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Abstract

Sports analytics drives decision-making in performance optimization, strategic

planning, and fan engagement. Data-driven approaches are enhancing various

aspects of sports, from improving team tactics to identifying injury patterns

and optimizing player health. This dissertation provides a comprehensive

statistical analysis of water polo game dynamics, focusing on the Greek

League’s 2016-17 Men’s A1 season. The primary objectives of the study

include understanding league and team tendencies, modeling and predicting

possession outcomes, evaluating various factors influencing game results, and

offering actionable insights for enhancing team performance.

A literature review was conducted on relevant sports modeling approaches,

particularly focusing on soccer, to set the context for water polo analysis. Key

models and methodologies from soccer analytics are adapted to water polo,

highlighting the importance of possession and shooting efficiency. Detailed

statistical methods, including notational analysis and predictive modeling, are

applied to understand critical performance indicators such as player positions,

types of play, and situational game dynamics. This adaptation underscores

the unique characteristics of water polo while leveraging established analytical

frameworks from other sports.

An in-depth analysis of the Greek League reveals team-specific tendencies,

with higher-seeded teams like Olympiakos displaying consistent offensive

strategies, while defensive approaches are more adaptive based on opponents’

tactics. Critical moments such as timeouts and end-of-quarter plays are

examined, showing top-seeded teams’ superiority in maintaining defensive

stability. The predictive models highlight the significant impact of player

positioning and specific play types on possession outcomes, providing valuable

insights for strategic planning. The thesis concludes by emphasizing the

multifaceted nature of water polo, suggesting further research avenues to

refine predictive models and enhance the understanding of game dynamics.
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Περίληψη

Η ανάλυση αθλητικών δεδομένων οδηγεί στη λήψη αποφάσεων για τη βελτι-

στοποίηση των επιδόσεων, τον στρατηγικό σχεδιασμό και τη προσέλκυση των

φιλάθλων. Οι προσεγγίσεις που βασίζονται στα δεδομένα βελτιώνουν την τα-

κτική των ομάδων, αναγνωρίζουν μοτίβα τραυματισμών και βελτιστοποιούν την

υγεία των παικτών. Η παρούσα διατριβή παρέχει μια ολοκληρωμένη στατιστική

ανάλυση της δυναμικής των αγώνων υδατοσφαίρισης, εστιάζοντας στην Α1 αν-

δρών του ελληνικού πρωταθλήματος της σεζόν 2016-17. Σκοποί της μελέτης

περιλαμβάνουν την κατανόηση των τάσεων του πρωταθλήματος και των ομάδων,

τη μοντελοποίηση και την πρόβλεψη των αποτελεσμάτων της κατοχής, την αξιο-

λόγηση διαφόρων παραγόντων που επηρεάζουν τα αποτελέσματα των αγώνων,

και την παροχή προτάσεων για την ενίσχυση της απόδοσης των ομάδων.

Διενεργήθηκε βιβλιογραφική ανασκόπηση των προσεγγίσεων μοντελοπο-

ίησης στον αθλητισμό, με έμφαση στο ποδόσφαιρο, για να τεθεί το πλαίσιο

ανάλυσης της υδατοσφαίρισης. Μοντέλα και μεθοδολογίες από το ποδόσφαιρο

προσαρμόστηκαν στην υδατοσφαίριση, υπογραμμίζοντας τη σημασία της κατο-

χής και της αποτελεσματικότητας στις προσπάθειες για γκολ. Εφαρμόζονται

λεπτομερείς στατιστικές μέθοδοι, όπως η αναλυτική σημειογραφία και η προ-

βλεπτική μοντελοποίηση, για να κατανοηθούν κρίσιμοι δείκτες απόδοσης όπως

οι θέσεις των παικτών, οι τύποι επίθεσης και οι δυναμικές ανά αγώνα. Αυτή

η προσαρμογή υπογραμμίζει τα μοναδικά χαρακτηριστικά της υδατοσφαίρισης,

αξιοποιώντας καθιερωμένα πλαίσια ανάλυσης άλλων αθλημάτων.

Η ανάλυση του ελληνικού πρωταθλήματος αποκαλύπτει τάσεις των ομάδων,

με ομάδες υψηλότερα στην κατάταξη, όπως ο Ολυμπιακός, να ακολουθούν στα-

θερές επιθετικές στρατηγικές και αμυντικές προσεγγίσεις που προσαρμόζονται

στις τακτικές των αντιπάλων. Διερευνώνται, επίσης, κρίσιμες φάσεις, όπως

τα timeouts και οι φάσεις στο τέλος του δεκαλέπτου, που αναδεικνύουν την

υπεροχή ομάδων υψηλότερα στην κατάταξη στη διατήρηση της αμυντικής στα-

θερότητας. Τα μοντέλα πρόβλεψης αναδεικνύουν τη επίδραση της θέσης των

παικτών και των συγκεκριμένων τύπων επίθεσης στα αποτελέσματα της κατο-
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χής, παρέχοντας πολύτιμες πληροφορίες για στρατηγικό σχεδιασμό. Η διατριβή

καταλήγει στην αναγκαιότητα περαιτέρω διερεύνησης για την τελειοποίηση των

προβλεπτικών μοντέλων και την ενίσχυση της κατανόησης της δυναμικής του

παιχνιδιού.
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Chapter 1

Introduction

Sports constitute fundamental pillars of societies in terms of social dynamics,

economic-business opportunities, the biggest competition stage, and the con-

tinuous pursuit of performance optimization. As such, sports have attracted

interest from various fields of expertise (coaches, athletes, business analysts,

medical scientists e.g.) in terms of statistical examination. The significance

of statistical insight is evident as it provides a data-driven foundation for

decision-making across various aspects of the game, such as improved perfor-

mance, strategic planning, injury prevention, fan engagement, betting, and

overall success for athletes and teams (Karlis and Ntzoufras, 2003).

Statistical analysis allows for a comprehensive assessment of individual and

team performance. Coaches and therefore teams are able to devise effective

game strategies based on statistical trends. Understanding opponent’s playing

patterns, strengths, and vulnerabilities enables teams to formulate informed

game plans, enhancing their competitive edge. In the realm of talent scouting,

statistical analysis is instrumental in identifying “hidden gems”, promising

players that their performance, potential, and suitability for specific team

roles satisfy certain standards.

1
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From a business standpoint, statistical analysis guides sports organiza-

tions in making sound financial decisions. It aids in evaluating the return

on investment for player contracts, understanding the impact of strategies

on revenue, and making informed choices about resource allocation. Beyond

the sidelines, statistical analysis enriches the fan experience by offering data-

driven insights into player and team performance. This deeper understanding

fosters engagement and discussions among fans, adding a layer of appreciation

to the game’s excitement and a virality element to it. A related area that

has achieved significant growth is sports gambling encompassing bets on

outcomes, scores, and live-play betting.

Sports teams and athletes can employ statistical analysis as a tool for

ongoing enhancement; by pinpointing areas that need improvement and

monitoring progress over time, athletes and teams can fine-tune their train-

ing methods and strategies. Finally, statistical analysis can help identify

injury-related patterns, such as the correlation between certain activities

and injury occurrence. This information is crucial for implementing injury

prevention strategies and optimizing player health and well-being (Patil, 2020).

A well-established survey on evaluating the sports analytics market is the

Grand Review Research conducted annually. It is reported that ’the global

sports analytics market size was valued at USD 2.73 billion in 2022 and is

expected to grow at a compound annual growth rate (CAGR) of 22.3%

from 2023 to 2030. Moreover, the growth spurt in the Machine Learning

(ML) and Artificial Intelligence (AI) department has introduced novel and

highly innovative statistical approaches, such as neural networks of various

structures and support vector machines in assessing winning probabilities

and ideal team combinations. Finally, off-field analytics, which controls a

commanding portion of over 49.0% in market share, are used in the likes of

sports betting and fantasy gaming to aid predictive forecasting for bettors,

2
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users, and stakeholders (Grand Review Research Inc, 2023).

The inception of sports analytics, or more correctly in its infant state data

tracking, is commonly attributed to baseball, where Chadwick’s box score

in 1858 laid the foundation for quantitative analysis in sports, marking a

significant milestone in the field (Patil, 2020). Also, at that time, a baseball

guide titled ’The Beadle’s Dime Base-Ball Player’ was published stating

that, analyzing a player’s on-field performance is crucial for assessing their

skill, reflecting the essence of Sports Analytics (Kashyap, 2021). Attempts

on other sports to collect data, such as the NFL or NBA initiated in the 1930s.

Sports Analytics is the up-to-date term used to describe the process of

collecting, analyzing, and deriving meaningful inferences about sports nowa-

days, although attempts to quantify and analyze sports data date back to the

1950s and the book of Moroney Facts from Figures (Moroney, 1951). The

first benchmark article on sports analytics is the one published in 1967 by C.

Reep and B. Benjamin on a statistical analysis of patterns of play in soccer,

in particular pass movement (C.Reep and B.Benjamin, 1968). This article as

well as their next one published in 1971 enhanced the belief already introduced

by Moroney, that ’modified’ Poisson distributions, such as a negative binomial

can have a good fit on the number of goals scored in several ball games (Reep

et al., 1971). Another benchmark article around the same time, Percentage

Baseball in 1964 by Earnshaw Cook was the first publication citing sports

analytics to garner national US media attention (Stolbunov, 2014).

One of the most influential papers in sports analytics, especially concern-

ing prediction, was written by Bill James in 1985. Baseball Abstract changed

the focus of baseball statistics by introducing innovative metrics to assess the

performance of teams and individual players, providing early insights into

secondary statistics (He emphasized that the widely used baseball statistic,

3
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batting average (number of hits divided by the number of at-bats), fell short

in capturing the full impact a player has on winning ) and paving the modern

history of sports analytics. This is signified with 2002 Oakland Athletics, to

which refers Michael Lewis’ 2003 book, “Moneyball,” telling the story of how

the A’s and general manager Billy Beane used “sabermetrics”, e.g. “the search

for objective knowledge about baseball”, to change the way the team acquired

talent under tight financial constraints. Moneyball: Art of Winning an Unfair

Game also became a blockbuster movie popularizing Sports Analytics to a

broader audience.

The Houston Rockets, a National Basketball Association (NBA) team,

were pioneers in adopting an analytical approach to the sport, much like

the Oakland Athletics in baseball. Their General Manager Daryl Morey,

with a statistical and analytics background, had previously worked under

Bill James and implemented similar data collection and modeling practices,

uncovering patterns that the Rockets strategically leveraged. Supported by

data, Morey advocated for playing at a faster pace, quicker shot attempts

in each possession, and a more calculated shot selection, moving away from

long 2-point shots (Mason, 2013).

According to Benjamin Alamar, the overall sports analytics process en-

compasses four key stages: ’data management, analytic models, information

systems, and the decision maker’. In the data management stage, the collec-

tion, storage, and organization of relevant data is executed. In the context of

sports analytics, data can include a wide range of information, such as player

performance statistics, game outcomes, environmental factors, and more.

Once the data is gathered, the next step is to develop analytic models

for example, predictive models might forecast player performance, team out-

comes, or optimal strategies. The insights generated by analytic models need
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to be communicated effectively. Information systems refer to the tools and

platforms used to present and visualize the results. This could involve creating

dashboards, reports, or interactive interfaces that allow decision-makers to

interpret and understand the analytics output. These decision-makers could

be coaches, team managers, or other stakeholders involved in strategic plan-

ning. The analytics provide valuable information to support decision-making

processes, such as selecting lineups, devising game strategies, or making

personnel decisions (Alamar, 2013).

In conclusion, the chapter underscores the multifaceted significance of

sports analytics in contemporary society, spanning social, economic, and

competitive dimensions. The pervasive influence of statistical insights is

highlighted across various facets of sports, including performance optimiza-

tion, strategic planning, injury prevention, fan engagement, and financial

decision-making for sports organizations. Through statistical analysis, a com-

prehensive assessment of individual and team performance is made possible,

informing game strategies, talent scouting, and financial decisions. The case

studies of the Houston Rockets and the Oakland Athletics underscore the

practical impact of sports analytics on team strategies and player acquisition,

exemplifying the transformative potential of statistical insights in sports man-

agement. Overall, the chapter establishes sports analytics as an integral and

evolving discipline that continues to shape the landscape of sports, offering

valuable insights and strategic advantages to athletes, teams, and sports

organizations.
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Chapter 2

Relevant Sports Modelling

Approaches

2.1 Soccer

An overview of relevant literature revealed that among various suggested

statistical models for football result prediction, two are the main categories.

The first category focuses on modeling the probability of a game outcome

(win/draw/loss), whereas the second concentrates on predicting the match

score (Karlis and Ntzoufras, 2010).

Reep, was interested in the strategic implications for training, meticulously

documenting data (frequencies) on football games of higher English divisions

over 14 years, ultimately finding that crucial possessions were executed with

a limited number of passes, typically fewer than four. In their later work,

they focused on a smaller sample of 4 English top-division seasons, while

expanding their research on other ball games through acknowledging the

failure of capturing the luck component (Reep et al., 1971).

Studies focusing on identifying significant variables influencing game re-
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sults include the work of Hirotsu and Wright (2003), who proposed a model

evaluating characteristics like offensive and defensive strength and home

advantage using the maximum likelihood estimator. Analyzing data from

the English Premier League during the 1999 – 2000 season, their findings

highlighted preferences for playing at home, success against specific teams,

and offensive and defensive strengths (Hirotsu and Wright, 2003). McHale

and Szczepanski (2014) introduced an alternative method for estimating

player performance based on Bayes’ theorem. Instead of directly modeling

the number of goals, they initially aimed to estimate the number of shots

using a Poisson mixed-effects model. This approach incorporated both team

and player information as explanatory variables. Subsequently, they proposed

a Binomial mixed-effects model, with the response variable being the number

of goals given the number of shots, essentially representing shot accuracy.

Explanatory variables in this model included information about the player’s

ability to convert shots into goals. The selection of models was conducted

using criteria such as the Akaike Information Criterion (AIC) and Bayesian

Information Criterion (BIC) (McHale and Szczepański, 2014).

Maher is credited with one of the early applications of statistics in football,

introducing attacking and defensive parameters within a Poisson model for

scores in 1982. Analyzing data from three seasons (1973 – 1975), Maher

observed that the goals scored by home and away teams followed Poisson

distributions but were not suitable for predicting scores or outcomes (Maher,

1982). Subsequently, Dixon and Coles extended the application of Poisson

regression to English league and cup games from 1992 – to 1995, enhancing

the model to predict outcome probabilities in 1997. Another Poisson model,

based on the findings of Dixon and Coles, was developed using data from 92

teams in the English Football Association League spanning the seasons of 1992

– 1997, by Crowder in 2002. This model assumed that the attack and defense

capabilities of all 92 teams were not constant, and these capabilities were
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approximated based on the insights of Dixon and Coles. The full model could

be implemented through Markov Chain Monte Carlo simulations (Crowder

et al., 2002).

In 2003, Karlis and Ntzoufras replaced independent Poisson distributions,

commonly used in modeling sports data, with a bivariate Poisson model

to address issues of independence. Their findings demonstrated that the

bivariate Poisson distribution improved the model fit and prediction of the

number of draws. An inflation factor was introduced, enhancing the precision

of draw estimations, particularly for diagonal terms in the bivariate joint

distribution. Despite the improvement in draw estimation precision, the

inflation factor resulted in non-Poisson marginal distributions that could

exhibit over-dispersion (Karlis and Ntzoufras, 2003).

Contrary to the conventional belief that scored goals by teams follow a

Poisson distribution, Karlis and Ntzoufras (2003) adopted a different method-

ology, focusing on the difference in the number of goals using the Skellam

distribution (Karlis and Ntzoufras, 2003). This change aimed to reduce the

effect of correlation between the two scoring teams, and the model did not

assume Poisson marginals. However, the model faced limitations in predicting

the final score (Karlis and Ntzoufras 2008). The incorporation of a Bayesian

approach allowed for the prediction of the English Premier League during the

2006–2007 season through the predictive distribution. It also facilitated the

inclusion of historical information about each game via the prior distribution

(Karlis and Ntzoufras, 2010).

Baio (2010) introduced a Bayesian hierarchical model designed to address

both objectives, and its predictive capabilities are evaluated using data from

the 1991-1992 Italian Serie A championship and assessed using Italian Serie A

2007-2008 season data. To address the challenge of over-shrinkage associated
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with the Bayesian hierarchical model, a more intricate mixture model is spec-

ified, resulting in a better fit to the observed data by essentially eliminating

subjective features (Baio and Blangiardo, 2010).

Carling (2009) suggested the use of motion analysis by tracking players’

positions and deciphering their work rate as well as efficacy, thus introducing

the use of in-play data. The advancements in data collection and process at

the time made it possible to gauge players’ physical contribution in live play,

while the game was unfolding (Carling et al., 2008).

Klemp (2021) tried to encapsulate all these important aspects of soccer

analytics, namely result forecasting and performance analysis by examining

the effectiveness of in-play information, specifically focusing on event and

positional data. Aligned to goals that were found non-informative concerning

in-game prediction, performance indicators derived from event and positional

data though more informative than goals, still fell short in providing sub-

stantial predictive value during in-play situations. Furthermore, the study’s

framework recommends increased segmentation of matches by scoreline and

meticulous control for overall team strength, presumably a random effects

model (Klemp, 2021).

2.2 Basketball

In one of the early investigations concerning college basketball, Stefani pio-

neered the regression-based approach employing the Least Squares method.

Initially, she suggested a method to assess college basketball and football

teams by considering the average of the opponent’s ratings along with a

margin of victory, and subsequently, she ventured into predicting game out-

comes (Stefani, 1977). An early paper on players’ effectiveness, was published

by Bob Bellotti and introduced “points created,” the basketball analog to
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B.James’s runs created. In another nod to James’s Baseball Abstracts, Dave

Heeren published several Basketball Abstracts (1988-1994) and introduced

TENDEX, a linear weights model that added positive events (e.g., points,

rebounds) and subtracted negative events (e.g., turnovers) to rate a player’s

total performance (Bellotti, 1990).

Often referred to as the father of Basketball Statistics as his research

initiated many more studies to come, Oliver 2004 released the paper ’Four

Factors’ referring to four defensive and offensive counterparts that define

the outcome of a game and are indicative of team performance in the re-

spective area. The number of attacks culminating in free throws (free throw

rate-FTR), offensive rebounding percentage (ORP), turnovers per possession

(TPP), and Effective field goal percentage (eFG %) are these elements in as-

cending order of importance evaluated both on teams as well as their opposing

teams for offensive and defensive effectiveness respectively and are still used

by mainstream analytics websites, such as Basketball Reference (Oliver, 2004).

Delving into the realm of evaluating player performance, a seminal arti-

cle that has significantly influenced subsequent research is John Hollinger’s

contribution to his series of books, Pro Basketball (2002, 2003, 2004, 2005).

Hollinger’s groundbreaking work on the Player Efficiency Rating (PER), a

comprehensive metric that considers pace adjustments and provides a per-

minute rating of player productivity within a team, has catalyzed more

sophisticated future investigations into player evaluation. This work under-

scores the significance of adopting a catch-in-all perspective when assessing

individual contributions to the game, paving the way for advancements in

the understanding of player performance (Hollinger, 2002).

Around the same time, Hu (2004) attempted to forecast the victor of

the 1996–1997 NBA final between the Chicago Bulls and Utah Jazz using
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a weighted likelihood approach. In contrast to models employed in previ-

ous papers, this model did not consider pregame information. However, it

did permit the incorporation of significant news, such as the unavailability

of key players or factors related to home-court advantage (Hu and Zidek, 2004).

Kubatko et al. (2007) demonstrated the efficacy of using player-based

statistics calculated using box-score to predict NBA game outcomes, paving

the way for more sophisticated predictive analytics in basketball, by establish-

ing foundational principles and key concepts of basketball analytics. The work

brought forth a range of contemporary statistical performance indicators and

metrics, including offensive and defensive ratings, Win Shares, plus/minus

statistics, and the Pythagorean method. These contributions have become

widely adopted and are integral to the analytical framework in basketball

research (Kubatko, 2007).

Since 2010, remarkable advancements in basketball forecasting of outcome

and in-game analysis are evident, due to the increasing availability of play-

by-play datasets. Historical data have been the groundwork for applying

machine learning algorithms, such as logistic regression and neural networks

aiming to identify patterns and influential game factors.

Research on capturing in-game dynamics, such as the study conducted by

Miller and Bornn in 2017 utilizes player tracking data to enhance play-by-

play data in an attempt to fine-tune game outcome predictions. Miller and

Bornn (2017) used a new machine-learning method to organize and explore a

database of basketball player tracks that included players’ movements, spatial

interactions, and real-time situational factors with a focus on organizing

basketball possessions by offensive structure. A hierarchical model was imple-

mented describing interactions between players, clustering possessions that

showed offensive similarity, and extended Latent Dirichlet Allocation (LDA)
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through a novel representation of player movement data which uses tech-

niques common in animation and video game design (Miller and Bornn, 2017).

The research conducted by Cervone in 2016 proposes a framework for

utilizing optical player tracking data in real-time to estimate the expected

number of points by the end of a basketball possession, termed expected

possession value (EPV). The approach employs a stochastic process model

that considers both continuous player movements and discrete events like shot

attempts and turnovers. The estimation of transition kernels is accomplished

using hierarchical spatiotemporal models that facilitate information sharing

across players while managing computational efficiency for large datasets.

Beyond EPV estimation, the models offer unique insights into players’ decision-

making tendencies based on their spatial strategies. In essence, the research

leverages optical tracking data to provide dynamic and nuanced analyses of

basketball possessions, moving beyond traditional summaries and offering

a more detailed understanding of player interactions and strategic choices

(Cervone et al., 2014).

Independently of game outcomes, the analysis of play-by-play data has

played a crucial role in assessing the performance of players on a possession-by-

possession basis. Li et al. (2019) introduced a predictive approach for sports

team performance, combining data envelopment analysis (DEA) methodology

and a data-driven technique. The method involves two steps: first, a multivari-

ate logistic regression analyzes the team-level relationship between winning

probability and game outcomes. The second step employs a DEA-based player

portfolio efficiency analysis to optimally select players and plan playing time,

utilizing historical data to train for future scenarios. The proposed approach

is applied to the National Basketball Association, using the Golden State

Warriors as an example for illustration during the 2015–16 regular season.

Results from a four-season dataset (2011–12 to 2014–15) demonstrate the
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effectiveness of the DEA-based data-driven approach in predicting sports

team performance, offering valuable insights into the broader performance

prediction problem (Li et al., 2019).

In more recent work utilizing machine learning techniques, Horvat (2023)

meticulously defined a basketball statistical framework, particularly emphasiz-

ing the extended team efficiency index. The prediction model incorporated the

concept of the optimal time window (OTW) for training data, where datasets

are extracted from up to four consecutive NBA seasons for training and up

to two seasons for testing. The model utilizes basic, derived, advanced, and

league-wise basketball game elements as features. Testing the model across

different seasons yielded an average prediction accuracy of approximately

66%, with a maximum accuracy of around 78% (Horvat et al., 2023).

2.3 Ice Hockey

The NHL is North America’s top hockey league comprising of 30 teams:

23 from the United States and 7 from Canada. Most statistical analyses

regarding hockey have been tested with NHL data compared to other sources

of hockey data. According to Swartz (2016), ’in terms of publications in

peer-reviewed journals, it seems that hockey analytics is middling amongst

the big six sports (soccer, basketball, football, cricket, hockey, and baseball)’

(Swartz, 2016).

An attempt to employ a Time-Series model to predict an in-play outcome,

specifically focusing on the officiating of a penalty following the occurrence

of two or more penalty shots in favor of the same team. was made by Brim-

berg and Hurley (2009). Brimberg and Hurley (2009) conducted a study

to investigate whether the conduct of referees follows a Markovian process,

driven by the common belief of biased referees in the NHL (National Hockey
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League). This bias was thought to manifest in fewer Penalty Shots being

called against the home team and a tendency for certain Penalty Shots to

favor the home team (Brimberg 2009). The study’s results validated the

hypothesis, indicating that referees indeed base their future decisions on prior

behavior, exemplified by their handling of awarded Penalty Shots (Brimberg

and Hurley, 2009).

Weissbock (2014) explored methods for forecasting success in ice hockey,

focusing on predicting winners and losers in individual games and best-of-

seven playoff series within the National Hockey League (NHL). The study

employed a combination of traditional statistics and advanced performance

metrics, emphasizing the challenge of predicting single-game outcomes due to

a theoretical upper bound of approximately 62%. Despite the higher correla-

tion of advanced metrics with long-term success, traditional statistics prove

more valuable for automatic game prediction, achieving a 59.8% accuracy rate.

The research highlights the role of random chance in NHL games, suggesting

that skill accounts for 24% of outcomes, with the remaining 76% being coin

flips. In contrast, predicting best-of-seven series winners, incorporating both

traditional and advanced statistics, shows an increased accuracy of almost

75%, highlighting the greater predictability over a larger sample of games

(Weissbock and Inkpen, 2014).

Gu (2018) proposed an expert system that utilized player and team data

gathered from various online sources. Employing principal components anal-

ysis, non-parametric statistical analysis, a support vector machine (SVM),

and an ensemble machine learning algorithm, the system aimed to forecast

whether a hockey team will emerge victorious. The ensemble methods exhibit

improvements over the base SVM classifier, with predictive accuracy for

the testing set surpassing 90%. A comparative analysis of various ensemble

machine learning approaches identifies potential avenues for enhancing the

14

CC BY: Attribution alone 4.0

https://creativecommons.org/licenses/by/4.0/

https://doi.org/10.26219/heal.aueb.6120



precision of game outcome predictions. The system provides a user-friendly

interface for implementing learning methodologies, integrating data sources,

evaluating model results, and addressing the inherent challenges in predicting

hockey game wins (Gu et al., 2018).
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Chapter 3

Water Polo

3.1 Relevant sports to Water Polo

3.1.1 Handball

Handball is a prominent and mainstream team sport, particularly cherished in

the European sporting landscape. Known for its fast pace and frequent scoring

(around 25-35 goals per team), the game revolves around teams exchanging

ball possession, with each striving to cap their ball control by aiming for a

goal. In the absence of such attempts, referees may penalize passive play

(Peñas et al., 2013).

According to Meletakos and Bayios (2010), handball has gradually been

evolving into a more offense-oriented approach, as exhibited by a uniform

trend of notable growth in the overall goals scored per match, resulting in

a cumulative increase (10%) of approximately five goals per match over the

years, from 52.9 to 57.9 goals. They investigated and analyzed the outcomes

of men’s handball National Major League matches in seven European nations,

namely Denmark, France, Germany, Greece, Poland, Spain, and Sweden. Dif-

ferent regional trends (practice techniques, demographics, etc.) per country
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were prominent as the country factor had a significant impact on the total

goals scored per game, thus corroborating the idea of disparities between

national leagues.(Meletakos and Bayios, 2010)

As the game follows a heavy offense approach, there is a growing demand

to evaluate the significance of specific performance indicators and strategic

approaches in elite contemporary handball. Meletakos et al. (2011) con-

ducted this assessment by analyzing offensive actions in three consecutive

men’s world championships (2003, 2005, 2007). While employing throw at-

tempts, goals scored, and team efficacies as measures of team performance,

the findings illustrated a robust association between offensive actions from

both the six-meter and nine-meter distances, exhibiting notably high negative

correlation coefficients in both the number of throw attempts and goals scored.

In contrast, although the nine-meter efficacy displayed relative stability, the

efficacy from the six-meter distance exhibited a marked and significant rise

across the three championships.

Remarkable players rising to the occasion in such high-profile tournaments,

especially in the pivot positions evidenced by exceptional efficiency in these

high-performance scenarios often prompt the implementation of adaptive

defensive strategies to hinder the ball from reaching this pivotal location

(Meletakos et al., 2011). These counteracting measures raise the awareness

of understanding defensive schemes and their impact on handball. António

Lopes (2005) emphasizes the defending phase as a pivotal element in team

preparation, prompting the question of whether this represents the most

distinctive approach to the type of ball recovery in handball (conceding or

without conceding a goal), employed by the Spanish handball team during

the Beijing 2008 Olympic Games when facing an equal number of attackers.

The change of defensive system varied depending on both the score at any
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given time and the quality of the opponent. Defensive systems with more

defensive lines were used in unbalanced matches in which the observed team

was losing, as well as against better opponents.

An important benefit of action sequence analysis, as opposed to the tra-

ditional analysis of individual actions, is the capability to gain insights into

how teams plan to achieve success. Given the multifaceted and unpredictable

nature of handball game-play, there is a pressing need for research that takes

into account the sequential interplay between variables related to both of-

fensive and defensive strategies. A multidimensional approach along with a

methodology that aligns with the dynamic dynamics of player opposition and

cooperation was utilized with sequential analysis and temporal patterns (T-

patterns) uncovering greater variability in the play systems in defeats, as they

transition between 5x1 and 6x6 formations in an endeavor to outmaneuver

the opposing team (Lopes et al., 2010).

Strides in computer technology have opened up opportunities for the

recognition of playing patterns through action sequences with the assistance

of artificial neural networks (ANN). Though most meticulously collected

datasets require a panel of experts (either statistician), who adhere to estab-

lished procedures for on-site notational analysis of the matches (Meletakos

et al., 2011), an expert evaluation of the identified patterns revealed a note-

worthy alignment with real-world playing patterns according to Schrapf &

Tilp. Examining action sequences in handball to pinpoint offensive behaviors

involved the analysis of six matches from the EURO-Men-18 tournament

hosted in Austria. Addressing the necessity for future investigations into the

dynamics of individual teams and the potential scheduling of diverse playing

patterns, especially in critical game phases or when confronted with time

Penalty Shots (Schrapf and Tilp, 2013).
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Home court advantage and officiating are two external factors that signifi-

cantly impact game outcomes, beyond the immediate gameplay of handball.

According to Meletakos, the observed home court advantage in the studied

countries ranged from 53.6% to 59.9%. Furthermore, the study revealed that

referees’ disciplinary decisions, including yellow cards, two-minute suspen-

sions, red cards, and penalties, tended to favor the home team. This finding

underscores the influence of officiating as an additional component of the

home-court advantage phenomenon.

Game-scoring coordination in handball according to situational variables

using time series analysis methods (Prieto et al., 2016). Handball stands out

as a widely embraced team sport, particularly in Europe. This dynamic and

high-scoring game involves teams rapidly exchanging ball possessions, aiming

to culminate each sequence with a shot on goal; failure to do so may result

in penalty shots from the referees for passive play. This study examined the

coordination of game scoring in the men’s Spanish Handball League while

controlling for factors such as opponent quality, game location, and game

period, along with their potential interactions. The dataset comprised 142

closely contested games (final goal difference ≤ 5) out of a total of 240 games

played during the 2011-2012 season of the ASOBAL League, involving 16

teams. Official play-by-play sheets were used for data collection.

Throughout the games analyzed, team scoring processes demonstrated

high consistency and exhibited significant in-phase coordination across various

game contexts. Differences were noted primarily with respect to the game

period, revealing an increasing coordination in scoring behavior as games

progressed. Specifically, the initial 20 minutes were identified as pivotal in

determining game-scoring dynamics. This observation suggests that the early

phase of games plays a critical role in shaping scoring outcomes, potentially

influenced by the concept of co-adaptation and increasing familiarity among
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players and teams as games unfold.

The study applied analytical methods to the time series data capturing

the evolution of team scoring within games. These methods provided valuable

insights into patterns of game-scoring coordination, including differential

scoring rates, alternating scoring intervals, critical phases within games, and

moments of team strength. The analysis, utilizing double backward moving

averages of scoring processes, underscored the dynamic nature of scoring

patterns, highlighting phases characterized by strong interdependence in scor-

ing rates between teams, as well as periods where one team’s scoring rate

operated independently of the other’s.

In the initial analysis phase involving autocorrelation and cross-correlation,

findings consistently indicated uniformity in team scoring processes across

all game contexts. This consistency persisted irrespective of the quality of

opposition, likely due to the narrow margins characterizing close games, which

minimize initial competitive disparities between teams, thereby equalizing

their performance levels.

Subsequently, in the second step of the analysis encompassing moving

averages and Hilbert transforms, the hypothesized different game-scoring co-

ordination patterns between teams were confirmed across the games studied.

Notably, significant disparities were observed only concerning the game period.

Therefore, our findings partially supported our initial hypothesis concerning

the influence of situational variables, highlighting the pivotal role of the first

20 minutes in determining game outcomes. This period exhibited the most

pronounced fluctuations in scoring, stabilizing as the game progressed.

The concept of co-adaptation and self-organization, embedded within the

framework of ecological dynamics for sports performance analysis, provides
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insight into the observed game-scoring coordination. This perspective un-

derscores the nonlinear, systemic nature of team sports, emphasizing how

players and teams gradually acclimate to their environment and opponents,

both individually and collectively.

Notably, the observed tendency towards more conservative play in the

latter stages of games, attributed to player fatigue, contributes to a more

regular and predictable team performance.

3.2 Water Polo: Evolution & Rule Changes

Water polo, tracing its origins to the 1800s, has transformed significantly

from its early versions into a dynamic aquatic team sport. Emerging from

aquatic contests in England and the United States, the modern iteration of

water polo began to take form in 1869 when the traditional pig’s stomach

ball was substituted with an Indian rubber ball known as ’pulu’. During the

late 1800s, the game changed its emphasis on sheer strength to evolve into a

more sophisticated sport with well-defined regulations.

Throughout the 20th century, the sport has transitioned to adopt a style

reminiscent of soccer, where opponents are limited in making contact unless

a player has the ball. Simultaneously, developments in swimming have trans-

formed the game’s emphasis from underwater force to a focus on passing and

speed above the water, aligning it more closely with the dynamics of modern

soccer. In 1900, water polo made its inaugural appearance as an exhibition

sport at the Paris Olympics, thereby solidifying its standing as a recognized

and esteemed athletic pursuit. After its introduction, the sport underwent

progressive developments, incorporating refinements that culminated in the

adoption of the present-day water polo ball in 1956.
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Presently, water polo is contested by two teams, each comprised of 13

players, with the possibility of this number escalating to 15 depending on

the specific event. Each team is structured with a goalkeeper and six field

players arranged in a semicircular formation. The game transpires across

four periods, each lasting eight minutes, and international matches observe a

policy of no overtime.

The objective of the game entails teams endeavoring to score goals within

a designated 30-second shot clock, introducing a strategic dimension to this

physically demanding and intricate sport. The distinctive essence of water

polo lies in its amalgamation of swimming, soccer, handball, and basketball

elements. Teams navigate the pool, aiming to propel the ball into the

opponent’s goal while adhering to strict rules regarding ball handling. The

sport’s enduring popularity stems from its dynamic nature, requiring a blend

of endurance, strength, and tactical prowess. Whether played at a recreational

or competitive level, water polo continues to captivate enthusiasts around the

globe (Association, 2015).

3.3 Water Polo Modelling Approaches

Initially, the importance of assessing player and team performance during

training stages to optimize performance and prevent injuries before competi-

tion has been widely studied. Miscellaneous water polo measurements have

been tracked through meticulously organized training practices focusing on

the physiological aspect of the game (Fridvalszki et al., 2022; Smith, 1998)

and the incidence of injuries in high-level competitions (Mountjoy et al., 2018).

The tactical aspect of the game is also assessed on the off-game (training)

level via questionnaires distributed to experts. (Hraste et al., 2008; Perazzetti

et al., 2023).
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Notational analysis identifies and analyzes critical patterns and events in

a performance that lead to a successful outcome. In the water polo regime,

several attempts have been made to decipher the most important factors

that affect the outcome whether it be the final outcome (i.e., game score)

or sub-parts of it, such as the play-by-play outcome. Studies regarding

the effect of external factors such as officiating and rule changes have been

conducted focusing on player performance, including throw dynamics and

penalty success rate suggesting that those facets are indeed severely influ-

enced (Argudo et al., 2020; Smith, 2011). Moreover, team dynamics aspects

such as home advantage and quality of opposition have been tested concern-

ing the game score (Prieto and M-A. Gómez, 2023; Gómez-Ruano et al., 2023).

Emphasizing specific parts of the game studies have delved into the effect

of first-ball possession, first-quarter score, and after-timeout possession both

on the final score and on inter-quarter scores (Argudo et al., 2011; Gómez-

Ruano et al., 2023; Hraste et al., 2020). Teams “sprinting” and rising to the

occasion by gaining an early lead have been shown to positively affect the

final game outcome, whereas detailed planning through timeout coaching

directions has not yielded similar results.

Shifting the focus to the possession level, shooting efficiency becomes

apparent as the most important determinant of player and consequently team

prowess. The efficiency of shooting during water polo possessions has been

the subject of extensive research, especially distinguishing between different

possession scenarios. Different types of attacks (Hraste et al., 2014; Argudo

et al., 2022), left-handed vs right-handed players (Sabio et al., 2019), women

vs men competitions (Argudo et al., 2020), shot speed (Abraldes et al., 2012),

various defensive schemes (Sabio et al., 2019), shooter’s position (Argudo

et al., 2022; Özkol et al., 2013), and even goalkeeper’s position (Garcia-Marin

and Argudo, 2017) have all been examined in relation to shooting efficiency
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and their impact on match outcome.

Finally, either through box scores or game recordings, more in-game statis-

tics (including a wider range of defensive indicators) have been analyzed

and integrated with the team’s and player’s evaluation process (Saavedra

et al., 2012; Hraste et al., 2014). Notably, the study of possessions (number

per team, gained and lost per player, possession time, etc.) and passing

connections have revealed nuances (Saavedra et al., 2012; Perazzetti et al.,

2023; Platanou and Varamenti, 2023) in estimating efficiency and player

involvement in offensive actions.

To the best of my knowledge, there has not been research on a possession

level assessing both offensive and defensive factors on the shot outcome, while

modeling and predicting possession outcome.
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Chapter 4

Insights from the Greek League

4.1 Overview

The following data were gathered from Greece’s highest professional water

polo league, mostly known as the Greek Water Polo League or A1 Ethniki

Water Polo, during the 2016-17 season. Greek league is widely considered

one of the best domestic leagues in European Water Polo competitions with

several renounced teams such as Olympiacos (OSFP), Vouliagmeni (VNC),

Panathinaikos (PAO) and Panionios (PGSS) among others.

A total of 41 regular season matches (29 occurring in the First Round

while 12 occurring in the Second Round) and three playoff games from

two different playoff series were tracked. This sample represents around

one-third of the total regular season games from that season (132 games = 11

matchdays * 2 rounds * 12 teams) making it an adequate sample for further

analysis.
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Figure 4.1: Game Scores A1 Greek League 2016-17 season

• Sample: The dataset comprises 29 out of 66 games from all 11

matchdays of the First Round, and 12 out of 66 games from 10 out of

11 matchdays of the Second Round.

• Team Representation: The teams NO Chios (NOX), Ydraikos (YDR),

and Olympiakos (OSFP) are featured in the fewest games, each ap-

pearing in three games. Conversely, AO Palaio Faliro (AOPF) is

represented in most games, with a total of 12 appearances, followed by

PAOK and NO Vouliagmeni (VNC), each with 11 games.

• Home Team Representation: NO Vouliagmeni (VNC) has the

highest number of home games, totaling 9, followed by PAOK with

8 home games, and AO Palaio Faliro (AOPF) with 6 home games.

Notably, four teams (OSFP, NOX, NOK, YDR) do not have any home

games.
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Trained individuals (one present at each game) were enlisted to fill the

following stat sheet enabling them to record data entry on a possession level.

Figure 4.2 illustrates the Excel document utilized for data collection. Each

line/row corresponds to a unique possession, where thirteen variables/columns

were documented: seven pertaining to offensive attributes, three to defensive

attributes, and three to possession details.

Figure 4.2: Worksheet used for Data Collection

Attacking columns description (2nd - 6th Column):

• Cap or attacking Team’s Cap colour (while the name of the attacking

Team can be found in the last column): W=White, B=Black (2).

• Outcome or Shot ending result column: G= goal, B=Block or Save,

O = Out or goalpost, and N=no shot (3).

• Type or Type of attacking setup when a shot is held: I = Even Play,

P = Power Play, K = Counter-attack or Fastbreak, 5 = 5-meter shot,

and Pe = Penalty Shots(4).

• Position column (5) according to the below graphs:
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(a) Even Play (b) Power Play

Figure 4.3: Formation of attacking player’s Position when there is no player
advantage (Left) vs when there is a player advantage (Right).

Positions refer to the attacking player’s shot Position and are also catego-

rized: 1 = Right Wing, 2 = Right Flat, 3 = Defence or Point, 4 = Left Flat,

5 = Left Wing, F or Φ = Forward.

• Offensive Foul or Cap Number of player who causes an offensive foul:

1-15 = Cap Number, E = An Offensive Foul is committed but No Cap

Number available (6).

Defensive columns description (7th- 9th):

• Exclusion or cap Number of the expelled player (7).

• Block column or cap Number of the player who blocks the opposing

shot (8).

• Steal column, or cap Number of the player who steals the ball from

the opponent (9).

Possession columns description (First and 11th-12th Column):

• Counter of Game Possessions (1).

• After Timeout play (ATO) with values Y=Yes, non otherwise

depicting if the possession started after a timeout was given to the

Attacking Team (11).
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• End Of Quarter play (EOQ) with values Y=Yes, non otherwise

denoting whether this was the last Possession of the quarter (12).

Some remarks should be given on when a new entry-new possession was

added alongside the steal notation. A record in a new line was held after

a shot was taken or after a complete change in team possession,

whereas a player exclusion did not log a new entry. Also, for a steal to be

registered there needs to be a contested effort for the ball; If a defender

gains possession after an inaccurate pass in an uncontested area, it won’t

be counted as a steal. Conversely, when a defending player in a zone inter-

cepts the ball aimed toward the offensive center forward (F) during a pass

or retrieves it before the center forward attempts to score, that particular

offensive action is documented as a steal. The same rule applies whenever a

defending player compels an opposing player to lose possession of the ball.

Throughout the thesis, the aforementioned main random variables-columns

are capitalized.

4.2 Data Formulation & Feature Engineering

4.2.1 Changes in Variable Values

Outcome

Identified and corrected missing Outcome values by replacing them with “G”

when there is a Block value present. The Outcome values before and after

the corrections were distributed as follows (Table 4.1):
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Block (B) Goal (G) No Shot (N) Out (O)

Before 833 630 - 427

After 848 631 741 427

Table 4.1: Changes in Outcome values

Additionally, the missing values for Outcome were addressed, reducing

the count of missing (TRUE) values.

Before:

FALSE TRUE

1890 1099

After:

FALSE TRUE

2647 337

Type

Fixed odd Penalty Position values, where “Pe” (Penalty Shot) was incorrectly

marked as “F” (Fast Break). The distribution of Type before and after the

correction is outlined below (Table 4.2):

Blank 5-

meter

Shot

(5)

Even

Play

(I)

Fast

break

(K)

Power

Play

(P)

Penalty

Shot

(Pe)

Before 303 65 335 191 550 39

After 0 64 1411 191 556 39

Table 4.2: Changes in Type values
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Additionally, the missing values for Type were addressed, reducing the

count of missing (TRUE) values.

Before:

FALSE TRUE

1483 1506

After:

FALSE TRUE

2261 723

Position

Corrected Positions with an extra space by removing the space. The distribu-

tion of Positions before and after the correction is outlined below (Table 4.3):

Blank Right

Wing

(1)

Right

Flat

(2)

Defe-

nce

(3)

Left

Flat

(4)

Left

Wing

(5)

Left

Post

(D1)

Right

Post

(D2)

For-

ward

(F)

Before 1254 185 327 249 346 169 62 83 313

After 172 182 321 246 333 164 60 81 239

Table 4.3: Changes in Position values

Additionally, the missing values for Position were addressed, reducing the

count of missing (TRUE) values.

Before:

FALSE TRUE

1734 1254

After:
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FALSE TRUE

1626 172

Types for Empty Positions:

Before:

5 I P

5 7 70

After:

5 I P

5 95 72

Exclusion

Corrected Exclusion values for consecutive Possessions (1290 and 1291) where

a penalty was won in the first Possession and executed in the second. Ad-

ditionally, a level of Exclusions marked as Unidentified (U) was added for

those Possessions where the Exclusion value should exist but is missing. The

distribution of Exclusions before and after the correction is outlined below

(Table 4.4) Only Exclusion values that changed are present in the following

table:

Blank U 10 11 6

Before 164 0 45 71 50

After 0 68 47 72 49

Table 4.4: Changes in Exclusion values

Finally, 3 values of multiple Exclusions in the same Possession (1 per

Team in the corresponding games) were addressed by adding a new variable

called Offensive Exclusion and assigning the Possessions of these Exclusions

committed by the Attacking Team in each corresponding Possession.
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Steal

Steal values marked as Blank (62 in total) were changed to NA as it did not

offer additional information. Some Steal values were rearranged to different

Possessions but did not affect the frequency distribution. The distribution of

Steal values before and after the changes can be found in Appendix (Table

A.1).

Block

Block values marked as Blank (53 in total) were changed to NA as it

did not offer additional information. Some Block values were rearranged

to different Possessions and the frequency distribution was changed by only

one value. Additionally, a level of Block marked as Unidentified (U) was

added for those Possessions where the Block value should exist but is missing.

The distribution of Block before and after the correction is outlined below

(Table 4.4) Only Block values that changed are present in the following table.

Blank U 8

Before 53 0 13

After 0 177 12

Table 4.5: Changes in Block values

Offensive Foul, ATO (After Timeout)

Empty strings were replaced with NA values in these columns. No value

changes were noted.

Player

An error in assigning a Player value to the wrong Possession was rectified by

moving the value to the correct (next) Possession.
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EOQ (End of Quarter)

Filled in missing EOQ values for specific possessions and periods. Four missing

values could not be tracked precisely so they were estimated (maximum margin

of error 3 possessions).

Errors in Data Collection

Offensive and Steal

Reviewed and confirmed that blanks and NA values in these columns mean

the same thing, indicating that the corresponding events did not occur.

Block

Reviewed and confirmed that blanks and NA values in this column mean the

same thing, indicating that a block from the opposition did not occur.

4.2.2 Corrections

Block in Goal

Corrected the Block values in possessions where an incorrect “G” (Goal) was

noted.

Exclusion Correction

Fixed Exclusion values for specific possessions where the type was incorrectly

noted.

Odd Penalty Position Correction

Corrected the odd Penalty Position where “F” was incorrectly marked for

Penalty.
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Missing Type Correction

Identified and corrected Possessions where the Position was Forward, and the

Type was missing.

Missing Power Play Correction

Identified and corrected Possessions where Power Play Type was missing, and

an Outcome was present.

ATO (After Time Out)

The NA values were replaced with an empty string in the “ATO” column.

Empty Type Correction

The missing Type values were corrected for specific conditions, including

Steal, Offensive, and EOQ.

4.2.3 Add New Variables

Position Mapped

A new column called “Position Mapped” was created to categorize positions

into broader categories.

EOQ Modification

The EOQ values were updated for specific possessions based on identified

conditions.

Goal Score and Game Score

Introduced new variables like Goal Score and Game Score based on Goal

outcomes.
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Home Win Count

A new variable called Home Win Count was introduced, based on the Game Score

to determine the winner.

Summary Statistics

Cumulative Goals and Game Score

Cumulative home and away goals were calculated, as well as the Game Score

based on the Goal outcomes.

4.2.4 Variable Assumptions

1. Possessions with Missing Type:

• For possessions where an exclusion occurred and there was an

outcome, but the type was missing, the type has been changed to

“NA”.

Soft Assumption

2. Possessions Changed to Even Play:

• Identified several possessions predominantly labeled as Power Play

(Type==P) compared to Even Play (Type==I). To address this:

– First possessions of each quarter with a missing type (NA) were

categorized as Even Play (Type==I). Hard Assumption

– Possessions where the Position is Forward (F) and the Type

is missing (NA) were classified as Even Play (Type==I). Soft

Assumption

– Possessions involving a Steal, Offensive Foul, or End Of the

Quarter with a missing Type (NA) and Forward Position were

categorized as Even Play (Type==I). Soft Assumption
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3. Possessions with Missing Outcome and Block:

• Instances where the outcome was missing, but the block was

recorded, were identified and corrected by assigning “B” to the

outcome column. Correction

4. Identifying and Correcting Missing Power Play for Defensive

Positions:

• Instances were detected where no Power Play was noted despite the

presence of Post positions (D1 or D2) and missing Type. Further

investigation is required for consistency in data recording.

5. Possessions with Fastbreak and Post Positions:

• Noticed four Possessions categorized as Fastbreak (Type==K) with

shots taken from Post positions (D1, D2). These were left un-

changed for further observation, as they might indicate specific

formations.

6. Possessions with Steals and Outcomes:

• Identified nine Possessions where both a Steal and an Outcome

were recorded. No changes were made, considering the possibility

of rebound scenarios.

7. Offensive Exclusion Handling:

• Created a new column Offensive Exclusion and updated the

Exclusion column for specific instances where Offensive Exclu-

sions were noted. Additionally, the Type column was adjusted

accordingly. Soft Assumption

8. Correcting Even Play Type in the Presence of Exclusion:
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• Identified possessions where Even Play Type was noted despite an

Exclusion. These instances were corrected by changing the Type to

“P” (Power Play) to maintain consistency in data representation.

Correction

9. Identifying and Correcting Missing Power Play in the Presence

of Exclusion:

• Detected instances where no Power Play was noted despite the

presence of an Exclusion and a missing Type. Further examination

revealed that some of these instances had an Outcome recorded.

The latter cases were corrected by changing the Type to “P” (Power

Play) for consistency. Soft Assumption

10. Correction of Penalty Possession Errors:

• Identified errors in Possession recordings related to Penalty shot

situations. Corrections were applied to accurately reflect the player

responsible for committing and executing Penalty shots, ensuring

data integrity. Soft Assumption

11. Checking and Updating First Possessions of Each Quarter:

• Implemented a procedure to verify and update the “Type” column

for the first possessions of each quarter in the dataset. Such

possessions with missing Type were updated to Even Play Type. A

verification on whether an Exclusion was active from last quarter

was made though it is not certain due to not having Exclusion

Time data. Soft Assumption

12. Identifying Missing Even Play Type Possessions:

• Identified and updated the “Type” column for possessions where

the position is forward and the type is missing. Soft Assumption
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13. Identifying Missing Power Play Type Possessions in Defensive

Positions:

• Searched for missing Power Play Type possessions in defensive

positions (D1 or D2) to ensure data completeness and consistency.

14. Identifying and Correcting Odd Outcome and Steal Combina-

tions:

• Identified certain possessions where both an outcome and a steal

were recorded, but the outcome was not “N”. These instances

might indicate unusual scenarios and could potentially affect data

integrity.

• Developed a function to add rows with specific criteria: missing

player, position, block, and outcome set to “N” while retaining the

Steal value from the original row.

• Implemented the function to correct odd combinations, ensuring

consistency in data representation.

• Updated possession numbers and Game IDs accordingly to main-

tain dataset integrity. Soft Assumption

15. Handling Empty Possessions:

• Identified certain possessions where both an outcome and a steal

were recorded, but the outcome was not “N”. These instances

might indicate unusual scenarios and could potentially affect data

integrity.

• Developed a function to add rows with specific criteria: missing

player, position, block, and outcome set to “N” while retaining the

team value from the original row.

• Implemented the function to correct odd combinations, ensuring

consistency in data representation.
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• Updated possession numbers and game IDs accordingly to maintain

dataset integrity. Soft Assumption

16. Further Considerations-Limitations:

• Permanent Exclusions: Noted instances where players received

three suspensions, indicating a permanent exclusion. Further

analysis could involve looking into these cases, although lineup

data is unavailable.

• Exclusion Missing on Power Plays: Attempts to identify

Possessions where Exclusion is missing (NA), when it should be

present given that the Type of those Possessions was Power Play

or Penalty Shots (P or Pe) were made.

1st Approach:

Identified consecutive Possessions of the same team where: The

first Possession has a noted Exclusion. The second Possession is of

Power Play Type.

2nd Approach:

Identified Possessions where the Type is either Power Play or

Penalty Shot but no Exclusion is noted. Checked if the previous

Possession or Next Possession had an Exclusion value, executed

by the same team, and if there were no consecutive Shots in the

same Exclusion Time.

The second approach was chosen since it ensures that all Power

Play and Penalty Shot possessions are accurately assessed for

missing Exclusion values, taking into account consecutive Shots,

Team continuity, and potential errors in the data-gathering process.
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• Second Possessions of each Quarter: The Second Possessions

of each Quarter were examined with the First Possessions of each

quarter where the Type was changed to Even Play for those that

the Type was missing (NA). Due to uncertainty, it was decided

that more context was needed for the Second Possessions since it

was unclear.

• Odd Position in Fastbreak: There are 4 Possessions where the

Type of Attack was Fastbreak (Type==K) and the Position of

the shot was either of the Posts (D1, D2), that does not make full

sense since Post Positions occur, mostly but not exclusively, in

Power Play. It was decided not to be changed given that those

Possessions might indicate a formation in 2-1 or 3-2 Fastbreak.

Possession

After reducing the number of Empty Possessions by merging several of them

and then introducing some new Possessions to address the odd Steal value

in some others the total number of Possessions was nearly restored to its

original count before the changes were made (2989 to 2976). These changes

were present in most of the games, thus there was not any significant shift in

the distribution of Possessions for each game.
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Figure 4.4: Possessions Barplot

:

Figure 4.5: Possessions Boxplot
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Outcome

The introduction of the No Shot level (N) in 20% of the total Possessions

along with some corrections in the tracking of Blocked Shots (B) and Goals

(G) were the major factors in reducing the number of missing Outcome values

significantly resulting in 10% missing values after the changes.

Figure 4.6: Outcome Barplot

:
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Figure 4.7: Missing Outcome Barplot
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Type

Due to fixing several Possessions that were not tracked as Even Play Type

either because it was thought as redundant by the data collectors or it was

impossible to be tracked due to the speed of the game unfolding, the Type

value especially for the Even Play Possessions were changed significantly (335

to 1411). This in cooperation with other lesser changes led to a notable

reduction in missing values (1506 to 723).

Figure 4.8: Type Barplot
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Figure 4.9: Missing Type Barplot
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Exclusion

Several Possessions were initially marked as Blank, thus the missing values

increased when Blank values were changed to NAs the missing values actually

increased (Appendix Frequencies: Figure A.2). The actual missing values

for Exclusions are estimated at around 70 through various approaches to

tracking them.

Figure 4.10: Exclusion Barplot
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Steal

Figure 4.11: Steal Barplot

Figure 4.12: Missing Steal Barplot
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Block

Figure 4.13: Block Barplot

Figure 4.14: Missing Block Barplot
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4.3 Performance Analytics

4.3.1 Game Dynamics

Exploring the dynamics of water polo games raises several inquiries;

How are possessions distributed throughout water polo games?

What are the frequency and distribution of different outcomes (goals, blocks,

out) in water polo matches?

Which player positions are most frequently involved in various game scenarios?

Which are the common types of attacks executed during water polo matches?

In a typical water polo match, as seen in Figure 4.15 teams engage in

around 70-75 Possessions, that appear as normally distributed across dif-

ferent games, each presenting an opportunity to attack or defend. There

is no indication that the number of Possessions is associated directly with

Goals scored, on the contrary Games ending with over 80 Possessions are not

necessarily the ones with the most Goals scored.

Figure 4.15: Distribution of Possessions per Game plot (League Wise)
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The normality assumption for the number of possessions per game was

evaluated using both graphical methods and statistical tests. The QQ- plot

(Figure 4.16a) and the density plot (Figure 4.16b) provide visual assessments.

Although the density plot does not exhibit a perfect bell-shaped curve, the

points in the QQ plot align approximately along the reference line, suggesting

that the distribution is reasonably normal.

This visual inspection is supported by the results of the Shapiro-Wilk,

Anderson-Darling, and Lilliefors tests (Table A.3), which produced p-values

greater than 0.1, indicating no significant departure from normality. However,

the Kolmogorov-Smirnov test yielded a p-value less than 2.2 ·10−16, suggesting

non-normality. The Kolmogorov-Smirnov test is more sensitive to deviations

from normality and is particularly suited for larger sample sizes. Given that

our sample size is 41 games, which is relatively modest, the test may be

detecting minor deviations that are not practically significant.

(a) QQ-plot (b) Density Plot

Figure 4.16: Normality Assessing Plots in Possessions per Game

Furthermore, the frequency plot of home possessions (Figure A.3) shows

that games on average do not show Home or Away Team effect in

the number of possessions a team executes (Also evident in Figure A.4 in

Appendix).
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Delving deeper, examining the distribution of (attacking) Positions,

Types of possession, and Outcomes of attacks provides a comprehensive

overview of the game’s intricacies. These league-wide statistics not only un-

ravel the patterns of play but also serve as a foundation for strategic analysis

and performance evaluation in water polo.

In examining the outcomes of offensive possessions within water polo

matches (Figure 4.17), it becomes evident that these possessions culminate

in one of four distinct results: “No Shot”, “Block”, “Goal”, or “Out”.

The “No Shot” outcome, represents 25% of offensive possessions, signifying

instances where the attacking team fails to execute a shot, often due to

factors such as a steal, an offensive foul, or shot-clock expiration (and to a

lesser extent errant passes, off-side, no ball play after a foul, etc). Conversely,

the outcomes “Block” and “Out” collectively constitute 44% of offensive

possessions, denoting scenarios where the opposing team (players’ blocks and

goalkeeper’s saves) successfully defends against the shot attempt or where

the shot fails to remain within the bounds of the playing area (Corner or

Goalposts appertain to “Out” as well). The “Goal” outcome, constituting

approximately 20% of offensive possessions, signifies the successful scoring

of a point by the attacking team. Notably, approximately 10% of offensive

possessions remain unclassified due to the inability to ascertain the precise

outcome.
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Figure 4.17: Outcome Frequency barplot

Within the realm of water polo, the landscape of attacking scenarios is

delineated by distinct types, each embodying unique dynamics and strategic

considerations (Figure 4.18). A key aspect of this classification involves

situations known as “Even Play” (I), making up 47.4% of cases, where

both teams have an equal number of players in the field. On the other

hand, Power Play situations, including both conventional “Power Plays”

and “Penalty Shots”, collectively account for 20% of attack scenarios.

These scenarios arise when an exclusion is imposed upon a defending player,

providing the attacking team with a numerical advantage and presenting

opportune moments for strategic maneuvering. Instances of “Fast Breaks”

(K), comprising 6.4% of attacking scenarios, are characterized by swift tran-

sitions from defense to offense, often capitalizing on momentary lapses in

the opposing team’s defensive structure. Additionally, the “5-meter shot”

scenario (5), akin to a free kick in soccer, emerges in approximately 2.2%

of cases, presenting a low-stakes, mostly a late shot clock opportunity, for

the attacking team to convert a direct shot on goal. Notably, a significant

proportion of attacking scenarios, approximately 24%, remains undefined

due to the inability to ascertain the specific type.
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Figure 4.18: Type Frequency barplot

The spatial distribution of shot-taking instances reveals nuanced patterns

reflective of positional dynamics and tactical imperatives (Figure 4.19).

Notably, in Executed Attacks or Possessions excluding the No Shot

ones, Positions 4 and 2, characterized as the “Flat Positions,” emerge

as focal points for offensive initiatives, with shots being executed with a

frequency exceeding 11%. This strategic emphasis is underscored by the

central positions of 3 and Forward (F), where shot attempts manifest at ap-

proximately 8% each, indicative of their pivotal role in orchestrating offensive

maneuvers and penetrating the opposing defense. Conversely, the “Wing

Positions” of 1 and 5 register shot frequencies of around 6%, indicating

their strategic significance in widening the attacking angles and creating

scoring opportunities. Subsequently, the two Post Positions, D1 and D2,

mostly occurring in Power Play situations, contribute to the offensive arsenal

with shot frequencies hovering around 2%, highlighting their strategic utility

in providing additional scoring threats and disrupting defensive alignments.

Notably, a proportion of approximately 5% of Possessions in Executed Attacks

remain unclassified.
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Figure 4.19: Position Frequency barplot

4.3.2 Efficiency Evaluation

Delving into efficiency evaluation in water polo prompts various questions;

How do goalkeepers perform in blocking shots, making saves, and executing

plays?

What are the success rates of different player positions in terms of achieving

favorable outcomes (e.g., scoring goals)?

How do different types of attacks affect the success rate of scoring goals for

teams?

The pivotal role of goalkeepers in water polo is underscored by their

multifaceted actions, as delineated within the presented plot (Figure 4.20).

Within the gamut of goalkeeper interventions, Blocks emerge as a predomi-

nant action, accounting for approximately 15% of total Possessions. Notably,

these blocks exhibit a discernible distribution across various attacking scenar-

ios, with 41% occurring in Even Play situations, 5% in 5-meter Shots,

9% in Fast Breaks, 22% in Power Plays, and 21% in situations where
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the attacking type remains unidentified. Concurrently, while Exclusions

and Shots constitute a minor fraction of total possessions, they nonetheless

contribute to the tactical fabric of the game. Steals, though infrequent, are

notable for their occurrence predominantly within Even Play situations. In

consonance with tactical norms, goalkeepers demonstrate a propensity to

venture beyond their designated positions, particularly in pursuit of steals.

This proactive movement materializes when an entry pass towards the forward,

and less frequently towards the wing positions, is sufficiently proximate to

the goalkeeper, allowing them to intercept the ball.

The defensive prowess of goalkeepers in water polo is evident, with their

saves —comprising both steals and blocks— constituting approximately 20%

of total possessions. Notably, goalkeeper blocks are particularly prevalent

in Power Play situations, where the reduced number of defensive players

presents favorable conditions for defensive interventions. This trend is further

emphasized by the observation that a significant portion of blocked shots (294

out of 595) are attributed to goalkeepers. The disparity in data availability

between Power Play and Even Play scenarios underscores the strategic im-

portance of understanding goalkeeper actions within different game contexts,

shedding light on the nuanced dynamics of defensive play in water polo.
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Figure 4.20: Goalkeeper Actions bar plots by Type

In Figure 4.21a, the pivotal role of player positioning in shot-taking

dynamics becomes apparent. Notably, the Post positions (D1, D2) emerge

as the most prolific locations for shot attempts, albeit constituting a relatively

smaller share of possessions due to their occurrence primarily during Power

Play scenarios. Conversely, the Forward position (F) exhibits prominence

both in terms of shot volume and conversion rate, boasting an impressive

success rate of approximately 50%. Following closely are the Flat positions

(2, 4), which also contribute significantly to shot attempts. Interestingly, the

high conversion rates observed in Wing positions, despite their lower shot

volume (as evidenced by the count plot of Position by Shot Outcome in all

Possessions in Figure 4.22), suggest a strategic advantage, possibly influenced

by factors such as Power Play situations or goalkeeper positioning when shots

from those positions materialize.
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(a) Shot Outcome by Position barplot (b) Even Play Formation

Figure 4.21: Shot Outcome by Known Position (Percentage of Possessions
with Known Possessions)(Left) and Graphic Representation of Positions in
Even Play Formation(Right).

Figure 4.22: Shot Outcome by Known Position (Percentage of Total Posses-
sions)

Regarding water polo Set play situations, those defined as Power Play,

Even Play, and 5-meter Shot within the aforementioned dataset, a close

look is given on those situations where there is no player advantage, namely

Even Play and 5-meter Shot. 5-meter shots emerge at first as an outlier,

boasting the lowest convergence rate among all shot types. This phenomenon

can be attributed to the formidable presence of a defensive block in front

of the attacker, and the prevalence of this type in late-clock situations,
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where the success of the shot hinges solely on the player’s initiative.

Typically reserved for the most proficient shooters, this shot type predomi-

nantly finds its mark from the Left Flat Position (4), owing to strategic

player placement and shooting proficiency. Conversely, the comparatively

diminished convergence rate from the Right Flat Positions (2) can be

rationalized by the advantageous positioning for left-hand shooters aiming at

the main diagonal, coupled with their relatively lower representation in the

player pool.

Figure 4.23: Shot Outcome by Position in 5-meter Type Shot (Percentage of
Total Possessions)

59

CC BY: Attribution alone 4.0

https://creativecommons.org/licenses/by/4.0/

https://doi.org/10.26219/heal.aueb.6120



Figure 4.24: Shot Outcome by Position in Even Play Type Shot (Percentage
of Total Possessions)

In scenarios characterized by Even Play possessions, shot distribution

manifests as largely balanced across Positions 2, 3, 4, and Forward. This

equitable distribution underscores teams’ strategic endeavors to diversify

shot attempts across positions, thereby mitigating offensive predictability.

Nonetheless, Positions 3 and Forward marginally edge ahead in shot fre-

quency, attributable to their heightened involvement in less prominent sce-

narios, such as late-clock situations within Even Play settings. Consequently,

these scenarios exhibit lower conversion rates, indicative of the challenges

posed by positioning intricacies. Noteworthy is the substantial proportion of

“No Shot” outcomes observed in possessions where the position is unknown,

a phenomenon often associated with possession scrambles or premature ter-

minations, either by steal or offensive foul committed, before the attacking

team’s formation is fully established.
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Figure 4.25: Shot Outcome by Position in Power Play Type Shot (Percentage
of Total Possessions)

In analyzing water polo’s set play scenarios, particularly those featuring

a player advantage, such as Power Play opportunities (Figure 4.25), a

predominant tendency towards a 4-2 formation among most teams is observed,

resulting in fewer instances where shots originate from Defender positions

(Position 3). Power Play possessions boast a commendable convergence goal

rate of approximately 47%, markedly superior to Even Play types. The most

prominent position yielding successful outcomes within Power Play possessions

is the Post Position (D1, D2), exhibiting a conversion rate exceeding 50%.

However, when the position is unidentified in Power Play situations, notable

observations arise. Firstly, such instances are relatively rare, indicating that

offenses in Power Play scenarios are typically well-established, minimizing

instances where player positions are indistinct. Furthermore, the lower

convergence rate in situations where position information is absent can

be attributed to the propensity for players to hastily exchange the ball and

attempt a shot when not closely marked by defenders. This hurried decision-

making may lead to less favorable outcomes, underscoring the importance of

strategic deliberation even in advantageous scenarios.
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Figure 4.26: Shot Outcome by Position in Fast Break Type Shot (Percentage
of Total Possessions)

As depicted in Figure 4.26, Fast Break possessions exhibit a notably

high convergence rate, with a substantial proportion of shots originating

from positions categorized as unknown. This phenomenon is inherent to the

nature of Fast Break attacks, where the numerical advantage or the absence of

defenders enables offensive players to prioritize advancing toward the goal over

establishing a structured position. Particularly, Position 5 (Right Wing)

emerges as a focal point, characterized by both a high convergence rate

and volume of shots. This observation aligns with the strategic dynamics of

Fast Break possessions, where offensive players often find themselves in closer

proximity to the goal, reducing the inherent difficulty associated with shots

from wing positions. Furthermore, the prevalence of right-handed players

further contributes to the prominence of Position 5 in Fast Break scenarios.
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Figure 4.27: Shot Outcome in Penalty Shots (Percentage of Penalty Posses-
sions)

The depicted Figure 4.27 illustrates the remarkable success rate of Penalty

shots, compared to other Shot Types, boasting an impressive convergence rate

of approximately 70%. This parallels findings in other sports such as soccer,

underscoring the efficacy of penalty opportunities in water polo. Notably, a

discernible outcome of 25% of penalty shots is blocked by the goalkeeper,

with the remaining shots either striking the goalpost or resulting in an Out,

in total compliance with results observed in soccer.

These findings stand in contrast to those observed in handball, a sport

sharing many strategic and tactical similarities with water polo. However,

such disparities are expected, particularly in penalty situations, as handball

regulations allow penalty takers to feign actions indefinitely, a tactic not

permitted in water polo or soccer (Smith, 2004, 2011).

4.3.3 Team Performance and Strategic Analysis

Embarking on an analysis of team performance and strategic dynamics in

water polo evokes a myriad of compelling investigations;
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How do teams perform in their first/last possessions of each quarter, and

what are the outcomes based on player positions?

How do defensive and offensive possessions vary between teams, and how

does this impact their overall efficiency?

What trends are observed in the progression of goals scored and the positions

from which attacks are executed throughout games?

In examining the dynamics of first possessions at the start of each quar-

ter (Figure 4.28a), several noteworthy observations emerge. The prevalence

of unidentified positions in the steal/offensive foul category indicates a

trend of possessions ending swiftly before offensive strategies can be fully es-

tablished. Furthermore, a significant correlation exists between the Forward

position and earning Power Play opportunities, as well as the occurrence

of Offensive fouls. This underscores the intricate nature of possessions

executed from the forward position, which, while strategically advantageous,

also carries inherent risks. Interestingly, there is a discernible increase in

Power Plays initiated from the wing position, potentially indicative of

a deliberate tactic to challenge opposing defensive setups. Notably, shots

from post positions are conspicuously absent, possibly reflecting heightened

defensive vigilance or a strategic preference for perimeter shots early on the

Quarter.
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(a) First Possession (b) Last Possession

Figure 4.28: First & Last Possession Actions by Position Mapped and Type
Frequency barplot

Conversely, end-of-quarter possessions present a different dynamic, char-

acterized by a higher frequency of shots from Post positions (Figure 4.28b).

This shift may signify a strategic effort to capitalize on optimal scoring op-

portunities or exploit defensive vulnerabilities as opposing teams contend

with fatigue. Despite similarities in the unknown positions for steals due

to quick possessions, fast break opportunities are more common in last

possessions compared to first possessions, suggesting a strategic shift towards

exploiting potential defensive lapses. Additionally, Even Play situations

witness fewer shots from the forward position in the last possessions, likely

influenced by team fatigue and the constraints of time. Notably, instances

of shots in the 5-meter shot type increase, indicate a strategic recourse

when other offensive options are limited, particularly in such scenarios where

Counterattacks (K) are less of a concern.
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(a) Offensive Possessions (b) Defensive Possessions

Figure 4.29: Team Possessions per Game when Attacking (Left) and Defend-
ing (Right)

An analysis of the team’s Possessions (Figure 4.29a, 4.29b) reveals that

the number of offensive and defensive possessions is not necessarily indicative

of a team’s league standing. Notable examples include VNC and PAO,

which finished in the top four positions despite not prevailing in terms of

total possessions. Conversely, PGSS and ETH finished in the bottom half

of the standings despite having a significant number of possessions.

Teams tend to initiate roughly the same number of offensive and defensive

Possessions (35-37 range), as expected due to the nature of water polo

gameplay. The home and cap frequency plots support this observation.

However, a slightly higher number of offensive possessions can be attributed

to higher-seeded teams, such as Olympiakos, dominating in their respective

games.

As illustrated in Figures 4.30a, 4.30b, there is less variability in teams’

offensive possessions compared to their defensive possessions. This likely

indicates that teams have a strategic plan in place when attacking, whereas

their defensive strategies may need to adapt based on their opponent’s tactics.

It is often observed that teams may forgo sprinting in the second half to

maintain a more organized defensive scheme, even if it means conceding

additional offensive possessions to the opponents.
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Overall, there does not appear to be a strong correlation between team

standings and the number of possessions played in this dataset. This could

be attributed to the limited data sample, which includes 41 out of 122 games,

and the unequal representation of all teams.

(a) Offensive Possessions (b) Defensive Possessions

Figure 4.30: Team Possession Boxplots when Attacking (Left) and Defending
(Right)

Figure 4.31 indicates a strong correlation between team standings and

the number of goals scored and conceded per possession. Lower-seeded teams

tend to be less effective in scoring, requiring a higher number of possessions

to achieve a goal, while simultaneously defending less effectively, allowing

opposing teams to score with fewer possessions.
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Figure 4.31: Conversion Rate by Team when Attacking and Defending (Red
diamond = mean, Numbers above upper plot = Games played for
each Team).

The dominance of OSFP in the standings (22 wins, 0 losses) is partic-

ularly evident in the Goals Scored per Possession figure, where they show

a significant difference even compared to the second-seed VNC (19 wins, 1

draw, 2 losses to OSFP). This exceptional performance highlights OSFP’s

efficiency in converting possessions into goals.

On the contrary, NOP, who finished second to last in the standings with

3 draws and 19 losses, exhibits poor efficiency metrics. This is reflected in

their Goals Scored per Possession and Goals Conceded per Possession figures,

indicating a struggle both in scoring and in preventing opponents from scoring.
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Figure 4.32: Exclusion Assessment for each Team.

Exclusions earned by teams serve as a reflection not only of their prowess

but also of their distinctive playstyles. For instance, OSFP, despite its domi-

nance in the league, ranks second to last in exclusions earned. This anomaly

can be attributed to OSFP’s strategic reliance on prolific wing players, who

contribute to a higher percentage of shots from those positions rather than

generating exclusions.

Conversely, teams like ANOG and VNC exhibit a heavier reliance on

forward play, resulting in a higher frequency of exclusions earned. This

indicates a difference in tactical approach, with these teams actively seek-

ing opportunities to draw exclusions through their forward-oriented strategies.

YDR, known for its productive offense both throughout the 2016-17 season

and in the dataset under examination, notably ranks last in exclusions earned.

However, despite this apparent disadvantage, YDR excels in converting these

“extra” possessions into goals, particularly from post positions. This highlights

the significance of not only earning Power Play situations but also capitalizing

on them effectively.
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Figure 4.33: Conversion Rate on After Timeout Plays by Team when Attacking
and Defending (Red diamond = mean, Numbers above upper plot =
Games played for each Team).

Despite the limited sample size, an examination of possessions following

timeouts (Figure 4.33) reveals no statistically significant improvement com-

pared to “normal” possessions. This trend may be attributed to timeouts

being predominantly called in late-clock or critical in-game situations, where

the tactical advantage conferred by the timeout may be offset by the defensive

readiness of the opposing team.

Notably, lower-seeded teams struggle to capitalize on these situations,

as the opportunity for their opponents to set their defense, even in player-

disadvantage situations, often outweighs their tactical advantage of strate-

gizing offensive plays. Despite its standing superiority, OSFP’s performance

in after-timeout situations (both when it initiates and defends against them)

aligns closely with that of other top-seeded teams, suggesting that the im-

pact of timeouts on offensive efficiency may be more nuanced than initially

perceived.
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Figure 4.34: Conversion Rate on End Of Quarter Plays by Team when
Attacking and Defending (Red diamond = mean, Numbers above
upper plot = Games played for each Team).

Teams occupying the bottom positions in the standings, namely NOP,

NOK, and PGSS, exhibit vulnerabilities in their defensive strategies, particu-

larly evident in late-clock situations (Figure 4.34). Opponents of these teams

demonstrate notable conversion rates in the last possessions of each quar-

ter, indicating a systemic challenge in defending critical moments of gameplay.

Conversely, irrespective of the number of games represented in the dataset,

upper-half-table teams showcase proficiency in late-clock defense. The ma-

jority of these teams successfully limit opponent scoring opportunities, with

less than one out of ten possessions resulting in a goal against them. Notably,

ANOG emerges as an exception, often displaying lapses in concentration and

conceding goals in such critical situations.

The analysis extends to the last possession of each match, where most

teams adopt a conservative approach, refraining from executing aggressive

attacks. This strategic decision reflects a calculated risk aversion, prioritizing

defensive stability and minimizing the likelihood of conceding a late-game
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goal.

4.4 Conclusion

This chapter delineates the intricate methodologies and significant findings

derived from performance analytics. The chapter is subdivided into crucial

sections, including data formulation and engineering, which serve as the

bedrock for subsequent team and individual performance evaluations. Data

integrity and preprocessing steps, such as handling missing values and cor-

recting data entry errors, are meticulously addressed to ensure the reliability

of the analysis. These foundational steps are critical as they directly impact

the validity of the insights drawn from the data.

Team analytics, a pivotal section of this chapter, delves into various met-

rics and performance indicators that reflect team dynamics and strategic

efficiency. Metrics such as possession counts, shot outcomes, and defensive

actions are thoroughly analyzed. The importance of possession as a core

variable is highlighted, with detailed examinations of its distribution and

impact on game outcomes. The analytical techniques employed, including

statistical tests for normality and distribution assessments, provide a robust

framework for understanding team performance within competitive scenarios.

The analysis reveals that teams typically engage in approximately 70-75

possessions per game, which are normally distributed across different matches.

Notably, the number of possessions does not directly correlate with the num-

ber of goals scored, as games with over 80 possessions do not necessarily yield

more goals.

Further exploration into team strategies highlights that higher-seeded

teams, like Olympiakos, exhibit more consistent offensive strategies compared
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to their defensive counterparts. This consistency in offensive possessions

indicates a strategic approach, whereas defensive strategies tend to be more

adaptive based on opponents’ tactics. Interestingly, the data suggests no

strong correlation between team standings and the number of possessions

played, potentially due to the limited sample size of 41 games out of a possible

122, which may not represent all teams equally.

The analysis also examines the effectiveness of teams in critical moments,

such as after timeouts and at the end of quarters. Lower-seeded teams often

struggle in these situations, as their opponents capitalize on the opportunity

to set up a robust defense, diminishing the tactical advantage of the timeout.

Conversely, top-seeded teams demonstrate proficiency in these scenarios,

maintaining defensive stability and minimizing goal concessions. This trend

is especially pronounced in end-of-quarter plays, where higher-ranked teams

successfully limit scoring opportunities, showcasing their defensive prowess.
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Chapter 5

Modelling & Prediction of

Possession Outcome

5.1 Model Description

The model aims to understand the factors influencing the conversion rate

(Outcome) at a possession level. The Outcome variable, initially comprising

five distinct levels (No Shot, Block, Out, Missing or Na, Goal), is redefined

into two categories, namely Goal or No Goal, to suit a logistic regression

framework aimed at assessing the conversion rate. The dataset consists of

various attributes related to each possession, including the player involved,

type of play, position of execution, end-of-quarter & after-timeout-play status,

team attacking, home team attacking, exclusion committed by the defending

team or/and exclusion committed by the attacking team and occurrences of

blocks, steals, and offensive fouls as well as the cap number of the attacking

players involved in these actions.
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Comments on Data Dimensions

The model is constructed using a subset of the dataset, comprising 2262

observations out of a total of 2976 and 11 variables. Missing values within

the “Player” and “Position” variables have been replaced with the label

“Undefined” (U) while missing values within the “Exclusion” and “Offen-

sive Exclusion” variables have been imputed as “No Exclusion” and “No

Offensive Exclusion” respectively. Incorporating additional variables such as

“Block,” “Steal,” and “Offensive” has notably altered the dataset’s dimensions,

underscoring the necessity for further scrutiny.

Comments on Additional Variables

• Block: Denotes the player who blocked the shot. While a value in

this column doesn’t necessarily signify the end of Possession for the

attacking Team (as they may regain Possession), it is argued that the

Cap number of the defensive player blocking the shot might not directly

impact the conversion rate.

• Steal and Offensive Foul: The presence of a Steal or Offensive foul

signifies a de facto change in the attacking team, initiating the next

possession, thus equalling the conversion rate to No Goal.

Mathematical Formula of the Model

The logistic regression model for predicting the conversion rate (Outcome)

based on the provided variables can be represented as follows:

Yi = Binomial(pi, Ni),

where Yi is the Outcome (Conversion Rate in ith observation-Possession)

consisting of two levels (Goal, No Goal). Therefore Ni = 1 and Yi follows the

Bernoulli distribution.
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logit(p) = log

�
p

1 − p

�
= β0 + β1 · Possession + β2 · Player + β3 · Type

+ β4 · Position + β5 · ATO+ β6 · EOQ

+ β7 · TEAM+ β8 · Role + β9 · Exclusion

+ β10 · Offensive Exclusion + β11 · Defending Team

Where:

• logit(p) is the log-odds of the conversion rate.

• β0, β1, β2, . . . , β11 are the coefficients associated with the intercept and

each predictor variable.

• Player, Type, Position, ATO, EOQ, TEAM, Role, Exclusion, Offensive

Exclusion and Defending Team represent the respective categorical

variables.

The reference levels for each categorical variable are:

• Outcome: Goal

• Possession: 1, Role: Away, TEAM: ANOG , Defending Team:

ANOG

• Position: Undefined, Type: 5-meter shot, Player: 1

• ATO: No after timeout, EOQ: No end of the quarter

• Exclusion: 1, Offensive Exclusion: 3
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Key Metrics

Null Deviance: 2500.3 (on 2261 degrees of freedom)

Residual Deviance: 1732.9 (on 2190 degrees of freedom)

AIC: 1876.9

The null deviance represents a model with only the intercept (no predictors),

while the residual deviance represents the deviance of the model with the

predictors included. A lower residual deviance compared to the null deviance

indicates a better fit.

Coefficients Interpretation

Each coefficient represents the log-odds change in the Outcome (being

“No Goal”) for a one-unit change in the predictor variable, holding all

other predictors constant. The coefficients can be interpreted as follows:

• Intercept (1.483 · 10): This is the log-odds of the outcome being “No

Goal” when all predictor variables are at their reference levels.

• Possession (−4.443 · 10−3): For each additional possession, the log-

odds of No Goal decrease by 0.003555. However, this is not statistically

significant (p-value = 0.206).

• 1-15 to Undefined Player: These coefficients represent the log-odds

change relative to the reference player. For instance, Undefined Player

has a significant positive effect on the outcome (log-odds = 3.419,

p-value = 0.004700), meaning Undefined Player is associated with a

higher probability of No Goal compared to the reference player (Player

1 corresponding to the Goalkeeper).

• Even Play, Fastbreak, Power Play, Penalty Shots: Different types

of plays. Fastbreak, Power Play, and Penalty Shots have significant

negative coefficients, indicating they are associated with higher log-odds
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of No Goal compared to the reference type (5-meter Shot is essentially

the hardest Type of Shot to convert).

• 1-5, F, D1, D2 to Undefined Position: Various player positions.

Positions 3, 5, D2, and F have significant negative effects on the log-odds

of No Goal.

• After timeout play (1.238 · 10−1): An indicator variable with a

non-significant positive coefficient.

• End of quarter play (8.556 · 10−1): An indicator variable with a

significant positive coefficient, indicating higher log-odds of No Goal.

• TEAM (team indicators): NOX has a significant positive effect on

the log-odds of No Goal.

• Home Team (−1.533 · 10−1): The role indicator is not significant.

• 1-15 to Undefined Exclusion: Various exclusion indicators. None of

these coefficients are significant.

• Offensive Exclusion occurrences: These variables have very high

standard errors and very low t-values, making them non-significant.

Significant Variables

• Undefined Player (p-value = 0.004700): Significantly increases

the log-odds of No Goal.

• Type K (p-value = 0.000237), Type P (p-value = 0.002753),

Type Pe (p-value = 9.29e-06): These types significantly increase

the log-odds of No Goal.

• Position 1 (p-value = 0.028520), Position 3 (p-value = 0.009948),

Position 5 (p-value = 0.026885), Position D2 (p-value = 0.007330),
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Position F (p-value = 0.000182): These positions significantly in-

crease the log-odds of No Goal.

• End of quarter play (EOQY) (p-value = 0.011499): Significantly

increases the log-odds of No Goal.

• NOX (p-value = 0.096905): Significantly increases the log-odds of

No Goal.

• Defending Team NOP (p-value = 0.014357), Defending Team

YDR (p-value = 0.007677): Significantly increase the log-odds of

No Goal.

Non-significant Variables

Variables such as Possession, Even Play, Position 2, and Home Team

among others are not statistically significant, meaning there is no strong

evidence to suggest they influence the outcome in this model.

Initial Model Conclusion

This model suggests that certain Players, play Types, and Positions signifi-

cantly influence the probability of No Goal. Specifically, Undefined Player,

Attacking Team NOX and Defending Teams YDR and NOP positively

affect the likelihood of No Goal, while play Types Fastbreak, Power Play,

and Penalty Shots, and Positions 3, 5, D2, and F negatively affect it.

This model provides a nuanced understanding of the factors contributing to

No Goal Outcomes, but further refinement and validation may be needed for

predictive accuracy.

79

CC BY: Attribution alone 4.0

https://creativecommons.org/licenses/by/4.0/

https://doi.org/10.26219/heal.aueb.6120



5.2 Stepwise Selection Procedure

In statistical modeling, particularly in the context of logistic regression, select-

ing the most appropriate set of predictor variables is crucial for creating a

parsimonious model that balances explanatory power and complexity. One

common method for variable selection is stepwise selection based on the

Akaike Information Criterion (AIC). The AIC is a measure of the relative

quality of statistical models for a given dataset, balancing model fit (through

the log-likelihood) with the number of parameters (to penalize overfitting).

The stepwise selection procedure can be either forward, backward, or a

combination of both (often referred to as stepwise regression). In backward

stepwise selection, the process starts with a model that includes all candidate

predictors and iteratively removes the least significant predictor variable (the

one whose removal reduces the AIC the most) until no further reduction in

AIC is possible. Conversely, forward selection starts with no predictors and

adds the most significant predictor variables step-by-step. The combined

approach allows for both adding and removing predictors at each step to find

the model with the lowest AIC.

In this analysis, the backward stepwise selection procedure based on AIC

from the stats default package in R was used to assess, the most predictive

variables for the conversion rate.

Stepwise Procedure Details

The initial logistic regression model included the following predictor variables:

Possession, Player, Type, Position, ATO, EOQ, TEAM, Defending Team,

Role, Exclusion, and Offensive Exclusion. The selection process proceeded as

follows:
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Initial Model (AIC = 1876.9):

Outcome ∼ Possession + Player + Type + Position + ATO + EOQ +

TEAM + Role + Exclusion + Offensive Exclusion

After 5 steps we conclude to the following model:

Final Model:

Outcome ∼ Player + Type + Position + EOQ + TEAM + Defending Team

With the lowest AIC of 1853.5, this final model was selected as the most

parsimonious and statistically robust model for predicting the probability of

No Goal being scored during a water polo possession.

5.3 Model Evaluation

Both models presented are logistic regression models. The likelihood ratio

test is used to compare the fit of these two models. Comparing the two

aforementioned models using the lrtest command from lmtest package in R

suggests that the likelihood ratio test (LRT) statistic is 16.55 with 20 degrees

of freedom, resulting in a p-value of approximately 0.6813.

5.3.1 Likelihood Ratio Interpretation

• Null Hypothesis (H0): The more complex model (m) is not signifi-

cantly better than the simpler model (m2).

• Alternative Hypothesis (HA): The more complex model (m) is

significantly better than the simpler model (m2).
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Summary

Given the p-value of 0.6813:

If we use a significance level (alpha) of 0.05, since 0.6813 > 0.05, we fail to

reject the null hypothesis. Therefore, there is not enough evidence to suggest

that the more complex model (Initial model) significantly improves the fit

over the simpler model (Final model).

5.3.2 Checking Collinearity

Variance Inflation Factor (VIF) measures the amount of multicollinearity in a

set of multiple regression variables. A high VIF indicates that the associated

independent variable is highly collinear with other variables in the model,

which can inflate the variance of the estimated regression coefficients and

make them unstable and difficult to interpret.

All Player levels (values) except Player 14, and Player 15 show very high

multicollinearity (VIF > 10).

5.3.3 Cross Validation

In the cross-validation process, a total of 2262 samples were used, with the

model incorporating 5 predictor variables. The response variable consisted

of two classes: ’Goal’ and ’No Goal’. The resampling method employed was

10-fold cross-validation. This involved dividing the dataset into 10 roughly

equal parts, or folds. The model was then trained 10 times, each time using

9 folds for training and 1 fold for testing and validation. This approach helps

estimate the model’s performance on unseen data and reduces overfitting.

The sizes of the folds varied slightly due to the dataset not perfectly divid-

ing by 10. Regarding the resampling results, the model achieved an average
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accuracy of approximately 78.03% across all folds. Accuracy measures

the proportion of correct predictions (both ’Goal’ and ’No Goal’) out of all

predictions made by the model. The average Cohen’s kappa statistic across

all folds was approximately 0.331. Kappa measures the agreement between

predicted and observed classes, correcting for the agreement occurring by

chance. A kappa value of 0 suggests no agreement beyond chance, while a

value of 1 indicates perfect agreement.

5.3.4 Machine Learning Metrics

Confusion Matrix

Actual/Predicted Goal No Goal

Goal 227 155

No Goal 319 1561

• Accuracy: Indicates that 79.64% of the predictions are correct.

• Precision: 82.98% of the predicted positive cases are actually positive.

• Recall: The model correctly identifies 41.59% of the actual positive

cases.

• Specificity: The model correctly identifies 90.51% of the actual negative

cases.

• F1 Score: The harmonic mean of precision and recall, gives a balance

between the two metrics.

The model has high specificity and reasonable precision, suggesting it is

good at identifying negative cases but has a relatively high false negative rate.

Recall is low, meaning the model struggles to identify positive cases correctly.
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5.3.5 ROC curve & AUC value

The Receiver Operating Characteristic (ROC) curve is a fundamental

tool for diagnostic test evaluation. It is used to assess the performance of a

binary classifier, in this case, the logistic regression model chosen by stepwise

procedure, which predicts the probability of an outcome occurring.

• X-Axis (False Positive Rate, FPR): This axis represents the pro-

portion of negative instances that are incorrectly classified as positive

(i.e., false positives). It is calculated as:

FPR =
FP

FP + TN

• Y-Axis (True Positive Rate, TPR): Also known as sensitivity or

recall, this axis represents the proportion of positive instances correctly

classified by the model (i.e., true positives). It is calculated as:

TPR =
TP

TP + FN

The ROC curve plots TPR against FPR at various threshold settings.

The curve illustrates the trade-off between sensitivity and specificity (1

- FPR).

Figure 5.1: ROC Curve Final Model

84

CC BY: Attribution alone 4.0

https://creativecommons.org/licenses/by/4.0/

https://doi.org/10.26219/heal.aueb.6120



The plot above (Figure 5.1) breaks down into the following components:

The performance of the logistic regression model across different thresh-

old values is represented by the blue curve. The closer this curve follows

the left-hand border and then the top border of the ROC space, the better

the model’s performance. In contrast, the grey dashed line represents a

random classifier’s performance, which classifies instances randomly with a

50% chance of being correct. A good model will have its ROC curve above

this line, indicating better-than-random performance.

The Area Under the Curve (AUC) is a single scalar value summarizing

the performance of the classifier across all thresholds. The AUC value ranges

from 0 to 1, where an AUC of 1 represents a perfect classifier, an AUC of 0.5

indicates no discriminative power (equivalent to random guessing), and an

AUC less than 0.5 suggests worse than random guessing, usually a sign of an

incorrect model.

For this logistic regression model, the AUC is 0.85, indicating good model

performance. This value implies that there is an 85% chance that the model

will correctly distinguish between a randomly chosen positive instance and a

randomly chosen negative instance.

5.4 Final Model Interpretation

The logistic regression model aims to predict the probability of the Outcome

being “No Goal” based on the predictor variables: Player, Type, Position,

EOQ, TEAM, and Defending Team. The coefficients of the final model

are interpreted as the change in the log-odds of the outcome (being “No Goal”)

for a one-unit change in the predictor variable, holding all other predictors

constant.
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The exponentiated coefficients (odds ratios) provide an intuitive under-

standing of how each variable affects the odds of the outcome. To convert

this to odds, we exponentiate the intercept:

Odds = e0.992 ≈ 2.70

The intercept of the model is 2.70, which represents the baseline odds

of the outcome being “No Goal” when all predictor variables are at their

reference levels. This serves as a benchmark against which the effects of other

variables are compared. In other words, this means that, given the reference

levels, the odds of the outcome being “No Goal” are approximately 2.70 to 1.

Player Variables

The player variable includes coefficients for individual players and an unde-

fined player category. For instance, the odds ratio for the undefined player is

30.49, indicating that being an undefined player increases the odds of a “No

Goal” outcome by approximately 30 times compared to the reference player.

This substantial increase highlights the significant impact that player identity

can have on the outcome.

Type of Play

Different types of play significantly affect the likelihood of a “No Goal” out-

come. Fastbreak plays (Type K) have an odds ratio of 0.232, implying that

such plays reduce the odds of “No Goal” to approximately 23.2% of the odds

when compared to the reference type, which is a 5-meter shot. Similarly,

power plays (Type P) and penalty shots (Type Pe) have odds ratios of 0.362

and 0.087, respectively, both indicating lower odds of a “No Goal” outcome

compared to 5-meter shots. These results suggest that fastbreaks, power

plays, and penalty shots are more effective in reducing the likelihood of a “No

Goal” than the reference play type.
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Player Positions

The model includes several player positions, each affecting the odds of a

“No Goal” differently. Position 3 has an odds ratio of 0.466, meaning that

this position is associated with a 53.4% reduction in the odds of “No Goal”

compared to the reference position. Position 5, D2, and F have odds ratios of

0.510, 0.412, and 0.326, respectively. These positions significantly decrease

the odds of a “No Goal” outcome, indicating their strategic importance in

gameplay.

End of Quarter (EOQ)

The end of the quarter is another significant variable, with an odds ratio

of 2.33. This indicates that the odds of a “No Goal” outcome increase by

approximately 133% at the end of a quarter, compared to other times. This

result may reflect increased defensive efforts or decreased offensive effective-

ness as time runs out.

Team Variables

Team affiliation also plays a crucial role in the likelihood of a “No Goal”

outcome. For example, playing for Team NOX increases the odds of a “No

Goal” by 2.21 times compared to the reference team, ANOG. Despite its

p-value rising to between 0.05 and 0.1, indicating marginal significance, it

suggests that team dynamics and strategies significantly influence the outcome.

Defending Team Variables

The defending team’s identity also has a significant impact. For instance,

playing against Defending Team NOP decreases the odds of a “No Goal” by

approximately 56.2% compared to the reference team. Conversely, playing

against Defending Team YDR increases the odds of a “No Goal” by approxi-

mately 194.2%.
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Overall, the model indicates that player identity, type of play, player

position, end of the quarter, team affiliation, and defending team identity

significantly impact the odds of achieving a “No Goal” outcome.

Significant Variables and Their Interpretation

The logistic regression analysis reveals several significant predictors of the “No

Goal” outcome. The undefined player category (Player U) has a pronounced

effect, increasing the odds of a “No Goal” substantially. Among play types,

fastbreaks, power plays, and penalty shots are all effective in reducing the

odds of a “No Goal”, highlighting their importance in offensive strategy.

Player positions, particularly positions 3, 5, D2, and F, significantly lower the

odds of a “No Goal”, emphasizing their defensive and offensive roles. The

end of the quarter sees a marked increase in the odds of a “No Goal”, which

may reflect strategic shifts as the quarter concludes. Finally, team affiliation,

particularly playing for Team NOX as an attacking team, and playing against

Teams YDR and NOP as defending teams, significantly increases the odds of a

“No Goal”, indicating the influence of team-specific strategies and performance.

Overall, this analysis underscores the multifaceted nature of the factors

influencing the “No Goal” outcome and provides actionable insights into

improving team performance and strategy.

88

CC BY: Attribution alone 4.0

https://creativecommons.org/licenses/by/4.0/

https://doi.org/10.26219/heal.aueb.6120



Chapter 6

Overal Conclusion and Further

Research

6.1 Conclusions

In this thesis, water polo game dynamics were analyzed comprehensively,

focusing on the Greek League, specifically the Men’s A1 league in the 2016-

17 season. The key objectives were to provide an understanding of league

and team tendencies, model and predict possession outcomes, evaluate the

influence of various factors on game results, and provide actionable insights

for improving team performance.

Findings from the team analytics from Chapter 4 provided further insights.

Team NOX, for example, demonstrated specific tendencies in their gameplay

that could be attributed to their overall strategic approach. The team’s

performance metrics indicated a preference for defensive plays over aggressive

offense, which was evident from their lower goal conversion rates but higher

defensive stops. This defensive bias was particularly pronounced in high-

stakes matches, such as derbies, where the margin of victory was significant.

The study highlighted key differences in offensive and defensive strategies
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among teams. Higher-seeded teams, such as Olympiakos, exhibited more

consistent offensive strategies compared to their defensive counterparts. In

contrast, defensive strategies were found to be more adaptive, often adjusting

based on the opponents’ tactics. This adaptability in defense underscores the

strategic depth required to counter various offensive plays effectively.

One of the critical insights from the analysis was the performance of teams

during critical moments, such as after timeouts and end-of-quarter plays.

Lower-seeded teams often struggled in these moments, with their opponents

typically setting up strong defenses that nullified any tactical advantages. On

the other hand, top-seeded teams demonstrated proficiency in maintaining

defensive stability and minimizing goal concessions during these crucial peri-

ods, highlighting their strategic superiority. The analysis also examined the

distribution of possessions and its impact on game outcomes. It was found

that games with over 80 possessions did not necessarily result in more goals, in-

dicating that possession count alone is not a definitive predictor of goal scoring.

In addition to these findings from the exploratory analysis, modeling-

related findings underscore the multifaceted nature of water polo, where

player positions, types of play, and specific game situations significantly

impact the likelihood of a successful outcome. Player positions, particularly

Positions 3, 5, D2, and F, were found to be highly influential in reducing the

likelihood of a “No Goal” outcome, emphasizing the importance of strategic

positioning for both offensive and defensive plays. Different Types of play,

such as fastbreaks, power plays, and penalty shots, were significantly

more effective in achieving goals compared to the reference type, which is a

5-meter shot. This highlights the importance of integrating more of these

plays into offensive strategies. The end of each quarter was associated with

a substantial increase in the likelihood of a “No Goal” outcome, likely due

to heightened defensive efforts and strategic adjustments as the clock winds
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down. The analysis also revealed significant variations in performance based

on team affiliation. For example playing for one of the bottom-seeded teams

(NOX), though not relegated that season, and being a defender on one of

the best defending teams (YDR) both increased the odds of a “No Goal”

outcome, indicating the influence of team-specific strategies and overall team

dynamics.

6.1.1 Implications

These insights provide a data-driven foundation for enhancing water polo

strategies. Coaches and team managers can leverage these findings to optimize

player positioning, prioritize specific types of plays, and make strategic ad-

justments during critical moments in the game. By focusing on the identified

influential factors, teams can improve their chances of scoring and ultimately

winning games.

In conclusion, this study has demonstrated the critical role of strategic

positioning, play types, and game dynamics in determining the outcomes

of water polo possessions. By leveraging these insights, teams can enhance

their performance, optimize their strategies, and achieve better results in

competitive play. The continuous evolution of sports analytics will undoubt-

edly contribute to the ongoing improvement of water polo as a dynamic and

exciting sport.

6.2 Limitations and Further Research

This study has provided valuable insights, but some limitations warrant fur-

ther research. Future studies could explore more granular in-game dynamics

and place a greater emphasis on player evaluation, an aspect that this thesis

does not extensively cover. Possession-related statistics (either disposing
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the ball or gaining possession indicators) (Perazzetti et al., 2023) can offer

further insight into how players perform on “50-50” contested instances and

their overall involvement in teams’ offense. Passing networks, including both

volume and sequential importance, and ball possession time (Platanou and

Varamenti, 2023), can enhance the insight into teams’ strategies and players’

tendencies aiding in-game coach’s decisions. Further refinement of defensive

schemes, including a detailed subdivision of basic categories like even play

and power play into more specific types such as individual pressing, various

zone defenses, and split defense, can significantly enhance scouting proce-

dures (Sabio et al., 2019). This level of granularity, as suggested by Sabio

(2020), would assist the coaching staff in designing workout routines tailored

specifically to counteract the strategies of upcoming opponents.

Moreover, previous research has underscored the importance of specific

game time points, such as first-ball possession, first-quarter scores, and post-

timeout possessions, in influencing final and inter-quarter scores (Argudo

et al., 2011; Hraste et al., 2014; Gómez-Ruano et al., 2023). These studies

suggest that early leads and strategic timeout usage can significantly impact

game outcomes, in alignment with the aforementioned results in the team

dynamics chapter. While this thesis has effectively covered most of these

aspects and additionally examined the impact of end-of-quarter possessions,

it is constrained by the limited number of games (41) in the dataset. This lim-

itation is particularly notable for high-stakes matches, the so-called “derbies”,

where the margin of victory can be substantial. To enhance the assessment of

team performance during potentially game-defining moments, incorporating

more balanced games from the same or different seasons would be beneficial.

This dataset was compiled by trained individuals present at each game,

who filled out the specified stat sheets without access to most box scores

or game recordings. Despite significant efforts to validate these statistics

92

CC BY: Attribution alone 4.0

https://creativecommons.org/licenses/by/4.0/

https://doi.org/10.26219/heal.aueb.6120



through various assumptions and correction protocols, the accuracy could be

further enhanced by post-game evaluations conducted by water polo experts

(such as coaches and players), supported by tactical questionnaires as used

in previous research (Hraste et al., 2008). Furthermore, statistics such as

lineups, unsportsmanlike behavior, and ball possession time can be measured,

or at least estimated for the latter, given only the official scoresheets and do

not require video footage paving the way for further research, given that those

archives can be obtained from Greek Swimming Community (ΚΟΕ).Also,

three playoff games from two different series of the same season and five

games from the Women’s A1 Greek League from the 2016-17 season have

been tracked. These additional datasets can be used for comparative analysis,

offering further opportunities for research.

Comparing the data type used in this thesis with previous research reveals

potential room for refinement. Past studies have utilized a variety of data

sources, including detailed physiological data from training sessions, i.e. player

fatigue and throw dynamics, and comprehensive game statistics from box

scores and video recordings (Smith, 1998; Fridvalszki et al., 2022; Argudo

et al., 2020). In contrast, this thesis relies primarily on possession-level data,

which, while valuable, may not capture the full spectrum of influences on game

outcomes. There are also demographic data available obtained for the 2016-17

season, including biometrics, work status, and practice hours metrics. With

the necessary players’ consent, these data can offer a more comprehensive

understanding of the factors influencing game outcomes. Expanding the data

set to include these additional types of data could provide a richer, more

nuanced model.

Additionally, developing predictive models that incorporate real-time data

could enhance in-game decision-making, providing teams with a competitive

edge. Exploring the integration of machine learning algorithms and advanced
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statistical techniques could further refine these models and improve their

predictive accuracy.

Finally, expanding the dataset to include international leagues or different

junior championships could also offer a more comprehensive understanding of

water polo dynamics and support a useful comparison in play styles between

various leagues(Hraste et al., 2014).
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Appendix A

Appendix

A.1 Preliminary Tables

Figure A.1: Team Standings A1 Greek League 2016-17 season
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A.2 Frequencies

Blank 1 10 11 12 13 14 15 2 3 4 5 6 7 8 9

Before 62 33 44 37 26 3 10 7 29 42 43 41 38 59 38 23

After 0 33 44 37 26 3 10 7 29 42 43 41 38 59 38 23

Table A.1: Changes in Steal values

Figure A.2: Missing Exclusion Barplot

Blank 1 10 11 12 13 15 2 3 4 5 6 7 8 9

Before 53 469 11 21 7 9 24 13 17 21 21 17 24 13 8

After 0 469 11 21 7 9 24 13 17 21 21 17 24 12 8

Table A.2: Changes in Block values
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Figure A.3: Home Frequency barplot

Figure A.4: Cap Frequency barplot
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Figure A.5: Player Frequency barplot

Figure A.6: Position Frequency barplot
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Figure A.7: Outcome Frequency barplot

Figure A.8: Type Frequency barplot

Tests Shapiro-Wilks Kolmogorov-Smirnov Anderson-Darling Lilliefors

p-value 0.2533 < 2.2 · 10−16 0.19 0.1467

Normality ✓ ✗ ✓ ✓

Table A.3: Normality Tests
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Figure A.9: Conversion Rate Boxplots Team (Up) Opponent (Down))
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A.3 Game Progression Plots

Home Goal Difference

Figure A.10: Home Goal Difference Game Progression of ANOG

Figure A.11: Home Goal Difference Game Progression of AOPF
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Figure A.12: Home Goal Difference Game Progression of ETH

Figure A.13: Home Goal Difference Game Progression of NOP
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Figure A.14: Home Goal Difference Game Progression of PAO

Figure A.15: Home Goal Difference Game Progression of PAOK
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Figure A.16: Home Goal Difference Game Progression of PGSS

Figure A.17: Home Goal Difference Game Progression of VNC
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Game Progression Position Mapped

Figure A.18: Position Mapped Game Progression ANOG total Games

Figure A.19: Position Mapped Game Progression PGSS vs ETH
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Figure A.20: Position Mapped Game Progression VNC vs PAO

Figure A.21: Position Mapped Game Progression NOP vs AOPF
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