleration efforts. Moreover,
between-drill inter-positional differences were apparent within all variables with the exception of
relative sprint distance, with CM exhibiting significantly greater absolute total distance values than ST
(p =0.012, ES = 0.15, trivial) and WD (p < 0.001, ES = 0.19, trivial) during a typical drill (Barrett et
al., 2020). Due to this contemporary investigation being the first to establish the incidence, and
associated physical outputs, of different types of training drill executed by professional soccer players,
a parallel examination of the frequency of technical actions elicited by each drill is currently absent
from the literature. With soccer-specific technical actions being an important, yet commonly

overlooked (Paul et al., 2015; Malone et al., 2020), component of external training load (Wallace et al.,
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2014; Scott et al., 2016a), such an investigation may assist head coaches in the prescription of drills to

satisfy pre-determined training objectives (Jaspers et al., 2017).

2.4.3. Periodisation of Technical Actions

Previous research concerning the acquisition of sport-specific motor skills has typically focused upon
singular constructs, such as practice organisation (i.e., blocked vs random, constant vs variable, massed
vs distributed), method of instruction (i.e., internal vs external, simple vs complex), or the timing and
nature of feedback (i.e., delayed vs immediate, knowledge of performance vs knowledge of results)
(Hodges & Williams, 2012; Farrow et al., 2013; Magill & Anderson, 2017). Unlike the physical training
literature, the periodisation of skill-related performance in professional soccer has experienced little
attention (Farrow & Robertson, 2017; Mujika et al., 2018). Whilst applied models have been proposed
that provide some guidance regarding progressive skill acquisition techniques (Vickers et al., 1999;
Carson & Collins, 2011), and the optimisation of training environments to provide a sufficient challenge
point that promotes athletic mastery (Ericsson et al., 1993; Guadagnoli & Lee, 2004), there has been
only one attempt to combine numerous constructs into one framework (Mujika et al., 2018). Farrow
and Robertson (2017) labelled this as the skill acquisition periodisation framework, which adapts
prominent principles that feature heavily throughout the physical training literature into a model for
systematically manipulating sport-specific technical performance. The principles of specificity,
progression, overload, reversibility, and tedium (commonly referred to as S. P. O. R. T.) (Grout & Long,
2009), have been re-conceptualised and applied to the relevant principles of skill acquisition, resulting
in a holistic framework enabling practitioners to monitor technical actions both acutely and
longitudinally (Farrow & Robertson, 2017). Using soccer training as an applied example, the remainder
of this section illustrates how each of these principles has translated from the physical training domain

to become applicable to players’ technical performance.

Specificity
The notion of specificity relates to the extent to which training regimes mimic the technical demands

of competition (Pinder et al., 2011). Theoretically, practitioners should design and deliver training drills
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that are representative of the individual, environmental, and task constraints experienced during match-
play (Aragjo et al., 2006; Davids, 2008). For instance, as opposed to ST practicing their finishing in a
static manner, with few environmental cues, practitioners should devise dynamic finishing drills that
more closely replicate the perceptual-cognitive stimuli, and lower-limb coordination patterns,

encountered during competition (Wilson et al., 2008; Harrop & Nevill, 2014).

Progression

In the context of skill acquisition, the principle of progression can be expressed in two ways. Of course,
measurable improvements in players’ skill-related performance are, arguably, the overriding
benchmark. However, Farrow and Robertson (2017) depict progression as a player’s capacity to endure
a heightened ‘technical load’, considered as the increased frequency of technical action repetitions.
Although the role of meticulous training in becoming an expert performer has been questioned
(Hambrick et al., 2014), the authors present this principle in relation to the established theory of
deliberate practice (Ericsson et al., 1993), which suggests that players striving for athletic mastery must
seek training scenarios involving a goal, which exceeds their current level of performance (i.e., training
to compete) (Ford et al., 2011; Farrow & Robertson, 2017). With reference to the previously discussed
example, practitioners may design dynamic finishing drills that incrementally increase the frequency
and/or complexity of practice repetitions to ensure each player is optimally challenged (Guadagnoli &

Lee, 2004).

Overload

The principle of overload is closely associated with progression, with both constructs being pertinent
in ensuring a training programme is coherently periodised (Mujika et al., 2018). From a physical
perspective, a progressive increase in players’ external training load is needed to enhance the body’s
capacity to do work (Bompa, 1994). With reference to technical performance, Farrow and Robertson
(2017) likened overload to the degree of cognitive exertion required during a given task, somewhat
comparable to internal training load (Abbott et al., 2018). Described as the mental work involved during

decision-making processes (Marcora et al., 2009), cognitive exertion plays a fundamental role during
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skill-related performance in soccer. In such a complicated environment, professional players must
process vast amounts of information to permit accurate decisions to be made rapidly (Araujo et al.,
2006; Barreiros et al., 2007). To facilitate the principle of overload, practitioners may restrict the time
available for ST to complete the prior dynamic finishing drill, whilst pressuring the player to score as
many goals as possible. This restriction may be gradually increased over time, with players’ response
to this overload gauged through monitoring performance-related metrics (e.g., shots on target, goals
scored), alongside players’ self-reported cognitive exertion (Impellizzeri et al., 2004; McLaren et al.,

2017).

Reversibility

Reversibility precepts that players may forgo the favourable effects of training when such activities
substantially fluctuate, diminish, or discontinue, leading to a decline in performance (Colby et al., 2018;
Buckthorpe et al., 2019). This principle highlights the importance of players’ technical performance
being consistently quantified, allowing practitioners to determine the degree of skill learning that was
accomplished over a period of time and, crucially, how permanent (or reversible) this learning was
(Mujika et al., 2018). By delivering the same dynamic finishing drill, following a period of discontinued
activity, practitioners are able to enact retention testing to determine whether any previously attained
performance enhancements have reversed (Magill & Anderson, 2017). Establishing how long a specific
technical action can be left before the effects of reversibility take hold may be useful for practitioners
(Mujika et al., 2018), especially during the in-season period, with limited training time meaning that
specific components of training (e.g., tactical preparation) must be prioritised according to a team’s

competition schedule (Scott et al., 2013).

Tedium

The final principle of the skill acquisition periodisation framework refers to the notion of tedium: a
detrimental state of boredom owing to monotonous training practices (Farrow & Robertson, 2017).
Through the intentional alteration of one or more variables (Kraemer & Ratamess, 2004), practitioners

can prevent training becoming monotonous and, subsequently, promote ‘repetition without repetition’
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(Bernstein, 1967). This remark summarises Bernstein’s (1967) theory of motor skill learning, which
suggested that, due to movement being inherently complex and variable by nature, two movement
patterns will never be exactly the same. However, there are examples of skill-related training in sport
that contradict Bernstein’s proposition, such as electronic guidance devices being frequently used in
golf to constrain a particular swing and refine desired movement patterns (Glazier, 2010).
Notwithstanding, Farrow and Robertson (2017) advocate practitioners applying a continuum of variety
during training, involving a fluctuating degree of cognitive exertion, as opposed to players passively
enacting pre-determined movement patterns (Brady, 1998). Referring to the previous example of a
dynamic finishing drill, practitioners can prevent tedium and promote practice variability by
systematically altering factors such as players’ ball approach (i.e., stationary, walk, run, skip),
restricting the space available to shoot towards the goal, the density of players around the ST, or the
inclusion/exclusion of goalkeepers (Farrow & Robertson, 2017). Theoretically, these alterations
encourage exploration and appreciation of the stability of a specific skill (Savelsbergh et al., 2010),
contributing to technical performance enhancements (Mujika et al., 2018).

Prescribing soccer players with training activities that consistently adhere to the principles of
skill acquisition periodisation should contribute towards sustained improvements to skill-related
performance. Yet, longitudinal compliance with this framework requires players’ technical actions to
be routinely objectified. The infeasibility of currently available measurement methods to be
implemented in the training environment, for reasons discussed throughout Section 2.3, has led
practitioners to seek alternative means for quantifying technical actions during professional soccer
training. Therefore, the following section shall discuss the prospect of utilising automotive wearable

microtechnology to solve the problems currently encountered in practice.

2.5. Foot-Mounted Inertial Measurement Units

The majority of commercially available MEMS devices are situated between players’ scapulae, housed
in tightly fitting neoprene garments to minimise movement artefacts (Figure 2.4) (Varley et al., 2017).
However, given the questionable ability of trunk-mounted devices to detect discrete segmental

movements (Edwards et al., 2019), the attachment site during body-worn accelerometery is of critical
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concern (Nedergaard et al., 2017; Vanrenterghem et al., 2017). As mentioned in Section 2.3.4, the ever-
decreasing size, cost, and power consumption of IMUs has encouraged practitioners to explore
alternative anatomical locations to placing these devices in the thoracic region (Mannini & Sabatani,
2010; Barrett et al., 2014). Within gait tracking and the recognition of sport-specific activities,
researchers have explored the possibility of locating IMUs at athletes’ lower limbs (Zhou et al., 2016).
This attachment site may be especially relevant in professional soccer as, of course, the vast majority

of technical actions performed during soccer are performed in this region.

Figure 2.4: The anatomical location of a Catapult MinimaxX™ S4 MEMS device, which integrates
GPS and IMU components, situated between the scapulae in a tightly fitting neoprene garment (adapted

from Langsdon, 2015).

2.5.1. Machine Learning and Artificial Intelligence
To reduce human error and manual data processing limitations, practitioners working in professional
sport are increasingly using machine learning and artificial intelligence methods to automate decision-

making processes (Lapham & Bartlett, 1995; Ward et al., 2019). Machine learning is a method that
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develops computerised systems to automatically improve with more data (Ofoghi et al., 2013), with
algorithms representing the statistical operations involved during automated movement recognition
(Shalev-Shwartz & Ben-David, 2014; LeCun et al., 2015).

Machine learning approaches are commonly used for recognising sport-specific activities using
MEMS (Kelly et al., 2012; Cust et al., 2019). Aforesaid examples (see Section 2.3.4.1) include Wang
et al. (2018), who utilised wrist-mounted IMUs to monitor spike actions performed by elite and non-
elite volleyball players, and Jowitt et al. (2020), who developed and ‘trained’ an automatic fast bowling
detection algorithm using professional cricketers.

Cust et al. (2021) used ankle-mounted IMUs to monitor kicking in Australian rules football
training. As depicted below (Figure 2.5), Cust and colleagues (2021) evaluated the efficacy of the
machine learning algorithms within these IMUs by following the traditional parametric statistical
technique of calculating the device’s ‘precision’ and ‘recall’ (Forman & Scholz, 2010; Géron, 2019).
In this context, the precision of the device refers to the proportion of total reported kicks that actually
occurred, with recall being the proportion of total kicks that were successfully detected. The method of
calculating precision and recall yields values that are between 0.0 and 1.0, with 1.0 representing an
algorithm that can differentiate between positive and negative cases perfectly (Fawcett, 2006;

Pedregosa et al., 2011).
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Figure 2.5: A schematic of a confusion matrix, with corresponding equations, used to determine the
efficacy of machine learning algorithms for detecting sport-specific movements (adapted from Ma et

al., 2019).

A newly commercially available foot-mounted IMU (PlayerMaker™), measures the frequency
of soccer-specific technical actions using an amalgamation of machine learning algorithms and artificial
intelligence techniques. However, the ability for conventional machine learning algorithms to process
raw accelerometer and gyroscope traces is limited (Kautz, 2017), with specific data processing stages
required to produce usable data (Figo et al., 2010). Therefore, to detect these actions, the orientation,
velocity, and position vectors of soccer players’ feet are determined through these raw traces being
transformed using Butterworth and Kalman filters within the IMU’s microprocessor (Figure 2.6;
Waldron et al., 2020). This enables the foot-mounted IMUs to measure technical actions in an
automated fashion, with the potential to replace laborious manual coding with this contemporary

machine learning-based approach (Doshi-Velez & Kim, 2017; Halilaj et al., 2018).
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Figure 2.6: A schematic of the data processing procedures that take place within the PlayerMaker™

foot-mounted IMU (adapted from Waldron et al., 2020).

2.5.2. Applications of Foot-Mounted Inertial Measurement Units

Wearable accelerometers and gyroscopes provide practitioners with a non-invasive method of
measuring the frequency and intensity of sport-specific events that may be difficult for head coaches to
subjectively pinpoint (Castellano et al., 2012; Chambers et al., 2015; Walker et al., 2016). However,
the utility of foot-mounted IMUs for monitoring professional soccer player performance is yet to be
fully explored (Waldron et al., 2020). By combining proprietary gait tracking with soccer-specific event
detection algorithms, the PlayerMaker™ foot-mounted IMU is an example of wearable
microtechnology that measures the frequency and intensity of sport-specific technical actions
performed during soccer (Figure 2.7). The PlayerMaker™ device, which samples at 1000 Hz,
incorporates two components from the MPU-9150 (InvenSense, California, USA) nine-axis multi-chip
motion tracking module (Waldron et al., 2020), being a 16 g triaxial piezoelectric accelerometer and a

2000°-s™ triaxial piezoelectric gyroscope.
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Figure 2.7: One PlayerMaker™ foot-mounted IMU, encased within a manufacturer supplied silicone

strap, affixed to the left lateral malleolus over a studded soccer boot (PlayerMaker™, 2021).

Triaxial accelerometers are highly sensitive three-dimensional motion sensors that measure a
composite vector magnitude, expressed as gravitational force (Cummins et al., 2013), by quantifying
the frequency and magnitude of accelerations in the anterior-posterior, mediolateral, and longitudinal
direction (i.e., the X, Y, and Z planes) (Boyd et al., 2011; Barrett et al., 2016). Triaxial gyroscopes
measure angular motion (Gabbett, 2013), by quantifying the frequency and velocity of rotational
movements which, when affixed to a joint, facilitate the evaluation of the angular velocity of a
body/limb (Lutz et al., 2020). Theoretically, these IMU components should possess the capacity to
identify a particular pattern within raw accelerometer and gyroscope traces that represents a soccer kick
(Luinge & Vetlink, 2005; Ellens et al., 2017). The high sampling rate of IMUs (Waldron et al., 2011),
combined with the ability to monitor multiple players in the absence of a satellite connection (Malone
et al., 2017), represent advantages of utilising wearable IMUs in professional soccer to quickly evaluate
performance and inform training prescription (Malone et al., 2017).

Professional soccer players tend to have a dominant limb for executing technical actions (Carey
et al., 2001; Van Melick et al., 2017; Verbeek et al., 2017). Previous laboratory-based research, which

utilised cinematography-related motion analysis techniques, has uncovered three-dimensional
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kinematic differences between players’ dominant and non-dominant limbs during kicking (Barfield et
al., 2002; Dorge et al., 2002; Sinclair et al., 2014), which carries potential implications for their
susceptibility to injury. For instance, Brophy et al. (2010), reported that male soccer players sustained
a significantly greater incidence of non-contact anterior cruciate ligament injuries in their dominant
limb than their non-dominant limb (%%" = 25.9, p < 0.005), with Svensson et al. (2018) noting
significant differences in the cumulative length, width, depth, and cross-sectional area of structural
hamstring injuries sustained to the dominant limb compared with the non-dominant limb (X4= 1.5
cm’, p = 0.04). These differences may be the result of significant muscular strength imbalances
(Rahnama et al., 2005), and inter-segmental coordination discrepancies (Ddrge et al., 2002; Apriantono
et al., 2006), between the two limbs. Therefore, having an IMU situated in this region that is capable of
measuring the angular velocity of the shank during kicking may help practitioners to design procedures
that seek to reduce these asymmetries (Chambers et al., 2015; Verheul et al., 2020) and, subsequently,

reduce injury risk and enhance player performance (Ferraz et al., 2012; Guilherme et al., 2015).

2.6. Summary

This review of literature has highlighted the need for professional soccer players to possess sufficient
skill-related performance proficiency in order to tolerate the increasing frequency of technical actions
interspersed throughout the multifactorial demands of match-play. Having determined the heightened
technical demands of contemporary professional soccer through a series of published performance
profiles (Section 2.2), available due to the copious methods of measuring the frequency of technical
actions performed during match-play (Section 2.3), practitioners are able to tailor training activities to
the specific technical requirements of each playing position. Indeed, practitioners are able to utilise a
distinct skill-acquisition periodisation framework (Section 2.4.3), which translates traditional principles
of physical periodisation into a structure for methodically prescribing technical actions throughout a
training programme. However, in the training environment, technical actions are frequently disregarded
during player monitoring processes due to measurement methods being unavailable, unfeasible, or

labour intensive (Section 2.3).
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The utility of wearable microtechnology, in the form of IMUs attached to players’ feet, may
represent a time-efficient and cost-effective alternative method allowing practitioners to automatically
quantify the frequency of technical actions performed during training (Section 2.5). Such technology
would facilitate the creation of a novel technical performance profile, which quantifies the within-
microcycle, inter-positional, and between-drill differences in the frequency of technical actions
executed during professional soccer training. Along with an understanding of the validity and reliability
of this novel player monitoring method, such a profile would provide key stakeholders with a valuable
insight into the multidimensional nature of the external training load that players must regularly contend
with. Therefore, the specific aims of following experimental chapters, by which the overall purpose of
this research project (Section 1.1) will be fulfilled, are:

6)] to establish the concurrent validity and intra-unit reliability of a foot-mounted IMU for
measuring the frequency of technical actions performed during soccr training activities,

(i1) to quantify the within-microcycle, inter-positional, and between-drill differences in the
frequency of technical actions performed during professional soccer training using foot-

mounted IMU.
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Chapter 3:
The Concurrent Validity and Intra-Unit
Reliability of Foot-Mounted Inertial
Measurement Units for Quantifying

Technical Actions in Soccer
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3.1. Introduction

Professional soccer players no longer depend upon individual coaches to enhance their performance
(Eisenmann, 2017). It is now commonplace for professional soccer clubs to employ abundant
multidisciplinary practitioners (Rothwell et al., 2020), who occupy diverse roles, to provide a
specialised service to their athletes (Halson et al., 2019). The discipline of performance analysis plays
an imperative role during the coaching process (Groom et al., 2011; Hughes et al., 2012), with the role
of the performance analyst (Wright et al., 2013) and player engagement with performance analysis
(Wright et al., 2016) observing an increase in scholarly examination (Coutts, 2014b; Sarmento et al.,
2014).

Coaches work meticulously with their performance analyst(s) to strategically prepare for
competition through a training provision supplemented by objective data (Wright et al. 2012; Bateman
& Jones, 2019). Technical performance indicators (e.g., ball touches, releases) are superior predictors
of team success in comparison with time-motion performance indicators (e.g., high-intensity running
distance) (Castellano et al., 2012; Carling, 2013). However, previous research (Castellano et al., 2014;
Yi et al., 2020), has demonstrated that quantifying technical performance in a valid and reliable manner
requires expensive semi-automatic multiple camera tracking systems (e.g., ProZone®, K =0.99, Bradley
et al., 2007) or third-party data providers (e.g., OPTA Sports, K = 0.94, Liu et al., 2013). As discussed
in Section 2.3, these solutions may not be feasible for EFL soccer clubs, whose training facilities are
seldom equipped with such advanced technology (Akenhead & Nassis, 2016), leaving onerous manual
data collection through computerised analysis software as the primary method of quantifying technical
performance away from modern stadia. However, O’Donoghue (2007) questioned the ability of manual
system operators to collect objective data in a way that is consistently valid and reliable, contributing
to a paucity of research examining technical performance during professional soccer training.

A potential solution to this problem is through the use of wearable microtechnology (Section
2.3.4). The widespread application of wearables has enabled practitioners to better understand the
multifaceted determinants of soccer player performance (Cummins et al., 2013; Weaving et al., 2019).
Devices incorporating GPS and IMUs represent the most frequently used microtechnology in

professional soccer (Weston, 2018; Salter et al., 2021), providing practitioners with a plethora of data
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relating to players’ locomotor performance (Akenhead & Nassis, 2016). However, given that optimal
competition preparation integrates technical, tactical, physiological, and psychological components
(Stelen et al., 2005), and that technical and tactical elements are often prioritised during training
sessions (Morgans et al., 2014a), it is surprising that practitioners regularly consider the data provided
by GPS in isolation (Dalton-Barron et al., 2020; Malone et al., 2020). The integration of technical
parameters would assist practitioners in their understanding of fluctuations in time-motion data in and
out of possession (Paul et al., 2015), enhancing the prescription of technical conditioning drills intended
to prepare players for the worst-case (Bradley & Ade, 2018) or most common scenarios.

Although practitioners have utilised wearable IMUs for many years (O’Reilly et al., 2018), the
majority (if not all) of these commercially available devices are located in the thoracic region (Barrett
et al., 2014). Given the questionable ability of trunk-mounted devices to detect discrete segmental
movements (Edwards et al., 2019), the attachment site during body-worn accelerometery is of critical
concern (Nedergaard et al., 2017). As such, a commercially available foot-mounted IMU would
represent a time-efficient and cost-effective logical solution for quantifying technical actions in soccer.
This may be particularly useful in the applied environment (Chambers et al., 2015), given the bilateral
kinematic asymmetries that exist between players’ dominant and non-dominant limbs during kicking
(Dorge et al., 2002; Nunome et al., 2006; Sinclair et al., 2014). However, integral to the interpretation
of the data collected by IMUs is an examination of their validity and reliability (Scott et al., 2016b).
This information would allow practitioners to differentiate the signal from the noise within an IMU,
thereby avoiding making crucial evidence-based decisions based upon potentially erroneous data
(Malone et al., 2020). Accordingly, the aim of the current study was to establish the concurrent validity
and intra-unit reliability of a foot-mounted IMU for measuring ball touches and releases during soccer

training activities.

3.2. Methods
3.2.1. Participants
Twelve male amateur soccer players (mean + SD age: 23.8 £ 5.2 years; stature: 179.9 + 5.3 cm; mass:

85.1 + 19.5 kg) voluntarily participated in this study. Each player answered the following question,
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found to accurately determine leg dominance during bilateral mobilising tasks, prior to data collection:
“if you would shoot a ball on target, which leg would you use?” (Van Melick et al., 2017, p. 6). As a
result, nine players described themselves as right-footed, with the remaining three being left-footed.
Players were required to possess at least six years of soccer playing experience, to a minimum of
regional level, thought to provide sufficient kicking accuracy with both the dominant and non-dominant
feet (Nagasawa et al., 2011). As such, the players in the current study had a mean playing experience
of 16.4 £ 5.9 years. Institutional ethical approval (FHS200) was obtained prior to the commencement

of the study, with players providing written informed consent.

3.2.2. Inertial Measurement Units

The foot-mounted IMU (PlayerMaker™, Tel Aviv, Israel) incorporated two components from the
MPU-9150 multi-chip motion tracking module (InvenSense, California, USA), being a 16 g triaxial
piezoelectric accelerometer and a 2000°-s™ triaxial piezoelectric gyroscope. The IMU sampled at a rate
of 1000 Hz, with data filtered using machine learning algorithms at 250 Hz (Figure 2.6). Housed in
tightly fitting silicone straps, the IMUs were bilaterally located at the lateral malleoli over the players’
boots (Figure 2.7). As per manufacturer guidelines, the IMUs were activated five minutes prior to data

collection to allow the acquisition of sufficient Bluetooth®™ signal.

3.2.3. Experimental Design

3.2.3.1. Pilot Testing

The original experimental protocol required each player to wear one foot-mounted IMU on top of
another, resulting in two devices being concurrently worn on each foot. Despite being contrary to
manufacturer guidelines, this was considered a safe and appropriate method of quantifying inter-unit
reliability. However, wearing two IMUs on each foot contributed to unexpected error within the raw
data, with proportion of agreement (Pa) values between 25.1% - 25.8% preventing further analyses.
This was attributed to the friction between the two overlaid devices causing irregularities within the
accelerometer and gyroscope traces. Moreover, the anatomical location of the superior device was

approximately 12 mm higher than the inferior device, which may have interfered with the machine
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learning algorithms responsible for filtering the raw data (Figure 2.6). Therefore, to remove the potential
for any controllable error, the final protocol required each player to wear one IMU per foot, as per

manufacturer guidelines.

3.2.3.2. Research Design

This study employed a repeated measures design with four conditions, completed in the stated
alphabetical order (Table 3.1). For all conditions, one player served the ball to the other from each given
distance. In response to each ball served, the experimental protocol required players to execute a series
of rudimentary open skill soccer tasks (Singer, 2000). Although these basic tasks involved little
perceptual-cognitive proficiency (Williams, 2000), players were required to respond to a predictable
incoming ball from their partner. This was stipulated to diminish, as much as possible, the potential for
human error impacting the data. Players executed tasks with their dominant and non-dominant feet, to
facilitate comparison of the validity and reliability of the IMUs under both conditions. Each condition
required players to perform 20 release repetitions, recommended to provide sufficient statistical power
for reliability analyses on triaxial accelerometer data (Atkinson & Nevill, 1998). The frequency of
technical actions performed collectively throughout the four conditions surpassed the typical technical
performance demands of professional soccer match-play, with UEFA Champions League players
typically performing 60.2 + 20.7 ball touches and 50.1 = 25.7 releases per match (Table 2.4) (Yi et al.,

2020).
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Table 3.1: A description of each technical soccer task stipulated during the experimental protocol.

Condition Task Description

Players were required to perform one release, without taking any additional ball touches,

A with their dominant foot.
B Players were required to perform one release, without taking any additional ball touches,
with their non-dominant foot.
C Players were required to perform one ball touch, followed by one release, with their
dominant foot.
D Players were required to perform one ball touch, followed by one release, with their non-

dominant foot.

3.2.3.3. Experimental Protocol
Prior to data collection, each player completed a standardised warm-up consisting of five minutes of
low-intensity exercise on a cycle ergometer (M3i Lite, Keiser, Tetbury, UK), followed by a technical
warm-up requiring five repetitions of each experimental condition. Firstly, three repetitions of each trial
(360 ball touches and 240 releases in total) were performed with the players situated 13.2 m apart, with
this being the mean distance progressed per possession sequence during match-play throughout the four
aforementioned European competitions (see Section 2.2) (OPTA Sports, 2020). Following this, a
further three repetitions of each trial were performed with 18.7 m between players, equivalent to the
mean pass distance during match-play within the same competitions (OPTA Sports, 2020). The validity
and reliability of technical data provided by OPTA Sports has been previously established (see Section
2.3.2.2) (Liu et al., 2013), allowing the platform to be used with assurance during academic research.
Multiple soccer balls were positioned around the perimeter of the experimental protocol in case of
misplaced releases. If such incidents occurred, one player was instructed to collect a new ball using
only their hands to avoid interference with the IMU whilst data collection was in progress.

To minimise experimental bias, all technical actions were performed using the same FIFA
approved type of soccer ball (Delta EFL, Mitre, London, UK), inflated to the manufacturer

recommended pressure (42.0 - 56.0 kPa). In addition, specific foot-mounted IMUs (PlayerMaker™, Tel
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Aviv, Israel) were consistently used throughout all trials. Moreover, the same digital measuring wheel
(250282, Silverline, Yeovil, UK), calibrated to 0.1 m, was used to measure the required distances, with
the same 20 m x 20 m area of a daily-maintained natural grass training pitch being used throughout the
protocol. Although the environmental conditions (e.g., wind speed, precipitation, humidity) were not
empirically measured, the experimental protocol only took place when the researcher subjectively

deemed such conditions as consistent (i.e., no rain, no gusty winds).

3.2.4. Video Analysis

To permit comparative analyses, each trial was captured using a fixed video camera (HDR-PJ420, Sony,
Tokyo, Japan), mounted on a telescopic tripod (EF-61, Velbon, Yamanashi, Japan), situated
perpendicular to the playing area at a height of 5.2 m to provide a wide angle. The footage of each trial
was analysed (SportsCode Elite, v. 11.2.23, SportsTec, Warriewood, Australia), using pre-determined
unequivocal operational definitions (Table 3.2) (O’Donoghue, 2007), facilitating the verification of the
in situ monitoring of each ball touch and release performed during the protocol. Intra-operator reliability
of the reference performance analyst, who conducted all analyses, was established by coding three
randomly selected repetitions of each soccer task three times (Pa = 100.0%; Cooper et al., 2007),
providing affirmation of the use of manual coding as the criterion measure in this study (O’Donoghue,

2007).
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Table 3.2: The operational definitions of several variables used during the design and execution of the

experimental protocol (adapted from PlayerMaker™, 2017; OPTA Sports, 2018).

Variable Operational Definition
Ball Touch Any instance in which the soccer ball makes contact with the foot.
Release Any instance whereby the ball is struck by the foot, encompassing all passes, crosses,

shots, and clearances.

A passage of play in which one team maintains possession of the ball, ended by

P ion n . .
ossession Sequence defensive actions, stoppages, or a shot towards goal.

Distance Progressed per The distance that the ball has advanced towards the oppositional goal line during a
Possession Sequence possession sequence.
Successful Pass Any release that is received by a player of the same team.

The distance between two players of the same team, between whom a successful pass is

Pass Distance
executed.

3.2.5. Statistical Analysis

Upon visual examination of Quantile-Quantile (Q-Q) plots (Schielzeth et al., 2020), and statistical
examination using a Shapiro-Wilk test, the following data for ball touches (p < 0.005) and releases (p
<0.005) failed to conform to a normal distribution. Technical performance data are often non-normally
distributed, rendering traditional parametric statistical techniques unsuitable (Hughes & Bartlett, 2002).
This contributed to the development of a dedicated protocol for establishing the agreement within such
data (Cooper et al., 2007), largely based upon the non-parametric recommendations of Bland and
Altman (1986; 1999), combined with the notion that 95.0% of the differences between two measures
should be within an arbitrary reference value deemed to be of no practically important difference (Nevill
etal.,2001). In accordance with Cooper and colleagues’ (2007) recommendation for scenarios, whereby
one method represents a criterion measure, a reference value of = 1 repetition for ball touches and

releases was established. The reader is referred to the original article (Cooper et al., 2007) for a detailed
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explanation of the formulae used to calculate the P4 between the foot-mounted IMU and video analyses,
as well as the P, within the IMU data throughout three repeated trials of each experimental condition.
Intra-unit reliability was also quantified using the coefficient of variation (CV). For consistency
and congruency, as suggested by Scott et al. (2016b), the following thresholds were used to subjectively
appraise both the concurrent validity and intra-unit reliability: good (CV <5.0%), moderate (CV =5.0%
- 10.0%), or poor (CV > 10.0%). Expressed as a percentage, the CV was calculated as the SD of the

between trial difference divided by the mean between trial difference.

3.3. Results

A summary of the overall concurrent validity and intra-unit reliability of the IMUs throughout all

experimental conditions is presented by Table 3.3.
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Table 3.3: A summary of the concurrent validity and intra-unit reliability of the foot-mounted IMU for quantifying ball touches and releases throughout all

experimental conditions.

Concurrent Validity Intra-Unit Reliability
Variable
SportsCode PlayerMaker™ o o o o PlayerMaker™ Between o o o o o
Mean + SD Mean = SD Pa(%) SE (%) Pa(%)95% CI Trial Mean % SD Difference Ps(%) SE (%) Pa(%)95%CI CV (%)
Ball Touches (f) 30.0+0.0 299+05 95.1 0.1 95.0-953 0.0+04 96.9 0.0 96.8 -96.9 1.8
Releases (f) 20.0+0.0 20.0+0.5 97.6 0.0 97.5-97.7 0.0+04 95.9 0.2 95.5-96.2 23

N.B. SD = standard deviation. Ps = proportion of agreement. SE = standard error. CI = confidence interval. CV = coefficient of variation.
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3.3.1. Concurrent Validity

The agreement between the foot-mounted IMUs and the observed frequency of ball touches and releases
throughout each experimental condition is displayed by Table 3.4, and Table 3.5, respectively. A good
P4 of 95.1% was observed between the IMUs and retrospective video analyses for the total number of
ball touches performed collectively throughout all conditions. Furthermore, a good P of 97.6% was
established between the IMUs and retrospective video analyses for the collective number of releases
performed throughout all experimental conditions. These values were derived from 274 and 281 of the
288 comparative data points, for ball touches and releases respectively, being within the threshold of

no practically important difference.
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Table 3.4: A summary of the concurrent validity of the foot-mounted IMU for quantifying ball touches.

Variable Condition SportsCode Mean = SD PlayerMaker™ Mean + SD Bias Pa (%) Pa (%) 95% CI SE (%) Pa Interpretation
Ball Touches (f) All 30.0+£0.0 29.9+0.5 -0.2 95.1 95.0-953 0.1 Good
Ball Touches (f) DOM 30.0+£0.0 29.2+0.5 -0.1 100.0 100.0 - 100.0 0.0 Good
Ball Touches (f) NON-DOM 30.0+£0.0 29.8+0.6 -0.2 95.1 949-954 0.2 Good
Ball Touches (f) 13.2m 30.0+£0.0 29.9+0.5 -0.1 97.2 97.0-97.4 0.1 Good
Ball Touches (f) 18.7m 30.0+£0.0 29.8+0.5 -0.2 95.1 949-954 0.2 Good

N.B. DOM = dominant foot. NON-DOM = non-dominant foot. Pa = proportion of agreement. CI = confidence interval. SE = standard error.
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Table 3.5: A summary of the concurrent validity of the foot-mounted IMU for quantifying releases.

Variable Condition SportsCode Mean + SD PlayerMaker™ Mean + SD Bias Pa (%) Pa (%) 95% CI SE (%) Pa Interpretation
Releases (f) All 20.0+0.0 20.0+0.5 0.0 97.6 97.5-97.7 0.0 Good
Releases (f) DOM 20.0+0.0 20.0+0.3 0.0 100.0 100.0 - 100.0 0.0 Good
Releases (f) NON-DOM 20.0+0.0 20.0+0.6 0.0 95.1 94.9-954 0.2 Good
Releases (f) 132m 20.0+£0.0 20.0+04 0.0 99.3 99.2-994 0.1 Good
Releases (f) 18.7m 20.0+£0.0 20.0£0.5 0.0 96.5 96.3-96.8 0.11 Good

N.B. DOM = dominant foot. NON-DOM = non-dominant foot. Pa = proportion of agreement. CI = confidence interval. SE = standard error.

69



3.3.2. Intra-Unit Reliability

The agreement within the IMU data for ball touches and releases throughout all experimental conditions
is displayed by Table 3.6, and Table 3.7, respectively. Overall P4 values of 96.9% and 95.8%, for ball
touches and releases, were ascertained through the mean difference between 93 and 92 of the 96
respective data triplets being within the threshold of no practically important difference. The IMUs
displayed good intra-unit reliability for monitoring ball touches and releases throughout all conditions,

with respective overall CV values of 1.8% and 2.3%.
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Table 3.6: A summary of the intra-unit reliability of the foot-mounted IMU for quantifying ball touches.

PlayerMaker™ Between Trial

Variable Condition CV (%) Pa (%) Pa (%) 95% CI SE (%) Pa Interpretation

Mean + SD Difference
Ball Touches (f) All 0.0+04 1.8 96.9 96.8-96.9 0.0 Good
Ball Touches (f) DOM 0.0+0.3 1.5 100.0 100.0 - 100.0 0.0 Good
Ball Touches (f) NON-DOM 0.0+ 04 1.8 95.9 95.0-96.6 0.4 Good
Ball Touches (f) 132m 0.1+04 1.6 97.9 97.3-98.5 0.3 Good
Ball Touches (f) 18.7m 00+04 1.8 95.8 95.0-96.6 0.4 Good

N.B. DOM = dominant foot. NON-DOM = non-dominant foot. CV = coefficient of variation. Pa = proportion of agreement. CI = confidence interval. SE = standard error.
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Table 3.7: A summary of the intra-unit reliability of the foot-mounted IMU for quantifying releases.

PlayerMaker™ Between Trial

Variable Condition Mean + SD Difference CV (%) Pa (%) Pa (%) 95% CI SE (%) Pa Interpretation
Releases (f) All 00+04 2.3 95.9 95.5-96.2 0.2 Good
Releases (f) DOM 0.0+£0.2 1.4 100.0 100.0 - 100.0 0.0 Good
Releases (f) NON-DOM 0.1+0.4 29 95.9 95.0-96.6 0.4 Good
Releases (f) 132m 0.1+0.3 1.8 95.9 95.0-96.6 0.4 Good
Releases (f) 18.7m 0.0+0.5 2.7 95.9 95.0-96.6 0.4 Good
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3.3.3. Comparison Between Experimental Conditions

The concurrent validity and intra-unit reliability of the foot-mounted IMUs remained within a range of
95.1% to 100.0% for ball touches and releases, indictive of consistently good agreement not only with
the criterion measure, but also within the devices (Scott et al., 2016b). Trials that required the use of
the dominant foot elicited 4.9% greater concurrent validity and 4.2% greater intra-unit reliability for
ball touches (Figure 3.1) and releases (Figure 3.2), in comparison with trials that required the use of the
non-dominant foot. Concurrent validity reduced by 2.1% and 2.8%, for ball touches and releases
respectively, when the distance between players increased from 13.2 m to 18.7 m. Likewise, the intra-
unit reliability for ball touches reduced by 2.1% during trials performed with 18.7 m between the
players, in comparison with 13.2 m. The intra-unit reliability for releases was unaffected by the

increased distance.
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Figure 3.1: A series of modified Bland-Altman plots (Krouwer, 2008) which graphically demonstrate the concurrent validity and intra-unit reliability of the foot-mounted IMU

for quantifying ball touches with the dominant (A & C) and non-dominant (B & D) foot, respectively. N.B. Dashed lines represent the 95.0% limits of agreement (Bland &

Altman, 1986; 1999). Solid lines represent the + 1 reference value of no practically important difference (Cooper et al., 2007).
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Figure 3.2: A series of modified Bland-Altman plots (Krouwer, 2008) which graphically demonstrate the concurrent validity and intra-unit reliability of the foot-mounted IMU

for quantifying releases with the dominant (A & C) and non-dominant (B & D) foot, respectively. N.B. Dashed lines represent the 95.0% limits of agreement (Bland & Altman,

1986; 1999). Solid lines represent the + 1 reference value of no practically important difference (Cooper et al., 2007).
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3.4. Discussion

The utility of wearable IMUs has equipped practitioners with a wealth of objective data relating to the
multifactorial determinants of soccer player performance (Cummins et al., 2013; Akenhead & Nassis,
2016). However, discerning the signal from the noise within data collected by IMUs is of critical
importance to practitioners, allowing performance-related decisions to be made with an appreciation of
measurement error (Malone et al., 2020).

The primary findings of this investigation are that the foot-mounted IMU displayed consistently
good concurrent validity (Table 3.4 and Table 3.5), and consistently good intra-unit reliability (Table
3.6 and Table 3.7), for monitoring the 8,640 ball touches and 5,760 releases collectively performed
throughout the four specified conditions within the experimental protocol (Table 3.1). Having
quantified the agreement between the IMU and retrospective video analyses, overall P values 0of 95.1%
and 97.6% were established for ball touches and releases respectively, representative of good concurrent
validity of the IMU for quantifying both variables (Scott et al., 2016b). Furthermore, the agreement
within the IMU data across three repetitions of each trial constituted P (CV) values of 96.9% (1.8%)
and 95.8% (2.3%), for ball touches and releases respectively, indicative of good intra-unit reliability of
the IMU for each metric (Scott et al., 2016b).

Technical actions performed with the players’ dominant foot elicited greater concurrent validity
and greater intra-unit reliability in comparison with the non-dominant foot. Although a detailed
explanation is outside the scope of the current thesis, one plausible reason for this disparity may relate
to the bilateral biomechanical differences that are evident during kicking (Rahnama et al., 2005).
Previous research has demonstrated that kicking with the non-dominant foot results in a significantly
lower ball velocity (Sinclair et al., 2014), attributed to significantly reduced knee angular velocity
during extension, and subsequent reductions in foot linear velocity during ball contact (Dorge et al.,
2002; Nunome et al., 2006). Furthermore, players may possess reduced neuromuscular coordination in
the non-dominant limb, needed to produce the required proximal-to-distal sequencing during kicking
(Kellis & Katis, 2007; Sinclair et al., 2014). These factors may reduce the magnitude of interruptions

in the accelerometer and gyroscope traces, potentially contributing to abnormalities within the machine
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learning algorithms which automatically detect and categorise the technical actions performed (Figure
2.6) (Ofoghi et al., 2013; Halilaj et al., 2018).

The concurrent validity of the foot-mounted IMU displayed reductions of 2.1% and 2.8%, for
ball touches and releases respectively, when the distance between players increased from 13.2 mto 18.7
m. However, the explanation for this may relate to methodological shortcomings within the
experimental protocol, as opposed to deficiencies within the IMU. Technical actions that were
performed with 18.7 m between players took place following the completion of all experimental
conditions with 13.2 m between players (Table 3.1). As such, players had already performed 360 ball
touches and 240 releases during the first 12 trials, prior to repeating those trials at the increased distance.
Therefore, there exists the potential that neuromuscular fatigue may have impaired players’ kicking
mechanics during the latter trials (Kellis & Katis, 2007; Sinclair et al., 2014). Previous research has
demonstrated the negative effect of neuromuscular fatigue on ball velocity during soccer kicking (Kellis
et al., 2006; Russell et al., 2011; Ferraz et al., 2012) which, for reasons aforesaid, may have contributed
towards irregularities within the IMU’s machine learning algorithms (LeCun et al., 2015; Halilaj et al.,
2018).

Despite providing an important initial understanding of the concurrent validity and intra-unit
reliability of the foot-mounted IMU, the current study failed to explore the efficacy of the device during
soccer tasks of higher complexity (e.g., SSG). These tasks are performed in a spatially changing
environment (Singer, 2000), constituting greater perceptual-cognitive (Williams, 2000) and technical
(Halouani et al., 2014) performance demands that may, in turn, alter the capabilities of the IMU.
Furthermore, the protocol could be strengthened by interspersing trials with differing distances between
participants (i.e., employing a cross-over design), in a similar manner to trials requiring the sole use of
one foot, to alleviate the potential influence of neuromuscular fatigue upon the concurrent validity of
the IMU during trials with 18.7 m between players. Lastly, the amateur players sampled during the
current study may possess more pronounced bilateral biomechanical differences than their professional
counterparts, which may have contributed to the reduced concurrent validity and intra-unit reliability

of the IMU during trials performed with the non-dominant foot.
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In considering the findings, alongside the aforementioned limitations, the current investigation
has provided novel data, which indicates that the foot-mounted IMU displays promising capacity as a
valid and reliable alternative method of quantifying technical actions in soccer, in the absence of semi-
automatic multiple camera tracking systems or third-party data providers. Despite possessing superior
validity and reliability (as discussed in Section 2.3.2.2) (Bradley et al., 2007; Liu et al., 2013), these
solutions require significant financial investment, which is often unfathomable for many soccer clubs
(O’Reilly et al., 2018). As such, the IMU examined during this study may represent a time-efficient and
cost-effective method of measuring technical performance, with good concurrent validity and intra-unit
reliability, providing data that is available immediately post-activity with a lesser financial commitment

(Scott et al., 2016a; Starling & Lambert, 2018).

3.5. Conclusion

In conclusion, the findings of this investigation demonstrate that the examined foot-mounted IMU can
be used as a tool for monitoring the frequency of ball touches and releases performed during soccer.
The IMU may represent a timely addition to the athlete monitoring procedures implemented by
professional soccer clubs (Weston, 2018), potentially assisting practitioners in their injury risk
modification strategies (Ehrmann et al., 2016) by facilitating the construction of players’ normative
technical data profiles for each day within a microcycle (Akenhead & Nassis, 2016). Furthermore, the
IMU may serve as a crucial time-saving mechanism, allowing practitioners to devote human resources
to further their pre-match, post-match, or opposition analysis provision (Wright et al., 2013). Lastly,
the IMU can assist practitioners to intervene with players who display functional performance
asymmetries (Haaland & Hoff, 2003; Guilherme et al., 2015), with two-footedness being a prerequisite

for successful soccer performance (Verbeek et al., 2017).
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Chapter 4:
Quantifying Technical Actions in
Professional Soccer Using Foot-

Mounted Inertial Measurement Units
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4.1. Introduction
The multifactorial demands of professional soccer require the implementation of training programmes
that combine technical, tactical, physiological, and psychological components to enhance player
performance (Stelen et al., 2005). Technical (i.e., ball touches, passes, crosses, shots) and tactical
components are often prioritised by coaches during in-season training (Morgans et al., 2014a), due to
their association with competition success (Castellano et al., 2012; Carling, 2013). Farrow and
Robertson’s (2017) skill acquisition periodisation framework (discussed in detail within Section 2.4.3),
has enabled practitioners to systematically adjust players’ technical performance in training throughout
different sports. For instance, soccer specificity may be enhanced by comparing the extent that training
mimics the technical demands of competition (Pinder et al., 2011), with progression expedited by
prescribing an increased frequency of technical actions (Ericsson et al., 1993). However, technical
actions are consistently neglected by practitioners during player monitoring processes (Akenhead &
Nassis, 2016; Malone et al., 2020), despite contributing to players’ overall external training load
(Bradley & Ade, 2018).

The monitoring of technical actions is pertinent because the frequency of these actions executed
by professional players during match-play has risen over time (see Section 2.2). Barnes et al. (2014),
reported that the frequency of ball touches and passes executed by EPL players increased, by 10.5%
and 39.9% respectively, over seven consecutive seasons. In the 2019/2020 season, UEFA Champions
League players typically performed 60.2 + 20.7 ball touches and 50.1 + 25.7 releases (i.e., passes,
crosses, shots, clearances) per match (Table 2.4) (Yi et al., 2020). Despite such insights into match-
play, examinations of technical actions during training scarcely appear within the literature (Liu et al.,
2016; Bradley & Ade, 2018). Quantifying technical actions often requires complex and expensive
infrastructure, such as semi-automatic multiple camera tracking systems (e.g., ProZone®, Castellano et
al., 2014) or local positioning systems (e.g., Inmotio, Frencken et al., 2010; Kinexon, Hoppe et al.,
2018). Although these systems provide data that contextualises the various determinants of player
performance (Bradley & Ade, 2018), the significant financial investment required hinders the
transferability of such methods to the training environment (Akenhead & Nassis, 2016; Cardinale &

Varley, 2017). In this setting, manual coding has been the prominent approach to assessing players’
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technical performance (Wright et al., 2013), which not only quantifies the specific technical actions
performed (Wright et al., 2016), but also provides an understanding of players’ pitch location (Taylor
et al., 2010) and associated action success (Bateman & Jones, 2019). Yet, this process needs highly
trained operators to limit measurement error (O’Donoghue, 2007) and to achieve sufficient validity and
reliability (Francis et al., 2019; Gong et al., 2019). Moreover, the substantial human resources required
has compelled practitioners to explore alternative approaches for quantifying technical actions during
training (Carling et al., 2014; Robertson, 2020). As a solution to these problems, the implementation of
wearable microtechnology, attached to players’ boots (Edwards et al., 2019), may represent a time-
efficient and cost-effective option for monitoring technical actions during weekly training microcycles
(Chambers et al., 2015; Nedergaard et al., 2017).

Quantifying technical actions during training would provide a broader understanding of the
periodisation strategies used to prepare professional players for competition. Throughout a typical
microcycle, external training load markers (e.g., total distance, mean speed) are consistently at their
lowest on the day immediately before competition (Anderson et al., 2015; Malone et al., 2015; Stevens
etal., 2017; Martin-Garcia et al., 2018), with practitioners adopting this tapering approach to physically
unload players and increase readiness for competition (Malone et al., 2015; Owen et al., 2017).
Anecdotally, this unloading coincides with training becoming more technically and tactically oriented
(Martin-Garcia et al., 2018; Walker & Hawkins, 2018). However, empirical evidence to support this is
lacking, necessitating an examination of the technical actions performed throughout professional soccer
training microcycles.

The periodisation of technical actions provides a macro view of training. However, the within-
session distribution of technical actions also warrants attention. Despite numerous studies examining
technical actions during specific training drills (e.g., SSG) in isolation (Fradua et al., 2013; Aguiar et
al., 2015), little consideration has been given to the effect of drill category on the technical actions
executed by professional players (Barrett et al., 2020). Understanding these effects would allow
practitioners to manipulate players’ technical actions to satisfy the aforementioned principles of skill
acquisition periodisation (Farrow & Robertson, 2017). Furthermore, to facilitate evidence-based

decisions regarding the inclusion of drills to achieve training objectives (Jaspers et al., 2017), and to
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supplement coaches’ feedback by providing objective insights into players’ technical actions (Stodter
& Cushion; 2019; Nosek et al., 2021), the aim of the current study was to quantify the within-
microcycle, inter-positional, and between-drill differences in the frequency of technical actions

performed during professional soccer training using foot-mounted IMUs.

4.2. Methods

4.2.1. Experimental Design

Technical actions were quantified during training sessions throughout a 24-week mid-season
(September to February) period of the 2019/2020 EFL Championship season (Figure 4.1), prior to
competition disruption (FA, 2020a). This phase ensured minimal changes to players’ physiological
fitness, such as those that typically occur during the transition from pre-season to in-season, where head
coaches emphasise the continuation of physical conditioning (Malone et al., 2015). Two microcycles
were excluded as they fell within the FIFA International Match Calendar (Malone et al., 2015; Stevens
et al., 2017). Training sessions within one microcycle were categorised in relation to the number of
days prior to a competitive fixture (i.e., MD minus day number [MD - n]) (Malone et al., 2015).
Microcycles encompassing one fixture (n = 13, 54.2%) typically contained four training sessions, with
MD - 3 being a recovery day for all players. Fixtures were followed by a recovery day for all players.
According to their primary objective, training drills were assigned one of the following categories:

position specific; possession; SSG; tactical; technical; or warm-up (Table 4.1).
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Preparation

phase Competition phase

Figure 4.1: A schematic of the block periodised preparation system employed by the soccer club
(Issurin, 2016). N.B. Numbered blocks represent each mesocycle, encompassing six smaller blocks
representative of weekly microcycles. The second and seventh mesocycles, at the beginning and end of
the competition phase, were removed. The 24 microcycles that were selected for analysis are depicted

within the dashed box. The club did not complete (DNC) the final four microcycles.

Table 4.1: The operational definitions of six categories of training drill that were prescribed throughout

the training programme (Barrett et al., 2020).

Drill Category Operational Definition

Drills aimed at specific units of the team (i.e., defenders, midfielders, and strikers), with players

Position Specific . . .. . S
osition Sp separated according to their position and coached as a unit or an individual.

Drills designed to mimic similar demands of match-play, with the aim being to keep the ball

Possession away from the opposing team, with no goals to score in.
SSG Drills expected to replicate the demands of match-play, with a reduced number of players,
reduced pitch size, and specific rules to elicit the required intensity, with goals to score in.
Tactical Drills intended to educate players as to the tactical roles they occupy within the team shape,
inclusive of open play and set-piece exercises.
. Drills designed to work on a soccer-specific skill (e.g., dribbling, passing, crossing, shooting),
Technical . .
working as an entire group.
Warm-Up Drills intended to prepare the players, both physically and technically, for the forthcoming

training session.
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4.2.2. Exclusion Criteria

Players were required to have completed three full pitch-based sessions on each training day, and three
repetitions of each drill, to facilitate comparative analyses. This resulted in 27 players (e.g., academy
scholars, trialists, players transferred in/out) being removed from the dataset through their intermittent
involvement during the training programme. For eligible players, the 24-week data collection period
yielded 8,535 drill observations. 9.3% (n = 796) of these were removed having imposed various

exclusion criteria (Figure 4.2) derived from comparable longitudinal monitoring studies (Malone et al.,

2015; Stevens et al., 2017).

8,535 individual player observations gathered during the twenty-four-week
data collection period

<

Observations from players who ceased training through injury (n = 16, 0.3%)
and fatigue management (n =9, 0.1%) were excluded

<

Observations with no specific technical components, such as physical warm-up
(n=436, 5.1%) and conditioning (n = 15, 0.2%) drills, were excluded

<

Observations that contained missing data (n = 127, 1.5%) were excluded

<

Observations from players taking part in pitch-based rehabilitation (n = 124,
1.5%) and recovery (n = 45, 0.5%) sessions were excluded

<

Observations from individual (n =5, 0.1%) and group (n = 19, 0.2%) match-
day training for non-selected players were excluded

N

7,739 individual player observations included in the analysis

Figure 4.2: A flow chart of the data exclusion process derived from comparable longitudinal player

monitoring studies (Malone et al., 2015; Stevens et al., 2017).
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A total of 66 training sessions, comprising 7,739 individual player observations, were included
for analysis. Players completed a mean of 47.7 £ 13.2 training sessions, with 7.4 + 2.1 drill observations
per session. Sessions had a ball-in-play time of 61.8 £ 5.5 minutes, with recovery periods removed to
provide an accurate representation of training intensity (Wass et al., 2020). Each player completed 351.8

+ 98.1 drills during the study, which did not influence the training content delivered.

4.2.3. Participants

Twenty-one professional soccer players (mean = SD age: 24.4 + 3.1 years; stature: 183.0 + 8.1 cm;
mass: 80.6 + 9.6 kg), from one EFL. Championship club, participated in this study. The sample size was
constrained by the finite number of players with professional contracts, who were available to
participate in training, that satisfied the aforementioned exclusion criteria. As categorised by the head
coach, who typically employed a 4-2-3-1 formation, the sample of players comprised five CD, five WD,
six CM, three WM, and two ST. The head coach and coaching staff remained consistent throughout,
alleviating the potential influence of a change in head coach on the technical requirements of the training
programme (Whitehead et al., 2018). This study obtained institutional ethical approval (FHS200), with

data collected as part of daily player monitoring procedures.

4.2.4. Inertial Measurement Units

Technical actions were quantified using commercially available foot-mounted IMUs (PlayerMaker™,
Tel Aviv, Israel). Each IMU incorporated two components from the MPU-9150 multi-chip motion
tracking module (InvenSense, California, USA), being a 16 g triaxial piezoelectric accelerometer and a
2000°-s™" triaxial piezoelectric gyroscope. The IMU sampled at a rate of 1000 Hz, with data filtered
using machine learning algorithms at 250 Hz (Figure 2.6). Housed in manufacturer-supplied tightly-
fitting silicone straps, each player was equipped with two IMUs (one for each foot), which were located
at the lateral malleoli over the player’s boots (Figure 2.7). To diminish issues related to inter-unit
reliability, players used the same IMUs throughout the data collection period (Buchheit et al., 2014a;

Malone et al., 2020).
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4.2.5. Statistical Analysis

Having verified the assumption of normality using a Q-Q plot (Schielzeth et al., 2020), general linear
modelling was conducted within Statistical Package for the Social Sciences (SPSS) (v. 26; IBM,
Chicago, USA) to establish estimated marginal mean, standard error (SE), and CI values for the four
fixed variables of interest: ball touches, releases, ball touches per minute, releases per minute. Random
variables (e.g., player age, calendar month) were screened for covariance (Hopkins & Wolfinger, 1998),
with Wald Z statistics (p > 0.005) indicating that no random intercept was required. In the event of a
statistically significant F ratio, Sidak adjusted post-hoc pairwise comparisons between the estimated
marginal means were analysed. Cohen’s d ES statistics, using the pooled SD as the denominator, were
computed to ascertain the magnitude of the within-microcycle, inter-positional, and between-drill
differences, with the following descriptors attached: trivial (< 0.20); small (> 0.21 - 0.60); moderate (>
0.61 - 1.20); large (= 1.21 - 2.00); very large (> 2.01) (Hopkins et al., 2009). Two-tailed statistical

significance was established as p < 0.005.

4.3. Results

4.3.1. Fixture Proximity

There were main effects of fixture proximity on the frequency of technical actions (£ 4, 1019y = 1,705.05
- 2,026.17, p < 0.001; ES = 0.01 - 0.89) (Table 4.2), inter-positional differences in the absolute
frequency of ball touches and releases (F (20, 1003) = 347.19 - 416.34, p < 0.001; ES = 0.00 - 0.83) (Figure
4.3) and the relative frequency of ball touches per minute and releases per minute (F (20, 1003 = 361.10 -

446.99, p <0.001; ES=0.01 - 0.73) (Figure 4.4).

4.3.2. Playing Position
There were main effects of playing position (¥ s, 1018y = 1,301.82 - 1,697.79, p < 0.001; ES = 0.01 -
0.64) on the frequency of ball touches, releases, ball touches per minute, and releases per minute

performed during a typical training session (Table 4.3).
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4.3.3. Drill Category

There were main effects of drill category (£ [6, 7728] = 3,801.45 - 4,314.05, p < 0.001; ES = 0.21 -
4.35) on the frequency of ball touches and releases (Table 4.4), on the relative frequency of ball touches
per minute and releases per minute (F [6, 7728] = 3,709.50 - 4,929.72, p < 0.001, ES = 0.04 - 3.04)
(Figure 4.5), and on the inter-positional differences in the relative frequency of ball touches per minute
and releases per minute (£ [20, 1003] =361.10 - 446.99, p <0.001; ES = 0.00 - 0.43) (Figure 4.6). The

within-microcycle prevalence of each category of training drill is depicted by Table 4.5.
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Table 4.2: Estimated marginal mean values representative of the absolute frequency of ball touches and releases, and the relative frequency of ball touches and releases

per minute of ball-in-play time, performed by professional soccer players on each training day within a typical weekly microcycle.

Overall MD -5 MD -4 MD -2 MD -1
Variable
EM Mean SE 95% CI EM Mean SE 95% CI EM Mean SE 95% CI EM Mean SE 95% CI EM Mean SE 95% CI
41.5 76.6 70.8 57.8
Duration (min) 62.5 0.8 61.0 - 64.1 Lol M 2.1 37.3-45.7 LM 1.8 73.1-80.1 Ls 1.4 68.1-73.5 MM S 1.1 55.7-59.9
1 51 5°1 5 2
181.9 209.0 208.4 218.0
Ball Touches (f) 209.9 2.4 205.3-214.6 S.sS 7.0 168.2-195.7 S 5.9 197.4-220.5 S 44 199.7-217.1 S 3.5 211.2-2248
£2°1 5 5 5
80.9 99.7 100.6 110.8
Releases (f) 103.0 1.3 1004 -105.5 SSM 3.8 73.6 - 88.3 S s 32  935-1059 S s 24  959-105.2 M ,S 1.9 107.2-114.5
1 501 501 5
3.8 2.8 3.1 3.1
Ball Touches (f- min-) 3.1 0.0 3.1-32 MM M 0.1 3.6-4.0 MSs 0.1 26-29 M 0.1 3.0-3.2 M 0.1 3.0-3.2
4 1
1.7 1.3 1.5 1.5
Releases (f-min!) 1.5 0.0 14-15 M 0.1 1.5-1.8 MS S 0.0 1.2-14 S 0.0 14-1.6 S8 0.0 14-15

N.B. EM = estimated marginal. SE = standard error. CI = confidence intervals. MD = match day. Statistically significant differences (p < 0.005) are depicted in bold: 5§ =MD

-5;4=MD-4;2=MD -2;and 1 =MD - 1. Observed magnitude of effects are denoted as: [T] = trivial; [S] = small; [M] = moderate; [*] = large; and [V] = very large.
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Figure 4.3: Estimated marginal mean (+ SE) inter-positional differences in the absolute frequency of ball touches and releases performed by professional soccer players on each training day within a typical weekly
microcycle. N.B. Each bar represents one playing position. Lighter shaded areas represent ball touches. Darker shaded areas represent releases. MD = match day. Statistically significant differences (p < 0.005) are

displayed above SE bars. * = statistically significant difference to all other playing positions. «*® = statistically significant difference to central defenders. "V = statistically significant difference to wide defenders. «™=

statistically significant difference to central midfielders. «*™ = statistically significant difference to wide midfielders. -*" = statistically significant difference to strikers.
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Figure 4.4: Estimated marginal mean (+ SE) inter-positional differences in the relative frequency of ball touches and releases, per minute of ball-in-play time, performed by professional soccer players on each training

day within a typical weekly microcycle. N.B. Each bar represents one playing position. Lighter shaded areas represent ball touches per minute. Darker shaded areas represent releases per minute. Statistically significant

differences (p < 0.005) are displayed above SE bars. MD = match day. * = statistically significant difference to all other playing positions. «“° = statistically significant difference to central defenders. -"P = statistically

CM _ WM _

statistically significant difference to central midfielders. »¥™ = statistically significant difference to wide midfielders. -5*=

significant difference to wide defenders. = statistically significant difference to strikers.
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Table 4.3: Estimated marginal mean values representative of the inter-positional differences in the absolute frequency of ball touches and releases, and the relative

frequency of ball touches and releases per minute of ball-in-play time, performed by professional soccer players during a typical training session.

CD WD CM WM ST
Variable
EM Mean SE 95% CI EM Mean SE 95% CI EM Mean SE 95% CI EM Mean SE 95% CI EM Mean SE 95% CI
200.9 221.9 195.4
Ball Touches (f) 206.1 4.8 196.7-215.4 o 4.8 191.5-210.2 S¢S 44 2133-2304 218.3 6.4 205.6-230.9 o’ 7.5 180.7-210.2
M WD’ ST ™M
97.5 108.3
Releases (f) 102.2 26 97.1-107.3 S 2.6  92.4-102.6 S 2.4 103.6-1129 106.9 3.5 100.0-113.8 97.2 41 89.2-1053
M WD"
in-! 29 0.1 2.7-3.0 32 0.1 3.0-33 34 0.1 33-35 32 0.1 3.0-34 27 0.1 25-29
Ball Touches (f-min”!) wo® e’ ' R coSst® ' R cSst™ ' c st ' R wp® em™ wa® ’ oo
in-! 14 0.0 13-15 13 0.0 14-1.6 16 0.0 1.5-1.7 1.4 0.0 13-15 13 0.1 1.2-14
Releases (f-min”) o’ ’ co stS ’ T cpSst’ ’ co ' ’ co woS cm® ’ T

N.B. EM = estimated marginal. SE = standard error. CI = confidence intervals. Statistically significant differences (p < 0.005) are depicted in bold: CD = central defenders;
WD = wide defenders; CM = central midfielders; WM = wide midfielders; and ST = strikers. Observed magnitude of effects are denoted as: [T] = trivial; [S] = small; [M] =

moderate; [¥] = large; and [Y] = very large.
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Table 4.4: Estimated marginal mean values representative of the differences in the absolute frequency of ball touches and releases, and the relative frequency of ball

touches and releases per minute of ball-in-play time, performed by professional soccer players throughout each category of training drill.

Position Specific Possession SSG Tactical Technical Warm-Up
Variable
EM Mean SE 95% CI EM Mean SE 95% CI1 EM Mean SE 95% CI EM Mean SE 95% CI1 EM Mean SE 95% CI EM Mean SE 95% C1
27.0 12.7 2.7 10.3 9.4 15.2
Duration (min oy . 0.2 26.6-275 . 0.2 123-13.2 . . 0.1 25-28 0.2 10.0 - 10.6 . 0.2 9.1-9.7 : . 0.2 14.7-15.6
( ) POSV SSG‘ TAC‘ TECV \VU\ PS‘ SSGL T.’\CS TECM WUS PS\ POSL T/\CL TECL V\U‘ PSV POSS SSGL TECT V\’lJM PS‘ POSS SSGL TACT VVU“ PS‘ POSS SS(‘.‘ T.’\CM ‘I'IZC‘1
56.4 30.9 6.9 12.4 61.2 104.2
Ball Touches : ) 0.9 54.6-58.2 1.0 28.9-3238 . . 0.4 62-76 . 0.7 11.1-13.6 - 0.7 59.7-62.6 v v v 0.9 102.4 - 106.0
(f) POSM SRG\ TACL TECS \VU\ PR“ SSG“ T/\C‘1 TECL w UV PS‘ I’OS)l T/\Cs TECV \VU\ PSL POSM RSGS TECV \VU\ PSS POSL SSG\ T/\C\ \"«LL PS\ POS‘ SS(‘.V TACV TECL
28.3 133 2.8 5.4 31.0 55.2
Releases 0.5 273-293 0.5 123-14.4 . 0.2 24-32 . 0.4 4.7-6.1 oy 0.4 30.2-31.8 v v v 0.5 54.2-56.1
(f) POSL SSGV T/\CL TECs \\'IJv PRL SSGM T/\C‘1 TECL w UV I’Sv I’OS)l T/\Cs TECV \VU\ PSL POSM RSGS TECV \VU\ PSS POSL SSG\ T/\C\ \"«LL PS\ POS‘ SS(‘.V TACV TECL
2.4 2.5 2.2 1.2 6.2 6.8
~min’! , 0.1 22-25 ; 0.1 23-26 v 0.0 2.1-22 . 0.1 1.1-13 . N 0.1 6.1-63 - 0.1 6.6-6.9
Ba“ Touc}.es (f min ) TA(‘S TECL WUV SS(‘.T T/\CM TEC‘ WUV POST 'I'ACs TIECV V\U‘ PSM POSM SSGS TECV \VU\ I’SV POSV SSG‘ T.\C‘ “US PSV POSV SS(‘.\ T/\C\ TIECs
1.2 1.1 0.9 0.5 3.1 3.6
- min-! 0.0 12-13 , 0.0 1.0-12 . 0.0 09-09 v 0.0 0.5-0.6 . - 0.0 3.1-32 - 0.0 3.6-3.7
Releases (f min ) SS(‘.S T/\C“ TECL w UV SSGT TA(‘S TECV \VU\ PSS PDSS T/\CS TI:CV \VU\ PSM POSS SS(‘.S TEC\ V«L‘ PS‘ POSL RS(‘.\ T/\C\ V«LS PSV POSV SS(‘.\ T/\C\ TIECs

N.B. EM = estimated marginal. SE = standard error. CI = confidence intervals. Statistically significant differences (p < 0.005) are depicted in bold: PS = position specific;

POS = possession; SSG = small-sided games; TAC = tactical; TEC = technical; and WU = warm-up. Observed magnitude of effects are denoted as: [T] = trivial; [5] = small;
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Relative Frequency of Technical Actions (f-min-')
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Figure 4.5: Estimated marginal mean (+ SE) differences in the relative frequency of ball touches and releases, per minute of ball-in-play time, performed by professional soccer players during each category
of training drill. N.B. Lighter shaded areas represent ball touches per minute. Darker shaded areas represent releases per minute. Statistically significant differences (p < 0.005) are displayed above SE bars.
* = statistically significant difference to all other drill categories. +PS= statistically significant difference to position specific. -?0S= statistically significant difference to possession. 556 = statistically significant

difference to SSG. «TAC = statistically significant difference to tactical. +TEC = statistically significant difference to technical. «WU= statistically significant difference to warm-up.
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Figure 4.6: Estimated marginal mean (+ SE) inter-positional differences in the relative frequency of ball touches and releases, per minute of ball-in-play time, performed by professional soccer players during
each category of training drill. N.B. Each bar represents one playing position. Lighter shaded areas represent ball touches per minute. Darker shaded areas represent releases per minute. Statistically significant
differences (p < 0.005) are displayed above SE bars. * = statistically significant difference to all other drill categories. «PS= statistically significant difference to position specific. +POS= statistically significant

difference to possession. 556 = statistically significant difference to SSG. ~TAC= statistically significant difference to tactical. «TEC= statistically significant difference to technical. «WV= statistically significant

difference to warm-up.
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Table 4.5: The weighted percentage distribution of each category of training drill prescribed during a

typical weekly microcycle.

Fixture Proximity

Drill Category

MD -5 MD - 4 MD -2 MD-1

Position Specific 14.0 21.1 38.8 26.0

Possession 334 37.8 22.6 6.2

SSG 329 18.7 11.6 36.8

Tactical 9.5 32.5 32.3 25.7

Technical 27.4 22.3 254 24.8

Warm-Up 10.6 283 19.1 42.0

N.B. MD = match day. SSG = small-sided games.

4.4. Discussion

The primary findings of this study were: (i) players typically performed the most ball touches and
releases on MD - 1, (ii) training sessions on MD - 5 elicited the most ball touches per minute and
releases per minute, (iii) CM generally performed the highest frequency of ball touches, releases, ball
touches per minute and releases per minute, (iv) the specificity of SSG for replicating the positional
technical demands of match-play may be limited, and (v) regardless of playing position, the fewest ball
touches per minute and releases per minute were observed during tactical drills.

Previous research has demonstrated that players exhibit the lowest external training load on the
day immediately preceding competition (Anderson et al., 2015; Malone et al., 2015; Stevens et al.,
2017; Martin-Garcia et al., 2018). Conversely, the current study noted that the frequency of technical
actions performed during a typical microcycle peaked on MD - 1 (Table 4.2), which supports the notion

that, to physically unload players as competition approaches (Malone et al., 2015; Owen et al., 2017),
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training objectives become more technical and tactical in nature (Martin-Garcia et al., 2018; Walker &
Hawkins, 2018). It would appear that the coaches sought to facilitate this pre-competition physical
unloading by prescribing a greater proportion of position specific, tactical, and warm-up drills on this
day (Table 4.5), with such drills demonstrating significantly lower external training load markers (e.g.,
total distance per minute, high-speed running distance per minute) than SSG (Barrett et al., 2020).
However, training sessions on MD - 1 resulted in the average player performing almost 4 times the
frequency of ball touches, and more than double the frequency of releases, compared to previously
reported match-play data from semi-automatic multiple camera tracking systems (Yi et al., 2020).
Although previous research has emphasised caution when comparing data from different monitoring
systems (Buchheit et al., 2014b; Taberner et al., 2020), the foot-mounted IMU is not currently permitted
during match-play under the Laws of the Game (Law 4.4; IFAB, 2020). Therefore, albeit tentatively,
the current study begins to question whether players’ readiness for the impending fixture may have been
inadvertently compromised (Anderson et al., 2016; Kelly et al., 2020), given the potential for
neuromuscular fatigue attributed to the heightened frequency of technical actions performed (Guex &
Millet, 2013, Silva et al., 2018). Nevertheless, the IMU could not differentiate between the types of
release performed, nor did the current study examine players’ shank angular velocity during kicking
(Lees et al., 2010), which has demonstrated fatigue-related decrements (Ferraz et al., 2012; 2019).
Future research considering the magnitude of players’ releases may, therefore, provide an insight into
the metabolic cost implications of performing specific technical actions (Osgnach et al., 2010; Russell
et al., 2011; Walker et al., 2016). By understanding the resulting biomechanical load imposed on the
musculoskeletal system pre-competition (Vanrenterghem et al., 2017), and associated
mechanobiological response (Wisdom et al., 2015), practitioners would be better placed to gauge
players’ holistic readiness to perform in conjunction with current monitoring systems (Bradley & Ade,
2018; Verheul et al., 2020).

Relative to ball-in-play time, training sessions on MD - 5 elicited the most ball touches per
minute and releases per minute (Figure 4.4). The greatest proportion of technical drills was also
observed on MD - 5 (Table 4.5), perhaps delivered in an attempt to compensate players for the lack of

technical stimuli through not participating in competition (Morgans et al., 2018). Although this study
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did not account for levels of match participation, which has demonstrated large (ES = 2.00 - 2.50)
effects on external training load markers (Anderson et al., 2015), the training group on MD - 5 often
comprised non-starting (i.e., those who started less than 30.0% of matches) and fringe players (i.e.,
those who started between than 30.0% and 60.0% of matches), with those who started the previous
fixture performing recovery activities (Morgans et al., 2014a; Anderson et al., 2016). Practitioners
frequently prescribe ‘top-up’ training immediately after a fixture to atone for the insufficient external
training load encountered by partial-match and unused substitute players (Hills et al., 2018; Buchbheit,
2019; Buckthorpe et al., 2019). However, such training is solely physical in nature, with players rarely
exposed to supplementary technical activities (Hills et al., 2020a). This may be due to governing body
pitch-usage restrictions permitting only 15 minutes of post-match activity (Rule 23.11i, FA, 2020b),
team travel requirements (Hills et al., 2020a) or a lack of available coaching staff (Hills et al., 2020b).
As such, it would appear that practitioners attempt to limit the consequences of reversibility (Farrow &
Robertson, 2017), by utilising technical drills on MD - 5 to provide non-starting and fringe players with
sufficient perceptual-cognitive stimuli that is crucial for technical performance (Reilly et al., 2000;
Williams & Hodges, 2005). Nonetheless, the alternative tactical systems (Whitehead et al., 2018) and
within-microcycle schedules (Malone et al., 2015), employed by head coaches may influence technical
performance during specific training programmes, limiting the generalisability of these results (Dalton-
Barron et al., 2020).

Inter-positional differences in the technical actions of match-play are well documented within
the literature (Ade et al., 2016; Baptista et al., 2018). However, prior to the current investigation,
research examining these differences in the training environment was scarce. This study reported trivial-
to-moderate (ES = 0.01 - 0.64) inter-positional differences in the technical actions of professional soccer
training, with CM performing the most absolute and relative ball touches and releases during a typical
training session (Table 4.3). This suggests that the technical actions performed by CM during training
are somewhat specific to those experienced during competition (Farrow & Robertson, 2017), with this
position typically performing the most ball touches and releases per match (Table 2.4) (Yi et al., 2020).
This is likely related to the tactical responsibilities of CM (Dellal et al., 2011a), which primarily

involves coordinating attacking play and creating goal scoring opportunities (Gongalves et al., 2014;
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Bush et al., 2015). For instance, regardless of match status, 61.0% of passes originate from the midfield
third of the pitch (Taylor et al., 2010), likely contributing to CM demonstrating trivial differences in
frequency of technical actions between playing at home versus playing away, and trivial differences
when playing against a higher quality of opposition (Yi et al., 2020). This highlights the importance of
training specificity for CM (Farrow & Robertson, 2017), given the apparent stability of the technical
actions performed by this position during match-play.

To simultaneously provide players with technical, tactical, physiological, and psychological
stimuli similar to that encountered during competition, SSG are routinely employed in professional
soccer training (Hill-Hass et al., 2011; Halouani et al., 2014; Bujalance-Moreno et al., 2019). Indeed,
SSG accounted for 49.5% of individual drill observations during the current investigation, with the
highest proportion being observed on MD - 1 (Table 4.5). The trivial-to-small (ES = 0.00 - 0.35) inter-
positional differences in the frequency of ball touches per minute and releases per minute observed
during SSG would imply that the specificity of these drills for replicating the inter-positional technical
actions of match-play may be limited (Farrow & Robertson, 2017). For example, the only small
differences during SSG were observed within CM, who performed more ball touches than CD and ST
(Figure 4.6). For all playing positions, SSG during training evoked more ball touches per minute and
releases per minute than match-play (Yi et al., 2020), suggesting that SSG may facilitate progression
through the elevated frequency of technical actions performed (Farrow & Robertson, 2017), alongside
the concurrent decision-making and perceptual demands of these drills (Sampaio & Magcas, 2012;
Aguiar et al., 2015). However, comparisons between training and match-play should be interpreted with
caution, given the problematic nature of quantifying performance with different systems in different
environments (Buchheit et al., 2014b). Future research should explore the agreement between the foot-
mounted IMUs and semi-automatic multiple camera tracking systems, to determine whether these
approaches can be used interchangeably throughout training and match-play (Taberner et al., 2020).

Drill category displayed trivial-to-very large (ES = 0.04 - 3.04) effects on the relative frequency
of technical actions performed during training (Figure 4.5; Table 4.4). Tactical drills (e.g., team shape,
set pieces) are arguably the most important training modality in professional soccer, with players’

tactical roles being a powerful determinant of match performance (Bradley & Ade, 2018). This study
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observed that, for all positions, the fewest ball touches per minute and releases per minute were
observed during tactical drills. These drills are intermittent in nature (Siegle & Lames, 2012), with
coaches frequently interrupting to provide instruction and management-related information (Ford et al.,
2010). Although instruction and management are crucial for delivering tactical messages (Cushion &
Jones, 2001), previous research has demonstrated the potential issues related to interrupting practice
too frequently (Williams & Hodges, 2005), which perhaps contributed to the lowest relative technical
stimuli being provided by tactical drills. Therefore, practitioners should seek alternative exercise
modalities, such as incorporating technical actions within warm-up drills, should a high technical output

be required from a particular session.

4.5. Conclusion

In conclusion, this investigation has provided a novel understanding of within-microcycle, inter-
positional, and between-drill differences in the technical actions of professional soccer training, which
may be especially relevant to researchers and practitioners alike. Although the magnitude of players’
releases was not quantified, which may yield a broader understanding of the metabolic and
mechanobiological implications of performing technical actions (Walker et al., 2016; Vanrenterghem
et al., 2017), the insights provided by this investigation have the potential to inform pre-competition
recovery strategies to negate the neuromuscular fatigue possibly induced through increased technical
activity on MD - 1 (Rey et al., 2012a; 2012b; Nédélec et al., 2015a). Lastly, coaches could manipulate
the frequency (e.g., CM performing additional releases during possession drills), and complexity (ST
required to hit certain zones during position specific drills), of technical actions during training to
provide an optimal challenge point that enhances the positional specificity, and promotes progression,
according to the principles of skill acquisition periodisation (Section 2.4.3) (Guadagnoli & Lee, 2004;

Farrow & Robertson, 2017; Mujika et al., 2018).
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Chapter 5:

General Discussion
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5.1. Synthesis of Findings

The following chapter intends to provide an overview of the conceptual and theoretical interpretations
of the data originating from this thesis, in relation to the specific aims and objectives outlined at the
conclusion of Chapter 1. The aforesaid purpose of this research project was to examine the efficacy and
utility of a foot-mounted IMU for measuring the frequency of technical actions performed during
professional soccer training. An appraisal of the aims and objectives of this project is featured below
(Section 5.1.1), which precedes a general discussion of the findings of each experimental study (Section
5.2), the limitations encountered during this thesis (Section 5.3), and directions for future research

(Section 5.4).

5.1.1. Evaluation of Aims and Objectives
The aim of the first experimental study conducted within this thesis (Chapter 3), was to establish the
concurrent validity and intra-unit reliability of a foot-mounted IMU for measuring the frequency of
technical actions performed during soccer training activities. The previous 20 years has seen a
substantial increase in the use of wearable microtechnology for monitoring professional soccer player
performance during training and match-play. However, an examination of the validity and reliability of
wearable MEMS is crucial to the interpretation of the data collected by such devices, enabling
practitioners to recognise the signal from the noise and avoid making evidence-based decisions based
upon potentially erroneous data. As specified in Section 5.2.1, the data presented in Chapter 3
demonstrate that the examined IMU displayed promising capacity as a valid and reliable method of
quantifying technical actions in soccer. The good concurrent validity and intra-unit reliability of the
IMU, established through the successful completion of the aim and objective of this chapter, enabled
these devices to be utilised as a tool for quantifying the frequency of technical actions performed during
professional soccer training during experimental study two (Chapter 4), which is discussed further
throughout Section 5.2.2.

The second experimental study conducted within this thesis (Chapter 4), aimed to quantify the
within-microcycle, inter-positional, and between-drill differences in the frequency of technical actions

performed during professional soccer training using foot-mounted IMUs. Although the frequency of
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technical actions executed by professional players during match-play has risen over time (Barnes et al.,
2014; Bush et al., 2015), these actions are consistently neglected by practitioners during player
monitoring processes (Akenhead & Nassis, 2016; Malone et al., 2020), despite contributing to players’
overall external training load (Bradley & Ade, 2018). Through the successful completion of the
aforesaid aims and objectives, the novel data presented in Chapter 4 (discussed in detail in Section
5.2.2), has provided a broader understanding of the multidimensional periodisation strategies used to
prepare professional players for competition, as well as the within-session distribution of technical

actions.

5.2. General Discussion of Findings
5.2.1. Inertial Measurement Units
The first key finding of this research project was that the foot-mounted IMU examined during
experimental study one (Chapter 3), exhibited consistently good concurrent validity for measuring the
frequency of 8,640 ball touches (Pa = 95.1% - 100.0%) and 5,760 releases (Pa = 95.1% - 100.0%),
collectively executed during a series of technical soccer tasks (Table 3.3). Having repeated each
experimental trial three times, over two pre-determined distances of 13.2 m and 18.7 m (see Section
3.3.3.3 for a rationale), the foot-mounted IMU also displayed consistently good intra-unit reliability for
measuring ball touches and releases, with respective Pa values ranging from 95.8% - 100.0% and 95.9%
- 100.0%, respectively. Combined with the low CV values for ball touches (CV = 1.5% - 1.8%) and
releases (CV = 1.4% - 2.9%), experimental study one concluded that the foot-mounted IMU displayed
promising capacity as a valid and reliable method of quantifying technical actions performed during
soccer training.

Wearable microtechnology is highly prevalent throughout professional soccer (Cummins et al.,
2013; Bartlett et al., 2017), providing key stakeholders with an extensive volume of data pertaining to
multiple performance variables (Coutts, 2014b). It has suggested that the most appropriate variables
collected by MEMS directly relate to the competition demands of a particular sport (Impellizzeri et al.,
2019). Therefore, the implementation of foot-mounted IMUs, that are capable of quantifying soccer-

specific non-locomotor activity, may represent a timely addition to supplement the current player
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monitoring procedures employed by professional soccer clubs (Lutz et al., 2020). This may be
especially necessary in considering that practitioners often overlook metabolically demanding technical
actions when planning training activities (Akenhead & Nassis, 2016; Malone et al., 2020). With
technical actions such as ball touches and releases directly associated with the demands of professional
soccer match-play (Buchheit & Simpson, 2017), and technical-related parameters considered a high
priority by head coaches, especially during multicyclic in-season training phases (Morgans et al.,
2014a), the ability to measure the frequency of these actions performed during training each day is
advantageous.

Having established the validity and reliability of the foot-mounted IMUs (Chapter 3), the lack
of which was labelled by 48 practitioners as a substantial barrier to the effective implementation of a
new method of measuring player performance (Akenhead & Nassis, 2016), the wider considerations
proposed by Starling and Lambert (2018) as prerequisites of an efficacious monitoring system can be
considered. The application of foot-mounted IMUs satisfied several of these criteria; being non-
invasive, non-fatiguing, and easy to administer. This method of measuring technical actions provides
key stakeholders with objective feedback in a timely manner, whilst obliging a lesser financial
commitment when compared with the previously discussed methods such as third-party data providers
(Section 2.3.2) or semi-automatic multiple camera tracking systems (Section 2.3.3), which is especially

desirable for EFL clubs competing below the top division of English soccer.

5.2.2. Technical Actions During Professional Soccer Training

5.2.2.1. Within-Microcycle Differences

This research project revealed that the frequency of technical actions performed during a typical weekly
training microcycle peaked on the day immediately preceding competition (Table 4.2). This
contradicted the body of previous research that has examined external training load throughout
professional soccer training microcycles, which has consistently demonstrated a reduction in specific
markers (e.g., total distance, mean speed) on MD - 1 (Anderson et al., 2015; Malone et al., 2015; Stevens

et al., 2017; Martin-Garcia et al., 2018). For example, Malone et al. (2015), reported a significant

decrease in the total distance (X¥=-2,116.0 m, ES = 1.38, large) and high-speed running distance (X“*
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=-135.0 m, ES = 1.10, moderate) covered by EPL players on MD - 1 in comparison with MD - 5, with

Martin-Garcia et al. (2018) observing reductions between MD - 5 and MD - 1 in the same external

training load variables (total distance: X¥=-1,851.0 m, p < 0.005; high-speed running distance: X*f=
-66.0 m, p < 0.005). During experimental study two (Chapter 4), it would appear that practitioners
promoted this pre-match physical taper (Malone et al., 2015; Owen et al., 2017) by prescribing a greater
weighted percentage of position specific (%%"=59.9), tactical (%"= 91.7) and warm-up (%“"=119.7)
drills on this day (Table 4.5). This begins to provide empirical evidence to support the anecdotal notion
that training objectives become more technical and tactical in nature as competition approaches (Martin-

Garcia et al., 2018; Walker & Hawkins, 2018).
Barrett and colleagues (2020) demonstrated that position specific (X=-602.0 m, p < 0.001)

and tactical (XT=-98.0 m, p < 0.001) drills elicit a significantly lower total distance per minute than
SSG, the largest weighted percentage of which during the current thesis was observed on MD - 1 (Table

4.5). Experimental study two (Chapter 4) revealed that training sessions on this day evoked almost four

times the frequency of ball touches (X = 218.0), and more than double the frequency of releases (X =
110.8), compared to previously reported match-play data from semi-automatic multiple camera tracking
systems (Table 2.4) (Yi et al., 2020). This questions whether players’ holistic readiness for the imminent
fixture may have been unwittingly jeopardised (Anderson et al., 2016; Kelly et al., 2020), given the
potential onset of neuromuscular residual fatigue attributed to the heightened frequency of technical
actions performed (Guex & Millet, 2013, Silva et al., 2018). As noted in Section 2.2.2, the repeated
eccentric contractions, and rapid eccentric-to-concentric transfer, required during kicking promotes
structural muscular damage and inflammation (Guex & Millet, 2013), with numerous studies
demonstrating the impact of lower-limb fatigue upon muscular strength, injury risk, and indices of
technical performance (Apriantono et al., 2006; Kellis et al., 2006; Krustrup et al., 2010). Below, Figure
5.1 (Phase 1) depicts the backswing phase of a soccer kick, which requires a high-force eccentric
contraction of the knee extensors (Brophy et el., 2007) to decelerate knee flexion and initiate the forward
swing phase (Orchard et al., 1999). During the forward swing phase (Phase 2; Figure 5.1), the knee

flexors contract eccentrically to prevent hyperextension of the knee joint (Ddrge et al., 2002). However,
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the residual fatigue induced by the increased eccentric activity (Proske & Morgan, 2001) during training
on MD - 1 may inhibit this protective mechanism (Apriantono et al., 2006), potentially increasing
players’ susceptibility to kicking-related hamstring and groin injuries during an ensuing fixture
(Andersen, 2014; Holmich et al.,, 2014). From a performance perspective, Russell et al. (2011),

concluded that neuromuscular fatigue impaired players’ shooting accuracy (%% = -25.5, p = 0.035)

and passing speed (X“= 0.8 m's?, p = 0.039), with Stone and Oliver (2009) demonstrating the
significant impact of neuromuscular fatigue upon players’ dribbling time (%™ = 4.5, p = 0.009) and
shooting accuracy (X“f=-7.6 au, p = 0.012), during simulated soccer match-play. With laboratory and
field-based soccer simulation protocols being validated for replicating multiple performance metrics
during match-play (Stone et al., 2011; Robineau et al., 2012; Page et al., 2015), it could be suggested
that the residual neuromuscular fatigue promoted by the heightened frequency of technical actions being

observed on MD - 1 possesses the potential to impair players’ technical performance during the
forthcoming fixture.
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Figure 5.1: A schematic of the changes in angular velocity of players’ shank and thigh throughout the

segmental phases of a soccer kick (adapted from Nunome et al., 2006).
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Much of the published literature documenting the incidence of technical actions performed
during professional soccer match-play (as discussed in Section 2.2, and displayed by Table 2.1, Table
2.2, Table 2.3 and Table 2.4) has quantified the whole match frequency of these actions (Taylor et al.,
2017). Although such studies (e.g., Dellal et al., 2011a; Liu et al., 2016; Yi et al., 2019; 2020) provide
meaningful insights into the overall volume of activity, solely reporting whole match demands fails to
appropriately represent the intensity of these activities (Delaney et al., 2015; Lacome et al., 2016).
Previous research examining more than 300 professional soccer matches has revealed that, for various
reasons (e.g., injuries, substitutions), the ball goes out of play for a mean of 32.5 minutes (Hill-Haas et
al., 2011; Martinez-Lagunas et al., 2014). Practitioners who fail to discount this period when
interpreting players’ external training load data risk underestimating the overall competition demands
that soccer players must contend with (Wass et al., 2020). Therefore, reporting the frequency of
technical actions as a function of ball-in-play time provides a superior representation of the intensity of
players’ activities (Pollard et al., 2018).

The notion of ball-in-play time during competition is directly transferrable to the training
environment, where players may momentarily cease activity to rest, transition between drills, or receive

instruction (Ford et al., 2010). The findings of experimental study two (Chapter 4) unveiled that, relative

to ball-in-play time (X=41.5 min), training sessions on MD - 5 elicited the most ball touches per minute
and releases per minute (Table 4.2). One plausible reason for this may relate to the nature of training
activities delivered on this day, which saw the greatest proportion of technical drills compared with all
other training days within a typical microcycle (Table 4.5). Although experimental study two failed to
consider levels of match participation, which has demonstrated large (ES = 2.00 - 2.50) effects on
indices of external training load (Anderson et al., 2015), the training group on MD - 5 often comprised
non-starting and fringe players, with those who started the previous fixture taking part in recovery
activities (Morgans et al., 2014a; Anderson et al., 2016). Practitioners frequently prescribe top-up
training immediately after a fixture to compensate for the insufficient external training load encountered
by partial-match and unused substitute players (Hills et al., 2018; Buchheit, 2019; Buckthorpe et al.,
2019). However, such activities are solely physical in nature, with players scarcely prescribed

supplementary technical activities (Hills et al., 2020a). This may be due to the FA’s pitch protection
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regulations which permit only 15 minutes of post-match activity (Rule 23.111, FA, 2020b), team travel
requirements (i.e., the return journey from a lengthy away fixture) (Hills et al., 2020a), or a lack of
available coaching staff (i.e., due to post-match media obligations) (Hills et al., 2020b). Subsequently,
it would appear that practitioners attempt to limit the consequences of reversibility (Farrow &
Robertson, 2017), by utilising technical drills on MD - 5 to provide non-starting and fringe players with
sufficient perceptual-cognitive stimuli that is crucial for technical performance (Reilly et al., 2000;

Williams & Hodges, 2005; Guilherme et al., 2015).

5.2.2.2. Inter-Positional Differences

Experimental study two (Chapter 4), revealed trivial-to-moderate (ES = 0.01 - 0.64) inter-positional
differences in the technical actions of professional soccer training, with CM performing the most
absolute and relative ball touches and releases during a typical training session (Table 4.3). This implies
that the frequency of technical actions executed by players who occupy this position during training are
partially specific to those experienced during competition (Farrow & Robertson, 2017), as previously
reported match-play data from semi-automatic multiple camera tracking systems has indicated that this
position typically performs the most ball touches (X = 67.9 + 23.2) and releases (X = 57.9 + 29.5) per
match (Table 2.4) (Yi et al., 2020). This is likely related to the tactical responsibilities of CM (Dellal et
al., 2011a), which primarily involves coordinating attacking play and creating goal scoring
opportunities for their teammates (Gongalves et al., 2014; Bush et al., 2015). For instance, regardless
of match status (i.e., winning, drawing, or losing), 61.0% of passes originate from the midfield third of
the pitch (Taylor et al., 2010). Moreover, previous research has indicated that the technical actions
performed by CM during match-play are stable, despite the potential influence of situational variables
(as discussed in Section 2.2.1). Specifically, Yi et al. (2020), reported trivial differences between the
frequency of technical actions when playing at home versus playing away, as well as trivial differences
when playing against a higher quality of opposition. This emphasises the importance of the training
activities prescribed to CM being specific to the requirements encountered during match-play (Farrow
& Robertson, 2017), given the apparent stability of the technical actions performed by this position

during competition.
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The lowest frequency of ball touches and releases, and the lowest relative frequency of ball

touches per minute and releases per minute, was observed within ST (Table 4.3). Given that ST execute

the fewest ball touches (X = 52.1 + 20.3) and releases (X = 41.0 + 22.7) during competition (Table 2.4)
(Yi et al., 2020), the notion of specificity would advocate the lowest frequency of technical actions
being performed by this position during training (Farrow & Robertson, 2017). However, in considering
the crucial primary tactical role played by ST during competition (i.e., to score goals) (Hughes et al.,
2012), the fact that players who occupy this position executed the fewest releases during training may
be considered surprising. For example, 16.1% of all final third entries in English professional soccer
end with a shot, with only 8.9% resulting in a shot on target (Kite & Nevill, 2017). Performing one
additional shot on target per match would increase a team’s probability of winning by 12.4% (Kite &
Nevill, 2017), with the mean shot conversion rate throughout the EFL being just 8.2% =+ 10.3% during
the 2019/2020 season (OPTA Sports, 2020). With ST executing the most shots during competition
(Table 2.4, Yi et al., 2020), and these opportunities being relatively rare (Kite & Nevill, 2017), the
principle of progression proposes that ST should increase the frequency of releases performed during
training. Engaging in more deliberate practice should, theoretically, result in measurable changes in
technical proficiency (Ericsson et al., 1993; Farrow & Robertson, 2017). However, coach interventions
should employ a differential learning approach (Savelsbergh et al., 2010) to vary the manner in which
the skill of shooting is practiced (i.e., kicking a moving ball, combinations with other players, different
zones within the goal to hit) (Schollhorn et al., 2006), thereby preventing tedium by reducing monotony
(Farrow & Robertson, 2017). This, in turn, should enhance player adherence and intervention outcome

success (Soligard et al., 2010; Steffen et al., 2013).

5.2.2.3 Between-Drill Differences

Each of the 7,739 individual drill observations ascertained throughout the 24-weekly training
microcycles (Figure 4.1) was assigned to one of six distinct categories according to their primary
objective (Table 4.1). Subsequently, drill category displayed trivial-to-very large (ES = 0.04 - 3.04)
effects on the relative frequency of ball touches per minute and releases per minute performed during

training (Table 4.4).
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One drill that is routinely employed in professional soccer training is SSG (Hill-Hass et al.,
2011), thought to simultaneously provide players with similar technical, tactical, physiological, and
psychological stimuli to that encountered during match-play (Halouani et al., 2014; Bujalance-Moreno
et al., 2019). The time-efficient multifaceted nature of SSG makes this type of drill particularly useful
at the elite level, where training time is limited due to congested fixture schedules (Morgans et al.,
2014b). Indeed, SSG were the most prevalent training drill observed during experimental study two
(Chapter 4), accounting for 49.5% (n = 3,831) of the total number of individual drill observations, with
the highest proportion being observed on MD - 1 (Table 4.5). However, the frequency of ball touches
per minute and releases per minute elicited by this training modality exhibited only trivial-to-small (ES
= 0.00 - 0.35) differences according to playing position (Figure 4.5). This begins to question whether
the specificity of SSG for replicating the distinct inter-positional technical requirements of match-play

may be limited (Farrow & Robertson, 2017). The only non-trivial differences during SSG were
observed within CM, who executed more ball touches per minute than CD (Xdiff =0.5, ES=0.25, small)

and ST (X% = 0.7, ES = 0.35, small). However, for all playing positions, SSG evoked a higher
frequency of ball touches per minute (X% = 1.5) and releases per minute (X“ = 0.3) than previously
reported match-play data (Yi et al., 2020). This elevated relative frequency of technical actions
performed, alongside the concurrent perceptual-cognitive demands of these drills (Sampaio & Magas,
2012; Aguiar et al., 2015), suggests that SSG may provide practitioners with an efficacious training
modality for facilitating the principles of progression and overload (Farrow & Robertson, 2017).
Notwithstanding the influence of playing position, the lowest frequency of ball touches per
minute and releases per minute was observed during tactical drills (Table 4.4). With players’ tactical
roles being a powerful determinant of match performance (Bradley & Ade, 2018), tactical drills (e.g.,
team shape, patterns of play, set pieces) are arguably the most important training exercises that
professional soccer players are exposed to. However, tactical drills provided professional soccer players
with a lower relative technical stimulus than any other drill category, likely attributed to their

intermittent nature (Siegle & Lames, 2012). For example, analysis of coach behaviours when delivering

playing form (i.e., tactical) drills to elite soccer players has revealed that these drills incur frequent
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interruptions to provide instruction (X= 1.8-min"") and management-related (X= 1.3-min™") information
(Ford et al., 2010). Although instruction and management are crucial for delivering tactical messages
(Cushion & Jones, 2001), which are especially important during periods of fixture congestion, previous
research has demonstrated the potential issues related to interrupting training activities too frequently
(Williams & Hodges, 2005). Therefore, practitioners may wish to adopt a less prescriptive approach
during tactical drills to facilitate guided discovery (Smeeton et al., 2005; Partington & Cushion, 2013;
O’Connor et al., 2017) and, subsequently, avert tedium during these activities (Farrow & Robertson,

2017).

5.3. Limitations
Although the aims and objectives of this research project have been achieved (Section 5.1.1), each
experimental study conducted within this thesis is not without limitation. Therefore, the following
section shall outline the limitations encountered during both experimental study one (Chapter 3) and
experimental study two (Chapter 4), before Section 5.4 provides directions for future research which
seek to alleviate these limitations.

Experimental study one (Chapter 3), quantified the concurrent validity and intra-unit reliability
of a foot-mounted IMU throughout a series of rudimentary open skill soccer activities (Singer, 2000).
The amateur soccer players were required to execute controlled, discrete, technical soccer tasks that are
commonly observed during training sessions which, other than responding to a predictable incoming
ball from their partner, required little perceptual-cognitive proficiency (Williams, 2000). These training
form tasks were specified to diminish the potential for human error impacting the data gathered by the
IMU, given that there have been no previous scholarly examinations of the technical-related capabilities
of the device. Whilst providing an essential reference point that future research may seek to build upon,
the validity and reliability of the IMUs is yet to be comprehensively examined during soccer tasks of
increasing complexity, such as SSG or match-play. As these playing form activities are more
representative of competitive scenarios (Ford et al., 2010), which may involve instances of foot-to-foot
contact between opponents contesting for ball possession, it is conceivable that the IMUs may

incorrectly record such instances as false-positive ball touches and releases, thereby decreasing the
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concurrent validity and/or intra-unit reliability of the devices during these scenarios (Figure 2.5). In
considering the prevalence of SSG throughout professional soccer training regimes, as displayed by
Table 4.5 and previously demonstrated by Barrett et al. (2020), an IMU that falsely overestimates the
frequency of technical actions performed may be problematic for abiding by the principles of skill
acquisition periodisation (Farrow & Robertson, 2017). For instance, practitioners seeking to promote
the principle of progression, by prescribing opposed training drills that require a greater frequency of
technical actions than that observed during competition (as discussed in Section 2.4.3), risk making
performance-related decisions upon data that may contain inaccuracies. This limitation directly relates
to the first direction for future research, which is discussed in the following section.

Experimental study two (Chapter 4), utilised the foot-mounted IMU to quantify the within-
microcycle, inter-positional, and between-drill differences in the frequency of ball touches, releases,
ball touches per minute, and releases per minute performed during professional soccer training. Despite
providing an automated alternative method to manual coding players’ technical actions (see Section
2.3.1), the foot-mounted IMU failed to match the rich detail provided by human performance analysts.
For example, the device was only capable of quantifying the ‘who?’ (i.e., the specific player) and the
‘what?’ (i.e., ball touch, release), whereas manual coding enables additional parameters such as the
‘where?’ (i.e., the location on the pitch that the action occurred) and ‘when?’ (i.e., the time during an
activity that the action took place) to be established (Kipling, 1902). Furthermore, the term ‘releases’
(operationally defined in Table 3.2), which was adapted from the term ‘distributions’ previously applied
within the literature, enumerated the cumulative total number of passes, crosses, shots, and clearances
performed (Russell et al., 2013; Harper et al., 2014). As such, the device was unable to differentiate
between the specific types of release performed, with one recorded release potentially being a pass,
cross, shot, or clearance. Consequently, head coaches and practitioners receive less objective
information upon which to make informed decisions regarding the nature of training activities or team
preparation (O’Donoghue, 2007). Such information may have the potential to assist head coaches who
are planning to execute a specific tactical strategy during a forthcoming fixture, such as placing
emphasis on players’ crossing ability when preparing to exploit an opponent who may have conceded

a high number of goals from these scenarios.
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The inability of the foot-mounted IMU to quantify the specific types of release executed may
further limit the subsequent usefulness of the monitoring system, given that each type may possess
distinct metabolic requirements (Osgnach et al., 2010; Walker et al., 2016). For example, a player’s
shank angular velocity when executing a simple pass to a teammate who is within close proximity (i.e.,
a lateral pass between two CD) is likely to be lower than when a player is making a defensive clearance
or taking a shot towards goal. Without distinguishing between the specific types of release performed,
practitioners are restricted to making relatively simple interpretations based on the IMU data from each
training session, such as making between-player comparisons in the frequency of ball touches and
releases executed. However, whilst hypothetical Player A may have performed a lower frequency (i.e.,
volume) of releases than hypothetical Player B, the velocity (i.e., intensity) of these actions performed
by Player A may be consistently higher, culminating in this player encountering a greater metabolic
cost than Player B. Examining the shank angular velocity of each release may, therefore, provide an
understanding of the resulting biomechanical load imposed on the musculoskeletal system
(Vanrenterghem et al., 2017), which would enhance practitioners’ ability to gauge players’ holistic
readiness to perform in conjunction with current monitoring systems (Bradley & Ade, 2018; Verheul
et al., 2020).

Another limitation encountered during experimental study two (Chapter 4), was the
requirement to compare the frequency of technical actions performed during training, as measured by
foot-mounted IMUs, with the frequency of these actions executed during match-play derived from
semi-automatic multiple camera tracking systems (see Section 2.3.3). Although previous research has
emphasised caution when comparing data from different player monitoring systems (Taberner et al.,
2020), due to potential differences in operational definitions, sampling rate, and/or data processing
methods contributing to between-system discrepancies (Buchheit et al., 2014b), the foot-mounted IMU
was not permitted for use during match-play under the Laws of the Game (Law 4.4; IFAB, 2020) at the
time of writing. Therefore, to enable the frequency of technical actions performed by players during
training to be compared with match-play, and to calculate players’ cumulative weekly technical load
(Taberner et al., 2020), practitioners are currently left with no choice but to utilise the data gathered by

foot-mounted IMUs during training in conjunction with that obtained through semi-automatic multiple
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camera tracking systems during match-play. The realisation of this limitation identified an important
avenue that future research should explore, which is to be discussed shortly.

Experimental study two (Chapter 4) adopted a case-study approach, using data from only one
soccer club, to achieve the aims and objectives of this thesis and provide a snapshot of the within-
microcycle, inter-positional, and between-drill differences in the technical actions performed during
professional soccer training. Although this approach is commonplace throughout the literature (e.g.,
Anderson et al., 2015; Malone et al., 2015; Stevens et al., 2017; Martin-Garcia et al., 2018), there
remains considerable debate regarding whether the conclusions drawn through utilising a case-study
approach are broadly generalisable to wider populations (Potrac et al., 2014; Booroff et al., 2016). The
stringent exclusion criteria (Figure 4.2) yielded a sample of 21 players which, when considered in
relation to the 128,983 registered professional soccer players worldwide (FIFA, 2019b), represents a
microscopic fragment of professional soccer training regimes as a whole (Greig & Walker-Johnson,
2007; Stodter & Cushion, 2019; Nosek et al., 2021). Moreover, the sample population was not random
(Dalton-Barron et al., 2020), but rather one of convenience to the researcher (Francis & Jones, 2014;
Akenhead & Nassis, 2016). The presence of specific idiosyncrasies at individual soccer clubs, such as
the tactical systems (Whitehead et al., 2018) and within-microcycle schedules (Malone et al., 2015)
employed by head coaches, are characteristic of each sampled team. Therefore, generalisability beyond
the period within which players’ data was collected is limited (Taylor et al., 2010; Fradua et al., 2013).
Scholars have encouraged practitioners to exercise caution when seeking to extrapolate the conclusions
of case study-based research (Ruiz-Ruiz et al., 2011; Tenga et al., 2010), beyond each respective soccer
club (Collet, 2013), until data from a greater breadth of clubs is available (Bradley et al., 2013; Harrop
& Nevill, 2014).

Whilst outside of the scope of the current thesis, the final limitation of experimental study two
(Chapter 4) relates to the lack of consideration given to the various modifiable and non-modifiable
situational variables (as discussed in Section 2.2.1), that may influence the structure, content, and
delivery of professional soccer training activities. As alluded to, it is plausible that different levels of
match participation may result in players executing varying frequencies of technical actions during

weekly training microcycles. For instance, Anderson and colleagues (2015), reported that training
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sessions for non-starting players had a significantly longer duration (p = 0.003, ES = 2.4, very large),
and elicited a significantly greater total distance (p = 0.003, ES = 2.3, very large), than those for starting
players (i.e., who started greater than 60.0% of matches). Furthermore, variables such as the team’s
league position at the time of a particular training session, weather conditions (Rein & Memmert, 2016),
the nature of competition that players are preparing for (e.g., league, cup) (Taylor et al., 2010), or the
type (e.g., artificial/natural grass) and condition of the playing surface (Andersson et al., 2008), has the
potential to influence the nature of training activities prescribed. As aforementioned (see Section 2.2.1),
technical performance profiles that fail to account for extraneous variables risk providing a superficial
understanding of player performance (Paul et al., 2015; Trewin et al., 2017). This shortcoming can be

alleviated through future research exploring the suggestions outlined in the next section.

5.4. Directions for Future Research

The previous section demonstrated the numerous drawbacks encountered throughout each experimental
study conducted within the current thesis. The purpose of this section is to identify several avenues that
forthcoming research might seek to explore in order to address these limitations.

Future research should endeavour to comprehensively scrutinise of the validity and reliability
of the foot-mounted IMU used to establish the within-microcycle, inter-positional, and between-drill
differences in the frequency of technical actions performed during professional soccer training.
Although experimental study one (Chapter 3) provided a necessary introductory understanding of the
efficacy of the IMUs, which had not been independently established prior to the commencement of this
research project, an extensive exploration of the validity and reliability of these device during soccer
tasks of incrementally increasing difficulty is warranted. For instance, the method of establishing the
agreement between the foot-mounted IMU and retrospective video analyses during experimental study
one (as described in Section 3.3.5) (Cooper et al., 2007), may be replicated within technical drills, SSG,
and match-play, to establish whether the efficacy of the devices decreases within these progressively
complex scenarios whereby the volume and/or intensity of players’ technical actions may be

heightened.
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Given that experimental study two (Chapter 4) did not account for players’ shank angular
velocity during kicking, which would help practitioners to surmise the biomechanical load inflicted
upon the musculoskeletal system as a result of performing technical actions (Vanrenterghem et al.,
2017), it would be beneficial for ensuing research to develop an arbitrary measure of technical load. A
cumulative vector magnitude index similar to Catapult’s PlayerL.oad™ (Boyd et al., 2013; Barrett et
al., 2016; Bray et al., 2016), which considers the shank angular velocity of each specific type of release
performed (Lees et al., 2010), may provide a useful arbitrary value representative of the metabolic cost
of players’ technical performance (Boyd et al., 2013; Barrett et al., 2016; Dalen et al., 2016). This may
enhance practitioners’ ability to gauge players’ holistic readiness to perform, in conjunction with the
player monitoring systems currently implemented (Bradley & Ade, 2018; Verheul et al., 2020), or
whether additional pre-competition recovery strategies (e.g., cold water immersion, compression
garments) may be necessary (Cross et al., 2019; Altarriba-Bartes et al., 2020; Field et al., 2021).

As referred to in the previous section, the Laws of the Game (IFAB, 2020) prevented the foot-
mounted IMU from being used during official competition match-play. Upon receiving the required
FIFA International Match Standard certification (as discussed in Section 2.3.4.3), future research should
establish the agreement between the IMUs and semi-automatic multiple camera tracking systems during
professional soccer match-play. The interchangeability of player monitoring systems is a pertinent
consideration, with it being customary for practitioners to use two methods of quantifying players’
external load to be used simultaneously (i.e., one method during training and a different method during
competition) (Taberner et al., 2020). A subsequent examination of the between-system TEM would
enable researchers to develop calibration equations that facilitate the interchangeable use of different
player monitoring systems in different environments (Buchheit et al., 2014b), thereby reducing the
potential for inaccuracies when interpreting players’ cumulative within-microcycle performance data.

The final line of enquiry that prospective research might examine relates to the restricted
generalisability of the conclusions drawn from investigations that follow a case-study approach (Ruiz-
Ruiz et al., 2011; Tenga et al., 2010; Bradley et al., 2013; Collet, 2013; Harrop & Nevill, 2014, Potrac
et al., 2014; Booroff et al., 2016). It would be interesting to ascertain whether the trends and patterns

identified during experimental study two (Chapter 4) are present when examining soccer clubs who
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compete in different domestic league competitions. Despite the sociocultural consistencies present
throughout professional soccer in England (Sapp et al., 2018), the nature of training activities prescribed
to technically superior EPL players is likely to differ from those delivered at EFL League Two clubs,
which may influence the frequency of technical actions executed during each training microcycle. As
such, a large-scale investigation that repeats the methodology of experimental study two (Section 4.3)
within multiple soccer clubs, who compete in alternative domestic league competitions, would leave
practitioners better placed to extrapolate the findings of the current thesis to a wider breadth of
populations.

A coordinated investigation, which examines the training procedures of clubs from the
aforesaid four prominent European competitions (Section 2.2), whose historical socioeconomic
idiosyncrasies are likely to affect training procedures (Sarmento et al., 2013; Sapp et al., 2018), would
yield a broad understanding of the technical actions performed by a comprehensive sample of
professional soccer players across the continent. Examining alternative competitions (

League of Ireland Premier Division), which have a within-season period spanning different
calendar months (i.e., February to October; FIFA, 2019b) to the EFL. Championship club examined
during the current thesis (Section 4.3.1), may produce different conclusions to those presented by
experimental study two (Section 4.4). As well as this, the frequency of technical actions executed by
academy soccer players during training remains unexplored. Given that players within each
developmental phase outlined by the Elite Player Performance Plan (EPPP) (EPL, 2011), likely possess
distinct biological maturation characteristics (Lovell et al., 2015; Towlson et al., 2018; 2020; 2021), it
is conceivable that the findings of the current thesis may of no use to practitioners working in academy
soccer. Likewise, each phase of development has a specific focus, with the Foundation Phase
“characterised by the development of individual technical skills and a specific focus on mastery of the
ball” (EPL, 2011, p. 40), and the Youth Development Phase “increasing significantly in terms of the
intensity of practice, frequency of games and the amount of time players spend with coaches at the
club” (EPL, 2011, p. 41). Therefore, reproducing experimental study two (Chapter 4) within each
developmental phase of a player’s journey through the EPPP may be advantageous to those responsible

for the appropriate holistic development of academy soccer players.
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Chapter 6:

Conclusion
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Having demonstrated the successful completion of the aims and objectives of the current research
project, and situated the key findings presented throughout each experimental study in relation to
previously published research, the following section provides a number of concluding remarks that
summarise the contribution that this thesis has made to the field of sports science.

In conclusion, this research project typifies a novel methodology for measuring the frequency
of technical actions performed during professional soccer using commercially available foot-mounted
IMUs. Specifically, the IMU exhibited good concurrent validity (Pa = 95.1% - 100.0%) and intra-unit
reliability (Pa =95.9% - 96.9%, CV = 1.4% - 2.9%) for measuring ball touches and releases throughout
all experimental conditions. Such technological advancements, capable of quantifying sport-specific
non-locomotor activities, have the potential to supplement current player monitoring procedures with
the integration of technical performance data (Lutz et al., 2020; Malone et al., 2020). Given that
technical actions are an important, yet commonly overlooked (Paul et al., 2015; Malone et al., 2020),
component of external training load (Wallace et al., 2014; Scott et al., 2016a), and with technical-related
parameters considered a high priority by head coaches during multicyclic in-season training phases
(Morgans et al., 2014a), the ability to measure the frequency of these actions performed during training
in a valid and reliable manner (Chapter 3) may be auspicious for players and practitioners alike.

Secondly, this project has advanced the evidence base that practitioners are able to refer to
during their day-to-day working procedures, by revealing numerous within-microcycle, inter-
positional, and between-drill differences in the frequency of technical actions executed by professional
soccer players during training. Explicitly, the most ball touches (X = 218.0) and releases (X = 110.8)
were observed on MD - 1, with MD - 5 eliciting the highest frequency of ball touches per minute (X =
3.8) and releases per minute (X= 1.7). Central midfielders performed the most ball touches (X=221.9),
releases (X= 108.3), ball touches per minute (X= 3.4), and releases per minute (X= 1.6) during a typical
training session. Small-sided games evoked more ball touches per minute (X¥= 1.5), and releases per

minute (X9= 0.1), than previously reported in match-play (Table 2.4). The fewest ball touches per

minute (X = 1.2), and releases per minute (X = 0.5), were observed during tactical drills. For reasons

explained throughout this thesis, the integration of soccer-specific technical parameters, as a facet of
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players’ external training load within a comprehensive periodisation plan (Wallace et al., 2014; Scott
et al., 2016a), has previously been absent from the literature. Therefore, the findings of experimental
study two (Chapter 4) contribute towards a unique understanding of the multidimensional periodisation
strategies used to systematically manipulate players’ external training load (Mujika et al., 2018), by
expanding upon previous research that has exclusively focussed upon time-motion related parameters

(Todd et al., 2012).

6.1. Practical Applications

In order to positively influence and advance contemporary practice, it is paramount that the fast working
professional soccer practitioners are able to deduce meaningful information from the current thesis
(Coutts, 2016). Therefore, this section outlines various implications that may be beneficial to those
responsible for prescribing and monitoring training activities in professional soccer.

The foot-mounted IMU examined throughout this research project possessed promising
capacity as a valid and reliable alternative method of quantifying soccer-specific technical actions.
Implementation of foot-mounted IMUs may represent a timely addition to the player monitoring
procedures currently employed by professional soccer clubs (Weston, 2018), potentially assisting
practitioners in their injury risk modification strategies (Ehrmann et al., 2016), by enabling the
formulation of players’ normative technical performance profiles for each day within a microcycle
(Akenhead & Nassis, 2016). This may be especially necessary in considering that practitioners
repeatedly overlook metabolically demanding technical actions when devising training activities
(Malone et al., 2020).

Given that training activities become more technically and tactically oriented as competition
approaches (Martin-Garcia et al, 2018; Walker & Hawkins, 2018), contributing to the frequency of
technical actions executed by professional soccer players peaking on the day immediately preceding a
fixture (Table 4.2), the insights provided by this investigation have the potential to inform pre-
competition recovery strategies to negate the neuromuscular fatigue possibly induced through increased

technical activity on MD - 1 (Rey et al., 2012a; 2012b; Nédélec et al., 2015a).
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Finally, the ability to quantify technical actions in the training environment may equip
practitioners with the capacity to tailor training activities according to the principles of skill acquisition
periodisation (Farrow & Robertson, 2017; Mujika et al., 2018). Longitudinal adherence to this
framework should contribute to players experiencing sustained skill-related performance enhancements

which, ultimately, increase the likelihood of prolonged competition success.
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