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Abstract

National football League (NFL) teams are unusual in team invasion sports as they are
an aggregation of sub-teams (offence and defence), hence research conducted on
American football should reflect this fundamental difference. However, research has
typically quantified technical behaviours related to offensive play. Current
understanding is insufficient with respect to offensive and defensive patterns in play
given that defensive performance has not been satisfactorily considered. Accordingly,
this thesis developed a novel analysis of elite American football stemming from the
identification of playing styles. A systematic review of literature revealed that
unsupervised dimensionality reduction techniques were predominantly used in team
invasion sports (84.21%). Therefore, principal component analysis (PCA) conducted
on 5 seasons (2018-2022) of NFL event data, identified 8 distinct styles of play which
accounted for exclusively offensive (n = 5) and defensive (n = 3) areas of performance.
Subsequent cluster analysis of playing style efficacies demonstrated that teams could
be classified into 2-3 proficiency clusters, to varying group membership distributions.
Furthermore, multiple linear regression showed that 6 playing style proficiencies were
significant predictors of regular season success. Conditional inference tree (CREE)
models established the relative importance of 4 playing style proficiencies (passing
efficacy, scrambling, rushing and deep passing) in predicting the likelihood of teams
executing a pass, run or scramble play. Enhanced by playing styles efficacy among
several situational variables, this machine learning approach, to develop a model of
playing style efficacy, as a function of team quality, improved the applicability, and
most notably, the accuracy, of decision trees as an analytical tool for use in the NFL by
approximately 3.35-5.2% respectively for models including and excluding scrambling

eventualities.
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1. Introduction

Maintaining a high level of performance is considered the ultimate goal for teams performing in
invasion sports (Sampaio, Drinkwater and Leite, 2010). Hence, while coaches’ recollection of
events both during and after matches has been highlighted to be limited to approximately 42%
accurate, the use of data in sport has allowed for teams to review performance in an increasingly
holistic manner (Franks and Miller, 1986). However, in order to accomplish this complex
objective, notational analysis is frequently employed both in practical and research environments
to quantify technical performance through the coding of behaviours, actions, events and outcomes
(Carling, Williams and Reilly, 2005; Hughes and Bartlett, 2002; Hughes and Franks, 2004; Taylor,
Mellalieu, James and Shearer, 2008). Indeed, with the aim of understanding game structure
through the identification of important behaviours (Lames and McGarry, 2007), Vogelbein Nopp,
and Hokelmann (2014) argued that performance indicators - defined as variables which must
depict some or all aspects of performance (Hughes and Bartlett, 2002), provide a vital contribution
to the objective quantification of sport performance. In turn, Hughes and Bartlett (2002) suggest
that the collection of performance indicators (PIs) allows for comparative analysis to be conducted
by analysts and coaches to retrospectively or prospectively assess performance (Vogelbein et al.,
2014; Parmar, James, Hearne and Jones, 2018). Furthermore, key performance indicators (KPIs)
are regularly employed to differentiate between winning and losing teams and can serve to ratify
strategies, produce rationale for tactical decisions and enhance team performance (Csataljay,

O’Donoghue, Hughes and Dancs, 2009).

Previous approaches to the analysis of American football may be considered a reflection
of competition structure, whereby many performance variables collected predominantly detail
behaviours exhibited by the team with possession of the ball (Dutta, Yurko and Ventura, 2020).
However, contrary to many team invasion sports, teams are comprised of players with exclusively
offensive or defensive roles requiring a wide range of skill sets (Robbins, 2011). Whereas the
offensive team is awarded possession and an opportunity to sufficiently advance the ball or score
within a series of set plays, the objective of the defensive team is to prevent them (Osorio, 2011).

As such, an understanding of opposition behaviours, manifesting in the form of run or pass attempt



with the ball (Emara, Owens, Smith and Wilmer, 2017), are key to navigating team tactics and
strategy in the NFL. Therefore, the predominant focus of investigations exploring performance in
American football has been the prediction of offensive and defensive tendencies in the run and
pass game, with the intent to inform formation and personnel selection - suggested to hold a
decisive impact on match outcomes (Lee et al., 2016). As such, the prediction of play type has
been the objective of predictive algorithms trained on contextualised plays using situational
variables including score-line, down, yards to go, time remaining, formation and game location in
addition to limited profile information such as prior pass completion and average yards per pass
or run (Joash Fernandes et al., 2020; Lee et al., 2016; Goyal, 2020). However, notwithstanding the
high level of randomness inherent to American football within these models (Blaikie, Abud, David
and Pasteur, 2011), predictability between teams has been depicted as a limitation due to high
variation in accuracy, suggested to originate from disparities in styles of play (Lee et al., 2016;
Joash Fernandes et al., 2020). Whereas the presence of playing styles have been hypothesised,
styles of play are yet to be empirically established in American football. Moreover, to date, outlines
of playing styles in the NFL have been anecdotal and descriptive of overall approaches to the
design of offensive and defensive plays such as ‘west coast’, *wildcat’ and ‘3-4’ (Berri and Burke,
2011; Davis, Fodor, Pfahl and Stoner, 2014). However, Osorio (2011) suggests that the pre-
coordination of plays defines styles of play for each team, what’s more, that the ability for a team
to succeed may depend on the extent to which teams can effectively perform under specific
offensive and defensive styles of play. Therefore, an objective identification of playing styles, in
addition to their hypothesised association with success may produce a previously unexplored key

performance indicators in American football.

Though few, parallel efforts in association football have sought to determine the role of
efficacy over several styles of play on team performance (Fernandez-Navarro, Fradua, Zubillaga
and McRobert, 2019). Indeed, the findings observed by Fernandez-Navarro et al. (2019) indicated
that the relative quality of the opposition was the only contextual factor that influenced all playing
styles, and as such, teams exhibited lesser efficacy when faced with stronger opponents, in contrast
to greater efficacy against weaker teams. Albeit, when applying this theory in American football,
where teams are comprised of exclusively offensive and defensive players (Joash Fernandes et al.,

2020) and offences dictate play though possession of the ball, it can be inferred that competition
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between teams manifests a result of a defence’s efficacy in preventing, and an offence’s ability to
impose a play style. Moreover, understanding the importance of playing styles as a function of
team quality in specific situations may help coaches contextualise decision making during
performances (Fernandez-Navarro et al., 2019). In the same way, what could be interpreted as
playing style proficiencies may be of practical use when considered as situational variables -
previously demonstrated to influence and interact with technical performance in team invasion
sports (Taylor, Mellalieu, James and Shearer, 2008; Sarmento et al., 2014; Gollan et al., 2018).
For example, O’Donoghue’s Interacting Performances Theory (2009) asserts that the quality and
type of opposition influence a team’s performance profile, confirming reports by McGarry et al.
(2002) indicating teams exhibit unique traits depending on the opponent. Consequently, an
exploration of team and opposition quality within established styles of play can provide further
support decision-making processes and the design of plays - selected and executed by a team based

on their expected probability of success.

Coaches in many team sports have limited opportunities to assess the impact of strategies
during performances (Page, Fellingham and Reese, 2007; Correia, Aratjo, Vilar and Davids,
2013). Subsequently, this dynamic is suggested to hinder the identification and synthesis of playing
patterns - a source of errors in coaches decision-making processes (Franks and Miller, 1986).
Conversely the intermittent nature of American football affords coaches pauses in play (for periods
of up to 40 seconds) to formulate a response to the current in-game situation (NFL, 2008).
Therefore, this difference in game mechanics presents an ideal opportunity to investigate the
interactive influence of teams varying in styles of play and playing style proficiencies through
adjustments made in response to fluctuations in match conditions. Accordingly, developing an
awareness of an oppositions offensive and defensive play-calling tendencies informs decisions in

the NFL (Lee, Chen and Lakshman, 2016).
1.1 Thesis objectives
1. Discern an appropriate technique for the identification of playing styles in the NFL.

2. Evaluate the methodologies applied to analogous team invasion sports and asses their

applicability to American football.

11



Address the hypothesised presence of playing styles in the NFL and American football.
Determine the strength of relationships between resultant styles of play.
Objectively classify teams according to (dis)similarity within the underlying data.

Assess the predictive power of playing style proficiencies on total regular season wins.

N S kW

Quantify the impact of team offensive and opposition defensive playing style proficiencies on

the probability of play type selection.

8. Establish the variation in accuracy between models when including the potential for scrambling
outcomes.

9. Gauge the performance of conditional inference trees for use as an analytical tool for

practitioners in elite American football.

1.2 Thesis outline

To assess the presence of playing styles and their influence on team proficiencies in relation to
play calling predictability in the NFL, several studies were conducted. To date, no previous
investigations have sought to objectively establish styles of play in American football, therefore,
the PRISMA protocol (Page et al., 2020) was exercised to undertake a systematic review of
methodologies used to identify playing styles in team invasion sports and determine their
applicability to the fundamental game mechanics of American football. This was followed by a
study using dimensionality reduction techniques to develop and interpret a series of playing styles
to reveal the underlying structure within NFL data and outline a novel framework for analysing
technical performance in American football. An empirical definition of playing styles in the NFL
thus produced a platform to compare teams and evaluate performance within latent areas of play
as a function of team quality or proficiency and their ability to effectively operate under specific
styles. Furthermore, the classification of playing styles as strengths or weaknesses for teams was
shown to predict season success for many styles of play. The final section of the thesis was
concerned with the influence of playing style proficiencies on the predictability of team play
calling tendencies. As a result of implementing playing style proficiencies among other situational
variables to predict play calling, substantial improvements in testing accuracy among interpretable

machine learning models were observed.
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2. A systematic review of methods concerning the
identification of playing styles in team invasion sports
and their applicability in the National Football League
(NFL).

Abstract

Few studies have analysed team performance in the NFL. Indeed, no investigations into
the identification of playing styles exist within literature published on American
football. Therefore, the aim of this systematic review was to evaluate methods utilised
to derive styles of play and assess their applicability to the NFL using the PRISMA
protocol. A search of electronic resources returned 1543 articles, which, once filtered
for duplicates and relevance, resulted in 21 studies. Analogous football codes
demonstrated the necessity to transform high-dimensional data into feature subsets to
quantify playing styles. Differences in dimensionality reduction techniques were
observed, however, unsupervised techniques were predominant (84.21%). Principal
Component Analysis (PCA) was the most prevalent approach, with its adoption
supported within wider literature as an effective and accurate methodology. Albeit,
concurring with extant evaluations of exploratory factor analysis (EFA) in sport
science, procedural review demonstrated little variation in feature extraction
(eigenvalues greater than one), rotation (varimax) and loading criteria (>0.6 and >0.7).
Due to the game dynamics constituting American football, establishing styles of play
requires greater consideration of valid rotation techniques. Furthermore, contrary to
the ubiquitous application of orthogonal rotation in team invasion sports, potential
correlations between styles of play in American football may necessitate the use of

oblique rotations.

Keywords: Style of Play, Playing Style, Performance, PRISMA, Systematic Review, NFL,

American football, Exploratory factor analysis
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2.1 Introduction

2.1.1 Rationale

The increasing availability of large play-by-play datasets in sport has greatly augmented the range
of accessible research questions (Han, Pei and Kamber, 2011). This presents a methodological
challenge in sports such as American football afflicted by unsubstantiated theory concerning the
relationship between variables, alongside an abundance of raw data pertinent to actions and
strategies with the potential to reveal valuable insights (Zuccolotto, Manisera and Sandri, 2018).
According to Jeon and Park (2021), data collected on complex practices in sport have become
increasingly detailed and comprehensive, enabling unprecedented observations of novel
microscopic behaviours. Notwithstanding, behaviours have been previously evaluated under the
form of performance indicators (PIs) - variables accounting for certain or all facets of performance
(Hughes and Bartlett, 2002). Moreover, these Pls allow for the exploration and classification of
key performance indicators (KPIs) which differentiate teams based upon relationships with
successful match outcomes (Csataljay, O’Donoghue, Hughes and Dancs, 2009) and enable
analysts and coaches to objectively distinguish the most important areas of a given sport to guide

further analysis (Lames and McGarry, 2007, Vogelbein et al., 2014).

However, while this form of univariate analysis permits an understanding of substantial
differences between successful and unsuccessful teams, as well as variation among teams playing
at a similar level or quality - it may oversimplify the complexity and minutiae observed in on-field
performance (Brito Souza et al., 2019). As such, there may be potential for the collective influence
of variables impactful performance indicators to be omitted or overlooked (Lames and McGarry,
2007). Therefore, investigating play in invasion sports in a multidimensional and context-inclusive
manner may enhance understanding of the complex collective systems that embody team strategy
(Gollan, Ferrar and Norton, 2018; Low et al., 2020). Progressively, patterns in play exhibited by
teams through a combination of tactics and behaviours over time become recognisable and
generate team-specific behaviours (Fernandez-Navarro, Fradua, Zubillaga and McRobert, 2018;
Greenham, Hewitt and Norton, 2017) - defined as a game or play style (Gollan et al., 2018). Hence,

PIs can be compiled, and serve as a metric to objectively determine and evaluate dependence on
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specific styles of play. Furthermore, such profiles can be maintained as a reference from which
teams may deviate from or adapt to, given a dynamic opposition (Fernandez-Navarro et al., 2016;
Lago-Pefias, Gémez-Ruano and Yang, 2017; Gomez, Mitrotasios, Armatas and Lago-Pefas,
2018). Indeed, profiling styles of play may be utilised to identify dominant opposition behaviours
and further employed to manipulate strategies and expose weaknesses to improve the likelihood
of offensive and defensive success (Fernandez-Navarro et al., 2016; Lago-Penas et al., 2017;
McLean et al., 2017). Equally important is the consideration of situational variables which have

been found to influence team performance and playing patterns (Fernandez-Navarro et al., 2018).

In American football, distinctive playbook-oriented styles of play based on certain
personnel, positional permutations and formations (Teramoto, Petron, Cross and Willick, 2015)
have been utilised to categorise playing styles in an attempt to derive relative injury risks. These
structures from which styles have been interpreted include preconceived systems (devised by
coaches prior to, or during the 1960s and 1970s) of play such as the West Coast or Air Coryell
offences, as well as the 3-4 or 4-3 defences (Carroll, 1999). Albeit, while rudimentary styles of
play have been utilised to categorised data (Teramoto et al., 2015), they do not present an empirical
approach to differentiating teams according to collective patterns in play. Nonetheless, these
‘philosophies’ presented a framework surrounding the short and long pass attacks, in addition to
aggressive and preventative defending strategies. Notwithstanding, in other team invasion sports,
styles manifest through changes in behaviour due to teams being afforded larger timeframes to
develop distinct spatiotemporal patterns (Low et al., 2020). Further distinctions can be made
between playing styles, often illustrated by the actions and speed of, or intended ball and player
progression patterns - categorised as elaborate and direct buildup possession characteristics in
association football (Tenga, Ronglan and Bahr, 2010; Bradley, Lago-Pefas, Rey and Gomez Diaz,
2013, Collet, 2013; da Mota, Thiengo, Gimenes and Bradley, 2016). However, in American
football, the classification and quantification of behavioural characteristics can be measured in
substantially shorter intervals (Goyal, 2020). Whereas a majority of individual plays in analogous
sports are organised on an ad-hoc basis over the duration of a possession, all plays in American
football are coordinated, and frequently systematically formulated in response to contextual factors

such as down, yards to go, and points differential (Joash Fernandes et al., 2020).
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Given the abundance of action variables proliferating numerous aspects of NFL
performance, characterised as having a high dimensionality (Johnstone and Titterington, 2009),
certain statistical procedures serve to transform technical indicators into a meaningful
representation of the data - most notably dimensionality reduction techniques (van der Maaten,
Postma and van den Herik, 2009). For example, Cohea and Payton (2011) used factor analysis
(principal component analysis) on 67 variables in American football to reduce the data to 14
principal components or features within the data. However, as the study aimed to evaluate the
relationship between player, or collective team actions and match outcomes, the findings produced
several factors representative of outcomes achieved per performance rather than accounting for
how teams achieved the resultant values. While the findings developed a preliminary outline of
the game mechanics in the NFL, little elaboration surrounding a team’s performance
characteristics were represented within the sampled PIs. While this demonstrates a potential
limitation within the sample, research by Cohea and Payton (2011) reflects the relative importance
of factors that can be reflective of team style of play or latent strategic information. Furthermore,
greater granularity concerning situational detail corresponding with the sampled data, most notably
the down upon which a pass, run or defence such as those included within models predicting of
play types (Joash Fernandes et al., 2020; Jordan, Melouk and Perry, 2009; Lee et al., 2016; Teich,
Lutz and Kassarnig, 2016) and match outcomes (Blaikie, Abud, David and Pasteur, 2011; David
et al., 2011; Anyama and Igiri, 2015; Uzoma and Nwachukwu, 2015) may enhance the practical

applications of analysis in professional American football.

2.1.2 Objectives

To date, styles of play in the National Football League are yet to be objectively established. An
empirical development of playing styles may enable practitioners to ratify areas for improvement
or manipulate team and opposition strengths and weaknesses (Fernandez-Navarro et al., 2016;
Lago-Pefias et al., 2017; McLean et al., 2017). However, due to immediate differences in game
play between American football and other team invasion sports (Goyal et al., 2020), this systematic
review of literature aims to discern an appropriate technique for the identification of playing styles
in the National Football League (NFL). To achieve this objective, the Preferred Reporting Items
for Systematic Reviews and Meta-Analyses (PRISMA) guidelines (Page et al., 2020) will be
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engaged to evaluate the methodologies applied to analogous team invasion sports and asses their

applicability to American football.

2.2 Methods

This review of literature was conducted according to the protocols outlined in the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines (Page et al.,
2020). The initial results produced over numerous databases and search engines were then
processed with consideration towards their accordance with the inclusion criteria. No date

restrictions were applied.

The studies ascertained for analysis and review were identified for extraction by adopting
an amalgamation of keywords or terms: ‘playing style’; ‘style of play’; ‘collective systems’;
‘performance’; ‘analysis’; ‘sport’; ‘strategy’; ‘tactic’. Moreover, these were combined with the use
of boolean operators: ‘AND, ‘OR’ to refine and optimise searches of the aforementioned electronic
resources - computing inter- and intra-group dependencies of key search identifiers respectively

(Rojas-Valverde, Pino-Ortega, Gomez-Carmona and Rico-Gonzélez, 2020).

2.2.1 Eligibility Criteria

Articles included within the sample were studies: (1) pertaining to the empirical
identification/development of playing styles (i.e., no use of pre-determined styles of play); (2)
analysing of team invasion sports; (3) sampling full matches (e.g., no small-sided games); (4)
comprising of cross-sectional (systematic) reviews of literature; (5) written in or translated into the

English language; (6) published in a scientific journal.

2.2.2 Data Collection and management

Once the primary results were returned from the electronic resources, if the database or search

engine in use did not provide a function to export articles on mass (available in BibTex: .bib,

Research Information Systems: .Ris, or direct export to RefWorks (refworks.proquest.com)),
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individual citations were distinguished and scraped thereafter, through the use of the Mendeley
Web Importer (2021, version 3.2.78), which features the ability to compute all information

containing reference materials was used to extract pertinent data.

2.2.3 Selection Process

Post collation of search results, the citations were available to be extracted (in the .Ris format)
along with ancillary information including the title, keywords, abstract, etc. These citations were
then subject to automated filtering using functions from the base R and revtools libraries through
the RStudio IDE (integrated development environment), wherein the references were tabulated
through the R Project for Statistical Computing (R Core Team (2023), version 4.3.1). Prior to being
exported in a BibTex file, the articles were refined through titles containing any of the following

keyword or title string matches (Appendix B):

team behaviour, playing style; style of play, collective systems,; game style sport, tactic;
team, tactical; strategy; strategic; performance; league; match, indicators; interaction;

player, play; game; technical; sports.

With the remaining articles prepared for title and abstract review, the remaining articles were re-
imported to the Mendeley reference manager for manual examination and flagging for inclusion:
firstly, reducing the results according to their value towards the research objectives and secondly,

a more thorough inspection of the articles abstracts and their pertinence to the issue.

2.2.4 Quality and data extraction

To evaluate the quality of quantitative designs included within the systematic literature review, the
guidelines for critical review form developed by Law et al. (1998) were used where appropriate.
This format rates publications on up to 16 criteria, yet for the purposes of this review, the items
were reduced to 11: Clear statement of purpose and/or research question (1), review of background
literature (2), adequacy of design relative to the question (3), description in detail of sample (4),

justification of sample size (5), reliability of results (6), validity of outcomes (7), reporting of
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statistical significance (8), pertinent method selection (9), importance and impact (10), and result
appropriate conclusions and implications (11). Each item appropriated from the aforementioned
guidelines were allocated a standardised binary score (1 or 0), with a final percentage calculated -
producing a representative rating for every study. Previous systematic reviews have exercised cut-
off values to discriminate between ‘excellent’ (>75%), 'good’ (<75% and >50%) and ‘low’ (<50%)
respective methodological qualities, however, these have historically been applied arbitrarily by
authors citing the original guidelines (Te Wierike et al., 2013, Faber et al., 2016, Sarmento et al.,
2018). Furthermore, due to the nature of the guidelines and variation in study design, answers for
many items are possibly not applicable, therefore, with each item retaining an equal weighting, the
overall quality score can easily be skewed with an impact on summary categorisations. As such,
this literature review did not further analyse studies categorically according to methodological

quality.

To critique the quality of extant systematic reviews, the Measurement Tool to Assess
Systematic Reviews 2 or AMSTAR 2 (Shea et al., 2017) appraisal tool was consulted to examine
their quality. This device enables an assessment to be made based on 16 items: PICO (Population,
Intervention, Control group and Outcome) inclusion and description (1), explicit statement of
review methodology (2), study design inclusion explanation (3), comprehensive search strategy
description (4), duplicate author study selection (5), data extraction inter-reliability (6), index of
excluded studies (7), adequacy of detail included and relevancy to research questions (8),
satisfactory assessment for risk of bias (9), reporting sources of funding (10), appropriate statistical
methodology for meta-analyses (11), assessing the potential impact of risk of bias on meta-analysis
results (12), accounting for risk-of-bias in meta-analysis interpretation/discussion (13), if present,
a coherent explanation for heterogeneity in the results of the review (14), investigation of
publication bias (15), reporting issues including conflicts of interest and funding for conducting

the review (16).
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2.3 Results

Initial systematic search of
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n= 1543
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Removal of duplicates
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— Eligibility

v

Full article review
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Figure 1. Article filtering according to eligibility, inclusion, and exclusion criteria.
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2.3.1 Information Sources and Search Strategy

In order to extract research publications related to the identification of playing styles in team
invasion sports, five disparate electronic resources were consulted for the identification of relevant
articles, including four databases: Institute of Electrical and Electronics Engineers (IEEE) (n =
222), ScienceDirect (n =231), Association for Computing Machinery (ACM) (n=323), in addition
to one search engine: Google Scholar (n = 769) were used. The final search was conducted in June
2023. The initial search returned a total of 1545 resultant articles. However, after the removal of
duplicate studies (n = 206), automated title and keyword filtering (n = 512), manual title, abstract
(n = 750) and full article reviews (n = 54), 21 publications were deemed eligible for systematic
analysis (Figure 1). Of the resulting studies, 19 cross-sectional analyses were assessed according

to the critical review form for quantitative studies (Law et al., 1998), with the remaining 2

Table 1. Methodological quality assessment using the critical review form for
quantitative studies (Law et al., 1998).
Study Cl1 C2 C3 C4 C5 Co C7T C8 (C9 C10 C11 MQ

Amatria et al., 2021 1 1 1 1 0 1 0 1 1 0 1 73%
Cintia and Pappalardo, 2021 1 0 1 0 0 0 0 0 1 1 1 45%
Clijmans et al., 2022 1 1 1 0 0 0 0 0 1 1 1 55%
Decroos and Davis, 2020 1 0 1 0 0 0 0 0 0 1 1 36%
Fernandez-Navarro et al., 2016 1 1 1 1 1 0 0 0 1 1 1 73%
Garcia-Aliaga et al., 2022 1 1 1 1 1 1 1 0 1 1 1 91%
Gollan et al., 2018 1 1 1 1 1 1 0 1 0 1 1 82%
Gomez et al., 2018 1 1 1 1 1 1 0 1 1 1 1 91%
He et al, 2023 1 1 1 1 0 1 0 1 1 1 1 82%
He et al., 2021 1 0 1 0 0 0 0 1 1 1 1 55%
Kong et al., 2022 1 1 1 1 1 1 0 1 1 1 1 91%
Lago-Peiias et al., 2017 1 1 1 1 1 1 0 1 1 1 1 91%
Plakias et al., 2023 1 1 1 1 1 1 0 1 1 1 1 91%
Ruan et al., 2022 1 1 1 1 0 1 0 1 1 1 1 82%
Sheehan et al., 2022a 1 1 1 1 0 1 0 1 1 1 1 82%
Sheehan et al., 2022b 1 1 1 1 0 1 0 0 1 1 1 73%
Sheehan et al., 2020 1 1 1 1 0 1 0 1 1 1 1 82%
Wedding et al., 2021a 1 1 1 1 0 1 0 1 1 1 1 82%
Wedding et al., 2021b 1 1 1 1 1 1 0 0 1 1 1 82%

C = criterion; Cl = clear statement of purpose and/or research question; C2 = review of background literature;
C3 = adequacy of design relative to the question; C4 = description in detail of sample; C5 = justification of sample
size; C6 = reliability of results, C7 = validity of outcomes; C8 = reporting of statistical significance; C9 =
pertinent method selection; C10 = importance and impact; C11 = result appropriate conclusions and implications;
MQ = aggregate methodological quality score.
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systematic literature reviews assessed according to the AMSTAR 2 appraisal tool (Shea et al.,

2017).

2.3.2 Methodological quality

The quality of cross-sectional studies (Table 1) included in the sample (n = 19) revealed that 12
articles’ navigation of methods was ‘excellent’ (>75%), with 5 research designs classified as
‘good’ (£75% and >50%), and 2 publications categorised as presenting with a ‘low’ (<50%)
scoring methodology. An evaluation of systematic reviews (Table 2) meeting the eligibility criteria

(n = 2) highlighted 1 study as ‘good’ (MQ = 73%) and 1 study as ‘poor’ (MQ = 45%).

Table 2. Methodological quality assessment using the critical review form for systematic reviews (Shea et
al., 2017).

Study Cl C2 C3 C4 C5 C6 C7 C8 (C9 C10 C11 C12 C13 Cl14 C15 Ci6 MQ
Plakias et al., 2023 1 1 1 1 1 0 0 1 0 1 - - - 1 - - 73%
Lord et al., 2020 1 1 1 1 1 0 0 0 0 1 - - - - - 1 64%

C = criterion; Cl = PICO (Population, Intervention, Control group and Outcome) inclusion and description; C2 = explicit
statement of review methodology, C3 = study design inclusion explanation; C4 = comprehensive search strategy description; C5
= duplicate author study selection; C6 = data extraction reliability, C7 = index of excluded studies; C8 = adequacy of detail
included and relevancy to research questions; C9 = satisfactory assessment for risk of bias;, C10 = reporting sources of funding;
C11 = appropriate statistical methodology for meta-analyses; C12 = assessing the potential impact of risk of bias on meta-analysis
results; C13 = accounting for risk-of-bias in meta-analysis interpretation/discussion; C14 = if present, a coherent explanation for
heterogeneity in the results of the review; C15 = investigation of publication bias; C16 = reporting issues including conflicts of
interest and funding for conducting the review, MQ = aggregate methodological quality score.

A percentage error test was conducted to evaluate the inter-rater reliability of the
methodological quality assessment. Repetition of the analyses was undertaken one month after the
original analysis was exercised on approximately 15% of the articles included for review (n = 3).

The results indicated 96.96% agreement between measures.

2.3.3 Sample and data types

The cross-sectional study characteristics indicated that literature published on playing styles in
team invasion sports was comprised of research conducted in association football (n = 14),
Australian rules football (n = 2) and rugby league (n = 2). Additionally, no cross-sectional articles

meeting the inclusion criteria analysed more than one sport. However, the publications varied
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greatly in the average competitions (2.37 +2.61), seasons (3.47 + 1.9) and total matches sampled
(1265.29 + 2192.95). Interestingly, 68.42% of studies incorporated three or more seasons’ data,
whereas only 26.32% of analyses encompassed three or more competitions within samples

(Appendix C).

The variable types employed to devise playing styles were constituted of predominantly
event data (n = 10) and match performance indicators (n = 9). Exceptions to this data selection
theme manifested in experimental study designs seeking to aggregate features such as contextual
(n = 2) and physical (n = 2) variables, along with metrics describing network, sequence and

spatiotemporal characteristics.

2.3.4 Methodologies

The techniques used to evaluate playing styles structurally underlying team invasion sports were
widely comprised of principal component (n = 12) and cluster analysis (n = 4). The
implementations of dimensionality reduction procedures were found to be well-suited to the
classifications of playing styles, with representation in 63% and 26% of research designs
respectively. Due to their respective procedures, the application of principal component analysis
and cluster analysis allows for the development of game styles - providing simple and interpretable
results. Comparably less established methodologies for the identification of playing styles - namely
polar coordinate analysis (n = 1), discrete-time Markov chain (n = 1), t-distributed stochastic
neighbour embedding (n = 1) and unsupervised artificial neural networks (n = 1) highlighted
difficulties in simplicity of interpretation. Indeed, as methodologies to derive styles of play
increase in complexity, the applicability and generalisability appear to decrease, thus hindering the

potential for insights.

2.3.5 Dimensionality reduction

2.3.5.1 Feature extraction

A variety of means were exercised to ascertain an appropriate number of game styles - classified

as either graphical (n = 3) or non-graphical (n = 12). Graphical factor retention solutions were
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resolved through the plotting eigenvalues for PCA (Sheehan et al., 2022a; Sheehan et al., 2022b)
or the sum of square errors for clustering data (Cintia and Pappalardo, 2021) on a y-axis along
with the number of factors on an x-axis in order to identify a distinct point at which the curve

plateaus - known as the elbow, denoting the elbow method.

Non-graphical factor extraction procedures were increasingly diverse. Eigenvalues were
used as a feature cut-off, namely through the k1 criterion (n = 5) originally devised by Kaiser
(1974), where only factors with eigenvalues >1 are retained. Nonetheless, studies by Wedding et
al. (2021a; 2021b) extended this criterion to eigenvalues >1.2 in order to optimise model accuracy
and decrease the quantity of resulting factors, albeit potentially to the detriment of variance
explained by the extracted features (approximately 51-54% between articles). Moreover, co-
consideration of eigenvalues (k>1) and variance explained was exercised at two criteria, >60%

Kong et al., 2022) and >70% (Fernandez-Navarro et al., 2016).
g

Determining a fitting number of clusters through non-graphical means was also achieved
by combining Akaike and Bayesian information criteria (AIC and BIC respectively) and were
adopted in unsupervised Gaussian mixture models (GMM) published by He et al. (2021; 2023).
These procedures iterate over the data to produce models to strike a balance between model
selection specialising in specificity, potentially overfitting (AIC) or simplicity, increasing the
likelihood of underfitting (BIC) the data (Dziak et al., 2020). Whereas, in employing supervised
k-means clustering, Gollan et al. (2020) used an exploratory technique, wherein an a priori number
of clusters must be manually defined when conducting iterative clustering - relying on researcher

interpretation to identify the most meaningful set of clusters, or styles of play.

2.3.5.2 Principal component analysis

2.3.5.2.1 Sampling adequacy

The Kaiser-Meyer-Olkin (KMO) test (n = 10) and Bartlett’s test of sphericity (n = 8) are methods

applied to determine the suitability of the data for factor analysis. Each publication addressing

Bartlett’s test of sphericity found significant differences between correlation matrices and null
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correlation matrices, thus there were strong enough correlations within the data to reduce in
dimensionality. KMO tests were conducted to assess partial correlations among variables, with
results ranging on a scale of 0 to 1 where a minimum value of 0.5 may be deemed acceptable.
According to Kaiser (1974), of the 9 studies reporting KMO values, 2 articles found ‘miserable’
values (<0.6), 3 articles were classified as ‘mediocre’ (<0.7), and the remaining KMO findings

were ‘middling’ (<0.8).

2.3.5.2.2 Rotation

Studies reporting component rotation employed limited variation in their methodologies, with each
study selecting the orthogonal varimax technique (n = 10). However, few articles rationalised
rotation selection, yet 2 publications performed component correlation matrices to determine the
appropriate rotation solution (Fernandez-Navarro et al., 2016; Plakias et al., 2023). This research
design resulted in findings of negligible to no correlation between factors - justifying performing

an orthogonal rotation such as varimax.

2.3.5.2.3 Communalities and factor loadings

Cut-offs in the sum of square component loadings or communalities were applied in the majority
of articles utilising PCA to investigate the underlying structure of team invasion sports (n = 7).
Findings from the review sample included studies retaining variables with minimum values of >0.4
(n = 3) - ranging to >0.5 (n = 2), and >0.6 (n = 1), with the greatest criterion of commonalities of
>(0.7 observed among research designs. Within the residual components and their constituent
variables, the most important features were predominantly derived using a cut-off value >|0.6| (n
= 7). One study set the retention criterion to loadings >|0.7| (Fernandez-Navarro et al., 2016), yet
3 studies (Sheenan et al., 2020; Sheenan et al., 2022a; Sheenan et al., 2022b) deemed a lower level
(>10.4|) acceptable.
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2.4 Discussion

This review aimed to identify literature pertaining to distinguishing playing styles in the National
Football League (NFL), American football or analogous team invasion sports. The findings of the
systematic search revealed a nihility of publications concerning styles of play in American
football, whilst highlighting the interest garnered from sport scientists toward the analysis of
association football (n=15) and a lesser emphasis on Australian rules football (n = 3) and rugby
league (n = 2). Though few similarities in game dynamics are easily transferrable, the
methodologies applied to the derivation of playing styles are applicable. Moreover, the nature of
American football lends itself to evaluating the variation in style of pay between teams and their
uses in practice. Indeed, if identified validly and reliably, game styles in the NFL stand to provide
a foundation for increasingly complex statistical procedures. Conventional means of capturing,
managing and analysing data increasing in complexity and variability struggle to contend with the
technological demands and speed of growth, materialising in ‘big data’ (Costa, 2014). The
necessity for alternative procedures - most notably to accommodate time-efficient quantifications
of training and competition performance through the reduction of ‘big data’ should be exercised
(Rojas-Valverde et al., 2020). To achieve this in sport performance analysis, multivariate
procedures such as factor analysis are adopted to explain myriad variables through a smaller

number of extracted features (Federolf et al., 2014).

2.4.1 Identification of playing styles

Phases and sub-phases of a sport such as styles of play are representative of the underlying
correlations between performance indicators. Due to the abundance of data available to analysts
in the modern era, data reduction practices mitigate the issues faced in producing actionable
insights from ‘big data’ (Plakias et al., 2023). To achieve this, a variety of methodologies were
observed, yet a theme apparent among the sample studies was the use of dimensionality reduction
(Appendix C). However, prior to the extraction of features or playing styles, a statistical procedure
must be selected in accordance with the study design and sampled variables. These methods are
broadly categorised as supervised, semi-supervised and unsupervised (Ang, Mirzal, Haron and

Hamed, 2015). In cases where a feature subset has been pre-selected or labelled contingent on
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meeting criteria, existing theory or hypotheses, a supervised process is undertaken to quantify the
importance and relevance of a feature set in training a model (Tang, Alelyani and Liu, 2014).
Contrarily, an unsupervised approach to feature selection involves the exploration of intrinsic and
unlabelled structures within a data set described by characteristics such as distribution, correlations
and variance to produce combinative features of the data (Gheyas and Smith, 2010). Alternatively,
semi-supervised feature selection incorporates both labelled and unlabelled elements to improve

or guide an unsupervised technique (Ang et al., 2015).

Applying supervised feature selection to playing styles in sport performance analysis
cultivates challenges due to innate subjectivity manifesting from external knowledge originating
from academics, analysts, coaches and other stakeholders within a sports organisation - resulting
in a potentially unreliable, time-exhaustive, and costly process (Bg and Jonassen, 2002). The risks
incurred through supervised feature selection include over-fitting a training model, thus limiting
the generalisability of the factors or styles of play by unintentionally omitting relevant features or
prioritising irrelevant features (Ang et al., 2015). Nonetheless, in practice, coaches may intend to
analyse a sport through their own framework - designated as moments in play by Gollan, Ferrar
and Norton (2018). Consequently, irrespective of empirical associations between variables,
features may be promoted in alignment with coaching philosophy depending on their reliability
and contextualisation within a corresponding moment of play (Hewitt et al., 2016). Appropriate
procedures for the analysis of these structures depend upon the extent to which pre-designated
features represent a majority or minority within the data classifies feature selection as semi-
supervised or semi-unsupervised respectively (Ang et al., 2015). Empirically unassisted feature
extraction is favoured by researchers in many fields as it allows for the inclusion of large data sets
rather than restricting sampled variables based on preconceptions (Fernandez-Navarro et al., 2016;
Lago-Penas et al., 2018; Winter & Pfeiffer, 2016; Gollan et al., 2018). Despite being considered
more challenging than supervised and partially supervised approaches, unsupervised feature
identification produces an unbiased and, in many cases, an enhanced account for the variance
present within the data. Moreover, findings by Ang et al. (2015) in gene expression analysis
revealed that partial labelling or no labelling of features was able to produce a good prediction of
model performance - further suggesting that these approaches should be considered promising for

future study designs.
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In an indiscrete sample of studies attempting to reduce high-dimensional data, findings by
Zebari et al. (2020) aligned with findings in the present review where authors commonly employed
methodologies based upon intent to confirm existing theory, hypothesised structures or to explore
data in search of associations between previously unassociated variables. These approaches focus
on the optimisation of variance explained and prediction accuracy. For example, in feature
selection - the outcome of supervised techniques, support vector machine (SVM) and k-nearest
neighbours (KNN) achieved the best accuracy. For feature extraction - the output from
unsupervised approaches, convolutional neural networks (CNN) and deep neural networks (DNN)
perform well in classification tasks, albeit with challenges in interpretability and being susceptible
to outliers and chance effects, similar to certain supervised learning methods (Livingstone,
Manallack and Tetko, 1997). However, principal component analysis (PCA) remained more
widely adopted for feature extraction (Appendix C). Furthermore, if performed correctly, PCA
may achieve more effective results in prediction accuracy, efficiency in computational time and
validity in the reduction of features (Zebari et al., 2020). Moreover, its ability to eliminate
redundant information or noise from a dataset (Hasan and Abdulazeez, 2021) has led to the
widespread use of PCA to quantify technique in sports (Gleersen et al., 2018; Parmar et al., 2018).
Nonetheless, in cases where selected or extracted features have been refined from broader data
sets, subsequent findings may be clustered or used in regression analysis to enhance understanding

of sport behaviours (Oliva-Lozano et al., 2021; Rojas-Valverde et al., 2019).

2.4.1.1 Appraisal of methodologies

Multiple research designs elected to utilise cluster analysis (n = 4) - both supervised (Cintia and
Pappalardo, 2021; Gollan et al., 2018) and unsupervised (He et al., 2021; He et al., 2023)
techniques allowed for meaningful groups to be discovered within a dataset. However, when used
in isolation, these procedures prohibit the researcher's ability to understand the relative power of
predictors to classify members into groups or quantify their association within them (Satre-Meloy,
Diakonova and Griinewald, 2020). Regardless of potential ambiguity, Cintia and Pappalardo
(2021) were able to create a relational tool to assess similarities in coaching tactics requiring pre-

existing knowledge to appropriately interpret.
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Whereas PCA aims to maximise the variance present within the data, auxiliary
methodologies such as t-SNE (t-distributed stochastic neighbour embedding) were represented
within the sample studies as a mechanism for reducing the dimensionality of team performance
(Garcia-Aliaga et al., 2022). However, this method has been described as computationally complex
and increasingly less efficient, commensurate with increases in sample size - becoming impractical
for real-world use (Van der Maaten and Hinton, 2008). Furthermore, t-SNE is primarily utilised
as a means of visualisation for grouping data according to similarity or dissimilarity and was
incorporated by Garcia-Aliaga et al. (2022) to discriminate team performance profiles, yet, due to
its visual manner of representing differences, further comprehension of discrete features
representative of playing styles may necessitate contributions from supplementary statistical
procedures. Therefore, though t-SNE is established as a dimensionality reduction technique (Van
der Maaten et al., 2009), as applied to the identification of playing style, it could be considered a
clustering method and limited in its power to explore factors. As reflected in the results of this
review, numerous techniques have been used to extract factors or game styles (Appendix C).
Despite this, the results corroborate conclusions from Williams, Osman and Brown (2010), that
PCA is one of the most used statistical techniques in sport - extending to the identification of
playing styles, with 63% of authors utilising PCA as their primary approach. Notwithstanding the
relative homogeneity in technique, many variations in the implementation of principal component
analysis were apparent. To appraise the application of exploratory factor analyses (EFA) such as
PCA, a 5-step Exploratory Factor Analysis Protocol developed by Williams et al. (2010) provides
a platform to determine the suitability of the data, the quantity of, and criteria for factors to be
extracted, in addition to the appropriate rotation for factors. Accordingly, in a review of articles
using EFA in sport (n = 45), Rojas-Valverde et al. (2020) found that 100% of studies used PCA -

representing a far greater proportion than research attempting to identify styles of play.
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2.4.1.2 Principal component analysis

2.4.1.2.1 Suitability

It was proposed that a correlation matrix should be exercised to evaluate relationships between
individual variables (Williams et al., 2010) and was found to be one of the most popular initial
steps in EFA procedures (Henson. and Roberts, 2006). A review of the correlation matrix is used
to determine the factorability (of R) of a dataset - allowing investigators to evaluate correlation
coefficients and assess whether the factor analysis should be considered an appropriate statistical
test. Tabachnick, Fidell and Ullman (2013) suggest a minimum of 0.3 for correlation coefficients
indicating that a matrix is factorable and includes multiple sizeable correlations. Albeit, 0.3 was
identified as a ‘minimal’ value by Hair, Black, Babin and Anderson (2010), with the authors
presented further categorisations of 0.4 (‘important’) and 0.5 (‘practically significant’) as a rule of
thumb. Contrary to the systematic review conducted by Rojas-Valverde et al. (2020) - finding
numerous studies (n = 10) reporting factorability between 0.4 and 0.7 for variable selection, none
of the articles undertaking EFA to define game styles presented correlation coefficients between
independent variables. Alternatively, more sophisticated tests of establishing the factorability of
the data were routinely practiced, potentially due to limitations in the capacity for bivariate

correlations to reflect an underlying relationship between several variables simultaneously.

The Kaiser-Meyer-Olkin (1974) measure of sampling adequacy (n = 10) and Bartlett’s
(1954) test of sphericity (n = 8) were administered in all but 2 and 4 study designs respectively.
These methods were found to be implemented more frequently in the present review relative to
their presence in approximately 50% of PCA procedures among sport science publications (Rojas-
Valverde et al., 2020). However, Bartlett’s test of sphericity (1954) - testing a hypothesis that there
are no correlations present in a correlation matrix is considered ‘highly sensitive’ with a
commensurate likelihood to produce a significant result in substantial sample sizes (greater than 5
cases per variable), regardless of very low correlation coefficients (Tabachnick et al., 2013).
Therefore, the implementation of Bartlett’s test of sphericity (1954) within studies analysing styles
of play may be questionable. Use of the Kaiser-Meyer-Olkin test (1974) to demonstrate the

adequacy of data for feature extraction may exhibit fewer shortcomings in application to the
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derivation of playing styles as it formulates a ratio of the sum of squared correlations to the sum
of squared correlations and the sum of squared partial correlations to produce an index or score
ranging between 1 and 0 (with an adequate cut-off value of 0.5). In this systematic review, of 10
articles reporting Kaiser-Meyer-Olkin sampling adequacy, 5 articles found ‘miserable’ or
‘mediocre’ values (0.5 - 0.7), and the remaining studies (n = 4) indicated ‘middling’ (>0.5)
adequacy (Kaiser, 1974). This distribution of sampling adequacy was supported by Rojas-
Valverde et al. (2020) indicating an even split of stated values by investigators in sport using EFA
(>0.5 and >0.7).

2.4.1.2.2 Factor extraction

The outcomes of factor analysis are contingent on the quantity of factors (linear components
calculated through the computation of eigenvalues of a matrix) retained (Field, 2013). Methods
for determining the stopping point during factoring are subject to uncertainty and debate, albeit,
extracted factors should be limited to those that account for non-trivial variance within the data
(Rummel, 1970). The use of cumulative variance explained at a proportion of 50% was suggested
as a cut-off for factor extraction by Streiner (1994). To this end, this systematic review highlighted
2 instances of articles using cumulative variance (ranging from >60 to >70%). However, these
were employed alongside the k1 criterion (Kaiser, 1970) - a method designed to ensure that the
variance accounted for by the extracted factors is sufficient. Nonetheless, Kaiser’s eigenvalues
above one criterion is considered as another rule of thumb but has been demonstrated to often
provide incorrect estimates in larger scale study designs (Tucker, Koopman and Linn, 1969).
Despite this, the k1 criterion’s use is widespread within research identifying playing styles, with 5
investigations (41.67%) limiting factors to eigenvalues >1 and an additional 2 studies (16.67%)
selecting features with eigenvalues >1.2. These findings were substantiated in analysing sport
using EFA wherein 62.22% of investigations retained factors with eigenvalues >1 (Rojas-Valverde

et al., 2020).
While non-graphical solutions such as cumulative variance and eigenvalues greater than

one have historically received support as an appropriate approach (Kim & Mueller, 1978), Catell's

(1966) scree test plots eigenvalues with their associated factors descending in magnitude to
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produce a graphical criterion - arguing that factors preceding a sharp inflexion in the eigenvalues
represent the most important features (Field, 2013). Though this technique was found to be
somewhat reliable when strong factors arise (Stevens, 2002; Zwick & Velicer, 1982) and was
exhibited in 2 studies sampled in this review, uniquely graphical solutions are susceptible to
subjective application (Ford et al., 1986). Therefore, a technique called parallel analysis (PA) was
formulated to distinguish factors with real eigenvalues greater than those expected from
randomised data as an apt number of factors to retain (Humphreys and Montanelli, 1974). This
method effectively compares features with real underlying structures with simulated data with no
underlying structure (Ford, MacCallum and Tait, 1986). Though a majority of feature extraction
techniques allow for investigators to contemplate which solution to favour, the implementation of
imprecise and ambiguous techniques in team sport and game styles research is potentially

problematic in producing valid analyses of game dynamics.

2.4.1.2.3 Factor loadings

Factor loadings are computed from eigenvalue-derived eigenvectors, thus, gauging the relative
importance of variables within a feature (Field, 2013). The extent to which these loadings are
deemed meaningful in EFA is contingent upon the cut-off specified by the investigators - deemed
to be a matter of preference according to Tabachnick et al. (2013). However, Comrey and Lee’s
(1992) descriptions of factor loading cut-offs are frequently used as a standard for evaluating
variable contributions to features. Under these criteria, loadings below 0.32 are not retained,
however, values exceeding 0.32 are considered poor, above 0.45 fair, greater than 0.55 good, over
0.63 very good and in excess of 0.72 are considered excellent. Cases where cut-off values can be
easily applied to naturally occurring gaps in loadings, renders applying criteria simple, however,
in circumstances where the interpretation of features is complicated by a desire for greater loading
quality, a variety of loading cut-offs may be expected - a trend observed in this systematic review
(Appendix C). Variables with absolute factor loadings greater than 0.6 were the most common
among attempts to derive playing styles (approximately 64% of publications), whereas >0.7,
approaching excellent value were rarely utilised (n = 1). Other studies necessitated the use of a
lower cut-off in order to achieve interpretable styles of play (n = 3). Though this sample may be

too small to be generalisable, findings from PCA applications in sport science literature revealed
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that loading cutoffs >0.6 and >0.7 were the most prevalent and equally adopted (Rojas-Valverde
et al., 2020).

2.4.1.2.4 Feature rotation

Unrotated factors often complicate attempts to categorise related variables - resulting in many
variables being grouped in the first feature (Richman, 1886). However, investigators have an
opportunity to maximise high loadings and minimise low variable loading in other factors -
optimising the likelihood of easily interpreting features and spreading loadings across several
factors (Plonsky, 2015). The adoption of feature rotation techniques allows researchers to apply
solutions to determine the most appropriate representation of patterns within the sampled variables
(Guadagnoli and Velicer, 1988). Factor rotation methods can be categorised as either orthogonal,
wherein factors are assumed to be uncorrelated, or oblique where rotated factors may be correlated
(Fabrigar and Wegener, 2012). Common usages of solutions for orthogonal (e.g., Varimax,
Quartimax or Equimax) and oblique (e.g., Direct Oblimin and Promax) rotations potentially stem
from their availability on statistical software packages (Plonsky, 2015). The present review
determined that all studies using rotated techniques employed orthogonal Varimax rotation to their
factors (n = 10). Moreover, applied more widely to sport science, studies reporting factor rotation
(55.55%; n=25) implemented orthogonal Varimax rotation on 88% (n=22) of occasions, whereas
oblique Direct Oblimin (n = 2) or unspecified non-orthogonal (n = 1) techniques comprised the
remaining 12% (Rojas-Valverde et al., 2020). In effect, most research in sport performance
analysis appear to assume that all latent variables or features will be independent and uncorrelated.
With respect to distinguishing styles of play in team invasion sports, this assumption extends the
hypothesis that teams may or may not enact more than one playing style concurrently, which may
be problematic in practice. Given the behaviours exhibited by teams must be conducive with laws
of the NFL (e.g., offensively opting to attempt a pass or run play, defensively contriving a blitz,
man or zone coverage), attacking and defending teams devise plays according to decisions, either
predetermined by coaches or improvised by players (Goyal, 2020). Thus, adapting to collective
behaviours observed from the opposition (Dutta, Yurko and Ventura, 2020; Joash Fernandes et al.,

2020). Accordingly, it may be hypothesised that play style features may demonstrate correlations
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- indicating that the prevailing selection of orthogonal Varimax rotation may not be appropriate

for the study of game styles in American football.

2.4.2 Interpreting styles of play

Concerns reported by Sheehan et al. (2023) outlined potential asymmetries in the theoretical
application of PCA and its use in practice, primarily manifesting in issues with the interpretation
of EFA features (i.e., naming or labelling). However, a solution for such limitations by consulting
the guidance of experts such as coaching staff to elucidate the findings of supervised, semi-
supervised and unsupervised approaches has been suggested (Sheehan et al., 2023). Nonetheless,
whereas univariate PIs allow for performance analysis to produce insights, PCA enables an
explanation of original datasets proportional to the variance explained in the resulting principal
components (Joliffe, 2002). Furthermore, the sole consideration of technical performance
indicators has been characterised as inadequate in sensitivity to distinguish playing styles in team
sport, their constituent behaviours and organisation (Wedding et al., 2021). Additional context
surrounding the intra-match variation in styles of play has been proposed as a solution for
optimising the likelihood of successful match outcomes during performances (Wedding et al.,
2021). However, caution should be emphasised in surmising game styles due to the potential for
unfavourable patterns of behaviour, for example, an indicator of poor defensive performance for
teams controlling a large proportion possession in a match (Sheehan et al.,, 2022a).
Notwithstanding, Sheehan et al. (2022a) proposed that collecting data that accounts for the efficacy
of attacking or defensive play has been proposed as a solution to accommodate such contexts.
Albeit highly important in adapting to evolving match dynamics, the analysis of one-off matches
increases opportunities for finding biases within the quantification of playing style (He et al.,
2021). In a study of game style variability, He et al. (2021) associated style of play flexibility with
team success - most notably with offensive outcomes, further suggesting that in practice, both
attacking and defensive styles of play require a team to respond to the playing style enacted by

their opponent.

He et al. (2023) elaborated on these findings in a study analysing teams according to

perceived attempts to either predominantly impose or react to playing styles. However, teams
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favouring either of these states exhibited decreases in performance, whereas teams showing an
ability to adapt between imposing and reactive play styles depending on the strategic environment
find greater success. Contrary to perceptions that defensive consistency and resistance to
opposition or external perturbations lead to favourable performance outcomes, flexibility in
defensive game styles has also been positively associated with KPIs and successful match
outcomes (Zurloni et al., 2014; Hee et al., 2021). Furthermore, stability or consistency in playing

style is hypothesised to lead to poor performance, rendering teams highly predictable.

2.4.3 Application in the National Football League (NFL)

As prescribed to rugby league (Wedding et al., 2021), the exploration of playing styles in American
football may enhance analyses and allow teams to understand collective strategic behaviours as
well as their variability and formulate approaches and responses to evolving match dynamics
geared towards manipulating the likelihood of successful outcomes in the NFL. Albeit, the
limitations and methodological restrictions highlighted in this systematic review may elucidate
suitable study designs for the reduction of increasingly high-dimensional data collected to account

for events and actions occurring in team invasion sport.

The importance of the data collected and included within samples should evidence
adaptations in player behaviours to match conditions (Fernandez-Navarro et al., 2018). Moreover,
to ensure the applicability of findings, more performances, competitions and variables should be
incorporated into EFA research designs (Fernandez-Navarro et al., 2016; Lago-Pefias, Gémez-
Ruano and Yang, 2017). Most notably, representations of influences relating to context detailing
match venue, status and elapsed time are suggested to retain the potential to measure team
proficiency in certain styles of play (Ruan et al., 2022). However, exercised in the NFL, these
contextual factors extend further with down, distance to goal, and yards to go which are considered
highly influential (Joash Fernandes et al., 2020). An issue present in many studies attempting to
derive styles of play in addition to extant literature is the sole consideration of either offensive or
defensive play, with omissions of this nature recommended to be addressed in future research
(Lago-Penas et al., 2017). Furthermore, the complexity of team actions can be considered the result

of player interactions, therefore, competition between two teams is a result of complex systems
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interacting, thus, neglecting opposition performance should be avoided in designs pursuing an
accurate reflection of game styles (Sheehan et al., 2023). While EFA serves to empirically identify
playing styles, the correct interpretation of features necessitates great attention, but can result in
valid applications and practical use-cases in team invasion sports and football codes (Plakias et al.,
2023). Indeed, an appropriate selection of features stands to improve the generalisation and
comprehension of game styles and the prediction of performance (Ang et al., 2015). With very few
analyses of technical performance indicators in the NFL despite myriad data collected from first
and third parties, harnessing EFA (e.g., PCA) may play an important role in American football
performance development (Ang et al., 2015) whilst embodying a fast, efficient and cost-effective

solution in practical environments (Gutkin, Shamir and Dror, 2009).

2.5 Conclusion

Extant literature has concluded that combinations of performance variables enable the
identification of playing styles and the description of structures underlying team sports.
Discovering styles of play is enhanced by an abundance of data - necessitating dimensionally
reduction techniques, the most prevalent of which was found to be principal component analysis
(PCA). Unsupervised approaches like PCA augment the objective and empirical classification of
game styles. However, alongside variable inclusion limitations, these methodologies have seen
little apparent justification concerning the selection of feature extraction, rotation and loading.
Nonetheless, once distinguished, resultant components may be utilised as integral performance

characteristics for further analyses.

Manifesting as one of the most established forms of exploratory factor analysis, PCA can
be appropriated to distinguish styles of play in the NFL. Notwithstanding, special attention to the
methodological parameters requires consideration of the game dynamics evident in, and somewhat
unique to American football. Notably, prevailing feature rotation techniques may not be pertinent
due to the constraints incurred by exercising orthogonal rotation - assuming the independence of
game styles. These assumptions may be problematic due to the dichotomous nature of non-special

teams’ play selection (i.e., run or pass), wherein play-calling tendencies may lead to positive or
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negative correlations between potential styles of play. Albeit, these facets of study design demand

precision in their execution to optimise the interpretability of results.

To complement variables selected according to professional or athletic experience,
evidence-based measurements of playing styles allow coaches, analysts and scouts to evaluate the
profiles and strategy - assisting in augmenting training design and preparation to face specific
opponents. Objective classifications of team behaviours may be challenging to implement within
practical environments. As such, developing an awareness of the impact caused by, and

interactions between playing styles may be essential to effective in-game tactical adjustments.

37



3 Identification & Interpretation of Play Styles in the
National Football League (NFL).

Abstract

In the NFL, the ability to predict opposition behaviours informs critical decision
making. Moreover, understanding differences in offensive and defensive patterns of
play has emerged as a limitation in American Football. Whilst the assimilation of match
conditions, situational variables and game state have played a crucial role in predicting
offensive and defensive play design, the absence of an empirical foundation from which
to identify styles of play confound current perceptions of team interactions. Principal
component analysis was used to explore underlying structures responsible for
correlations among variables over a period of five NFL seasons (2018-2022, 2622 team
observations). Optimal coordinates extraction derived 8 distinct features accounting
for 57% of the total variance within the dataset. Direct oblimin (oblique) rotation
identified a low, yet meaningful positive correlation between the short and long passing
latent variables (.35). Offensively, yards before and after the catch or contact alongside
third down success were associated with passing, rushing and scrambling related
playing styles. Defensively, the inclusion of exclusively defensive action variables led to
3 factors interpreted as pass game suppression, defensive penetration and tackling
proficiency. These findings provide a means by which team performance may be

further analysed and potentially aid in predicting and rationalising play design.

Keywords: Style of Play, Playing Style, Identification, Definition, NFL, Sport, American

Football, Performance Analysis
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3.1 Introduction

3.1.1 Rationale

Advancements in granularity and availability of data collected in sport continues to enhance
investigations - increasing the scope of potential research questions (Han, Pei and Kamber, 2011).
A focus of contemporary analyses of American football have been aimed at understanding the
outcomes of decisions in relation to match outcome and formulating novel variables to assess
likelihood of drive and performance success (Biro and Walker, 2022). Dissimilar to many
alternative football codes such as association football, rugby union or league, differences in game
mechanics exist wherein possessions are comprised of individual plays interrupted for a period of
40 seconds. Therefore, researchers have sought to increase prediction accuracy in quantifying
scoring or win potential using particular metrics, including Expected Points (Carter and Machol,
1971), Win Probability (Lock and Nettleton, 2014), Wins Above Replacement (Yurko, Ventura
and Horowitz, 2019). Albeit, in practice, these methods serve predominantly as a retrospective
means of contextualising the influence of on-field actions, developing a statistical approach to the
prediction of behaviours in American football may enhance the rational underpinning play-calling
in the NFL (Emara et al., 2017; Joash Fernandes et al., 2020; Lee, Chen and Lakshman, 2016;
Teich, Lutz and Kassarnig, 2016).

Throughout the National Football League, understanding the factors contributing to the
predictability of a team’s actions provides coaches with actionable insights about the likelihood of
collective opposition behaviours (Joash Fernandes et al., 2020). Whereas previous attempts to
evaluate optimal tactical approaches to play-calling have compared teams’ proficiencies in
outperforming their opponents in either passing or running efficiency (May et al., 2010), such
research designs, using outcome data (e.g., total passing/rushing yards, yards per pass/rush), may
be limited in their predictive capacity, and as indicators of team tendencies. However, evaluating
propensities in play type (i.e., passing or running game) has been the subject of several predictive
models (Lee et al.,, 2016; Emara et al., 2017; Joash Fernandes et al., 2020; Goyal, 2020),
predominantly attempting to incorporate situational variables (e.g., down, yards to go, match

status, points differential, location and game clock), in addition to team profile characteristics over
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the duration of a season (e.g., pass/run attempts %, pass completion %). Notwithstanding, these
algorithms have demonstrated substantial inter-performance and inter-season variability (Lee et

al., 2016).

Unprecedented and novel observations of novel microscopic behaviours have been enabled
by increasingly comprehensive and abundant data (Jeon and Park, 2021). However, sports such as
American football have limited research on performance analysis (Cohea and Payton, 2011) with
a consequent paucity of substantiated theory regarding relationships between performance
variables (Zuccolotto, Manisera and Sandri, 2018). Moreover, the exploration of complex
behavioural data could be used to determine styles of play - hypothesised to account for the
variability in play type prediction accuracy (Joash Fernandes et al., 2020). Playing styles are a
manifestation of patterns in performance, systematically or tactically implemented by teams over
the duration of matchups, competitions and seasons (Fernandez-Navarro et al., 2018; Gollan,
Ferrar and Norton, 2018; Greenham, Hewitt and Norton, 2017). In equivalent football codes, styles
of play have been established through the empirical reduction of indicators into latent variables
(Decroos and Davis, 2020; Fernandez-Navarro, et al., 2016; Gomez, et al., 2018; Kong et al., 2022;
Lago-Pefias etal.,2017; Ruan et al., 2021; Sheenan et al., 2022; Wedding et al., 2021), an objective
technique to derive underlying structures in data or correlated areas of performance. Teams’
relative dependence or proclivities towards these areas of play can be sustained as a profile from
which teams may aim to deviate from or adapt to in accordance with contextual demands of a
match and their opponent. Whereas examining differences in these features of offensive and
defensive performance between teams has been highlighted as a limitation in American Football
(Fokoue and Foehrenbach, 2013; Joash Fernandes et al., 2020), it has been a recent objective in
association football - projected to assist in developing a comprehensive overview of play style
dynamics (Lago-Penas et al., 2017; Gomez et al., 2018; Gollan et al., 2020). Nonetheless,
personnel, formation and positional permutations have previously been used to categorise NFL
teams according to playing styles and quantify relative injury risks (Teramoto, Petron, Cross and
Willick, 2015). However, these styles of play were ascribed to teams according to perceived
similarity with somewhat antiquated systems of play such as the West Coast or Air Coryell
offences, as well as the 3-4 or 4-3 defences formulated by coaches in the 1960s and 1970s (Carroll,
1999). Though Teramoto et al., (2015) were able to contextualise their findings through a
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‘philosophical’ framework, reflective of researcher interpretation of play designs (e.g., short or
long pass attacks, aggressive and preventative defences), they were unable to empirically account

for the game styles present in NFL performance.

Further challenges have been elucidated in the analysis of American football performance,
namely in study design wherein defensive play is afforded proportionally scant consideration
among action variables, overlooking apparent interactions between teams and potentially omitting
half of the events during a match (Fokoué and Foehrenbach, 2013). The effect has been associated
with a tendency to regard the dynamics of American football as though the defence is considered
constrained to reactionary behaviours and the offence dictates play through possession of the ball
(Joash Fernandes et al., 2020). Nonetheless, while it may be inferred that defensive and offensive
game styles are subject to team interactions, offensive and defensive play-by-play metrics
collected in the NFL are limited to observations of direct player involvements (Dutta, Yurko and
Ventura, 2020). Cohea and Payton (2011) assessed 67 variables, reduced into 14 features of
performance, with the aim of determining their association with success. However, this research
design demonstrated limited practical applicability as the sampled variables were quantified in
terms of outcomes without consideration of the actions occurring during the plays. Additional
constraints of granularity for within play measurements has been demonstrated in the capacity of
models to correctly predict scrambling attempts. For example, Lee, Chen and Lakshman (2016)
identified that a substantial number of mistakes developed in their algorithm concerned teams with
‘mobile’ quarterbacks. These errors, amounting to 77% of occasions, originated on plays that were

designed for passing attempts and ended with the quarterback running the ball.

Several approaches to the depiction of playing styles in team invasion sports stem from
variation among input variables and their respective data structures (Carter, James and Parmar,
under review?). This has resulted in attempts to derive distinct phases of play over the duration of
possessions through the use of spatiotemporal information to identify combinations of events such
as ball movements, positional progressions and player involvement in sequences (Amatria et al.,
2021; Cintia and Pappalardo, 2021; Clijmans, Van Roy and Davis, 2022). Findings from such
approaches in association football have established patterns of play and elucidated strategies (e.g.,

elaborate and direct buildup). However, the classification of behaviours using spatiotemporal data
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in the NFL can be measured over substantially shorter intervals, research has described elements
of offensive and defensive play including route running trajectories, blocking vectors and receiver
separation (Deshpande and Evans, 2020; Dutta, Yurko and Ventura., 2020; Haar et al., 2019;
Ibrahim, 2021; Yurko et al., 2020; Nguyen, Yurko and Matthews, 2023). Albeit, while in
analogous sports, individuals are able to implement or re-initiate a coach’s game style throughout
sequences, comparable plays in American football are coordinated - allowing for a systematic
formulation of a response to contextual factors (Joash Fernandes et al., 2020). However, once plays
have been implemented, post-snap (ball in play) actions quickly become unique with individuals
reacting dynamically according to their respective or irrespective of attacking and defensive
responsibilities (Dutta et al., 2020). Moreover, these methods often rely on the accessibility of GPS
(Global Positioning System) or LPS (Local Positioning System) measurement of movements,
presenting an impracticality in data collection due to limitations in team willingness to share
resources (Lord, Pyne, Welvaert and Mara, 2020). Furthermore, according to Lord et al. (2020),
the complexity of spatiotemporal metrics renders the applicability and ease of interpretation

challenging for coaching purposes.

Contrarily, the simplicity and universal familiarity with technical variables allows for
strategy and tactics to be ratified according to context (Lord et al. 2020). Notwithstanding,
exclusive use of unidimensional performance variables has been characterised as inadequate with
regard to sensitivity for identifying playing styles in team sports (Wedding et al., 2021). To
accommodate for this effect, research on alternative football codes, namely association football,
have engaged numerous methods to discern styles play (Carter et al., under review?). The most
notable and prevalent among these techniques is Principal Components Analysis (Gleersen et al.,
2018; Parmar et al., 2018; Fernandez-Navarro et al., 2016; Lago-Penas et al., 2018; Winter &
Pfeiffer, 2016; Gollan et al., 2018), an unsupervised approach to dimensionality reduction found
to produce effective results in prediction accuracy, efficiency in computational time and validity
in reduction of features (Zebari et al., 2020). Therefore, to understand styles of play and their
respective compositions, technical data, used in conjunction with dimensionality reduction
techniques, may produce an objective and easily interpretable exploration of playing styles in

professional American football.
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3.1.2 Objectives

The aim of this study was to address the hypothesised presence of playing styles in the NFL and
American football, whilst reducing technical measures accounting for a greater degree of
granularity than previous investigations. Moreover, this research design sampled dynamic
offensive and defensive technical performance variables - incorporating several exclusively
defensive variables to avoid offensive bias in game style interpretation. Furthermore, this study

sought to determine the strength of relationships between resultant styles of play.

3.2. Method

3.2.1 Sample

Game-related play-by-play data from 1311 regular season games from the 2018 to 2022 seasons
of the National Football League resulted in 2622 team observations. The data was obtained from
third-party public information sources. These resources included nflfastR (2023) and pro-football-
reference (2023) - repositories of scraped first-party official game summaries published by the
NFL (2023). The original text-based data was comprised of raw play-by-play descriptions of on-
field events and actions. Data scraping technique were exercised on NFL game summaries to
generate performance and situational variables (Appendix D). Whereas certain variables published
by nflfastR (Sebastian and Baldwin, 2024) were made available through the nflreadr (Ho and Carl,
2023) package for R, the remaining proportion of the data was ethically web-scraped from pro-
football-reference (2023) on the public domain.

3.2.2 Procedure

Performance and situational variables (n = 46) were collated from the nflfastR and pro-football-
reference datasets, aggregated, then statistically analysed using the RStudio Integrated
Development Environment (IDE) for R (Posit team, 2023), powered by the statistical computing
language R (version 4.0.5, R Core Team, 2023). Operational definitions were elucidated through
the appraisal of definitions supplied by third parties in accordance the NFL official glossary of
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terms (Appendix D). Ethical approval for this study was granted by the London Sport Institute
Research Ethics Committee (REC) on 24/11/2021 (Appendix I).

3.2.3 Statistical analysis

Principal component analysis (PCA) is a form of exploratory factor analysis (EFA) frequently used
in attempts to investigate the underlying processes responsible for generating correlations among
variables, and to reduce the dimensionality of large, interrelated data sets to effectively summarise
the correlations between the original variables, whilst minimising any potential loss of variation
(Jolliffe, 2002; Tabachnick and Fidell, 2012). To achieve this, a correlation matrix must be
computed to identify linear combinations of variables (eigenvectors), with eigenvalues quantifying
the variance accounted for these latent variables or components within the matrix. Corresponding
eigenvectors or factor loadings for each variable represent the strength of relationship, be it
positive or negative to the associated feature (Comrey and Lee, 2013). Moreover, in team invasion
sports, PCA has be exercised to identify the presence of, and interpret playing styles from the
underlying structures of team performance (Decroos and Davis, 2020; Fernandez-Navarro, et al.,
2016; Gomez, et al., 2018; Kong et al., 2022; Lago-Pefias et al., 2017; Ruan et al., 2021; Sheenan
et al., 2022; Wedding et al., 2021).

The suitability of the data for dimensionality reduction techniques was assessed by the
Kaiser-Meyer-Olkin (KMO) test of sampling adequacy (Kaiser, 1974), in addition to Bartlett’s
(1954) test of sphericity. Two non-graphical criteria, parallel analysis (Horn, 1965), simulating
sampling error and optimal coordinates (Raiche et al., 2006), providing an objective interpretation
of Cattell’s (1966) scree plot were used to gauge the appropriate number of components to retain
for analysis (Figure 2). Furthermore, the sampling adequacy measured using the Kaiser-Meyer-
Olkin (KMO) test resulted in an overall value of 0.74 (>0.7) - classified as mediocre (Kaiser,
1974). Bartlett’s (1954) test of sphericity demonstrated that the data was suitable (y2 = 1248.3, p
<0.001, df = 46) for exploratory factor analysis (EFA).

Rotation methods were employed to maximise factor loadings within individual

components, whilst minimising the corresponding variable in others to optimise the interpretability
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of principal components (Plonsky, 2015). However, oblique rotation solutions should be explored
in cases where rationale exists to hypothesise a relationship between components such as teams’
proclivity in attempting certain play types relative to others (Field, 2007), therefore, the
components were rotated using Direct Oblimin. Comrey and Lee’s (1992) classifications of
contribution quality were used to evaluate variables’ association to the identified PCs - excluding
variables with loadings lower than |0.32| - accounting for approximately 10% of the variance
within a component. In accordance with this method, scores exceeding |0.32| were considered poor,
above |0.45| fair, greater than |0.55| good, over |0.63| very good and in excess of |0.72| were

categorised as excellent.
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Figure 2. Scree test with non-graphical solutions (PCA component retention)

45



3.2.4 Overview of statistical methodologies
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Figure 3. Overview of statistical methodologies used to derive styles of play in the NFL.

3.3 Results

Parallel analysis in the scree test for non-graphical solutions identified 10 distinct areas of play or

playing styles (Figure 2), whereas, optimal coordinates, determined by a series of linear equations

quantifying the difference between observed and expected eigenvalues demonstrated a clearer

delineation (n = 8) between meaningful and unambiguous components (Ruscio and Roche, 2012).

These factors accounted for 57% of the variance present within the match data (Table 3), while the

10 features determined by the parallel analysis explained a combined 2% additional variance.

Table 3. Variance accounted for by principal components

Variance TC2 TC6 TC3 TC4 TC1 TCS TC7 TC8
Sum of square loadings 505 401 340 354 278 250 173 138
Proportional variance 0.12 0.09 0.08 008 0.06 0.06 004 0.03
Cumulative variance 0.12 021 029 037 044 049 053 057
Proportion explained 021 0.16 0.14 0.15 0.11 0.10 0.07 0.06
Cumulative proportion 021 037 051 066 077 087 094 1.00
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The first principal component (TC2) accounting for the greatest proportion of variance
present among the match variables (12%) was comprised of predominantly passing related
performance variables. This extensive passing feature included 5 variables with ‘excellent’
loadings or values >|0.72| (completed passes, passing first downs, passing yards after catch, short
passes and passing yards) and 2 variables providing good contributions >|0.55| (pass attempts and
quarterback drops). Lesser contributory action variables achieved fair loadings >|0.45| (successful
passing third downs and receiving tackles broken), in addition to a negative, yet poor association
(>10.32|) with combined defensive tackles (Table 4). A secondary passing factor (TC2) accounted
for 9% of the variance in the PCA. However, contrary to TC2 with excellent contributions from
short passes, 3 of 5 variables (deep passes, intended passing air yards, and passing air yards
completed) constituting TC6 demonstrated particularly strong associations within the feature
>|0.9|. Furthermore, these variables and excellent loadings were rotated with inaccurate and

incomplete passes displaying good and fair values respectively.

The third principal component explaining 8% of the variance extant within the data
incorporated 5 scrambling variables. Scramble yards, attempts and first downs produced the
greatest contributions (>]0.9]) towards the factor (TC3). Additional variables concerning
scrambling on third down attempts showed reduced importance to the component, albeit with
disparate factor scores. The rotation resulted in contribution values classifying successful
scrambling third downs as excellent, whereas unsuccessful scrambling third downs was
represented as poor. Seemingly unrelated to the passing game, TC4 - accounting for 8% of
proportional variance was comprised of rushing variables. Rushing yards, first downs, attempts,
yards before represented the running game feature with excellent factor loadings. While they did
not meet Comrey and Lee’s (1992) highest criterion (>|0.72]), rushing yards after contact,
successful and unsuccessful third downs provided a very good contribution. Further aspects
constituting the rushing game style were tackles broken on running plays (0.38), while combined
defensive tackles were negatively associated with the rushing component to a similar degree as

TC2.
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Table 4. Factor loadings of PCA with an oblique, Direct Oblimin rotation.

Variables TC2 TC6 TC3 TC4 TCl1 TC5 TC7 TC8

completed passes 0.90

passing first downs 0.83

passing yards after catch 0.82

short passes 0.77 0.39

passing yards 0.76

pass attempts 0.61 0.38

quarterback drops 0.61 0.38

successful passing third downs 0.48

receiving tackles broken 0.46 0.41
deep passes 0.97

intended passing air yards 0.92

passing air yards completed 0.92

inaccurate passes 0.58 0.42

scramble yards 0.92

scramble attempts 0.92

scrambling first downs 0.91

successful scrambling third downs 0.72

unsuccessful scrambling third downs 0.38

rushing yards 0.94

rushing first downs 0.89

rushing attempts 0.79

rushing yards before contact 0.74

rushing yards after contact 0.71

successful rushing third downs 0.61

unsuccessful rushing third downs 0.50

unsuccessful passing third downs 0.81

incomplete passes 0.54 0.58

quarterback hits 0.49

unsuccessful passing fourth downs 0.39

receiving dropped passes 0.35

defensive completed air yards allowed 0.66
defensive yards after catch allowed 0.64
defensive quarterback knockdowns 0.49 0.39
defensive combined tackles -0.37 -0.41 0.47
defensive blitzes 0.39 0.36
defensive sacks 0.61
defensive tackles for loss 0.51
defensive interceptions 0.47
rushing tackles broken 0.38 0.60
defensive missed tackles 0.58
defensive hurries 0.36 0.42

Principal components ordered according to proportional variance explained. Variables with no association to styles of play: successful passing
fourth downs, successful scrambling fourth downs, successful rushing fourth down, unsuccessful scrambling fourth downs, unsuccessful rushing
fourth down.
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TC1 exhibited associations between passing and receiving related indicators - forming 6%
of the variance within the unreduced data. Unsuccessful passing third downs (0.81) manifested as
its greatest constituent; however, incomplete passes and quarterback hits were associated with TC1
with good (0.58) and fair (0.49) associations respectively. This feature was further loaded with
meaningful, albeit poor (>|0.32|) contributions from inaccurate passes (0.42), unsuccessful passing

fourth downs (0.39), short passes (0.39), pass attempts (0.38), quarterback drops (0.38), receiving
dropped passes (0.35). Though only explaining 3% of the total variance, broken tackles during
rushing attempts (0.6) and defensive missed tackles (0.58) were established as the most meaningful
variable in TC8. However, defensive hurries and receiving tackles broken produced lesser (or

poor) factor scores.

Tackling 3%
D. Missed tackles

Defensive
perturbations 4%
Targeting and separation 6% Defensive Sacks
Unsuccessful passing 34 downs D. Tackles for loss
Quarterback hits D. Interceptions
Unsuccessful passing 4t downs
Receiving dropped passes
Quarterback
Suppression 6%
Defensive CAY
Defensive YAC
Proportion explained % o ———
10 15 20

Figure 4. Marker variables, proportion of variance and proportion explained of identified
principal components with playing style interpretations.

CAY: Completed Air Yards; YAC: Yards after catch.
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The primary defensive component aggregated defensive completed air yards and yards
after the catch conceded - enhancing the feature with very good loading values. Moreover,
defensive combined tackles were associated poorly with the principal component (TCS).
Notwithstanding, ancillary inputs demonstrating intent to reaching the quarterback including
defensive quarterback knockdowns (0.49) and defensive blitzes (0.39) were represented within
this latent variable. The second underlying defensive structure (TC7) retained variables associated
with perturbations. Most notable among these these defensive behaviours sacks (0.61), tackles for
loss (0.51), and interceptions (0.47). Furthermore, TC7 these defensive perturbations were
substantiated by the positive association of defensive quarterback knockdowns, blitzes, and hurries
as well as the negative loading of unsuccessful passing fourth downs exceeding the |0.32| factor

score criterion.

Oblique rotation (direct oblimin) conducted on the extracted features revealed the presence
of one meaningful positive correlation (.35) between two passing features (Table 5). This
correlation demonstrated a low effect between efficacy on short passing patterns in play (TC2) and
the deep pass feature (TC6). Though the remaining factors were considered uncorrelated, negative
relationships were observed between the running style of play (TC4) and passing related factors

(TC2, TC6, TC1).

Table 5. Principal components correlation matrix.

PC TC2 TC6 TC3 TC4 TCl1 TCS TC7 TC8
TC2 0.35 0.02 -0.16 0.12 -0.07 -0.05 -0.04
TC6 0.06 -0.25 0.25 0.08 -0.11 -0.03
TC3 0.08 0.09 -0.03 -0.08 -0.04
TC4 -0.21 -0.12 0.19 0.04
TCl1 -0.11 -0.11 -0.05
TCS 0.00 0.07
TC7 0.04
TC8

Where TC2 = passing efficacy; TC6 = deep passing;, TC3 = scrambling;, TC4 = rushing, TCI = targeting and
separation; TC5 = quarterback suppression; TC7 = defensive perturbations and TCS8 = tackling.
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3.4 Discussion

Through the reduction of performance variables, this study confirmed the presence of offensive (n
= 5) and defensive (n = 3) playing styles hypothesised to exist in professional American football
(Joash Fernandes et al., 2020) between the 2018 and 2022 National Football League seasons. These
principal components were derived from 46 performance variables and explained a majority (57%)
of the variance presence within the 2622 match observations - allowing for the identification and
description of patterns in play reflecting discrete playing styles (Rein & Memmert, 2016).
Regardless of feature rotation, certain performance indicators, outlined as marker variables,
represent purer and exclusive measurements of factors relative to others (Tabachnick and Fidell,
2012). Furthermore, marker variables can be used to clearly define the nature of a factor and
decrease ambiguity in their interpretation. The findings of the principal components analysis
revealed three components related to the passing performance, two factors representing running

performance and three defensive features.

Two passing components (TC2 and TC6) accounted for the greatest proportion of variance
within the extracted features and data yet demonstrated clear differences in patterns of play. TC2
was characterised by marker variables including completed passes, passing first downs, passings
yards after the catch, passing yards and successful passing first downs - performance indicators
associated with passing efficacy. Whereas TC2 included playing style characteristics including
short passes (<15 yards), quarterback drops and receiving tackles broken, TC6 presented with pure
measures of deep passes (>15 yards), intended air yards and passing air yards completed, in
addition to inaccurate and incomplete passes, albeit representing non-marker variables. Despite
recording metrics including calculated measures and their composite variables (e.g., offensive
passing completions, offensive passing attempts and offensive passing completion %) with
inherent correlations, Cohea and Payton (2011) identified a factor labelled as ‘offensive passing
and total offence’ including passing yards, first downs and completions which exhibited an
association with passing efficacy. However, the present analysis enables a greater illustration of
the patterns in play influencing passing performance - distinguishing two novel components within
passing offence and delineating variables associated with short passing and efficacy (TC2), and

long passing and accuracy (TC6). Moreover, these two passing features accounting for 38% of the
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proportional variance were associated with one another, resulting in a low positive correlation
(.35). Meanwhile, an uncorrelated third passing related factor marked by unsuccessful passing
third and fourth downs, quarterback hits, and receiving dropped passes was established (TC1).
With additional contributions to the feature including unsuccessful passing fourth downs as well
as several performance indicators from the other passing styles of play. TC1 exemplifies a
relationship between passing in pressing scenarios and the inability to complete passes. Indeed, as
the likelihood of a pass play occurring supersedes alternatives on third (79.3%) and fourth (67%)
down (Joash Fernandes et al., 2020), the predictability of play type selection appears to reduce the
capacity for the passer and the receiver to create separation from defensive personnel and make a

catch (Hear, 2019) - resulting in a feature representing receiver targeting and separation.

Quarterback scrambles typically occur on failed passing plays resulting in an unplanned and
unforeseeable event (Reyers and Swartz, 2023). Yet, despite findings suggesting that quarterback
rushing and scrambling ability is a key determinant of NFL success for college players, Craig and
Winchester (2021) discovered that scrambling ability is systematically undervalued and
overlooked throughout the scouting process. However, this study, incorporating scrambling related
indicators in exploratory factor analysis, has revealed a feature exhibiting 5 marker variables
denoting total scrambling yards, attempts, first downs achieved and success on third down as pure
measures of scrambling or quarterback rushing ability (TC3). Similarly, the rushing factor (TC4)
produced 7 marker variables. Moreover, yards achieved before and after contact exhibited a greater
association with rushing performance than success on third down attempts - further corroborated
by a negative correlation with opponent defensive combined tackles and a positive correlation with
rushing tackles broken, albeit contributing ‘poor’ factor loadings. Though findings by Walsh
(2021) accounted for avoided tackles and yards after contact among other action variables through
an overlap of extraction techniques designed to describe running back positional profiles, rushing
yards before contact provides a novel and empirically established characteristic of rushing

performance in the NFL.
Many quantifications of professional American football performance omit defensive

analysis, fewer still observe uniquely defensive measures (Dutta et al., 2020; Walsh, 2021). In

cases where defensive actions are represented within a sample, they are often simply parallels of
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offensive metrics (Cohea and Payton, 2011). While there may be a disassociation between
offensive and defensive intra-team players, defensive interactions have been anecdotally construed
as reactionary - inhibiting teams’ capacity to impose a defensive style (Joash Fernandes et al.,
2020). However, this study elucidates the presence of 3 defensive styles of play accounting for
23% of variance explained by the retained principal components. TC5 was associated with two
marker variables comprising of completed air yards and yards after the catch conceded alongside
lesser contributions from defensive quarterback knockdowns, combined tackles and blitzes which
may be interpreted as quarterback passing suppression. Opposing the suppression of the
quarterback in the passing game, a pattern in play comprising of defensive perturbations was
established (TC7). Markers for this pattern of play manifested predominantly in sacks, tackles for
loss and interceptions. Moreover, this feature comprised meaningful contributions from blitzes,
hurries and quarterback knockdowns - penetrative defensive actions possibly leading to
interception or turnover opportunities. Teams’ capacity to contain ball carriers materialised in the
final defensive factor (TC8). While Berri and Burke’s (2011) appropriation of James’ (1974) range
factor has been proposed to predict and evaluate individual tackling efficacy (tackle factor),
variability according to positional differences renders the metric impractical and limited in
generalisability. Therefore, a pure measure of missed tackles associated with rushing and passing
broken tackles in addition to defensive hurries provide a first depiction of team tackling

performance in the NFL.

An understanding of composite performance indicator contributions has been hypothesised
to elucidate the variability in observed strategic behaviours (Wedding et al., 2021). This
exploration of playing styles in the National football league has demonstrated the presence of
underlying structures in play based upon technical variables. These styles of play may enable the
navigation of evolving match dynamics and provide a means by which tactics may be manipulated
to increase the likelihood of successful outcomes. Indeed, whereas previous research has
determined the importance of total offensive and defensive prowess in the pass and run game
(Cohea and Payton, 2011, May et al., 2010), this study has investigated the characteristics of these
patterns in play. Offensively, team efficacy on third down on pass, run and scrambling
opportunities were associated with play types while demonstrating a clear importance within their

respective styles of play. These findings contradict previous research by Cafarelli, Rigdon and
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Rigdon (2012), which identified third down success rates as almost meaningless. Notwithstanding,
the ability to gain yards before and after contact as well as achieving yards after the catch provided
meaningful additions to game styles. With the inclusion of uniquely defensive actions within
exploratory factor analysis, teams appear to adopt three clear playing patterns wherein efforts are
made towards the suppression of the opposition passing game, containing ball-carriers in open
play or penetrative efforts towards the quarterback - manifesting in perturbations. It has been
established that mixed strategies are employed by NFL teams, confirming that game styles are not
executed without regard for opponent actions (McGarrity and Linnen, 2010). Therefore, further
analysis aimed towards evaluating teams’ ability to implement a variety of playing styles such as
those identified in the present study may be used to quantify opposition strengths and weaknesses
in specific areas of play. Moreover, a combination of multivariate solutions, used to provide easily
interpretable results may be used to inform strategic preparation for matchups, or adjust tactics

during games.

3.4.1 Limitations and future research

With passing styles accounting for 48% of the proportional variance, scrambling and rushing
factors 29%, and defensive features explaining 23%, greater detail and equal representations of
performance concerning the variables included within analyses may result in a more elaborate
explanation of playing styles in American football. The relative predictive power of the identified
playing styles may therefore be restricted by the granularity of the data collected. This effect is
particularly notable in scrambling and defensive areas of play. Whereas Byanna and Klabjan
(2016) produced spatiotemporal measures to quantify blocking performance, there is a dearth of
publicly accessible technical metrics regarding offensive and defensive output. Furthermore, the
complexity of these analyses remains challenging for practical implementation (Lord et al., 2020).
This effect has been noted by Dutta et al. (2020), wherein a majority of data collected on NFL
events is constrained to actions performed by, or towards the ball carrier - omitting essential

information.
While equivalent approaches are required to corroborate these findings in college football,

the use of unsupervised techniques to discern the mechanisms underlying the variation in

performance patterns provides a platform to understanding team interactions in professional
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American football. However, adopting these styles and the relative quality within them exhibited
by teams may be harnessed to enhance evaluations of team performance in the NFL. Equally
important, engaged alongside situational variables (e.g. match location, yard line, down) and game
states, quality exhibited under several playing styles may inform the predictability of team and

opposition behaviours with respect to realistic in-game scenarios (Gollan et al., 2020).

3.5 Conclusion

Whereas alternative football codes have engaged numerous methods to discern patterns in play
and performance tendencies, no such investigations concerning American football have been
published. This study empirically derived eight playing styles in the National Football League,
accounting for several areas of play through associations between technical variables. These
predominantly uncorrelated latent variables provide a simple and interpretable structure from
which team performance may be further analysed - providing a tangible tool for the design of
specific training drills (Fernandez-Navarro et al., 2016), the accurate simulation of competition
scenarios and the improvement of proactive offensive or defensive decision making by coaches

(Sampaio et al., 2010).
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4 Evaluating playing style proficiencies as a function of
team quality and their contributions toward regular

season wins in the National Football League (NFL).

Abstract

In elite American football, teams can be observed as a combination of sub-teams with
players categorised according to offensive or defensive skillsets and responsibilities.
Consequently, efforts to provide an overall measure of team quality may present an
inadequate, invalid and potentially ineffective platform to improve team, or expose
opposition weaknesses. Therefore, the aim of this study was to cluster styles of play (n
= §8) to identify partitions among teams as a function of team quality over 5 seasons in
the NFL. Cluster validation determined that by majority rule, 75% of playing style
were best classified as a dichotomy (stronger or weaker), while 25% demonstrated a
trichotomy (strong, medium, weak) as the optimal partition. Multiple linear regression
was conducted on the resultant team playing style proficiencies (n = 160) to predict
regular season wins. Deep passing and scrambling proficiency did not produce a
significant prediction of wins (p > 0.05), while the strongest predictors (p <0.001) were
passing efficacy and targeting and separation. However, defensive perturbations was
the only negative predictor of regular season wins (p < 0.001). This investigation
developed a novel technique to evaluate teams according to quality through the use of
playing styles. Moreover, these findings and approach may be implemented in practice

to contextualise analyses.

Keywords: Team Quality, Playing Style, Cluster Analysis, Regression, NFL, Sport,

American Football, Performance
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4.1 Introduction

4.1.1 Rationale

In American football, the predominant focus of research has been to predict match outcomes
(Blaikie, Abud, David and Pasteur, 2011; David et al., 2011; Anyama and Igiri, 2015; Uzoma and
Nwachukwu, 2015), create discretionary metrics aimed at fan comprehension of play such as
quarterback rating (Stimel, 2009; Mettling, 2014), or the likelihood of a particular play type being
selected (Lee, Chen and Lakshman, 2016; Goyal, 2020; Joash Fernandes et al., 2020). However,
in pursuing increased prediction accuracy, highly complex and obscure machine learning
techniques used to predict success may conflict with efforts to understand the causal effects of
performance indicators (Blaikie et al., 2011). Hence, in practice, many advanced means of
modelling performance may not necessarily provide realistic examples of how organisations seek
to adapt and design training techniques to address areas for improvement (Woods et al., 2020;
Mackenzie and Cushion, 2013). On the other hand, oversimplifying analyses to a univariate level
when establishing the difference between successful and unsuccessful teams may in turn cause
subtle variations and minutiae in technical differences between teams to be overlooked (Brito

Souza et al., 2019; Low et al., 2020).

In attempting to address this issue in association football, Yang, Leicht, Lago and Goémez
(2018) established that little research had examined the patterns in play associated with success.
Furthermore, among football codes, previous investigations have determined that technical
performance may be a reflection of the playing standard and style of a team (Lago, 2009; Lago-
Ballesteros, Lago-Penas and Rey, 2012; Bradley, Lago-Pefias, Rey and Sampaio, 2014). More
specifically, styles of play are thought to emerge through an amalgamation of strategy and tactics
exhibited throughout performances (Greenham, Hewitt and Norton, 2017; Fernandez-Navarro,
Fradua, Zubillaga and McRobert, 2018; Gollan, Ferrar and Norton, 2018). Albeit, in professional
American football, notably little research has investigated the existence of game styles (Carter,
James and Parmar, under review?), with one example utilising pre-established play-book centred
styles to distinguish potential for injury (Teramoto, Petron, Cross and Willick, 2015) including

“West Coast" or “Air Coryell” offences, in addition to “3-4" or “4-3” defences formulated during
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the 1960s and 1970s (Carroll, 1999). Notwithstanding, Carter, James and Parmar (under review®)
demonstrated the presence of playing styles in the NFL, in addition to identifying the contributions
of specific performance indicators (PIs) within styles of play through the use of dimensionality
reduction techniques. Moreover, the use of playing styles to identify dominant team behaviours
has been proposed as a method for teams to contextualise their strategies in order to optimise the
likelihood of successful outcomes (Fernandez-Navarro et al., 2016; Lago-Penas, Gémez-Ruano
and Yang, 2017; McLean et al., 2017). Nonetheless, while this may be the case, patterns in team
behaviours have been revealed to be subject to the influence of situational variables, and as such,

could hold an impact on match outcomes (Fernandez-Navarro et al., 2018).

In fact, in order to prevent the misinterpretation of findings, context must be considered to
accommodate for limitations in isolated analyses of PIs (Hughes and Bartlett, 2002). Furthermore,
the synthesis of contextual and performance indicators in preparation for upcoming opponents is
recommended, as it allows teams to replicate the conditions under which a future performance may
occur (Kormelink and Seeverens, 1999). Indeed, these situational variables may lead to a greater
understanding of teams’ strengths and weaknesses, and aid coaches in formulating responses to
expose opposition weaknesses (Hughes and Bartlett, 2002; Lago, 2009). While the influence of
situational variables has been analysed in several sports (Carling et al., 2005; Tucker, Mellalieu,
James, & Taylor, 2005; Taylor et al., 2008; Lago, 2009; Csataljay, James, Hughes and Dancs,
2012; Trewin, Meylan, Varley and Cronin, 2017; Rico-Gonzalez et al., 2022), their inclusion in
studies investigating performance in the NFL has received little direct attention (Carter et al., under
review?). Albeit, certain situational variables such as quarter, down, yard line, game scenario
(match status), time remaining, points differential and yards to go have been accounted for
amongst research attempting to predict play types (Jordan, Melouk and Perry, 2009; Lee et al.,
2016; Teich, Lutz and Kassarnig, 2016; Joash Fernandes et al., 2020). However, despite evidence
that team and opposition quality influence key performance indicators (KPIs) which discriminating
between winning and losing (Trnini¢, Dizdar and Luksi¢, 2002; Drikos, Barzouka, Balasas and
Sotiropoulos, 2022), scant exploration into their impact with professional American football has
been attempted. More importantly, this dearth of analysis, alongside shortfalls in predictive
accuracy hypothesised to stem from variation in styles of play (Joash Fernandes et al., 2020) may

serve to develop a better understanding of team behaviours (Carter et al., under review®).
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To address the impact of differences in team and opposition quality, various means of have
been used for classification, yet these approaches have been predominantly centred around
qualifications of strong, medium and weak, quartile groups based on league position or end-of-
season competition ranking (Taylor et al., 2008, Bradley et al., 2014; Yang et al., 2018, Drikos et
al.,2022). However, in American football, teams can be seen as a combination of subsidiary groups
- forming combinations of players according to offensive or defensive skillsets and responsibilities
(Dutta, Yurko and Ventura, 2020), with further areas distinguished by styles of play (Carter et al.,
under review®). Albeit, while rankings have been considered to account for specific areas of play
(Lee et al., 2016; Goyal, 2020), differences in rankings may provide an inadequate representation
of real differences between teams through an inability to holistically classify teams’ performance.
Subsequently, several investigations have identified a lack of sensitivity in many classification
techniques - suggesting an exploration of methods which consider the current state of teams’
relative quality at the time of a match (Taylor et al., 2008; Mao, Peng, Liu and Goémez, 2016), in
addition to the use of objective techniques to categorise teams into apt groupings with clear
differences (Drikos, Sotiropoulos, Barzouka and Papadopoulou, 2019; Drikos et al., 2022).
Furthermore, achieving empirical categorisations of team quality may afford coaches and analysts
an opportunity to comprehend actual differences between team quality profiles and devise

adjustments to improve performance (Yang et al., 2018).

The potential outcome of these ‘theories of successful play’ (Trnini¢ et al., 2002), wherein
teams distinguished according to ‘actual quality’, particularly when conducted in accordance with
performance in established styles of play (Sampaio, Drinkwater and Leite, 2010; Lopez-
Valenciano et al., 2022; Carter et al., under review®), may enhance actionable insight, as well as
strategic development in a given matchup context (Trnini¢ et al., 2002). Indeed, interactions
between team and opposition strength have been found to influence the consistency of playing

styles exhibited by teams (Sarmento et al., 2014; Gollan et al., 2018).
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4.1.2 Objectives

The aim of this study was to evaluate the impact of playing style proficiencies as a function of
team quality on success in the regular season of the National football league by: (1) Using extant
offensive and defensive styles of play (n = 8, Appendix B) to weight team performance indicators
and objectively classify teams according to (dis)similarity within the underlying data and (2) to
group teams by playing style proficiencies and determine their predictive power on total regular

season wins.

4.2 Method

4.2.1 Sample

Match data recorded from play-by-play event data was collected from all regular season
performances of the 2018 to 2022 seasons (n = 5) of the national football league (NFL). The sample
criteria produced 1311 games, with one observation per team (n = 2622). The data originated from
publicly available third-party repositories including nflfastR (Sebastian and Baldwin, 2024) and
pro-football-reference (2024), derived from first-party official match summaries published by the
NFL (2024). While the original play-by-play descriptions of on-field events, actions and context,
scraping techniques were employed to generate performance and situational variables (Appendix

D).

4.2.2 Procedure

Data collection was conducted through the use of text and ethical web-based scraping techniques.
Action and situational variables retrieved by nflfastR were accessed through the nflreadr (Ho and
Carl, 2024) package for R were aggregated with performance variables published on the public
domain by pro-football-reference (2024) using the polite (Perepolkin, 2024) and rvest packages
for R. The data was aggregated and prepared for statistical analysis using the RStudio Integrated
Development Environment (IDE) for R (Posit team, 2023), powered by the statistical computing

language R (version 4.3.2, R Core Team, 2023). The inclusion criterion for performance indicator
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selection was undertaken in accordance with variables (n = 41) previously associated with playing
styles (n = 8) in the NFL. Furthermore, prior to statistical analysis, each variable was summarised
by a team averaged, then weighted (Appendix E) according to its respective playing style(s) and
factor loading(s) - producing team playing style profiles (n = 160). The operational definitions
were adopted in accordance the NFL official glossary of terms (Appendix D) as well as the pro-
football-reference glossary of terms (pro-football-reference, 2024). Ethical approval for this study
was granted by the London Sport Institute Research Ethics Committee (REC) on 24/11/2021
(Appendix I).

4.2.3 Statistical analysis

Clustering techniques generate several subsets or clusters comprised of closely related objects
relative to those assigned to different clusters. This is achieved through partitioning according to
the similarity or dissimilarity between data objects (Mondal and Choudhury, 2013). Moreover,
such procedures allow for investigators to discover groups within data by empirical means rather
than resorting to an arbitrary structure or design (Hodge and Petlichkoff, 2000). Indeed, cluster
analysis affords the ability to distinguish subgroups which fit the data whilst maximising inter-

cluster, and minimising intra-cluster differences (Hair, Anderson, Tatham and Black, 1995).

Clustering procedures are defined by partitioning or hierarchical groupings, however, in
cases where no rationale serves to predict a hierarchical structure within the data, this technique
becomes less suitable for analysis (Boslaugh, 2012). Therefore, non-hierarchical techniques such
as k-means clustering provides an appropriate alternative which iteratively estimates cluster means
from randomised centroids, assigns observations to clusters according to their proximity
(Sankaran, 2014), and optimises cluster membership (Boslaugh, 2012). Albeit numerous methods
serve to quantify the distance between an observation and potential cluster centroid, euclidian
distancing has been found to outperform alternative distancing including Manhattan in efficacy or
sum squared errors produced, and model efficiency (Thakare and Bagal, 2015). A principal
requisite in clustering using non-hierarchical approaches is to define the number of clusters the
algorithm should fit the data to - defined as cluster validity (Charrad, Ghazzali, Boiteau and

Niknafs, 2014). To address the issue of cluster validity, numerous indices have been proposed to
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quantify an optimal cut-off value (Appendix F) to partition the underlying data (Charrad et al.,
2014). However, due to variation in algorithmic parameters leading to variation in cluster
positioning, Charrad et al. (2014) developed a solution (NbClust: an R package for determining
the relevant number of clusters in a data set) - enabling researchers to apply myriad cluster validity
indices to a dataset and identify the optimal solution through comparison or draw conclusions by
majority rule. Thus, empirically optimising cluster selection and reducing reliance on researcher

interpretation in approaches used to identify visual cut-off points akin to the ‘elbow’ method.

Subsequently, in sport performance analysis, clustering performances through empirical or
arbitrary means by match or profile may be interpreted as an indicator for the relative quality
exhibited by a team, be it overall (Lago-Pefas and Lago-Ballesteros, 2011; Marcelino, Mesquita
and Sampaio, 2011; Yang et al., 2018), according to characteristics (Sampaio, Drinkwater and
Leite, 2010; Shelly et al., 2020), or within a certain playing style (Gomez et al., 2018; Gollan,
Bellenger and Norton, 2020; Wedding et al., 2021). More importantly, observed variation in the
cluster assignment within styles of play denoting proficiency may be evaluated alongside actual
determinants of success and team quality such as wins. To analyse this effect, multiple linear
regression was used to determine the contributions of game style proficiencies towards total wins
per season - quantify the extent of linear relationships and predicting team success dependent on

style proficiency cluster membership (Field, 2013).

Table 6. Number of clusters selected by majority rule (Charrad et al., 2014)

Style of play Numbgr gf clusters Proportior_l of indices
(majority rule) m=27)
deep passing 2 52.85% (n=14)
defensive perturbations 2 22.22% (n=6)
passing efficacy 3 48.14% (n=13)
quarterback suppression 3 40.74% (n=11)
rushing 2 52.85% (n=14)
scrambling 2 52.85% (n=14)
tackling 2 29.62% (n=18)
targeting and separation 2 48.14% (n=13)
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K-means clustering with euclidian distancing to determine the (dis)similarity of
observations was conducted on data standardised using z-scores using the NbClust package for
determining the relevant number of clusters in a data set (Charrad et al., 2014). The majority rule
approach revealed the playing style resulted in clusters ranging from 2-3 per style of play. In
determining the appropriate number of clusters to retain, few playing styles exhibited ‘indecision’
with regard to the majority rule, with the exception of defensive perturbations and tackling with
only 22.22% (n = 6) and 29.62% (n = 8) of agreement between cluster validation indices (n = 27)
respectively (Table 6). Whilst, in assessing the clusters of playing styles proficiencies, the data
was analysed for homoscedasticity (x2 = 0.113, df = 1, p = 0.736), multicollinearity (variance
inflation factor (VIF) < 2.2 for all measures), and residual normality via a Shapiro-Wilk test (W =

0.991, p = 0.399) - meeting the requisite assumptions for performing multiple linear regression.

4.2.4 Overview of statistical methodologies

> Breusch-Pagan test
(Homoscedascity)

160 Weighted Playing Majority rule Variance Inflation

S K-Means Clustering Multiple Linear
Style Profiles (n = 8) —> Cluster Validation —> . . . —> Factor (VIF) —} .
(Standardised: Z-Scores) Indices (n=27) (Euclidean distancing) (Multicollinearity) Regression

Shapiro-Wilk test -
' (Residual Normality)

l Input | | Cluster _ | [ Cluster _ | | Assumption _| L Regression |

Retention Analysis Testing

Figure 5. Overview of statistical methodologies used to cluster efficacy within styles of play as
a function of team quality and assess their association with success in the NFL.
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4.3 Results

Among the playing styles partitioned into two clusters (n = 6), three playing styles (deep passing,
defensive perturbations and targeting and separation) demonstrated approximately even splits
between the 160 team profiles, whereas within the remaining three styles of play (rushing,
scrambling and tackling), a substantial difference in the proportion of teams exhibiting a high
proficiency was notably reduced (Figure 6). Furthermore, amid game styles split around three
cluster centroids, differences were apparent. This difference manifest in the percentage of teams
depicted as middling in passing efficacy and quarterback suppression respectively, whilst teams
clustered as middling in passing efficacy represented a greater proportion of the sample (50.6%),
the quantity of teams middling in quarterback suppression accounted for 20%. Notwithstanding,

the styles of play partitioned into three clusters displayed similarities in proportion of high and low

proficiencies.
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Figure 6. Playing style proficiency team distributions.

Figures 6 and 9 demonstrate the relative (dis)similarity and variation between teams in
game style proficiency clusters. In 5 of the clustered styles of play, the cluster identified as
exhibiting the highest quality varied more than to those belonging to lesser proficiency clusters.

Interestingly, this effect did not apply to the remaining 3 styles of play, which were all defensive
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in nature (defensive perturbations, quarterback suppression and tackling). Furthermore, the box
plots illustrated that despite greater variation present in many of the clusters, outliers in higher
team proficiencies among playing styles were more unlikely to occur than teams classified in

middling or low clusters (Figure 7).
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Figure 7. Boxplots of playing style proficiency classifications

The results of the playing style classifications were found to have a significant predictive
power (Table 7) on season wins (F(8, 151) = 18.37, R? = 0.493, p < .001). In the passing game,
passing efficacy, in addition to targeting and separation playing style proficiencies were the most
significant positive predictors of season wins (= 1.75,¢t=5.47,p<.0001 and f=1.9,¢=3.62, p
<.0001 respectively), while differences in deep passing clusters presented no significant predictive
power towards wins. Though to a lesser degree of significance (Figure 8), in pass defence,
quarterback suppression proficiency was a positively significant predictor of success in the regular
season (f = 0.6, t = 2.86, p = 0.005). Similarly, tackling proficiency showed a positive and
significant, yet low estimate in predicting wins (8 = 0.92, ¢ = 2.25, p = 0.026). Conversely,
defensive perturbations were identified as a highly significant negative predictor of wins (f = -
2.08, t = -5.44, p < .0001). Meanwhile, running the ball offensively showed a disparity in the
predictive power of a designed running style, or rushing proficiency and scrambling quality (f =

1.4,t=3.07, p = 0.003 and = 0.82, t = 1.89, p = 0.06 respectively), albeit, among statistically
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insignificant styles of play in modelling season wins (Table 7), a difference in significance

was apparent between scrambling (p < ./) and deep passing (p = 0.97).

Table 7. Results of multiple linear regression on season wins

s SE t 25%CI 97.5% CI p
intercept (constant) -0.35 2.07 -0.17 -4.44 3.75 0.87
deep passing 0.02 0.51 0.04 0.04 0.97 0.97
defensive perturbations -2.08 0.38 -5.44 -2.84 -1.33 <0.000
passing efficacy 1.75 0.32 5.47 1.12 2.38 <0.000
quarterback suppression 0.6 0.21 2.86 0.18 1.01 0.005
rushing 1.4 0.46 3.07 0.5 23 0.003
scrambling 0.82 0.43 1.89 -0.04 1.67 0.06
tackling 0.92 0.41 2.25 0.11 1.74 0.026
targeting and separation 1.9 0.52 3.62 0.86 293 <0.000

P = estimated regression coefficient; SE = standard error; t = test statistic; CI = confidence interval; degrees of significance

(p): <.0001 = ***; < (.01 = **; <0.05 = *".
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Figure 8. Multiple linear regression coefficient estimates (p) per playing style
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4.4 Discussion

The present study has identified a novel facet of team quality, allowing teams to be analysed
according to their ability to impose particular styles of play. Previous studies investigating the
interaction between team quality and game styles in association football have established that
stronger teams exhibit longer possession-based attacking build-up patterns (Fernandez-Navarro et
al., 2018), whereas weaker teams are more likely to operate under counterattacking or deep
defensive styles of play (Lago, 2009; Bradley et al., 2014). Though teams may attempt to prolong
possession time through the selection of running plays (Lee et al., 2016), American football game
mechanics enforce a sustained a quasi-direct attacking style, with defensive responses limited to
combination of preventative and perturbation-based measures (Joash Fernandes et al., 2020).
However, in American football, the collective strategies implemented by players and teams can be
measured over substantially shorter intervals (Carter et al., under review?) - manifesting in passing,
running or unintended scrambling attempts and reciprocal actions in defence (Goyal, 2020).
Furthermore, as the majority of players exclusively play specific positions pertaining to offence or
defence (Robbins, 2011), an overall team classification of quality may provide an insufficient
account of performance in professional American football. Therefore, analysing team quality with
regard to previously established styles of play enable a more detailed understanding of team
strengths and weaknesses (Carter et al., under review®) - allowing coaches to inform decision
making with playing style proficiencies along with other situational variable to account for specific

match context (Gonzéalez-Rodenas, Aranda and Aranda-Malaves, 2020).

Whereas certain studies have adopted categorisation techniques involving arbitrary
dichotomous (i.e., strong or weak), trichotomous (i.e., high, middling, or low), and quartile
partitions based on team rank at the end of, or during the season (Taylor et al., 2008, Bradley et
al., 2014; Yang et al., 2018, Drikos et al., 2022), this study pursued and identified playing style-
centred quantifications of team quality. Objective and adequately sensitive partitioning of teams
have been hypothesised to produce a more appropriate solution for categorising teams (Yang et
al., 2018; Drikos et al., 2019; Drikos et al., 2022), in addition to developing smaller and
increasingly distinct groups (Yang et al., 2018). Indeed, to account for any potential inherent

differences between teams in the execution of playing styles, the clustering conducted in this
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investigation employed validation protocols through an exhaustive list of indices (Charrad et al.,
2015) - meeting a key procedural criterion recommended for rigorous cluster analysis (Clatworthy
et al., 2005). However, contrary to the proposed presence to smaller groupings among teams,
results of the cluster validation and majority rule revealed that 75% (n = 6) of previously identified
styles of play (Carter et al., under review®; Appendix E) were most appropriately partitioned into
a dichotomy of relatively stronger and weaker playing style quality. Notwithstanding, the two
remaining game styles - interpreted as a both offensive and defensive representation of the passing
game (passing efficacy and quarterback suppression) exhibited trichotomous partitions, albeit to
varying degrees of clarity in (dis)similarity. In partitioning teams according to styles of play, the
indices used to produce a majority rule for cluster validation demonstrated far greater indecision
among defensive playing styles, with defensive perturbations (22.22%, n = 6), tackling (29.62%,
n = 8) and quarterback suppression (40.74, n = 11) exhibiting a lesser majority for cluster
validation relative to each of the offensive playing styles. It’s possible to hypothesise that this
effect may be caused by homogeneity in variance accounted for among the latent variables present
within defensive styles of play (e.g., defensive sacks and tackles for loss constituting an equally
important factor as interceptions and quarterback hurries) - rendering clustering as a function of

proficiency more challenging relative to increasingly heterogeneous offensive counterparts.

While this may be the case, an interesting contrast in proportional representation of team
proficiencies in passing efficacy and quarterback suppression. Despite embodying analogous areas
of play differentiated by offence and defence, the greatest proportion of teams were classified as
middling in passing efficacy (50.6%), whereas according to the present the interpretation of
quarterback suppression proficiencies, teams partitioned as middling embodied the lowest
proportion (20%) of sampled teams. Furthermore, among the styles of play where teams were
found to most appropriately partition into two clusters (n = 6), three patterns in play, rushing,
scrambling and tackling, displayed a substantially lower proportion of teams clustered with a high
proficiency (34.4%; 23.8% and 38.1% respectively). Interestingly, the aforementioned styles of
play may encapsulate the ability of an offensive player to evade their defensive opponent and vice
versa. Though yards before and after contact have been identified as key contributors in rushing
game styles (Carter et al., under review®), certain investigations have suggested that many scouts

do not to appropriately account for quarterback rushing ability (i.e., scrambling), despite having
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been found to differentiate elite and very good quarterbacks in the NFL (Craig and Winchester,
2021). This confirmed findings by Yurko, Ventura and Horowitz (2019), describing mobility and
scrambling as potentially overlooked, yet indicative of the ability to avoid sacks, thus tackles. The
results of this study suggest that proficiency in evasiveness may extend to rushing, in addition to

being reflected in tackling quality.

Efficacy in the performance of certain offensive styles of play in elite association football
have been shown to be more important than defensive patterns of play (Lopez-Valenciano et al.,
2022). Among the game style clusters sampled as a function of team quality, two offensive playing
styles were identified as statistically insignificant predictors of season wins - resulting in an equal
proportion of significant offensive and defensive predictors of success (n = 6). Moreover, despite
constituting a key indicator of individual quarterback proficiency and differentiating teams
according to ‘elite’ and ‘very good’ mobility and evasiveness, scrambling, provided a substantial,
albeit statistically insignificant prediction of successful match outcomes (p = 0.06). Contrarily,
teams’ deep passing proficiencies (p = 0.97) demonstrated no predictive power. However, in
accordance with themes observed by Lopez-Valenciano et al. (2022), high proficiency in the
attack, with passing styles of play exhibiting the most significant positive predictors (p <.001) of
successful matches outcomes per season (passing efficacy; targeting and separation). Moreover,
results from multiple linear regression supported findings by May et al. (2010), whereby successful
teams outperform their opponents in passing and rushing efficiency, though highlighting that
efficiency rushing the ball was relatively less important (p < 0.01). Furthermore, while defensively
the most significant predictor of wins was negative (defensive perturbations, p < 0.001),
quarterback suppression (p < .01) and tackling (p < .05) were positive significant predictors of
season wins. Thus, defensive approaches serving to prevent or react (quarterback suppression and
tackling) to offensive opposition behaviours may lead to increased opportunities for successful
season outcomes, as opposed to adopting pro-active (defensive perturbations) measures to pursue
the ball, which potentially create space for teams to exploit in the passing game (Dutta, Yurko and

Ventura, 2020).

To illustrate the association between team quality and the teams which produce the most

successful match outcomes, though evident, Sampaio et al. (2010) highlighted that high quality
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teams are most effective at scoring. More importantly, no differences were found between
intermediate and weaker teams (Sampaio et al., 2010). In relation to performance in the NFL,
efficacy in passing and pass defence have been distinguished as the most important factors which
influence scoring (Cohea and Payton, 2011). Therefore, the findings of the present study indicating
that higher proficiencies in passing and passing defence styles of play lead to a greater likelihood
of success in elite American football. While an investigation analysing the impact of third down
conversion rates on offensive performance determined that the metric is nearly meaningless
(Cafarelli, Rigdon and Rigdon, 2012), third down success on passing and rushing attempts have
been identified as marker variables within playing styles (Carter et al., under review®) which have
subsequently been found to be significant positive predictors of season wins. Notwithstanding, as
described by Lopez-Valenciano et al. (2022), an understanding of playing styles associated with
success allow coaches to quantify the importance of efficacy with the underlying constructs of a
sport. Indeed, comprehension of these trends may allow coaches to adjust performance profiles

according to team quality throughout a season (Sampaio et al., 2010).

4.4.1 Limitations and future research

Though the present findings highlight the impact of playing style proficiency, most notably the
predictive power of team quality in pass offence and pass defence in regular season performances.
This research design precluded data from the post-season (play-offs). Therefore, further analysis
should be conducted to evaluate potential variation in playing styles, team proficiencies therein,
and their potential impact in playoff environments. Moreover, the requisite number of season wins
to qualify for the post-season varies between seasons due to the allocation of play-off positions per
conference (i.e., AFC, NFC) and division (e.g., AFC North, NFC West, etc.) within each
conference (Murray, 2018). Furthermore, conducting a disparate evaluation of the direct
associations between offensive or defensive playing style proficiencies and points scored or
conceded may produce a greater level of granularity for insights with regard to their practical
implementations for coaches and analysts. Future investigations should consider the influence of
proficiencies in styles of play alongside previously established contextual variables such as match
location, in addition to in-game situational dynamics including match status, score differential,

period, down, yards to go and timeouts remaining. Subsequently, the incorporation of playing style
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proficiencies as a function of team quality to assess the interactive effects of team behaviours and
match situations (Taylor et al., 2008) may elucidate current limitations in the analysis of NFL
performance, particularly in a sport as strategic and coordinated as elite American football (Goyal,

2020).

4.5 Conclusion

To date, few studies have sought to evaluate playing style proficiency as a function of team quality
in team invasion sports including professional American football. Using exploratory statistical
methodologies, playing styles were objectively clustered as a function of team quality. This
approach enabled teams to be partitioned according to inherent differences in performance
proficiency present within the data rather than predetermined classifications. In modelling team
quality among styles of play, only deep passing and scrambling were identified as insignificant
predictors of regular season success in the NFL, while passing efficacy, as well as targeting and
separation were the greatest positive and significant predictors of regular season wins.
Notwithstanding, the game style interpreted as defensive perturbations produced a highly
significant yet negative prediction of overall success. Though this area of ply requires further
investigation, in practical environments, playing style proficiencies may be utilised to quantify
team and opposition strengths or weaknesses, thus contextualising and informing preparation for,

and decision-making during performances.
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S The influence of playing style proficiencies on play
calling tendencies in the National Football League

(NFL).

Abstract

Unlike many team invasion sports, in the NFL, coaches are responsible for the
coordination of almost every play. Hence, the ability to understand play-calling
tendencies and predict opposition behaviours are considered key to performance
outcomes. However, differences in predictability are suggested to originate from
variation in style of play. Furthermore, teams’ ability to execute certain playing styles
has been shown to predict season success, yet their impact on play-calling has not been
established. Therefore, through the use of Conditional inference trees (CTREESs), the
aim of this study was to assess the influence of playing style proficiencies (n = 8) on
play-calling predictability over the duration of 5 NFL seasons (2018-2022). The
resultant models revealed that team proficiencies in passing efficacy, scrambling,
rushing and deep passing among sampled situational variables (n = 20) improved play
selection prediction accuracy (>.1%). Relative to equivalent decision tree approaches
(CART), CTREEs, with the contribution of playing style proficiencies demonstrated
improved accuracy (3.35-5.2%). A comparison of models including and excluding
scrambling eventualities highlighted differences in wuse-cases and practical
implementations. Indeed, the visualisation, alongside statistical robustness of CTREEs
enhance the interpretability of play prediction models and may inform decision making
in the National football League by elucidating the likelihood of teams attempting to

pass, run or scramble with the ball.

Keywords: American Football, NFL, Decision Tree, Machine Learning, Playing Style, Styles
of Play, Team Quality, Play Calling, Conditional Inference Trees, CTREE
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5.1 Introduction

5.1.1 Rationale

Elite-level sports competitions including the National football League (NFL) for American
football have been described as highly complex environments with few everyday analogues (Reed,
Critchfield and Martens, 2006). In turn, data collected to explain behaviour during matches has
led to the use of numerous statistical methodologies to predict performance outcomes, in addition
to the refinement of such techniques to accommodate an increasing demand for accuracy (Collins,
Moir, Muresan, and Savage, 2017). In practice, the ability and attempts to predict events are said
to constitute a key element of the game, with teams dedicating assets to identify team and
opposition on-field tendencies (Lee, Chen and Lakshman, 2016). Indeed, understanding the
interaction between play-calling and strategy is considered integral to American football (Teich,
Lutz and Kassarnig, 2016). Notably, in sports environments, practitioners are tasked with
identifying the necessity for, and implementing tactical adjustments according to team and
opposition strengths and weaknesses (Hughes and Bartlett, 2002). More importantly, in American

football, coaches are responsible for making on-field play-calling decisions (Teich et al, 2016).

Lee et al. (2016) contend that one of the most important areas analysed among NFL teams
is predicting the likelihood of a team running or passing the ball according to specific situational
parameters. However, unlike certain team invasion sports, tendencies may be reflective of the
game mechanics introduced by the rules of American football (Section 9, Articles 1-3, NFL, 2024),
wherein at the start of each possession, teams receive the ball with four attempts (downs) to
advance to ‘the line to gain’ (10 yards) and receive another four downs, score, or turn-over
possession. Consequently, given situations where teams have few attempts remaining to reach ‘the
line to gain’, or need to overcome a challenging number of yards-to-go, tendencies towards passing
the ball may predominate (Reed, Critchfield and Martens, 2006). Notwithstanding, under a ‘two-
alternative operant choice’ framework, Stilling and Critchfield (2010) compared offensive
decision making to a binary selection of play type between passing or running (alternatively
rushing) the ball. However, with the application of generalised matching laws producing highly

varying sensitivity to situational variables in play selection (Reed et al., 2006; Stilling and
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Critchfield, 2010; Critchfield, Meeks and Stilling, 2014), alternative approaches have been
undertaken by Lee et al. (2016), Goyal (2020) and Joash Fernandes et al. (2020), adopting several
forms of machine learning (ML) techniques to compare and improve play selection prediction
accuracy. Furthermore, notable efforts to utilise decision trees have been made to enhance the
interpretability and intuitiveness, thus the applicability of play prediction models has provided a
platform for refining current understanding of the influence of match context in decision making

or play-calling in professional American football (Joash Fernandes et al., 2020).

Nonetheless, while Reed et al. (2006) acknowledged that most collated metrics record the
outcome of plays resulting in a classification of pass or rush, the original intent of a play-call is
not always encapsulated within collected data. For example, in modelling the sensitivity of plays
called in a given context, instances where disparities assigned to player improvisation and player-
coach influences led to a poor fit of the data. The case (Michael Vick) highlighted by Reed et al.
(2006) demonstrated the potential impact of quarterback mobility or ability to scramble -
subsequently presented as a distinguishing factor for identifying elite quarterbacks in the NFL
(Craig and Winchester, 2021). Notwithstanding, the potential influence of mobile quarterbacks
within attempts to predict play-calls has been omitted or transformed within sampled data to
increase overall prediction accuracies by more than 1% (Lee et al., 2016; Joash Fernandes et al.,
2020). Despite scant inclusion of scrambling measures in previous research (Yurko, Ventura and
Horowitz, 2019; Carter, James and Parmar, under review®®), such aspects of performance may be
extended to limitations reported by Joash Fernandes et al. (2020), emphasising the necessity to
explore why some teams exhibit higher or lower predictability relative to others. Further
hypothesising that coaches may demonstrate variability in play-calling consistency, which may
manifest in ‘especially volatile’ situations such as plays occurring on third downs (Reed et al.,
2006). Therefore, aside from high frequency in coaching staff changes resulting in lower prediction
accuracies (Reed et al., 2006), differences in offensive styles reflected in play-calling patterns that
become apparent over time have been proposed to partially account for up to 17.8% overall
variation in predictability between teams (Reed et al., 2006; Joash Fernandes et al., 2020; Otting,
2021).
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In team invasion sports, styles of play are considered as a manifestation of tactics and
strategy implemented over the duration of a performance or season, generating team-specific
patterns in behaviour (Greenham, Hewitt and Norton, 2017; Fernandez-Navarro, Fradua, Zubillaga
and McRobert, 2018; Gollan, Ferrar and Norton, 2018). More importantly, these playing styles
can be used to outline team and opposition strengths or weaknesses by coaches in preparation for
upcoming performances with the aim of manipulating the likelihood of successful outcomes
(Fernandez-Navarro et al., 2016; Lago-Pefias et al., 2017; McLean et al., 2017). Within the context
of NFL analytics, several playing styles have been identified through the use of dimensionality
reduction techniques - forming latent variables representing areas of play such as passing, rushing,
scrambling, in addition to distinctive defensive patterns (Carter, James and Parmar, under review®).
Moreover, established styles of play have been adopted to evaluate differences in team proficiency
among playing styles, with the resulting classifications found to hold significantly positive or
negative associations with season success (Carter, James and Parmar, under review®). Furthermore,
according to Gollan et al. (2020), additional research investigating styles of play may inform the
predictability opposition behaviours within realistic in-game scenarios. However, to discern the
mechanisms influencing the adaptation of performance patterns and enhance the current
understanding of team interaction dynamics, playing styles must be studied under diverse
situations (e.g., yard line, down or yards-to-go), alongside general sport contexts such as match

location, scoreline, time remaining (Lago-Pefias and Gomez-Lopez, 2014).

5.1.2 Model Selection

To derive probabilities concerning the likelihood of a given play type being called, a variety of
statistical and machine leaning procedures have been adopted (Lee et al., 2016; Goyal, 2020; Joash
Fernandes et al., 2020) - resulting in a 10.4% range of predictive accuracies (65.3 to 75.7%). These
approaches include random forests, gradient boost machine, k-nearest neighbours and neural
networks - known as black-box systems due to their description as ‘opaque decision systems’
(Guidotti et al., 2018). However, despite embodying sophisticated, sensitive and easy-to-
implement machine learning models to predict information (Goyal, 2020), further efforts are
currently required to describe how such methods function and to explain decisions made within

models (Guidotti et al., 2018). Additionally, the challenge to comprehend the influences forming
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black-box predictions has been reported as potentially inappropriate for application in the NFL, as
the relative importance of the features contributing towards a prediction itself may be more
informative in practice than the accuracy of a model (Goyal, 2020; Joash Fernandes et al., 2020).
Conversely, the application of more simplistic approaches like logistic regression and linear
discriminant analysis have been suggested as more understandable, yet struggle in performance,
namely in providing an accurate weighting for covariates, while being more susceptible to over-

fitting relative to ensemble tree procedures (Lee et al., 2020; Goyal, 2020).

In prioritising interpretability, coherence and trustworthiness for coaches, decision trees
have been proposed to provide an acceptable combination of predictive accuracy and simplicity
(Joash Fernandes et al., 2020). In addition to providing a clear visual representation of probabilities
with ‘real-game' applications, these techniques may allow for play-callers to assess the role of
specific situational factors on the likelihood of a team passing or running the ball (Goyal, 2020).
Nonetheless, widely practiced decision trees such as CART (Classification And Regression Trees)
can be limited in accuracy due to overfitting data stemming from insufficient sample observations
after splitting trees into myriad branches, thus leading to poor generalisability of the model (Goyal,
2020; Joash Fernandes et al., 2020). Moreover, many decision tree models may suffer from
selection bias due to variable class, homogeneity and missing values potentially hindering the
interpretability of tree-structures (Hothorn, Hornik and Zeileis, 2006). Hence, the conditional
inference (CTREE) procedure was developed by Hothorn et al. (2006) and was found to match the
predictive performance of exhaustive black-box search procedures by recursively partitioning data
using stopping criteria based upon the most statistically significant differences among covariates.
Indeed, Hothorn et al. (2006) further suggested that the implementation of conditional inference
trees result in models which are easy to communicate with practitioners, while simultaneously
being well-suited for the explanation and prediction of outcomes. Therefore, it may be
hypothesised that CTREEs, in the context of NFL play prediction, may provide an enhanced

approach to contextualise decision making by coaches when faced with any on-field situation.
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5.1.3 Variable selection

In order to inform decisions in both offensive and defensive situations, coordinating coaching staff
retain a level of communication with players (e.g., quarterbacks and middle line-backers) to make
pre-snap adjustments for up to 15 seconds before the play clock (40 seconds) is exhausted (NFL,
2008). Thus, the input variables for modelling play types should be reflective of the information
available during periods when contextual insights remain actionable (>15 seconds remaining on

the play-clock).

A mixture of variables have been considered among previous research designs - defined as
either static or dynamic. For example, Joash Fernandes et al. (2020) recommend to limit the
inclusion of dynamic in-game metrics such as previous pass/run proportion and efficacy
(Critchfield, Meeks and Stilling, 2014), as well as offensive and defensive players per position
group (Lee et al., 2016) included in previous models due to the impracticality for coaches to
perpetually update measurements and call plays during a short interval. This may be extended to
the use of dynamic in-game probabilities, for instance, no-score, touchdown, field goal and win
probabilities considered by Goyal (2020), which may not be available during performances.
Nonetheless, despite a static variable criterion, metrics accounting for the formation or lineup
positioning, potentially occurring below the 15 second threshold are commonly implemented
(Joash Fernandes et al., 2020). Furthermore, whether the offence was in ‘shotgun’ formation was
highlighted as one of the most influential contextual indicators in determining the likelihood of a
pass or run play (Lee et al., 2016; Teich et al., 2016; Joash Fernandes et al., 2020; Otting, 2021).
Meanwhile, Otting (2021) highlighted a clear and inherent bias indicating that play types are highly
skewed towards passing outcomes on shotgun plays (1:2 to 1:3 run to pass ratio depending on
down) which may potentially artificially augment prediction accuracies or confound models and

render the inclusion of certain formations as static variables problematic among models.

Attempts to contextualise models with team quality have appropriated first (NFL, 2024)
and third-party (Pro Football Focus, 2024) measures of team strength, including video game
ranking of position groups and teams for overall and distinct areas of performance (i.e., passing

and running offence or defence) without consideration of the players on the field in specific
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situations (Lee et al., 2016; Goyal, 2020). Notwithstanding the potential validity or accuracy of
these measures, the definition or formulation of these rankings are often omitted or disregarded
(Lee et al., 2016; Goyal, 2020). Therefore, the use of previously established playing style
proficiencies (Carter, James and Parmar, under review®) as a measure of relative team quality in
empirically derived features of NFL performance (Carter, James and Parmar, under review®) may
provide a fitting, transparent and static contextual factor in quantifying play-calling tendencies in

elite American football.

5.1.4 Objectives

Due to ease of interpretation and intuitiveness, decision trees have been suggested as an
appropriate technique to producing a tangible and practical account of play-calling tendencies
(Goyal, 2020). As such, they may provide an optimal framework under which to analyse the
influence of situational variables on play-calling tendencies in the National football league.
Accordingly, the aim of this study was to apply previously established styles of play and teams’
classifications therein as a function of team quality in order to (1) quantify the impact of team, in
addition to opposition defensive playing style proficiencies on the predictability of play type
selection, as well as their relative influence among other situational variables; (2) determine the
variation in accuracy between models when including (Pass, run or scramble (PRS)) or excluding
(Pass or run (PR)) the potential for scrambling outcomes and (3) evaluate the performance of

conditional inference trees for use as an analytical tool for practitioners in American football.

5.2 Method

5.2.1 Sample

All play-by-play event data excluding special teams plays (i.e., punt, field-goal and extra point
attempts) from regular season matchups (n = 1311) of the 2018 to 2022 national football league
(NFL) seasons (n = 5) was collected for analysis, resulting in a total of 163882 recoded situational

observations. More importantly, for machine learning purposes the data was further reduced into

training (PRS: 114719; PR: 111736) and testing (PRS: 49163; PR: 47885) subsets of plays. The
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data was sampled from the publicly available third-party repositories nflfastR (Sebastian and
Baldwin, 2024) and pro-football-reference (2024), disseminating data distributed in official first-
party match summaries by the NFL (2024). To achieve data collection for this study, a combination
of web scraping and data manipulation techniques were performed to derive situational variables

(Appendix G).

5.2.2 Procedure

Ethical text and web scraping techniques were conducted to collect situational and event data
published on the public domain by the National football league (2024). The NFL official glossary
of terms (2024) was consulted for the evaluation and inclusion of variables (Appendix G).
Situational (n = 20) and play type (n = 1) variables (Appendix G) were collated from the nflfastR
database (Sebastian and Baldwin, 2024), accessible via the nflreadr (Ho and Carl, 2024) package
for R, while team playing styles (n = 8, Appendix F) and proficiencies were derived from previous
research using a combination principal component analysis and cluster analysis (Carter, James and
Parmar, under review®P). All data aggregation, manipulation and statistical analyses of the pass,
rush or scramble (PRS) and pass or rush (PR) datasets as well as the resulting models were
performed using the RStudio Integrated Development Environment (IDE) for R (Posit team,
2023), powered by the statistical computing language R (version 4.3.2, R Core Team, 2023).
Ethical approval for this study was granted by the London Sport Institute Research Ethics
Committee (REC) on 24/11/2021 (Appendix I).

5.2.3 Statistical analysis

With the aim of predicting play type (pass, run or scramble) given a number of situational measures
(n=20, Appendix G) in a systematic manner, a supervised machine learning approach was adopted
(Joash Fernandes et al., 2020; Lee et al., 2016; Teich, Lutz and Kassarnig, 2016). Simply, such
techniques task an algorithm with inferential learning from independent variables (input) within a
training partition of a dataset, to predict dependent (output) outcomes (Louppe, 2014). Decision
trees are used as a means of prediction and classification of outcomes under the form of recursive

binary partitioning (Hothorn, Hornik and Zeileis, 2006), producing interpretable and intuitive
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findings represented in a tree-like structure - enabling and facilitating the dissemination of results
(De Ville, 2013). Specifically, conditional inference trees (CTREEs) were utilised in this study to
ensure an unbiased, statistical significance-based selection of splitting covariates comprised of
differing scales to produce optimally pruned decision trees which efficiently avoid overfitting
classification tasks (Hothorn, Hornik & Zeileis, 2006). Furthermore, to increase the predictive
capacity of the training data on the testing partition, 10-fold repeated (n = 3) cross-validation (CV)
was conducted (Yadav and Shukla, 2016). The sampled data for this study was split into a training
dataset for consisting of 70% of the analysed plays, while the remaining 30% of plays were
designated for testing model prediction accuracy. Moreover, testing accuracy was additionally
analysed for precision, as a measure of correct class prediction (accounting for false positives) and
sensitivity, quantifying predictability over all instances of a class (underscoring the prevalence of
false negatives) — exemplified in the prediction confusion matrix (Figure 10). All predictive
models were generated through the ‘Caret’ package for building predictive models (Kuhn, M.,
2008) and ‘partykit’ modular toolkit for recursive partitioning in R (Hothorn and Zeileis, 2015),
while the resultant CTREEs were plotted using the ‘ggparty’ package for ggplot visualisations for
‘partykit' (Borkovec and Madin, 2019).

Actual Positive Actual Negative
Positive Prediction TP FP Precision
Negative Prediction FN TN
Sensitivity

Figure 10. Formulation of accuracy, sensitivity, and precision (Monaghan et al., 2021).
Where FN=False Negative; FP=False Positive;, TN=True Negative; TP=True Positive,
Accuracy=(TP+TN)/(TP+TN+FP+FN), Sensitivity=TP/(TP+FN); Precision=TP/(TP+FP).
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5.3 Results

5.3.1 Model accuracies

5.3.1.1 Overall model accuracy

The variation in accuracy between models attempting to predict play type with (PRS) and without
(PR) the inclusion of scrambling plays (Table 8) varied by approximately 2% (68.65%, p <.0001
and 70.5%, p <.0001 respectively). Commensurate differences in accuracy were noted in pass/run

and pass/run/scramble CTREEs modelled according to specific downs and quarters when plays

were executed (Figures 11 and 12). Furthermore, prediction accuracy was found to be substantially

Table 8. Conditional inference tree accuracy with(out) scrambling outcomes.

Model Context Accuracy % 95% CI p-value
Pass, Run or Scramble (PRS) Overall 68.65 (68.23, 69.06) <.0001
15t down 61.2 (60.55, 61.58) <.0001
22 down 68.12 (67.4, 68.83) <.0001
3" down 83.82 (83.08, 84.54) <.0001
4" down 80.14 (77.52, 82.58) <.0001
1% quarter 65 (64.1, 65.88) <.0001
284 quarter 68.37 (67.57, 69.16) <.0001
3t quarter 66.05 (65.16, 66.92) <.0001
4" quarter 74.73 (73.97, 75.47) <.0001
5" quarter 63.74 (58.4, 68.85) 0.098
Pass or Run (PR) Overall 70.5 (70.09, 70.91) <.0001
15t down 63.23 (62.58, 63.88) <.0001
22 down 69.27 (68.55, 69.99) <.0001
3" down 87.54 (86.86, 88.2) <.0001
4 down 82.74 (80.21, 85.08) <.0001
1% quarter 66.35 (65.45,67.24) <.0001
284 quarter 70.74 (69.95, 71.53) <.0001
3t quarter 67.51 (66.62, 68.38) <.0001
4 quarter 77.06 (76.32,77.79) <.0001
5 quarter 66.07 (60.74, 71.12) <.0001

CI: Confidence interval; 5th quarter: Overtime.
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higher during plays occurring on 3" and 4" downs (PRS: 83.82%, p < .0001 and 80.14%, p <
.0001; PR: 87.54%, p <.0001 and 82.74%, p < .0001), whilst a similar increase in predictability
was observed in the final quarters of each half of play - the 2" (PRS: 68.37%, p < .0001; PR:
70.74, p < .0001) and 4 quarters (PRS: 74.73%, p < .0001; PR: 77.06, p < .0001). The inclusion
of shotgun in PRS and PR models increased prediction accuracies by approximately 3% (PRS:
71.59%, p <.0001; PR: 73.55, p <.0001).

5.3.1.2 Play-calling predictability

The PRS model exhibited no sensitivity, nor precision in the prediction of scramble attempts.
Hence predictability in play-calling tendencies were observed under the more accurate PR model
(Table 8). The prediction of rushing attempts was least precise on 1% downs (59.11%), while less
susceptible to false positives on 3 and 4™ downs, demonstrating 74.52% and 71.75% precision

respectively (Figure 11). Elevated sensitivity for rushing plays on 1% (84.29%) and 4™ downs
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Figure 11. PR precision and sensitivity per down.
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(84.41%) was demonstrated, yet 2" (39.46%) and 3" (54.51%) were exhibited notably high rates
of false negative predictions. However, 1%, 2" and 3™ downs appear to present an inverse
relationship in precision and sensitivity - indicative of play calling tendencies in rushing and
passing play selection (Figure 11). This effect was illustrated by the subsequent 73.24% precision
in passing 1st down predictions, while a particularly low sensitivity (42.44%). Notwithstanding,
passing plays were most precisely predicted on 3" and 4™ downs (89.7% and 90.57% respectively).
Furthermore, pass attempts in latter down situations were also less susceptible to false negative

misclassifications with high 3(95.5%) and 4" down (81.83%) sensitivity.

Play type predictability modelled according to quarter in play further indicated an inverse
relationship in sensitivity between pass and run (Figure 12). While predictions of run attempts in
the 1% (71.35%) and 3™ quarters (67.59%) resulted in fewer false negatives, a similar effect was
observed for pass predictions in the 2 and 4" quarters. Interestingly, similar trends were also
reflected in the precision of pass predictability in the last quarters of each half. Contrarily, run play

predictions were increasingly precise from the 1% quarter to the end of regulation time (4" quarter).
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5.3.2 Variable importance

The relative variable importance (Figure 13) of situational covariates was represented by the
average decrease in model accuracy when each feature is omitted (Strobl, Boulesteix, Zeileis and
Hothorn, 2007). The situational variables exhibiting the greatest importance were down (20%),
yards to go (11%), score differential (8%), half time remaining (5%) and quarter (4%). Though
demonstrating lesser importance in refining the probabilities of play type outcomes, team
proficiencies in passing efficacy (0.8%) and scrambling (0.7%) were approximately important as
timeouts remaining (1%) and yard line (0.9%), while rushing proficiency (0.4%) and deep passing
(0.2%) ability were found to split branches of the CTREE. Conversely, several features (n = 7)
were presented negligible variable importance (<0.1%) including the match location, divisional
game and weather conditions, in addition to offensive targeting and separation and defensive

quarterback suppression, defensive perturbations and tackling playing style proficiencies.
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Figure 13. Variable importance in the PRS CTREE (>0.1%).
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5.3.3 Case study

Figure 14 illustrates the probabilities of play type outcomes given many situations. More

specifically 3" down scenarios, when the possession team had >1 yard-to-go to attain the line of

gain, within one converted touchdown of their opponent (<7 score differential) - the three most

important variables for the prediction of play types (Figure 11). While not all significant splitting

rules and variables were represented in order to provide a simplified depiction (Appendix H) of

the PRS CTREE (p < 0.05, minimum split > 2000 and minimum terminal > 2000 plays),

scrambling, rushing and deep passing playing style proficiencies were demonstrated as influential

covariates in determining the probability of play type outcomes. Whereas a further difference in

yards to go (<2, >2) presented the most significant split with plays from <2 yards from the line of
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On 3rd downs with more than 1 yard to go within a 7-point score differential: p-value < 0.01

differences in all splitting rules; terminal nodes: n > 2000 plays.
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gain displaying a far greater probability to result in a running outcome (32.6%) than any similar
context with >2 yards to go (mean = 7.21%). However, in situations with >2 yards to go the most
significant subsequent split in the data was teams’ scrambling proficiency (high and low),
exhibiting differences in average scramble likelihood 4.69% greater for more proficient
scrambling teams (8.5>3.81%). Notwithstanding further splits in the data among proficient
scrambling teams indicating that rushing team quality influences the probability of teams running
the ball by 5.5%. For low scrambling proficiency teams, the greatest differences revolved around
2-minute warnings (half seconds remaining > or < 120 seconds), wherein teams were 4.02% less
likely to attempt passing plays (89.52>85.5%). Prior to 2-minute warnings, teams exhibiting low
scrambling and high rushing qualities were partitioned according to field location, with plays
performed 51 yards or closer to the goal line were 7.6% more likely to rush (13.2%>5.6%). Albetit,
teams classified with low rushing proficiency were additionally distinguished according to deep
passing quality whereby teams with high deep passing proficiencies on plays further than 46 yards
from goal were 3.6% more likely to pass the ball relative to attempts from closer to the goal line
(<46 yard line). Finally, teams with low deep passing quality were subsequently differentiated in
scenarios with >7 and <7 yards to gain, displaying the least yet significant (p<.001) difference in

passing, rushing and scrambling tendencies (Figure 12).

5.4 Discussion

Previous research has demonstrated the influence of situational variables towards predict play-
calling tendencies in the NFL (Lee et al., 2016; Goyal, 2020; Joash Fernandes et al., 2020).
However, in addressing hypothesised inaccuracies in prediction due to variation in style of play,
the present study has demonstrated the relative importance of playing style proficiencies in
modelling play selection tendencies. Furthermore, the impact of relative quality among styles of
play were shown to tangibly alter the probability of pass, run and scramble attempts in any given
scenario (Appendix H), notwithstanding variation in precision and sensitivity. Indeed, the
inclusion of scrambling outcomes rendered the PRS model slightly less accurate in predictive
efficacy than the PR model (68.65<70.5%). Though, potentially due to the improvised nature of
scramble attempts (Reed et al., 2006; Yurko et al., 2019; Craig and Winchester, 2021), the PRS

model failed to predict their occurrence. Despite the foreseeable unpredictability of scramble
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attempts under the conditional inference tree approach, CTREEs presented an effective visual
technique with regard to the influence of each situational variable. Moreover, further analysis of
variable importance highlighted several covariates - most notably quantifying the predominance
of down, yards-to-go, score differential, time remaining (per half) and quarter, relative to the
significant yet lesser splitting capacity of timeouts remaining, yard line, passing efficacy,

scrambling, no huddle, rushing deep passing and play-clock variables.

5.4.1 Overall model accuracies

Within the context of previously adapted models, this research design utilised CTREESs, considered
the appropriate variable selection, and included the possibility of scrambling play types in order to
remain practical in real-game use-cases. However, when compared to more theoretical models
achieving higher accuracies using ‘black box” machine learning approaches (Guidotti et al., 2018),
the PR model underperformed in overall accuracy relative to those observed by Lee et al. (2016)
and Joash Fernandes et al. (2020) by approximately 3.3 to 5.4% (73.8-75.9%). However, it is
important to note that a lack of practicality in variable selection could confound models and
potentially cause resulting predictions to become retrospective rather than prospective. More
importantly, broad and potentially indiscriminate consideration of variables may cause restraints
in practice due to the computational demands of increasingly complex and opaque decision
techniques (Rudin, 2019), further exaggerated by the time constraints for communication between
coaches and players (NFL, 2008). For example, the addition of one variable excluded from the
PRS and PR models - identifying whether a team were in shotgun formation at the snap (start of
the play), improved the prediction accuracies by approximately 3% (71.59% and 73.55%
respectively). Nonetheless, while these variables improve overall prediction accuracy, they may

inadvertently cause meaningful decreases in usability of resulting models (Goyal, 2020).

Notwithstanding, the efficacy of decision trees for play type prediction have been evaluated
by Goyal (2020) and Joash Fernandes et al. (2020) using classification and regression trees
(CART), albeit with slight variations in methodology. For instance, while excluding 4" down
attempts in a model similar to PR, while additionally incorporating several in-game probabilities,

Goyal (2020) achieved a 0.7% higher prediction accuracy (71.2>70.5%). More interestingly, in an
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attempt to reduce the influence of impractical variable selection, Joash Fernandes et al. (2020)
proposed two decision tree models - distinguishing situational variables according to availability
pre-communication cut-off and pre-snap with the aim of developing an analytical tool for use by
both players and coaches alike. Moreover, this variation among inputs highlighted the influence
on dynamic variables in predicting play-calling tendencies, increasing predictive power by 7%
(Joash Fernandes et al., 2020). In contrast with a near static situational decision tree presented
(65.3% accuracy) by Joash Fernandes et al. (2020), both PRS and PR models provided greater
predictions accuracy by 3.35% and 5.2% respectively.

5.4.2 Situational predictability

The implementation of static measures (down and quarter) has not been consistent among research
methodologies, with specific designs artificially reducing continuous variables (e.g., yards-to-go,
time remaining, score difference and yard-line) into categories on the basis of anecdotal
conventions (Goyal, 2020), thus potentially restricting their utility within, and restricting the fit of
resultant models (Stilling and Critchfield, 2010). Nonetheless, existing frameworks to assess
accuracy amid natively categorical variables such as quarter or down as a means of comparison
(Lee et al., 2016; Goyal, 2020; Joash Fernades et al., 2020) which exhibit the greatest variable

importance among covariates within the present finding.

Play-calling predictability has been found to vary according to the quarter in which a play
occurs. More specifically, consensus within present and previous research highlights the 1% quarter
of play as the least predictable period (Lee et al., 2016; Goyal, 2020; Joash Fernades et al., 2020).
Whereas for the remaining quarters, Lee et al. (2016) and Goyal (2020) demonstrated increased
predictions accuracies in the final quarters of each half (2" and 4") in accordance with the findings
of both PRS and PR CTREEs, while Joash Fernandes et al. (2020) found an a more stable, yet
lesser increase in test accuracy throughout the game. Albeit, outside of regulation quarters (15-4
quarter), overtime periods (coded as 5™ quarter) have only been included in black-box decision
systems employed by Lee et al. (2016) revealing substantial decreases in predictability -
corroborating values obtained through CTREE models and manifesting as the least predictable

period of games. Nevertheless, while the methodology employed by Joash Fernandes et al. (2020)
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provides the greatest equivalence (CART) to conditional inference tree models, prediction
accuracy achieved by the PRS and PR CTREEs superseded the performance of CART models by
averaging 4.4% and 6.3% higher test accuracy respectively. This trend is perpetuated in testing
accuracy per down for the PR (pass or run) CTREE relative to the aforementioned classification
and regression tree (CART), with an average increase of 6.1% from 1% to 3™ downs, albeit
approximately equal in predictive power on 4" downs (82.7<83.4%). Interestingly, the PRS (pass,
run or scramble) CTREE outperformed the CART model proposed by Joash Fernandes et al.
(2020) on 1% and 2" downs, yet provided a slightly lower accuracies in scenarios occurring on
latter downs, with a more pronounced difference on 4" downs (80.14<83.4%). On the other hand,
despite disparities between CTREEs and black-box techniques, similarities in findings indicate
that play types are the least predictable on 1% downs, whilst play-calling becomes more predictable
on 2" downs, with subsequent 3™ downs exhibiting the greatest levels of predictability, decreasing

slightly thereafter in 4" down situations (Lee et al., 2016).

5.4.3 Play calling tendencies

Tendencies in play selection relative to situational features have received limited direct analysis,
albeit Reed et al. (2006) demonstrated that teams are biased in play-calling on 1% downs towards
running the ball, whereas teams tend to pass on 3™ down attempts. Therefore, uniquely discussing
the accuracy of the models may be insufficient in quantifying the performance of ML techniques
in American football. Indeed, in determining the utility of a passing or rushing model, Lee et al.
(2016) and Joash Fernandes (2020) further tested for the likelihood of false positive (precision)
and false negative (sensitivity) predictions. While it has been argued that false negative
(sensitivity) outcomes are more important in attempts to predict passing plays - allowing teams to
more easily adapt to the run from defensive coordination intended for pass plays (Joash Fernandes
et al., 2020), support for this notion is currently hypothetical. Nonetheless, in contextualising the
accuracy of ML models the present study adopted the precision (false negative) and sensitivity
(false positive) framework exercised by Lee et al. (2016). Yet, in evaluating the impact of false
positives and negatives on predictions made by conditional inference trees, the pass or run (PR)

model produced slightly greater sensitivity than precision (76.12>75.22%) on passing plays and a
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slightly greater precision than sensitivity on running plays (63.12>61.98), while Lee et al. (2016)

observed the opposite effect to a more pronounced extent.

Furthermore, several differences in precision and sensitivity in predicting specific play
types according to the down and quarter were observed. For instance, excluding 5" quarters
(overtime), the precision of pass and run play predictions appeared relatively stable between
quarters, indicating lesser variation in false positive results with a notable decrease in false positive
rate on running plays in the 4" quarter - potentially attributable to teams chasing or retaining a lead
in score differential in the latter stages of games (Stilling and Critchfield, 2010; Lee et al., 2016).
In contrast, passing predictability exhibited a greater frequency of false negatives in 1% and 3™
quarters (lower sensitivity), while fewer false negatives occurred were made in corresponding
situations for predicted run attempts. This inverse relationship in sensitivity may be seen as a
reflection of further biases in play calling tendencies - highlighting sensitivity as an ineffectual
measure for the interpretation of play type predictability. Whereas sensitivity may be reliant on
the tendencies for teams to run the ball earlier in each half of play and pass at the end of halves -
in so-called ‘volatile situations’ (Reed et al., 2006), a similar effect was observed in prediction
sensitivity for play types according to current down - reflecting and extending findings of running
and passing biases by Reed et al. (2006). As such, greater sensitivity, thus a lower likelihood of
false negatives was exhibited in the predictability of running plays on 1% and 4" down situations
relative to passing predictions, while the opposite effect occurred on 2™ and 3™ downs - indicative
of the prevalence of passing in these scenarios. Conversely, the utility of the precision measure in
evaluating the efficacy of play type predictions may be less susceptible to tendency bias and
provide greater insight. For example, the predictability of running plays increases in precision
incrementally from 1% to 4" down, whereas predictability of pass attempts followed a similar trend

in precision, however, 2" down testing accuracy was the least precise.
5.4.4 Application of Conditional Inference Trees
The importance of visually interpretable decision trees, accompanied by clear differences in play

type probabilities may aid in play-calling and identifying opposition behavioural trends. Moreover,

play-calling tendencies in the NFL are suggested to hold a substantial influence over match

91



outcomes (Lee et al., 2016). Therefore, while play prediction models including scrambling play
types are unable to accurately identify scrambling outcomes relative to passing or rushing attempts,
visual approaches depicting the likelihood of each play type eventuality may be more appropriate
in practice when compared to precision and sensitivity. For example, an increased likelihood of a
quarterback scrambling (8.5%) due to high scrambling proficiency in situations with >2 yards to
go within a 7-score differential may inform coaches decision to call for a quarterback spy
(defensive man-to-man coverage on the quarterback). Moreover, given the same situation, coaches
may devise adjustments to account for a 5.5% differential in running likelihood depending on

opposition rushing proficiency.

5.4.5 Limitations and future research

The relative importance of four offensive playing style proficiencies were demonstrated to retain
significant splitting rule power within the conditional inference tree models. However, removing
opposition defensive qualities within established styles of play resulted in unsubstantial decreases
(<0.1%) in overall model accuracy. Therefore, greater granularity in data collected on defensive
behaviours to further inform defensive playing styles in addition to modelling defensive play
selection (e.g., man or zone coverage and blitz, 3 or 4-man rushing the passer) may produce greater
insight for offensive play-calling. Notwithstanding, while the models devised in this study present
an analytical tool that may be prepared prior to performance for use in contextualising decision-
making during games, they do not account for the likelihood of specific subcategories of run,
passing plays or formation types from which they may stem. Although such detail may require
advanced knowledge and expertise to define, additional attention could be of use to practitioners.
Furthermore, implementation of the models proposed in this study may produce accurate results
when complemented by in-season data to account for intra-season variation in playing style

proficiency - providing a contemporary reflection of their influence on play calling tendencies.

5.5 Conclusion

Contrary to previous attempts to accommodate for team proficiency through the use of individual

rankings in distinct areas of play, this study evaluated the impact of teams grouped according to
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similarity in performance of play-calling tendencies in the NFL. Subsequently, the utilisation of
easily interpretable decision trees, highlighted the influence of differences in style of play between
teams on the likelihood of teams executing a pass, run or scramble attempt. Furthermore,
conditional inference trees were found to be substantially better suited to identifying play selection
tendencies relative to classification and regression trees containing prospective variable selection
in prediction accuracy. Moreover, the resulting testing accuracy provided approximately equal
results when compared to decision tree models trained on conceivably retrospective situational
variables (e.g., formation, positional personnel count). Further analysis of variable importance
revealed the relative influence of situational covariates in decision-making. Additionally, while
less influential on play-type execution than certain situational variables (e.g., down, score
differential, yards-to-go), playing style proficiencies were demonstrated to influence play-calling

tendencies in the National football league.
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6. General discussion and conclusions

6.1 Summary of findings

Developing an understanding of unpredictable and chaotic sports as a sum of their characteristics
or key performance indicators has driven previous attempts to predict team performance and
success (Mackenzie and Cushion, 2012). However, Mackenzie and Cushion (2012) suggest that
for the enhancement of performance analysis, more advanced techniques should be used to
augment current understanding in sport. In the present thesis, a mixture of unsupervised (principal
component analysis and k-means cluster analysis) and supervised (multiple linear regression and
conditional inference trees) machine learning approaches were used to identify and quantify the
role of playing styles as a predictor of success and predictability in the National football league.
Moreover, these techniques allowed for an analysis of previously unexplored and complex
relationships in American football performance. More importantly, the findings from the modelled
data allowed for the extraction of knowledge in an intelligible way (Louppe, 2014). The systematic
and interpretable means of predicting phenomena from a set of measures utilised in this thesis may
broaden the scope of research concerning performance in American football and approaches to
analyses, while providing techniques that may be easily applied as analytical tools in professional
practice. For instance, the development of playing styles by means of principal components
analysis elucidates the contribution of each variable within respective styles of play in the form of
factor loadings. Additionally, in conducting this methodology, a team may identify specific areas
of play which may improve overall performance under a specific style. This was most notably
demonstrated in components such as passing efficacy and rushing, where variables detailing how
respective total yards, 1%, and 3" downs were achieved through yards before and after contact or
catch. However, while exploratory factor analyses depict the structures present among the sampled
variables, it can be argued that their use in weighting team profiles according to efficacy - thus
proficiency, allows for greater insight into relative team performance and provides a framework
to analyse strengths and weaknesses. Moreover, determining actual differences between teams
according to proficiencies in styles of play and their association with success in the NFL can be

used to highlight areas for improvement and to expose opposition shortfalls. What’s more, the use
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of playing style proficiencies in predicting wins may facilitate and focus the formulation of training
sessions and protocols. Indeed, measures quantifying team efficacy within playing styles may be
used as situational variables among others used by coaches to prepare teams for upcoming

opponents and scenarios which may occur (Kormelink and Seeverens, 1999).

Contrary to many football codes, where the influence of situational variables including
location (i.e., home or away), match status (i.e., winning, drawing or losing) and team quality (i.e.,
strong, medium or weak) are the most impactful factors (Csataljay, James, Hughes and Dancs,
2012; Carling et al., 2005; Lago, 2009; Taylor et al., 2008; Tucker, Mellalieu, James, & Taylor,
2005) which may inform macro strategic approaches (Aragjo et al., 2015), American football
presents the ability to assess the influence of situational variables each play on a micro level.
Furthermore, whereas the implementation of these parameters in training environments may not
typically be pragmatic due to limitations in time and resources (Taylor et al., 2008), this may not
apply in competitions such as the NFL. For example, teams employ practice squads to emulate
opposition behaviour whilst providing suitable reserves in case of injuries (Calvetti Jr, 2023).
Notwithstanding, the use of decision trees has previously been utilised to produce an analytical
tool for coaches to identify the most likely behaviour in a given scenario (Goyal, 2020; Joash
Fernandes et al., 2020), incorporating universal variables such as score differential and period of
the game, in addition to sport specific metrics (e.g., down, yards to go, yard line etc.). However,
with the inclusion of more advanced covariates derived from performance efficacy, the final study
within this thesis demonstrated the relative importance of clearly delineated team proficiencies in
playing styles among conventional situational variables in the prediction of offensive behaviours.
Equally important within practice, is that the inclusion of playing style proficiencies further
increased the prediction accuracy of easily interpretable models, in addition to illustrating the

likelihood of each potential offensive behaviour (i.e., pass, run or scramble).

6.2 Limitations and recommendations for future research

Between the studies conducted in the present thesis, variation was apparent in the impact

demonstrated by styles of play to predict success and behaviours in the National football League.

Within the eight established playing styles, team quality in passing efficacy, rushing, targeting and
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separation, tackling and quarterback suppression styles all produced significant positive
predictions of regular season success. However, among playing style proficiencies influencing the
likelihood of behavioural outcomes (i.e., pass, run or scramble), only passing efficacy, deep
passing, rushing and scrambling were predictors of play type. While this may indicate that
opposition efficacy among defensive playing styles does not significantly affect offensive play
calling predictability or tendencies in the NFL, this disparity in influence of playing style
proficiencies may stem from an inadequacy of defensive measures collected in American football.
This issue was highlighted by the difference between the total of marker variables identified among
components interpreted as representations of defensive areas of play relative to those observed in
offensive features. Therefore, greater granularity in defensive data collection practices to equal
those observed in offensive areas may provide a better understanding of the importance of playing
styles for individual teams, as well as further comprehension of the interactions between teams.
Indeed, the research designs presented within this thesis attempted to account for on-field
behaviours and the influence of several situational variables, including team and player
proficiencies within certain styles or areas of the game on play-calling, thus decision making.
However, they do not necessarily account for individualised coaching philosophies and approaches
to the game. Therefore, future research may seek to investigate head coaching consistency in the
implementation and efficacy of playing styles in American football across multiple seasons and

teams.

6.3 Applications

For practical applications to ensure both playing styles and team proficiencies constitute a true
reflection of elite American football performance, further developments concerning style of play
should conduct a hybrid data collection akin to suggestions by Joash Fernandes et al. (2020), with
machine learning techniques to incorporate a combination of historical and recent data. On the
other hand, prior suggestions to implement in-game predictive analytical tools have advised the
development of web or mobile applications (Lee et al., 2016). Nonetheless, while the NFL
provides teams with identically configured tablets, they are currently unable to install any software
or features to gain a competitive edge over their opponent (Lee et al., 2016; NFL Football

Operations, 2024). However, with the option to use still images or printouts to inform decision
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making, teams could benefit from singular or multiple decision tree visualisations such as those
demonstrated in the present thesis. Additionally, although these restrictions currently and apply to
NCAA (National Collegiate Athletic Association) [American] football (Johnson, 2024) - a
subsidiary and tributary competition for the NFL, models produced in the present research may
prove advantageous in contextualising performance analyses outside of the NFL. Moreover, in
future studies, these techniques may improve upon previously highlighted limitations in prediction
accuracies relative to the NFL caused by a wider range of team and opposition strengths (Blaikie

etal., 2011).
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Appendices

A Keyword searches and combination of Boolean operators

IEEE (222): ("Publication Title":playing style) OR ("Publication Title":style of play) OR
("Publication Title":collective system) OR ("Publication Title":team behaviour) OR ("All
Metadata":strategy) AND ("All Metadata":sport) AND ("All Metadata":performance) AND ("All
Metadata”:analysis)

ScienceDirect (231): "playing style" OR "style of play" OR "collective system" OR "team
behaviour" OR strategy" AND "sport" AND "performance AND "analysis"

ACM (323):[Title: "playing style"] OR [Title: "style of play"] OR [Title: "collective systems"] OR
[Title: "strategy"] OR [[Title: "team behaviour"] AND [AllL: "sport"] AND [All: “analysis"] AND
[AlL: “performance"]]

Google Scholar (769): performance AND sport AND analysis AND tactic AND strategy AND
"playing style" OR performance AND sport AND analysis AND tactic AND "style of play" OR
performance AND sport AND analysis AND tactic AND "collective systems"

PubMed (262): (team behaviour) AND (performance) AND (sport) AND (analysis) OR (playing
style) AND (performance) AND (sport) AND (analysis) OR (style of play) AND (sport) AND
(performance) AND (analysis) OR (collective systems) AND (sport) AND (performance) AND
(analysis) OR (strategy) AND (tactic) AND (sport) AND (performance) AND (analysis)

B Automated duplicate removal and filtering script

library(dplyr)

raw_text <- readLines("/pathname/export.ris")
converted <- iconv(raw_text, to ='ASCII//TRANSLIT")
writeLines(converted, con = "converted export.bib")

"non nn nn nn

keywords <- c("team behaviour", "playing style", "style of play", "collective systems", "game

nn nn nn

style", "sport", "tactic", "team", "tactical", "strategy", "strategic", "performance", "league",
"match", "indicators", "interaction", "player", "play", "game", "technical", "performance",
"sports")
filtered <- revtools::read bibliography("/Users/bencarter/converted export.bib", return_df =
TRUE) %>% dplyr::mutate(title = tolower(title), keywords = tolower(keywords)) %>%

filter(!duplicated(title)) %>%

filter(grepl(keywords, keywords) |

grepl(keywords, title))

revtools::write bibliography(filtered, filename = "title review.ris", format = "ris")

122



C Summary of literary findings

Stu ear Sport im Sample B etho eliability esults imitations 'omments/Summary 1
Study Y Sp Ai Sampl 3:‘:5 Method Reliability Resul limitati C /S y M
The small sample of teams (1 team per ;r::ﬁ‘::::alzgg;::‘l’:i:g:{i;l;i d
Amatria, M., Maneiro, R., Casal, = | Toidentify the ) scasan for 3 seasons) reduces the applicability of the study to very few
= iy UEFA Champions Styles of play for all | generalisability of the results. AN N .
C.A., Papadopoulou, S., Sarmento, E] differences between . teams. No information was obtained
. ] League champions: . o s teams analysed Moreover, the sample resulted in only A S
H., Arda, A., Iglesias, X. and Losada, ] the styles of play . 8 Pearson’s Chi-square Cohen’s N that didn’t pertain to 2 individual
1.L., 2021. Differences in Technical 3 = | thatled to the 2016-2019 resulting g Kappa (UCL Champions) | 2 different teams. champions league-winning teams
—_ : " : g ] in 3000 multi-events ES . were identified and ; o 78%
Development and Playing Space in Q k=1 conquest of the =3 Polar Coordinate N .
- ] N (387 complex 2 N described both The nature of the competition . . .
Three UEFA Champions o] UEFA Champions o @ analysis k>0.95 B - .y Additionally, the relationship
P ] . offensive actions or quantitatively and analysed further inhibits the 5
Leagues. Frontiers in Psychology, 12, 2 League in the 3-year lays) Lalitativel anplicability of the findings as the between outcomes and plays wasn’t
P.695853. < | pre-COVID stage. plays). q Y- PP y of the findings as they evaluated. Moreover, defensive data
may not be an indication of a team’s . i 1
typical behaviour or style. was excluded from the analyses,
yP R preventing any further insights.
Only 5 variables and permutations
The study was limited to the variables | (location-based) therein were
= considered appropriate by the authors, | considered in the analysis.
E To capture the k-means cluster analysis with little consideration to the value of
Cintia, P. and Pappalardo, L., 2021. ] playing style of All matches from El . . additional variables. Due to the absence of any attempt to
A . ~ [ ! . ] 8 distinct styles of i I
Coach2vec: autoencoding the playing ] = professional coaches | the previous 4 ER Scree test None lay were identify or make use of previously 56%
style of soccer coaches. arXiv & % through a five-step seasons of the 2 E reported. l;l:blishr:d The methods employed rendered employed key performance °
preprint arXiv:2106.15444. 3 process based on Italian first division. =3 Unsupervised artificial ” R inhibited potential for the indicators (variables selected based
2 soccer-logs. neural network interpretation of the playing styles on author choice) the resultant
< resulting in few practical applications clusters or playing styles may have
for the results. been negatively impacted regarding
their validity.
Clijmans, J., Van Roy, M. and Davis, To propose a novel Playing styles The study pre-delgnnlnedyyhlgh-]evel
B = i indicators of playing style” from The methodology bypasses extant
1., 2022, June. Looking Beyond the = approach for playing identified in the Lcato h ; asSEs ¢
L = . o which features were derived resulting objective attempts to identify
Past: Analyzing the Intrinsic Playing ] style analysis based analysis are less 5 A oo 3 .
N S . - in potential bias in the findings. playing styles through the use of
Style of Soccer Teams. In ECML o £ onalearned model | 2019/20 English = . . influenced by the 5 5
) Q = N - g Discrete-time Markov None . performance and key performance o
PKDD 2022, Presented at the =) ] that captures a Premier League - g rarity of shots and ) . . . . N - 67%
. Q g S ] fis) chain reported. w Greater or a wider consideration of indicators, rather characterising
European Conference on Machine ] team’s intrinsic 380 matches. goals”. The method N . . . .
. - . 5 oy . N variables combined with less styles of play and related variables
Learning and Principles and Practice S offensive behaviour captures a team’s . N . N
N o . 2 . A L supervision concerning the procedure prior to the analyses - potentially
of Knowledge Discovery in z from historical event positional and . Sk N
: would allow for the underlying incurring biases.
Databases. stream data. sequential style.
structure of the game to emerge.
Determining an inherently team-based
Decroos, T. and Davis, J., 2020. The component characteristic in style of play through In an inherently complex and
- 9155 matches . . 3 A . .
Player vectors: Characterizing soccer = . N Principal components criterion revealed 4 the sole consideration of individual dynamic sport, the quantity of
yectors = To characterise a (Premier League, D ! ‘ 2 ! : )
players’ playing style from match = N . . N analysis: shooting and actions may produce obscure findings. | variables used in the analysis
. . =] player’s playing Bundesliga, Primera . 5 P P A ~
event streams. In Machine Learning g . ns e crossing Resulting inar to a to the research
* . £ style in an objective | Division, Serie A - e " Ny ) . ;
and Knowledge Discovery in @ = . g k > 70% of variance None components, as well ‘expand our player vectors with (19 actions or events). This was "
N S 8 and data-driven and Ligue Un - 4 . . N e . 50%
Databases: European Conference, 54 k=1 ; fis) explained reported. as 5 dribbling and features that capture the tactics a accentuated, but the generalisability
" =) manner based on Almost all matches . . o " N 3 N
ECML PKDD 2019, Wiirzburg, o] non-negative matrix passing components | player is involved™. of the methodology which retains
1 event stream or between the N o 5 S |
Germany, September 16-20, 2019, 2 lay-by-play data 2012/2013 and factorisation - totalling 18 player the potential to provide a
Proceedings, Part III (pp. 569-584). < play-by-play . 2016/2017 seasons Manhattan distance playing style The methods proved a valid method comprehensive breakdown of player
Springer International Publishing. S vectors. for deriving positional profiles rather performance and profile.
than individual playing styles.
Self-reported limitations in Prior to 1}‘15 study, extant literature
. . N . had associated the performance
consideration of contextual variables . N
N indicators with success (KPIs) in
(namely location and team quality to . . .
N e AR isolation of playing style context.
Principal components account for “missing variance™) which
= . ] . . § . the importance of styles of play in
Fernandez-Navarro, J., Fradua, L., = and identify . Varimax rotation . . . N
. B} N La Liga and Premier . 6 playing styles . association with team performance -
Zubillaga, A., Ford, P.R. and 3 associated k1 criterion 4 o Furthermore, playing style . . N
3 . League, (37 teams) - . . were identified N , . recommending the inclusion of
McRobert, A.P., 2016. Attacking and - £ performance X = Factor loadings >(0.7| ° interactions and teams” respective ! .
° A ° ] : a selection of 97 g " None accounting for Lo g playing style as an important factor .
defensive styles of play in soccer: > s indicators. ] were included. o = efficiency and efficacy may be o . 89%
N . N . & k=1 matches from the s . reported. 87.54% of the o in characterising variation between
analysis of Spanish and English elite ) d Kaiser-Meyer-Olkin N ithi important for future research. he hasi :
teams. Journal of sports 3 To classify teams 2006/2007 an (KMO) sampling variance within the (eams.‘Fu‘r( er emphasising its
sciences, 34(24), pp.2195-2204. 2 based on the styles 201072011 scasons. adequacy. data. More variables and matches (the ?;(:re"f;g::}? applicability in
to create playing Bartlett’s Test of sample was particularly arbitrary: “4 ” .
style profiles. Sphericity - matches for 15 leams.\S matches 131' 8 Nonetheless, the sample negatively
Commonalities >0.7 teams and 2 matches for 14 teams™) o . N
I impacted the generalisability of the
should be considered to supply ah . N
. o findings in regard of its selection of
conclusive definitions for playing N
Py variables and gap between analysed
styles and generalisability of the data
seasons.
The tactical
behaviours related to
playing styles in top
European leagues
are becoming more
Garcia-Aliaga, A., Marquina Nieto, homogenised. - .
M., Coteron, J., Rodriguez-Gonzélez, = More than 600 EPL, t-SNE (t-Distributed :{:::d"lliil:[:g;}frlﬁizﬁfr:lgygzil;:’ Two groups of teams disparate
A., Gil Ares, J. and Refoyo Roman, 2 To analyse the LaLiga, Bundesliga Stochastic Neighbor Nonetheless, ppiica 81s g . playing styles discussed as
. 5] 3 N 3 N e was recommended. However, the : 3 .
1., 2022. A Longitudinal Study on the <3 evolution of 4 and Serie A matches 3 Embedding) differences were e N ., | statistically significantly different;
o o = o " = Inter-operator importance of “prior feature selection’ s
Evolution of the Four Main Football a = leagues and identify from the 2014/2015 =8 apparent between or dimensionality reduction was however, the level of significance 90%
Leagues Using Artificial Intelligence: & k= differences between 10 2018/2019 2 § RIPPER (Repeated the styles of play . Y i was not reported. Nonetheless, the °
Analysis of the Diff N s the EPL and oth - d ] I tal Pruni Kappa>0.9 bserved in the EPL emphasised due to the 52 variables techni lied produced lid
nalysis of the Differences in 3 c and other SEasons - around ncremental Pruning observed in the emploved sencrating increasingl echniques applied produced a vali
English Premicr League 2 | European leagues. 5000 different Produce Error relative to top poyec & 8 sngly representation of teams” styles of
Z complex influences in any attempt to

Teams. Research Quarterly for
Exercise and Sport, pp.1-9.

players.

Reduction)

European analogues.

Moreover, variation
of high quality from
lower quality teams
in the EPL was
evident.

determine styles of play.

play.

123




Data

Study Year Sport Aim Sample types Method Reliability Results limitations Comments/Summary MQ
3 clusters of teams
differentiated by
game styles were
observed. The clustering methodology
High quality teams pmvldc‘ed‘ an mdma}o{ of team quality
N or proficiencies within the pre-
embodied a .
L defined playing styles. However, the
transitional style h domi findi fr N o -
_ (dominance in The predominant findings rom the su\pervl\sed nature (gr framework™)
Gollan, S., Ferrar, K. and Norton, K., = OptaPro offence and article regressed to future studies of the factors used in the study
2018. Characterising game styles in g To identify different Intra-class defensive expanding the range of the data incurs potential bias and limitations
the English Premier League using the o = layin s(yles on the 380 Premier League < k-means cluster analysis | correlation lransiiion) “beyond the commonly with regard to its applicability.
“moments of play™ > g gO lyi/lg(y» P);el;der games - 760 unique k] coefficients ; ) reported game-related variables™ in 89%
framework. International Journal of o k5] - team datasets. = Chi-square (Icc)y . order to develop a greater Furthermore, the season for which
A 5 League season. Lesser quality teams N . .
Performance Analysis in Sport, 18(6), S erformed a understanding of game styles in the analysis was conducted
Pp.998-1009. Z 0.88-1.00 periormed z addition to the roles of spati P P d an outlier in "
majority of games d .
. ata. playing style - with the league
under a possession > 1 1
style. champions employing a novel style
style. of play, having only been promoted
Low quality teams ;(;;:?“premler league in the previous
(bottom half of S
table) played
predominantly in
ished defence.
Principal components Contextual variables were not
analysis: Kanpa considered within the factor analysis. Playing styles were found to be
. X . . To identify the ppa Furthermore, a greater sample affected by match location. Yet, the
Gomez, M.A., Mitrotasios, M., = . . correlation . " . . N .
Armatas, V. and Lago-Pefias, C ] normative styles of Varimax rotation coefficients 8 playmg styles regarding matches, variables and impact of venue on teams styles of
2018, A’r'"l .sic of playin gl‘ ’lec“ § play according to 301 matches from k1 criterion s were identified. This | leagues was recommended to provide play is subject to team and
accor‘din N liAléampu:illilg;n)él r;1alch e = team quality and the Greek = Kaiser-Meyer-Olkin Attacking: k dimensionality conclusive descriptions and measures opposition quality. 100
location ig“ Greek ‘]rofeti‘/l:)n1l S s match location using | Superleague from k] (KMO) sampling 094 & reduction accounted for playing styles and generalisability o,
soccer Imer:mliolf)al Jo’u‘mal‘ol‘ o = performance the 2013/2014 = adequacy. Del“emlve' K for 64.29% of the of the data. The use of factor analysis to score a °
i’erfor;nauce Analysis in Sport, 18(6) § indicators related to regular season. Commonalities >0.5 Z0 91‘ . variance within the team’s reliance on specific playing
986-997 ysis port, ’ Z space, time and Factor loadings >(0.6| Se(. lays: k = data. The combined effects of offensive and | styles with this methodology can
PP . actions. were included. 0 g(}” ys: defensive tactics and opponent render an objective assessment of
. interactions should be included in the performance.
k-means cluster analysis future.
To examine playing woscored.co
= style adaptability of All matches played Unsupervised cluster m ;'ia . Greater detail regarding within-match Leading-on from previous research
He, Q., Aratjo, D., Davids, K., Kee, % teams over the in the Pren‘;lepr Y analysis (Gaussian OptaPro The model found to a;d wilhin-seasogn variiion in la‘ in by the authors (He, Lee and Komar,
Y.H. and Komar, J., 2023. Functional ] duration of a season . Mixture Model): P be the best fit for the ot 7 playing 2021), teams with the capacity to
adaptability in l’a ing style: A ke 9 =z (i.e., functional League, Ligue 1, iﬂ 3 Intra-class data clustered the styles or adaptability and their exercise and respond to a wider
delSnninari/l ofréorin egliii{e I‘bolba{l g £ vér;;ﬂnlil between Bundesliga, Serie A 53 Akaike information correlation “match ;ic(ion relationship to match performance range ;)(' la; m‘ pc( les in the CSL 89%
! P ° o g Y betwe and La Liga from 52 : coefficients ac indicators was recommended for 8¢ Of playIng sty es "
performance. Adaptive Behavior, 3 matches) gnd its the 2014/15 to criterion (AIC) (ICC): profiles” into 12 future research (possession or are able to gcl1leve greater offensive
p.10597123231178942. 2 relationship with 2019/20 seasons Bayesian information : playing styles. se uen(ié] in(bnnaii’or;)‘ and defensive success - leading to a
< match performance R criterion (BIC) seq . greater win rate.
indicators. 0-88-1.00
He, Q., Kee, Y.H. gl1d 'Komar, Ji’ To investigate the The best fit for Thou'g‘hblhe methodology al!ows for The conclusions draw from the
2021, August. Flexibility, Stability, = relationship between Unsupervised cluster . . identifying distinct styles of play, only "
and Adaptability of Team Playing E collective tactical All matches played analysis (Gaussian match action assessing teams’ playing style on a exercised methods and resultant
Style as Key Determinants of Within- 2 | vehaviour (i inthe tap 5 Mixture Model): profiles” was 8 er-match basis may produce “biased | [ndings leas to the authors
Se)z;sol{l’ertl{)nnance in Fz;olball b =z laying st le‘).’ European leagues 3 ’ None playing style l1”ndicator ol"léz;m r:};ll':mmnce ) hypothesising that teams retaining
s - ! g g g | payingsty from 2014/15 to e L ) clusters for a best fit P . the ability to effectively adapt their | 67%
In International Conference on k-] variability and Akaike information reported. Y ¥ acap
ernatio . o g Y 2019/2020 - 21,708 = : ported. model (i.c., most ) styles of play throughout the season
Security, Privacy, and Anonymity in o] match performance . criterion (AIC) " Thus, recommendations were made to g . N
Computation, Communication, and H outcomes unique team Bayesian information representative of the address the inter-match or within may be associated with suce stul
> N z ’ datasets. P ‘optimal’ number of e . performance - particularly in factors
Storage (pp. 69-73). Cham: Springer throughout the criterion (BIC) season variability game styles to gain N
. h playing styles). . N related to offensive team outcomes.
International Publishing. seasons. greater practical insight.
2 principal
components (PCs)
were discovered.
Self-reported limited generalisability
Principal components The first PC was of the findings due to potential for
anal P: P > Amisco Pro positively correlated | playing styles to produce variation High-intensity and possession
Y Con;elaliol1 with physical “subject to the policy and rules of the playing styles were found to be
= . P variables, while the competition” in assiteion to cross- positively associated with team
Kong, L., Zhang, T., Zhou, C., ] _ k1 criterion & Reliability . . N .
2 S - o) oo N second PC was league tactical or strategies variation. quality of end of season ranking in
Gomez, M.A., Hu, Y. and Zhang, S., 3 . N S = k > 60% of variance coefficients o .
2022. The evaluation of playing K To explore styles of 480 performance g2 explained ponuvely‘ associated the Chinese Super League.
. . . N} = play between match | records from 240 £8 . with passing The identified playing styles may be 100
styles integrating with contextual g S . . 28] Factor loadings >(0.6| r]0.999| N N oo .
variables in professional Q Z location and team matches during the =5 were included. : lola‘l error variables. impacted by contextual variables (e.g., | However, these different styles of %
soccer l;mn}:iert m Psychology. 13 g quality in the CSL. 2019 CSL season. E ; Bartlett’s Te:(.of 10.05| fixture congestion, and opposition play were found to be prevalent for
. . > R4 8y 15 2 = P NPT These 2 styles of quality). “medium and weak teams™
Pp-1002566. Z Sphericity limits of I . ! dl .
Kaiser-M Olkin play were ) (possession-play regardless of
(KI\;[O) samplin 0.12] interpreted as Inter-performance shift in styles of playing location) and “strong” teams
ade uac’ pling . derivative of play and efficacy therein was (high-intensity).
quacy. “intense” or high suggested as an avenue for future CSL
intensity and research.
possession
approaches
respectively.
Situational variables such as location,
team quality and the game state) were
not considered and may affect styles
of play adaptation. Various playing styles (Possession,
Lago-Peias, C., Gomez-Ruano, M. = Principal components OptaPro 5 factors were The consideration of additional ?e( on C-‘E:‘??é:fﬁﬁ:f in the
an§ Yan; (: EO]’7 Styles of ’]a .in £ analysis: Inrl,m-class extracted. The ames, action variables and current stud; lhryou h the use of
rofessional soccer: an approach of 2 | Todescribe and 240 matches from correlation | Principal Sompetition variety were rformman indicators and factor
protess o y PP = = measure playing the 2016 Chinese g Varimax rotation e components P i P . S N o,
the Chinese Soccer Super S 5] les i s L 4 Kl eri coefficients d for 79.69 recommended to improve the analysis (principal components 89%
League. International Journal of k] styles in uper League ) criterion (ICC): accounted for 6% conclusively of interpretation and analysis).
. A s professional soccer. season. Factor loadings >(0.6| N of the variance e N N .
Performance Analysis in Sport, 17(6), g actor e quantification of styles - further
2 were included. present within the S . N .
Pp.1073-1084. 3 & 0.88-1.00 enhancing the generalisability of the The retained factors explained
Commonalities >0.5 data.

results.

The interactions of offensive and
defensive strategy should be included
in the future research.

79.6% of the variance within the
dataset.
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Data

Study Year Sport Aim Sample types Method Reliability Results limitations Comments/Summary MQ
To identify playing Principal components Eacll:?; tl‘;agl";:“:i:i lh;l?e:::llil\l/ye of
Plakias, S., Kokkotis, C., _ slyle§ adopted in analy P P s The inclusion of physical peytbnnance melhdds to the kl‘ crﬁerion the
Moustakidis, S., Tsatalas, T., ] multiple European 2996 matches from Cohen’s 19 components variables was suggested for inclusion stud dérlved 19 factors I.m‘m the
Papalexi, M., Kasioura, C., Giakas, 3 Leagues. the 2021-2022 . Kappa mp 10, ¢ | if future analyses. stucy. N .
S . k1 criterion explained 84.81% of principal components analysis (16
G. and Tsaopoulos, D., 2023. - = seasons in 1st league = . . (Instatscout) .

- . Q = . L . 5 Varimax rotation the total variance . e playing styles and 3 match 100
Identifying playing styles of european e 8 To detect playing divisions of 11 2 Factor loadings >/0.6] inter- ranging from Additional ions to y ics) o,
soccer teams during the key moments o k=1 styles for all phases European countries - = ctor s =10 reliability: ging account for variation in competition. o °

N . 2 e . were included. 18.23% to o . I
of the game. Journal of Physical <] and sub-phases of 5992 unique team . o formations and strategy and their
> 2 Kaiser-Meyer-Olkin _ approximately 1%. N A score-based system was used to
Education and Sport, 23(4), pp.878- < the game to develop | datasets. . k=0.93 relation to styles of play were LA
890 a structured (KMO) sampling reported evaluate a team’s reliance on
1'r;amework adequacy. } specific styles concerned with
. phases and sub-phases of the game.
This research identified 8 factors as
a result of principal components
To describe Itis recommended that off-ball :‘ ?rlﬁls.r:lh; Fc:::(l}:;;:sa:v:lr elg?loyfaﬂe
del’en;ive layin: OptaPro variables related to technical, physical e due to V’ari;ﬂ;lg élemiljmy
st les‘in playing Principal components Intra-class and spatial data be considered in This may be a common oeourrence
Sty‘es 1o . analysis: correlation future research. s may L
_ professional football coefficients among attempts to quantify
Ruan, L., Ge, H., Shen, ¥, Pu, Z, -E by considering a Varimax rotation (1CC): 8 principal Interactive effects of situational defeqslve ?l 111her§nl to the
Zong, S. and Cui, Y., 2022. ] wider range of . N N scarcity of off-ball variable
N . S . N Kaiser-Meyer-Olkin components variables (locations, match status, H -
Quantifying the effectiveness of ~ = defensive and spatial | 1120 matches from s . f . recording. Additionally, only 15
N B a = N 5 (KMO) sampling 0.88-1.00 accounted for game period) must be to . N R o,
defensive playing styles in the S 8 variables. the 2016-2020 CSL 2 _ o0, ¢ L defensive performance 89%
Chinese Football Super Q 2 seasons fis) adequacy SE =0-0.37 85.17% of the total with regard to their influence were included in the sample
Lea, u’e Frontiers in Psycholo 3 To rate the I Bartlett’s Test of variance present defensive data inclusion and efficacy > .
24g()1 ) A i i 4 effectiveness of Sphericity Inter- within the data. of playing styles. Further analyses associated 5 of 7
" ) < different %l’ ie@ - Commonalities >0.6 reliability layin; ;( le); A'il}; bdel‘elm e
accoumir; yl'ox: Factor loadings >(0.6| The generalisability of findings in the pro{ici%t"ncy/él'f":\cac in lh‘e ‘ZZSL
o onenl’gs scorin were included. Cohen’s CSL necessitate the analysis of r'l"hi% was aychieved )l,hrou h the L.ISE of
pponent $ N Kappa > 0.9 numerous competitions to be S Was troug "
opportunities (xG). validated. defensive styles of play in a multiple
. regression model - assessing their
influence on expected goals
conceded.
The principal components
68 . 8 ponent A
matches providing a Principal components Intra-class characterised 5 distinct styles of play
sam le‘ol’272 analysis: con’ela(ign 5 principal comprising of scoring ability,
= To utilise agaresate . uarI:er% S coefficients components attacking ball movement and
Sheehan, W.B., Tribolet, R., Novak, 2 tHlise aggreg: q > 2= Scree plot (elbow) s interpreted as longitudinal behaviours, grouped by
i, 3 metrics derived by 28 . . (ICC): \ . . .
AR., Fransen, J. and Watsford, M.L., i = S Varimax rotation physical behaviour, . . . the authors interpretation as
: . ; = previous research 56 male - 2 ! ’ . The interpretation of principal Lhe aul cal
2022. A holistic analysis of collective ] . . 3 = £ Kaiser-Meyer-Olkin scoring opportunity, . Scoring opportunity™, as well as
. - 9 = and examine their professionals (age: S g . 0.947-1 components requires expert guidance.
behaviour and team performance in g Z relation 24.8+ 4.5 years: 53 (KMO) sampling ball movement, and they may not account for all ol‘l};e connectedness and low-pressure 89%
Australian Football via structural o = . <€ = 30 years; =% | adequacy unpredictability, and  Licy may ¢ success - suggested as an indicator

) . . =1 to performance acco professional playing -9 5 . Root mean variation within the data. . - ..
equation modelling. Science and 5 rding to experience: &} g Bartlett’s Test of squared error uncontested of “Ball Movement” proficiency.
Medicine in Football, pp.1-10. Z match quarter S8+ 4.3 years) ng Sphericity . (RMSE): behaviour exp]‘amed . ‘

< margin in AF from 1 AFL over 4 Z Commonalities >0.4 70% of the variance These factors were found to directly
g . scasons (2016- Factor loadings <|0.4| 045 within the data. influenced quarter margin. Yet,
‘201’9) ; were excluded. ! despite the authors contending that
. the sample size was sufficient
though only analysed one team.
. Intra-class
30 mglcl]es (1099 Prmupal components correlation The methodology undertaken in the
individual datasets analysis: o N
= coefficients study provided a somewhat novel
= To reduce the (22.9 £ 17.6 per . N N
Sheehan, W.B., Tribolet, R., 28 h L (ICC) approach to establishing playing
3 dimensionality of player). Scree plot (elbow) 5 team and 4 . A
Watsford, M.L., Novak, AR, 2 commonly reported E Varimax rotation individual The sample inhibits the applicabilit styles in Australian football through
Rennie, M. and Fransen, J., 2022. = . ¥ rep g rimax low to high- Vidu samp/e INBILS (e app iy the use of spatiotemporal
N PP ~ 3 spatiotemporal 48 male & Kaiser-Meyer-Olkin components and generalisability of the results due N .
Tactical analysis of individual and 9 = N . . g . speed o . behaviours. However, as the project o
LI - =) Z variables and professionals (age: k2] (KMO) sampling I accounted for 69% to the observation of only e 78%
team behaviour in professional o = facilitate their 25.0+ 3.8 years; £ adequac running: 0.8 and 64% of the Iprofessional team over the duration provided insights at a case study
Australian Football: Original ] N N -© years; ] quacy . 4.8% A profess level (only considering one teams
investication. Science and Medicine g practical use and playing experience: & Bartlett’s Test of variance within the of 3 seasons. crformance), the generalisability of
Z interpretability in .2+ 3.4 years phericity . ataset, respectively. T .
stigation. g bili 52434 Spherici d ivel P - 11C Sener IsEbLy
in Football, 6(2), pp.172-180. 3 AF, from 1 AFL team Commonalities >0.4 very high- the results inhibits empirical and
< . ¥ N N A speed applicable conclusions.
over 3 seasons Factor loadings <|0.4| running:
(2016-2018). were excluded. 11.5-11.7%
73 matches with .
1605 individual Principal components Intra-class zl:;g:::r‘c:glen;pl;;z;il:lﬂ{‘:nd
= observations (33.4 + analysis: correlation s L PP
= To reduce the 3 o 2 individual and 3 analysis of complex network
Sheehan, W.B., Tribolet, R., S N . . 25.6 per player). coefficients .
5 dimensionality of . . ; team factors were structures in Australian Football.
Watsford, M.L., Novak, A.R., 2 Varimax rotation (ICC): . . . . .
= commonly reported . derived from the The findings necessitate the validation | However, in sampling and
Rennie, M.J. and Fransen, J., 2020. 3 complex network 48 male 5 | Kaiser-Meyer-Olkin rincipal of the principal or “new ining both team and individual
sing cooperative networks to = . rofessionals (age: = samplin, . . S N Ny . e
Using cooperati k S <] P professionals (ag KMO) sampling 0.947-1 princip princip .
analyse behaviour in professional g 2 characteristics 24.97 £ 3.78 years: s adequac components analysis | metrics” via their association with data, the research falls short of 89%
yse profess N g obtained from AFL : 1S years; 23 quacy N accounted for 87.3% | team and individual performance quantifying team playing styles.
Australian Football. Journal of 8 ames to facilitate playing experience: Bartlett’s Test of Root mean and 80.99% outcomes,
science and medicine in sport, 23(3), E games N 5.22 + 3.44 years) Sphericity squared error Nt > 3 .
~ Z their practical use - . ; respectively within Contrary to the authors claims, the
pp-291-296. E . e from 1 AFL team, Commonalities >0.4 (RMSE): -
< and interpretability. . . the dataset. sole employ of one team in the
playing at least 1 Factor loadings <|0.4| o L
; sample renders the findings limited
game in 3 seasons were excluded. 0-4.5 in generalisability and applicabilit
(2016-2018). 8 sability and app Y-
Principal components In relation to end of season rankings
anal gri:. P > or team quality, winning teams’ style
ysis: Proprietor- Contextual variables were not of play appeared to reflect an
Wedding, C., Woods, C.T., Sinclair, To identify styles of Eivenvalues > 1.2 reported accounted for. Future research should “attacking focus™.
W.H., Gomez, M.A. and Leicht, A.S., ::’b la withi{] lh)é NRL Vfrimax ruialio;1 reliability 9 factors explained consider the influence of data related
2021. Analysis of styles of play —_ b1 pay 16 teams and 1005 = . (Stats approximately 51% to score differential and location. Though the authors determined that
. a 3 relative to season g Kaiser-Meyer-Olkin . - > Do o,
according to season and end of season =) . matches from the 2 . Perform): of total performance the 9 factors resulting from the 89%
B . & z and end of season Il (KMO) sampling N P P .
rank in the National Rugby = 2015-2019 seasons. variance within the The data was also suggested to be principal components analysis
Ny E rank across the adequacy - Lo b ')
League. Journal of science and I~ 5 N coefficient of | NRL. limited in its ability to reflect long- explained ~51% of the data
. 2015-2019 seasons. Bartlett’s Test of L N . B i o
medicine in sport, 24(2), pp.206-210. Sphericit variation term evolution of playing styles in the | (highlighted as contrasting extant
FIa)clor loildin 5 5[0.6| <1% NRL. rugby league research), the sample
were includedg : was restricted by the use of variable
3 availability of a third-party resource.
In conjunction with previously
Principal components 9 factors or playing published research (Wedding et al.,
analyiri)%' P : styles accounted for 2021), the low proportion of

. . o Proprietor- 54.2% of the total . variance explained by the retained

Wedding, C., Woods, C.T., Sinclair, . Only 21 of the 38 (55%) analysed : .
i~ . - & . . reported technical . P factors - post-principal components
202 Explorig the et of virom & | hecrorvarion | 1teams and to0s Ve roon, | bty | porformance inluded posdmonsionty | i (51-54.2% wsing vailavle

; EXP s . N — g : matches from the = . (Stats variance (attacking ec pos sonaty variables from the same third-party
match factors on team playing styles a 3 match-related 2015-2019 seasons - g Kaiser-Meyer-Olkin Perform): lay. linc-breaks, reduction. Furthermore, just 6 of 9 resource) was highlighted as a 89%
in the National Rugby & z factors on team 201b uni u;e le‘am‘ 4 (KMO) sampling : sng;s del’emivg styles of play were associated with lil;xilali011 In‘ lhi%gcai with bre: ect °
League. International Journal of 20 playing styles in the datasets q adequacy coefficient of la Hena]liés la match outcome. Nonetheless, to venne a‘nd lea;n Llalit P
Sports Science & Coaching, 16(4), & NRL. o Bartlett’s Test of - play, p S play significant differences stated, yet not quatity.

P s variation the ball won and g 4
Pp.976-984. Sphericity <1% lost, conceded reported. Nonetheless, winning and losing

Factor loadings >(0.6|
were included.

linebreak, supports
and kick breaks).

teams were successfully classified
distinct using 4 identified playing
styles.
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Study

Year

Sport

Sample & Resources

Method & Search terms

Results

limitations

Comments/Summary

MQ

Lord, F., Pyne, D.B., Welvaert,
M. and Mara, J.K., 2020.
Methods of performance

analysis in team invasion sports:

A systematic review. Journal of
sports sciences, 38(20),
Pp.2338-2349.

2020

Team Invasion Sports

To describe traditional
and contemporary data
capture and methods of
performance analysis
research in team
invasion sports, evaluate
the practicality of
methods, and formulate
practical
recommendations for
analysing tactics and
strategies.

537 articles (completed
on the 13 March 2019).

SPORTDiscus, Web of
Science, Scopus,
MEDLINE, and
PubMed.

Publications from
December 1997 to
March 2019.

PRISMA (Preferred Reporting Items
for Systematic reviews and Meta-
analyses)

Keywords: “performance analysis”,
“notational analysis”, “match

analysis”, “game analysis”, “tactical

analysis”, “patterns of play”, “game

Initial search returned 2153
articles, after which the

dure filtered the

styles”, “performance indi .
“dynamic systems™, “systems
analysis”, “sports analytics™,
“performance analytics”, and “team
behaviour™.

Context: “team sport”, “invasion
games”, “field hockey™, “soccer”,
“football”, “rugby”, “basketball”,
“netball”, “handball”, and “water
polo™.

Excluded: “injury”, “injury
prevention”, “recovery”, “physical
demands”, “match demands”,
“loading”, “match load”,
“technique”, “biomechanics”,
“running”, “conditioning”, “fitness”,
“physiology”, and “psychology™.

Searches of keywords, contexts and
exclusions used the Boolean
operators OR, AND and NOT
respectively.

sample to 537 articles for
systematic review.

Findings identified 7 articles
investigating game styles, in
which styles of play were
analysed using descriptive
statistics (n = 3), factor analysis
(n = 3), inferential statistics (n =
2), neural network (n = 2) and
prediction (n=1).

Match venue and team quality
were found to influence playing
style (n = 1). Furthermore, game
styles were used to predict
“team identity” (n = 1).

Action variables provide the
structure for the analysis of test
invasion sports - embodying a basis
for performance analysis. However,
in favour of describing what
happened in a performance,
outcome-focused PIs do not reveal
why events occur.

While the analysis of KPIs allows
practitioners to differentiate teams
through match outcomes, an
increasingly holistic approach
should be adopted to account for
dynamic actions and collective team
behaviours through the view of
playing styles. The insights that may
originate from the analysis of game
styles present a greater potential for
understanding strategy and produce
practical findings.

Approaches capturing and
navigating dynamic match events
through data aggregation
methodologies including factor
analysis and neural networks can
serve to encompass complex data
in the creation of simplified
playing styles.

64%

Plakias, S., Moustakidis, S.,
Kokkotis, C., Tsatalas, T.,
Papalexi, M., Plakias, D.,
Giakas, G. and Tsaopoulos, D.,
2023. Identifying soccer teams’
styles of play: a scoping and
critical review. Journal of
Functional Morphology and
Kinesiology, 8(2), p.39.

2023

Association Football

To critically examine
how the term is used in
the international
literature, how research

is conducted on styles of

play and
identify/analyse
knowledge gaps.

40 articles (completed
on the 25 September
2022).

PubMed, Web of
Science, and Google
Scholar.

22-item Preferred Reporting Items
for Systematic Reviews and Meta-
Analyses extension for Scoping
Reviews (PRISMA-ScR)

Keywords: “soccer”, and “style™
using the Boolean operator AND.

Eligibility: Presence of both
keywords in the title or in the
abstract.

Initial search returned 1417
titles, with 40 articles remaining
for the scoping review, post-
screening procedure.

The findings revealed that 3
study themes were observed:
Recognition of playing styles,
influence of contextual variables
on the adoption of game styles,
and style efficacy

Through bias in variable selection,

the ition/identification of
playing styles were formulated
according to authors” subjective
perceptions.

Many contextual variables retaining
the potential to influence style of
play received little to no attention.
Moreover, research with a focus
regarding on-field practical
applications for game styles was

Researchers should apply a greater
emphasis on applicable solutions
for teams and coaches. Factor
analysis is an excellent method for
grouping of variables to describe
playing styles, however the
interpretation and naming of these
structures requires careful
attention.

Enhancing findings with

p as a req! for future
research.

Sample size and diversity was a
notable limitation within the
reviewed studies - highlighting 1
competition as insufficient to
generalise results.

visualisations improve the
interpretability of conclusions.
Moreover, the description of novel
games styles allows analysts to
develop new variables with more
tactical significance - offering
alternatives methods to evaluate
performance.

73%
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D Performance variable operational definitions

Variable

Operational definition

Complete pass

Deep passes

Defensive blitzes

Defensive combined
tackles

Defensive completed
air yards allowed

Defensive hurries

Defensive missed
tackles

Defensive quarterback
knockdowns

Defensive sacks

Defensive yards after
catch allowed

Inaccurate passes

Incomplete passes

Intended passing air
yards

Pass attempts

Passing air yards
completed

Passing first downs
Passing yards

Passing yards after
catch

Successful pass attempts.

Total pass attempts achieving 15 or more air yards.

Frequency of defensive plays where 5+ players or a defensive back
attempted to reach the quarterback.

The combination of solo and assisted tackles completed by the
defence.

Total completed passing air yards conceded by the defence.

Frequency of passing attempted earlier than intended or the
quarterback was chased out of the pocket.

The combination of solo and assisted tackles failed by the defence.

Frequency that defenders make contact with the quarterback - forcing
them to the ground after a pass attempt.

Frequency of tackles made on the passer or quarterback whilst in
possession of the ball.

Total yards after the catch conceded by the defence.

Total pass attempts that were not catchable by the receiver with
‘normal’ effort.

Total attempts to pass the ball forwards that did not result in a catch.

Total distance achieved in the air on passing attempts prior to an
attempted catch or pass incompletion.

Total attempts to pass the ball forwards.
Total distance achieved in the air on successful catches.

Frequency of first downs achieved on passing attempts.

The combination of air yards achieved and yards after the catch
achieved on completed passing attempts.

Total yards achieved by a receiver after catching a pass attempt.
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Quarterback drop

Quarterback hits

Quarterback scramble

Receiving dropped
passes

Receiving tackles
broken

Rush attempts

Rushing first downs

Rushing tackles
broken

Rushing yards

Rushing yards after
contact

Rushing yards before
contact

Scramble yards

Scrambling first
downs

Short passes

Solo tackles

Successful passing
fourth downs
Successful passing
third downs
Successful rushing
fourth downs
Successful rushing
third downs
Successful scrambling
fourth downs
Successful scrambling
third downs

Frequency of plays where the ball was snapped to the quarterback
directly behind (in close proximity to) the centre and dropping back
with the intent to attempt a pass.

Total contacts made defensive players on the quarterback at any time
during the play.

Intended passing play resulting in an improvised run by the
quarterback reaching beyond the line of scrimmage.

Total opportunities to catch the ball from passing attempts dropped
by the receiver.

Total tackles broken during pass receiver ball carries.

Designed running play where no forward pass was attempted.

Frequency of first downs achieved on designed run attempts.
Total tackles broken during rush attempts by ball carriers.

Total yards achieved during rushing attempts.

Total yards achieved during rushing attempts after any defensive
player makes contact with the ball carrier.

Total yards achieved during rushing attempts before any defensive
player makes contact with the ball carrier.

Total yards achieved from scramble attempts
Frequency of first downs achieved on scrambling attempts.

Total pass attempts achieving 15 or fewer air yards.

Total individual tackles made on ball carriers.

Total fourth down opportunities converted from passing attempts.

Total third down opportunities converted from passing attempts.

Total fourth down opportunities converted from designed run
attempts.

Total third down opportunities converted from designed run attempts.
Total fourth down opportunities converted from scrambling attempts.

Frequency of third downs converted by scrambling attempts.
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Tackled for loss

Unsuccessful passing
fourth downs
Unsuccessful passing
third downs
Unsuccessful rushing
fourth downs
Unsuccessful rushing
third downs
Unsuccessful
scrambling fourth
downs

Unsuccessful
scrambling third
downs

Frequency of ball carriers tackled behind the line of scrimmage on
pass, scramble or rush attempts.

Total fourth down opportunities failed from passing attempts.

Total third down opportunities failed from passing attempts.

Total fourth down opportunities failed from designed run attempts.

Total third down opportunities failed from designed run attempts.

Total fourth down opportunities failed from scrambling attempts.

Total third down opportunities failed from scrambling attempts.
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E Styles of play and composite weightings (factor loadings)

Style of play Composite variables (weighting)
completed passes (.9), passing first downs (.83), passing yards after catch
passing (.82), short passes (.77), passing yards (.76), pass attempts (.61), quarterback
efficacy drops (.61), successful passing third downs (.48), receiving tackles broken
(.46), defensive combined tackles (-.37).
deep passes (.97), intended passing air yards (.92), passing air yards
S [P completed (.92), inaccurate passes (.58), incomplete passes (.54).
scramble yards (.92), scramble attempts (.92), scrambling first downs (.91),
scrambling successful scrambling third downs (.72), unsuccessful scrambling third
downs (.38).
rushing yards (.94), rushing first downs (.89), rushing attempts (.79), rushing
yards before contact (.74), rushing yards after contact (.71), successful
rushing

targeting and
separation

quarterback
suppression

defensive
perturbations

tackling

rushing third downs (.61), unsuccessful rushing third downs (.5), rushing
tackles broken (.38), defensive combined tackles (-.41).

unsuccessful passing third downs (.81), incomplete passes (.58), quarterback
hits (.49), unsuccessful passing fourth downs (.39), inaccurate passes (.42),
short passes (.39), quarterback drops (.38), pass attempts (.38), receiving
dropped passes (.35).

defensive completed air yards allowed (.66), defensive yards after catch
allowed (.64), defensive quarterback knockdowns (.49), defensive combined
tackles (.47), defensive blitzes (.39).

defensive sacks (.61), defensive tackles for loss (.51), defensive interceptions
(.47), defensive quarterback knockdowns (.39), defensive blitzes (.36),
defensive hurries (.36).

rushing tackles broken (.6), defensive missed tackles (.58), defensive hurries

(.42), receiving tackles broken (.41).
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F Example of cluster validation index used for majority rule

Example of the indices consulted in the majority rule using NbClust: an R package for
determining the relevant number of clusters in a data set (Charrad et al., 2014):

Je2) W, +W,
Je() W,

where Je(2) is the sum of squared errors within clusters when the data are partitioned into two
clusters, and Je(1) gives the squared errors when only one cluster is present.
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G Situational variable operational definitions

Variable Operational definition

Deep passing Classification of playing style proficiency (High, Low)
Defensive Classification of playing style proficiency (High, Low)
perturbations

Divisional game

Down

Half seconds
remaining

No huddle

Passing efficacy

Play clock
Play type

Posteam type

Quarter

Quarterback
suppression

Rushing
Score differential
Scrambling

Tackling

Targeting and
separation

Timeouts remaining

weather
Yard line

Yards to go

Categorical indicator of whether the game was a divisional matchup
(Yes, No)
The down for any given play (1-4)

The number of seconds remaining in the half to play

Categorical indicator of whether the play occurred with or without a
pre-snap huddle (Yes, No)

Classification of playing style proficiency (High, Mid, Low)

The number of seconds remaining when the ball was snapped
Categorical indicator of whether the executed play type resulted in a
pass, run or scramble attempt

Categorical indicator for the possession team location (Home, away)
The quarter for any given play (1-5)

Classification of playing style proficiency (High, Mid, Low)
Classification of playing style proficiency (High, Low)

The score differential for the possession team

Classification of playing style proficiency (High, Low
Classification of playing style proficiency (High, Low)
Classification of playing style proficiency (High, Low)

The number of timeouts remaining in the possession team
Categorical indicator of the weather during the game (Dry, Adverse)
The number of yards from the opposition endzone

The number of yards from the line to gain
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I Ethical approval letter

Middlesex
University

London
London Sport Institute REC
The Burroughs
Hendon
London NW4 4BT
Main Switchboard: 0208 411 5000

24/11/2021

APPLICATION NUMBER: 18704
Dear Ben Adam Carter and all collaborators/co-investigators

Re your application title: Play style proficiency on play calling tendencies (NFL).
Supervisor:
Co-investigators/collaborators:

Thank you for submitting your application. | can confirm that your application has been given APPROVAL from the date of this letter by the London Sport
Institute REC.

The following documents have been reviewed and approved as part of this research ethics application:

Document Type File Name Date Version

Aims, objectives  Ben Carter - The influence of play style proficiency on play calling tendencies in 14/09/2021 1
and hypotheses  the National Football League (NFL). - Project Outline Template

Methods and data Ben Carter - The influence of play style proficiency on play calling tendenciesin ~ 14/09/2021 1
the National Football League (NFL). - Research Procedure Template

Although your application has been approved, the reviewers of your application may have made some useful comments on your application. Please look at
your online application again to check whether the reviewers have added any comments for you to look at.

Also, please note the following:

1. Please ensure that you contact your supervisor/research ethics committee (REC) if any changes are made to the research project which could affect
your ethics approval. There is an Amendment sub-form on MORE that can be completed and submitted to your REC for further review.

2. You must notify your supervisor/REC if there is a breach in data protection management or any issues that arise that may lead to a health and safety
concern or conflict of interests.

3. If you require more time to complete your research, i.e., beyond the date specified in your application, please complete the Extension sub-form on MORE
and submit it your REC for review.

4. Please quote the application number in any correspondence.

5. Itis important that you retain this document as evidence of research ethics approval, as it may be required for submission to external bodies (e.g., NHS,
grant awarding bodies) or as part of your research report, dissemination (e.g., journal articles) and data management plan.

6. Also, please forward any other information that would be helpful in enhancing our application form and procedures - please contact
MOREsupport@mdx.ac.uk to provide feedback.

Good luck with your research.

Yours sincerely,
Chairs Dr Rhonda Cohen/ Dr Anne Elliott

London Sport Institute REC
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