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ABSTRACT 

As we know, football is the most popular sport among the fans all over the world and, in today’s 

world a very lucrative business for club owners and stakeholders, and sometimes its own supporters.  

With the board and supporters’ expectations being higher with the money spent on new players and 

conditions to attract valuable assets for the clubs, the teams tend to invest their money on 

infrastructures and other type of conditions for their players, including a better staff. 

The teams’ staff normally gather many data during the training sessions, other teams’ observation, 

and post-match observations, meaning that the investment is now increasing on hiring new data 

analysts. Additionally, there are scouting teams that gather data as well. With that, the question that 

arises is how can football teams increase their performance, using data analysis? 

The goal of this dissertation is to understand how the existing tools are helping teams improving 

their performance in and off the pitch and propose new ways on how future analysis can be 

conducted. To meet this goal, an extended systematic literature review will be taken, to present a 

discussion and conclusions on how data analysis can influence football clubs and players’ 

performance. 
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1. INTRODUCTION 

In this section a background about football will be done, supporting the problem identification, giving 

a first draft of the first research questions that should be taken into account. It will also be presented 

the motivations of the study, as well as the objectives.   

1.1.  BACKGROUND AND PROBLEM IDENTIFICATION 

In today’s world, as we know, the sport that has the most supporters and viewers in the whole world 

is football, or soccer, as it is known in North America. With that, the investment in clubs has naturally 

grown, increasing development of many private soccer clubs all over the world (Baboota & Kaur, 

2019) and consequently, the supporters, club boards, and owners started to put more pressure on 

teams to have better performance and exceed initial expectations. From a business perspective, 

creating new clubs with young players, loaning players from other clubs, picking specific positions, 

determining wages to players based on performance and international rankings is a complicated 

decision process (Rajesh et al., 2020). 

The basis of football and what normally happens is that the better performance a team has, better 

the rewards the team gets. These rewards are either directly related with sports, gaining the right of 

playing in the best competitions with the best team of their continent, and potentially, the world, 

with teams of the same level, or other over-achieving teams, or related with higher monetary prizes. 

With the objective of doing better and achieving board expectations, the money gained by clubs, that 

can be earned on the yearly competitions and on extra revenues (from merchandising, ticket sales, 

player sales, personal owner capital injections, bank loans, among others), is reinvested not just in 

good team managers or coaches or new players, but also in excellent infrastructures for first team, 

and youth teams, and hiring other staff members, also related with data analysis. 

Since players’ prices are exponentially growing, having teams spending more than 100 million in the 

transfer markets repeatedly over the years, teams with lower budgets are essentially betting on their 

youth systems to promote players to their first team and consequently increase their market value. 

This tendency is specially increasing in Portugal, since only three teams in our country can, in a 

smaller scale, follow the European tendency. 

The valorization of players is, in the current times, increasing not just on the pitch, but also off it. In 

that basis, clubs are focusing on guaranteeing that players are focused on results, being both 

physically and psychologically well recovered. With the money spent on these areas and staff to do 

the daily squad monitorization, the club is building on their future, since the player can have a 

valorization of millions on the future and, for a club with small yearly budget, the strategy should be 

this one (Rajesh et al., 2020). The football culture in Portugal is exactly this one, and there are many 

examples of Portuguese players found and developed by Portuguese clubs that were sold for millions 

after some years on the first team. These homegrown players, if well exploited, can not only 

guarantee financial sustainability, but also good sportive results. 

All of this daily processes in football generates millions of data per day, and even more per season, 

since we can look to many statistical indicators, which means that a good staff is also needed to 

analyze the raw data and transform it into physical outcomes, since a highly specialized coaching 
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provision has a significant and positive impact (Valenti et al., 2020) on decision making. The data 

received can come from training, opponent teams’ analysis, previous matches’ analysis, transfer 

targets’ analysis and the youth teams’ games and training. All of these indicators and all in-game 

actions should be included to create statistics and come out with a descriptive result (Tianbiao & 

Andreas, 2016). A season or even a game should be prepared having in mind the data from previous 

years, but also current years. Using feature engineering and exploratory data, the clubs can combine 

the most important factors and predict the results of the next match (Tianbiao & Andreas, 2016). 

Therefore, the clubs are in much need of tools that can support them to make the best decisions as 

possible around all these questions, where the raw data can be imputed creating a solid output that 

could inform clubs if they are underperforming, on track to accomplish their objectives, or having a 

better performance than expected. Additionally, the tools should be helpful to staff teams to adopt 

new ways of increasing performance. 

In the last years, football is improving the data-driven approach in terms of the decision, so the 

motivation for this research resides on the fact that data analysis on football is increasingly starting 

to be a key part of football. Since there are specific events to talk about data analysis and football 

related themes, and teams’ staff are hiring more and more data analysts, to different and specific 

areas, data analytics has permeated the sports world (Corscadden et al., 2018). Although, there is 

new clear way on how data analysis is effectively influencing the players’ performance and clubs’ 

results, even though there are proofs that data science leads to improve business profits through a 

systematic enhancement to football datasets (Rajesh et al., 2020), but again, no clear information 

about sportive performance. Sometimes statistics and accuracy is often disparaged as a threat to 

football’s romanticism (Spector, 2016), making this a much-criticized theme among the lovers of the 

sport. 

The clubs do not explain clearly how they use data and what are the specific functions of their data 

related staff members. This raises many questions, such as: 

 Does data analysis only affect training? 

 What influence can it have on match preparation and during the match? 

 What is the influence on the players, mentally? Are their decisions influenced on data 

inputs given by the coaching staff? 

 Does data have any influence on injury prevention, or even on recovery itself? 

 Does data influences decisions about young players promotion to the first team? 

 Are players more likely to be signed for other clubs if they have a better 

performance, from the statistical point of view? 

Some authors already tried to explain and study this subject, talking about some clubs as given 

examples, but as far as we know, never a Portuguese club was referenced, or anyone tried to 

understand how the evolution of data analysis is in football and performance. 

1.2.  MOTIVATION AND JUSTIFICATION 

The study relevance of this dissertation, from the sports community point of view, resides on the fact 

that supporters can have a better overview on what is the day-to-day process of a team staff, that is 
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sometimes considered unnecessary. Additionally, to get to know the reasons that are behind the 

promotion of an academy player or the signing of certain, and sometimes, unknown player. 

For the teams themselves, the contribution could be wider, in the sense that, according to the 

budget they have, the teams should adapt their analysis to their needs and resources. This will 

guarantee and improve their sustainability and sportive evolution throughout the years, showing 

audacity and no fear to risk on new methods to achieve results. 

Scientifically, this research can help the data analysis world to be more associated with another 

successful application of data analysis methods, that is used in a numerous field of study. 

Additionally, this study can overcome many barriers in many other sports that can also, in the future, 

depend and see in data analysis a safe guarantee of performance improvement, having in mind that 

an exclusively quantitative approach does not allow definitive conclusions to be drawn on the 

complex relationship between elite sport policies and analysis outcomes (Valenti et al., 2020). For 

example, Moneyball changed baseball and almost all ball games (Kuper, 2013), consisting of a great 

case study on how crunching numbers can give you an edge. 

1.3.  STUDY OBJECTIVES 

Since good decisions are critical for business success, and the world of football is increasingly 

becoming more and more a business, the goal of this master’s degree dissertation would be to find 

out how can data analysis influence football teams to have better sports performance. 

After the analysis of the questions and background problems earlier identified, it was decided that 

this research would just focus on in-game performance, match preparation and opponent team 

analysis. 

To achieve this goal, the following intermediate objectives were defined: 

 Understand how technologies can help staff gather raw data to be analysed. 

 Understand how specific software helps staff teams to understand: 

a. Who are the players that are performing better on the team?  

b. Who are the players that are performing better on the opposing team?  

 Perform and extensive and systematic literature review to understand what tools, 

how they are used, and their results. 
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2.  METHODOLOGY 

To achieve the goal of study a methodological path divided in three different phases will be followed: 

exploration phase, analytical phase, and conclusive phase. Each phase is divided in specific steps as 

identified in Figure 1 that will be able to reach the proposed specific goals. 

 

Figure 1 – Methodology Proposal. 

In exploration phase, the literature review will be carried out, identifying the theoretical basis for this 

study, starting with football theoretical concepts, historical contexts and rules. After this 

introduction, a theoretical basis will also be given to data analysis concepts and its relation to sports.  

In analytical phase, a systematic literature review will be conducted, identifying the important papers 

for this research. Then, the bibliometric analysis, consisting on the identification of the most used 

terms on papers. The papers will be divided into categories according to themes discussed on the 

manuscripts analysed. Lastly, the papers will be individually analysed to understand the outcome of 

the researches that were taken. 

In the conclusive phase, the conclusions about previous works will be presented. In the end of this 

study, it will be identified the principal conclusions obtained, the identified future study 

recommendations.  
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3. LITERATURE REVIEW 

In this chapter, the theoretical basis for the development of the master thesis will be presented.  

The objective of the literature review is to give, firstly, an introduction to the major concepts of this 

research: football and data analysis. With that purpose, the literature review was organized in three 

parts. 

In the first part, the football as sport is explained, alongside with its basic concepts and rules. More 

technical aspects of the game were also explained (tactics, performance, scouting, challenges and 

opportunities of the sport, and technologies used on the sport).  

In the second part, the research focus on the concepts regarding data analysis. 

The third and final part, show the relation of football and data analysis through technologies, 

algorithms, and tools, using a systematic literature review. 

3.1.  FOOTBALL 

Football, or by the etymology of the noun “the action of kicking a ball”, has its origins, as we know it 

today, on the 19th century, in England. The oldest known and official professional football blub is 

Notts County, formed on the year of 1982 and currently playing on the fifth tier of English Football. 

The first competitions were born on the industrialization phase of history and led to larger groups of 

people meeting at places such as factories, pubs, and churches. In 1885, professional clubs were 

legalized and, three years later the English Football League, was created. 

Although, the first major competition was the Football Association Challenge, as known as FA Cup, 

which still exists today. Initially, the players were only playing as a hobby, where the greatest part of 

the players, and specially the competitions’ winners were the richest part of the population. The 

rules, back then, explicitly said that no player could have any type of remuneration from playing 

football. 

In Portugal, the first match was played in the Madeira Island, in the end of the 10th century, induced 

by a British student that was living there. The first football club was only founded in 1893, by the 

name of Futebol Clube do Porto, and still runs on the topflight of Portuguese football. Although, 

some historians, said that the first club was founded on 1898, and that F.C. Porto was created lately, 

by the name of Sport Clube Vianense.  

In the current days, and as talked on the background of this research, football is the sport with the 

most audience in the world. The financial investment is exponentially growing as well, to historical 

numbers. In fact, football has had (Doidge et al., 2019) a significant economical transformation. It 

attracts, from a positive side, much academic attraction, but also extreme groups that do not 

contribute to the popularity of the sport. 

3.1.1. Concepts and Rules 

There are some concepts and rules that should be presented before further explanations, to better 

understand the more technical details of this research. 
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Starting by the rules, the objective of football is simple: to score a goal in the opponents’ net. There 

are three possible results on this sport: the victory, which goes to the team that scored most goals, 

the draw, when both teams score the same number of goals, and lastly, the loss, to the team that, 

scored the least goals. The main rules are:  

 The field should have between 90 meters and 120 meters of length and between 45 

and 90 meters of width, with the define markings for the boxes, halfway line, corner areas 

and penalty spots. 

 Eleven players (ten field players and one goalkeeper) and a certain number of 

substitutes and substitutions allowed (depending on the rules of each competition), compose 

a team. 

 The game must have at least three referees (a principal referee, two linesmen, and 

optionally a 4th official). Additionally, depending on the competition, there could be two 

more referees on the Video Assisting Referee (VAR) technology. 

 The game has a minimum of 90 minutes plus added time. In certain competitions, if 

the final score, on the 90 minutes, is a draw, the game can have up to 120 minutes and, if in 

the end of that time, the score is still a draw, penalties are required to break a tie. 

 

To conceptualize football, it is considered (FIFA, 2019) that football is part of our communities, 

meaning that every nationality, creed, ethnicity, education, gender, or religion is equally accepted. 

The growth of the sport will be guaranteed by these basic values, improving its quality and integrity. 

Football is a complex game with various number of actions per training and game, and that it is 

(Constantinou & Fenton, 2017) the most popular sport in the world, leveraging the inspiration of 

many researchers to use football activities in their work.  

3.1.2. Tactics 

According to (Beal et al., 2020), there are multiple decisions that the manager must make before and 

during a football match. The success of these tactical wise decisions is measured by its positive or 

negative outcomes. 

Teams normally adapt their tactics according to their probability to win, using, for instance, more 

reserved tactics to pick up points, in case they are the team with less chances of winning (Beal et al., 

2020). 

Therefore, the matches are prepared previously, and managers prepare, during training session for 

the upcoming matches, focusing on their team style, defining the team formation, and selecting the 

first team players. The tactics can have specific characteristics, like the mentality (offensive, 

defensive, counterattack, among others), the tempo, and the passing style, among other. 
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Figure 2 – Example of Team Formation (4-4-2) (Beal et al., 2020). 

The managers also make many in-game decisions, where they can change their play style, team 

formation, and even change the players, according to the competition rules, as explained above. The 

objective of these decisions is to improve team’s chances of winning the game. 

Some of the key pre-game decisions that are made by both teams include (Beal et al., 2020): 

 Team Style: relates to the teams overall use of different playing methods. In table 1, 

we can see some examples of playing styles. 

 Team Formation: how players are organized on the pitch. In figure 2, we can see a 

formation example. 

 Selected Players: 11 players thar are selected to play. Some players may play better 

in certain styles and formations. 

Table 1 – Examples of Playing Styles (Beal et al., 2020). 

Style Description 

Tiki-Taka Attacking play with short passes 

Route One Defensive play with long passes 

High Pressure Attack by pressuring the opposition 

Park the Bus A contained defensive style 

3.1.3. Performance 

From business perspective, and defining the word performance, it can be seen as the ability of a 

specific company to implement an optimal organization, with the objective of meeting expectations 

of buyers or consumers. From a sports perspective, it is not very different, if we look at the 

consumers as the board or the team’s supporters. This means that performance can be measured by 

the proposed objectives that were accomplished. Although, in sports that is not linear, since we can 

consider that a team had a high performance, but did not have the objective desired, since the team 

lost the game, for example. 
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In football, such as in many other sports and fields of study, the performance is a good key indicator 

to the success of business. Specifically for football, performance analysis is an integral part of the 

coaching process (Mackenzie & Cushion, 2013). To asset and evaluate football performance the most 

important variables are the physical conditions alongside with the technical and tactical performance 

(Rösch et al., 2000). 

In this sport, measuring and manage performance is a complex process that involves optimizing 

many key factors for football players, for instance, physical performance, skill-based training, tactical 

training, minimizing risk of injuries, and providing psychological support (De Silva et al., 2018). 

In (Rice, 2014) article, it is told, for example, that Brentford, a club from the English Premier League 

(by the time the article is written, the team was still on Championship, that corresponds to the 

English’s Second Division), the key performance metric should be expected goals, that explains the 

quantity and the quality of the attacking team plays. 

3.1.4. Challenges and Opportunities 

Like every other study in the sports, there are challenges and opportunities associated with the study 

of players and teams’ performance is no exception. The biggest opportunity found is that 

performance analysis is now widely accepted among coaches, athletes, and sports scientists as a 

valuable input into the feedback process (Mackenzie & Cushion, 2013). On the other hand, the 

biggest challenge is how to successfully predict the future performance, despite the inherent 

problems associated with investigating a multifaceted and often uncontrollable phenomenon. 

According to reports from (Kuper, 2013), some English Premier League managers, even the most 

sceptic ones, started to understand the importance that data can have in football. The examples 

given are Roberto Mancini, while he was at Manchester City, and were the league winners, and David 

Moyes, currently at West Ham United. The questions that were put by the managers were about the 

opposing team’s performance, and general statistics to see how they play. This consists into a very 

important opportunity to data analysis in sports since high profile managers use these techniques in 

their managerial staff.  

On the other hand, states that football has alternative perspectives that influence team results and 

should be more explored, and sometimes being left out by data analysis, such as player recovery 

from fatigue and psychological mind-sets.  

3.2.  DATA ANALYSIS 

In this chapter, the theoretical insights about data analysis will be given having in mind the 

techniques used on the papers and articles taken into consideration for this research. The data 

analysis concept is very complex, since there are many ways of reaching an objective with the 

dataset we are treating. According to (Haneem et al., 2017) the most researched topics on data 

analysis were: master data, data quality, business intelligence, business process, data 

integration, big data, data governance, information governance, data management, and 

product data. 
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3.2.1. Concepts 

After the papers’ analysis, the theoretical basis needed to better understand the algorithms, tools 

and technologies that will be presented later this research are: 

 Data Analysis: systematic application of statistics and logical techniques to describe, 

treat and evaluate data. 

 Data Mining: process used to take information from large sets of data, deriving 

patterns and trends existing in data, to define a data-mining model. 

 Social Network Analysis: tools used to analyze relationships between people in 

groups. Its objective is to understand structures and interdependencies.  

 Data Analytics: process to do an examination to datasets, with the objective of 

gathering conclusions about the information they contain. 

 Machine Learning: subfield of artificial intelligence, defined has the capability a 

machine has to do the same as intelligent human behavior. 

 Feature Engineering: step to transform raw data into features to be used in 

algorithms, such as predictive models.  

 Predictive Models: these models are the outcome of the creation, during the 

feature-engineering step, of predictor variables selected for this predictive model. 

 Data Engineering: step that allows data to be more useful and accessible, doing 

transformation to the raw variables. 

 Business Intelligence: an infrastructure, of type procedural and technical, which 

collects, stores, and analyzes the produced data. 

 Big Data: bigger and more complex datasets, which cannot be processed by 

traditional software and machines, due to its lack of capability to manage data. 

 Data Science: interdisciplinary field of study, using data from various research to 

derive the meaning of the data. 

 Statistics: branch of mathematics, that collects, analyzes, interprets, and presents 

numerical data. 

 Decision Support Systems: software used to support courses of action, judgements, 

and determination in an organization or business. 

3.2.2. Football Analytics – Concept 

The study of (Babbar, 2019) refers sports analytics is a combination of data collections, forecasting 

the game and techniques to interpret the game strategy to improve a player’s performance 

individually and for the team. Additionally, football can be used a support method to coaches’ 

decisions. 

With the use of the right algorithms and technologies, a huge number of aspects of the game can be 

captured, starting with the ball movement, and finishing on the players’ heart rate and positioning. 

These tools allied with algorithms and software can be enablers so that coaches can alter their 

tactics, from game to game and during the game, to gain advantage to his direct competitor. 
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As we can see on figure 3, from (Morgulev et al., 2018), the information is gathered, with data from 

multiple resources, quantitative ou qualitative, then, by standardization, centralization and 

integration methods, data management occurs, and lastly, it is analyzed using metrics, providing 

outcomes that are presented to the decision-makers. 

 

Figure 3 – A sports analytics framework (Morgulev et al., 2018). 

According to study of (Morgulev et al., 2018), in football, in comparison with basketball, the scoring 

events are less and less frequent, so other moments of the game becomes more relevant to evaluate 

performance, for example, possession time, passing sequences, territory played spatial analysis, 

among others. 

3.3.  SYSTEMATIC LITERATURE REVIEW 

3.3.1. Materials and Methods 

The systematic literature survey has the objective of providing an evaluation to the scientific papers, 

articles, and communities’ contributions to the topic of research, in this case, the influence of data 

analysis in football teams’ performance, by using a rigorous and auditable methodology based on the 

PRISMA approach. 

The PRISMA method is composed by five phases, presented below, as follows: 

1. Identification of relevant manuscripts of the domain. 

2. Screening of titles, abstracts, papers without experiments, and position papers. 

3. Eligibility analysis. 

4. Full-text screening exclusion. 

5. Final papers to be analyzed in detail. 

To a more complete analysis on the quality of the papers, a bibliometric map – used to find 

relationships between terms, following three phases, evaluating the following quantities: 

1. Words frequency. 
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2. Most common words. 

3. Frequency of these common words in the final manuscripts of the study. 

By following this method, this section will be organized by five steps: (1) our research questions, (2) 

followed paper search strategy, (3) bibliometric map, (4) inclusion and exclusion criteria, and (5) final 

paper selection. 

3.3.2. Research Questions 

As stated before, the main objective of this research is to find out how can data analysis influence 

football teams to have better sports performance. With the purpose of accomplish this objective, the 

following research questions were created: 

RQ1: How can technologies help staff to gather raw data? 

RQ2: How can a specific software help the staff to take conclusions about the gathered data?  

RQ3: How can the treated data be used to improved teams’ performance? 

3.3.3. Search Strategy 

A literature survey normally recommends searching various databases, to determine if similar work 

has already been performed, aiding in locating potentially relevant studies. In this study, the searches 

were done on the following repositories: (1) Scopus and (2) Web of Science. 

The search query was then created, using alternative keywords, logically connected by ‘OR’ or ‘AND’ 

statements. The resulting search query utilized in the mentioned electronic repositories is depicted in 

Figure 4. 

 

Figure 4 – Search Query. 

Figure 5 depicts the PRISMA flow chart, illustrating the five phases when filtering the manuscript set. 

The variable n corresponds to the number of papers at the end of each step. 
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Figure 5 – PRISMA Flow Chart to analyse manuscripts. 

In Phase 1, the search string was applied to all electronic repositories, for papers published between 

2012 to 2021, which resulted in 653 publications. 

In Phase 2, a 4-step approach was followed. In the first one, the manuscripts were excluded 

according to its titles, which narrowed the search to 436 papers. In the second one, the manuscripts 

were excluded based on the abstract, narrowing the search to 106 papers. Then, papers that present 

no experiment were excluded, and lastly position manuscripts were excluded. In the end of this 

phase, the number of research remaining was 78. 

In Phase 3, manuscripts underwent a full-text reading and review, leading to 65 exclusions (the result 

of Phase 4). 
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3.3.4. Search Outcome 

As result of the paper selection approach, the final list included 12 papers (Phase 5). These papers 

were then divided into 2 categories, as shown in the tables 2 and 3, presented below: 

1. Post-Game Analysis 

2. Pre-Game Prediction 

Table 2 – Summary of papers in the category of Post-Game Analysis. 

Paper Reference Application Data Dimensions 
Method and 

Techniques 

No. of 

Citations 

S1 
(Tianbiao & 

Andreas, 2016) 

Analysis of 

passing sequences 

on football games 

Technical and 

Tactical Actions  
Apriori Algorithm 8 

S2 
(de Silva et al., 

2018) 

Player tracking for 

physical 

performance 

Physical data 

about the game 

Analysis of 

Variance 
16 

S3 
(Borges et al., 

2019) 

Tactical efficacy 

and offensive 

game processes 

Offensive 

sequences 

Correlation 

Network Analysis, 

Chi-Squared Test 

4 

S4 
(Pappalardo et al., 

2018) 

Performance 

Evaluation 

Individual 

Performance in 

game 

PlayeRank 

Framework, 

Clustering 

45 

S5 (Li et al., 2020) 

Data-Driven team 

ranking and 

match 

performance 

analysis 

 Match data 

Team-Rank 

Framework, LSVC 

Model 

7 

S6 

(Zambom-

Ferraresi et al., 

2018) 

Performance 

analysis 

In-game statistics 

for Big-5 Leagues 

Bayesian Model 

and Robustness 

Check 

2 

S7 (Wu et al., 2020) 

Big Data analysis 

of football 

matches 

Player positions 

and passing 

processes 

Social Networks, 

Clustering, Local 

Efficiency 

6 

S8 (Beal et al., 2020) 
Optimize football 

game tactics  

Two teams’ 

actions 

Pre-Match 

Bayesian Game, 

In-Match 

Stochastic Game 

3 
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Table 3 - Summary of papers in the category of Pre-Game Prediction. 

Paper Reference Application Data Dimensions 
Method and 

Techniques 

No. of 

Citations 

S9 
(Gomes et al., 

2015) 

Decision Support 

System for 

Predicting 

Football Game 

Results 

Statistical data of 

football games 

CRISP-DM 

Methodology 
2 

S10 
(Baboota & Kaur, 

2019) 

Predict future 

matches results 

Previous games’ 

statistics 
Predictive Models 68 

S11 
(Arndt & Brefeld, 

2016) 

Predict future 

performance of 

football players 

Performance of 

previous games 

Multitask 

Regression 
9 

S12 
(Rajesh et al., 

2020) 

Data science to 

predict first team 

selection 

Player position, 

nationality, 

overall rating, 

overall 

performance 

Naïve Bayes 

Model, Random 

Forest Model, 

Decision Tree 

Model, SVC 

Model, Proposed 

Prediction of 

Team Players 

5 
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4. RESULTS, ANALYSIS, AND DISCUSSION 

In this section, a visual analysis will be done to add information to the search outcome. Additionally, 

the topics that arose from the analysis will be analyzed in detail. 

4.1. VISUALIZING ANALYSIS 

This section has two main parts that corresponds to the bibliometric analysis and the analyses of the 

previous work, in detail. The first part shows the relationship between the common terms in 

intelligence, statistical techniques, and performance metrics, used on the selected papers. The 

second part has the objective of analyzing the existing algorithms, software and tools and answer the 

research questions. 

 

Figure 6 – The relationships between the common terms using bibliometric map. 
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The analysis that concluded on the visualisation available on Figure 6 was obtained only by searching 

on the title and the abstract, using a binary counting method, with a minimum threshold of three 

occurrences.  

The largest nodes, meaning they are the most important nodes for each cluster in the network map 

are determined as “performance” and “model” (blue), “team”, “match”, “game” and “player” (red), 

“analysis” and “data” (green), “input” and “statistic” (yellow). Looking closer, we can conclude that 

all clusters are connected by the words “performance”, “data”, “football”, “analysis” and “statistic”. 

4.2. ANALYSIS PER TOPIC 

4.2.1. Post-Game Analysis 

(Tianbiao & Andreas, 2016) observed the 2012 Algarve Cup final match with structured observation 

methods. The method used consists on dividing the pitch into 30 zones, as we can see on Figure 7 

below. 

 

Figure 7 – 30 Zones divided football fields (Tianbiao & Andreas, 2016). 

The model consists of defining, recording, cleaning, and processing data. All the aspects of the game 

were recorded according to Table 4. The data cleansing consisted on keeping only the last five 

elements of the controlling chain, support by the fact that (Hughes, 1990) most goals arise from last 

five transitions. For processing data, Microsoft SQL Data Mining Adding was applied the a-priori 

modified algorithm. 
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Table 4 – Data Definition (Tianbiao & Andreas, 2016). 

 

The algorithm applied for this solution required two variables to be divided, so that the probability, 

or confidence could be calculated. This probability is calculated having in mind the “support”, that, in 

data mining means that the pattern must have a certain frequency in the records to be taken into 

account (Tianbiao & Andreas, 2016). 

For this study, the Association Rules were calculated, showing effective and general player 

combinations, both for first and second half. In Figure 8, we can see that the most frequent 

connections were between the numbers 4 and 14, and 7 and 13, this for the first half. In Figure 9, the 

same is represented, but for the second half of this game, this time with the most effective 

connection being between numbers 2 and 17, and 2 and 9. This connection is represented by a 

thicker black arrow that represent main game combinations that have very positive and strong 

influence to opportunity to score (Tianbiao & Andreas, 2016). 

 

Figure 8 – Tendency Network 1st Half – Player Model (Tianbiao & Andreas, 2016). 
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Figure 9 – Tendency Network 2nd Half – Player Model (Tianbiao & Andreas, 2016). 

The results of this study and the application of a modified version of the Apriori algorithm allowed 

the analysts to understand that the team played better on the first half, with number 4 being the 

most influent player. On the second half, a decrease of quality was noted, although number 2 had 

the most positive impact. 

To the authors of this research there is stillroom for improvement on the algorithm, so that the 

results could be closer to simulate the real game, optimizing that way, the match analysis. 

For the next study, the used data source was collected and analyzed from 150 players, with ages 

between 18 and 23, across four different seasons, in the Chelsea Football Academy. The study’s 

objective was to prove how player tracking data analytics could be a tool for Physical Performance 

Management (De Silva et al., 2018).  

With the use of descriptive statistics, it was possible to compare the high-speed running activity 

demands between training and matches for different positions across the fields (fullbacks, center 

midfielders and center forwards). The results obtained stated that in training there are not major 

differences, while in game, more advanced positions require more high-speed runs. 

(Costa, 2021) represents his weekly cycle, from an analysis and observation perspective. The three 

principal factors to prepare this cycle, should be: 

 Team ideas and team’s style of play. 

 Our team’s performance in the last few games. 

 Opponent’s observation. 

The work of the analyst starts two days after the game. The week of work begins by analyzing the 

opponent, starting with a written report, by a personal analysis with all the information the analyst 

can get, not shared with the rest of the staff team. After the analysis of this report, the components 

are shown to the rest of the team. The report is (Costa, 2021) divided in two parts: qualitative and 

quantitative. 

The complete structure of this report consists of: 
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 Quantitative analysis. 

 Qualitative analysis. 

 Defensive organization. 

 Offensive organization. 

 Defensive transition. 

 Offensive transition. 

 Set pieces. 

Quantitative Analysis 

The quantitative analysis, in the perspective of (Costa, 2021), is done with the objective of answering 

the questions: how the opponent scores goals? How the opponent suffers goals? What players are 

used? In which position? 

The example given by (Costa, 2021) is the team of Shakhtar Donetsk, in the analysis made by the 

team headed by Luis Castro, the Portuguese coach, before the game against Sport Lisboa e Benfica, 

for the 2019/2020 season. The analysis was conducted taking into consideration all the games of the 

opponent team, including friendly games. The information gathered was: 

 General data – pitch dimensions, titles, coach, and meteorological prevision. 

These data can be important conditions for the game. 

 Squad list – the name of all players and its general characteristics (position, 

age, height, weight, preferred foot, and nationality). 

 Tactical structure and first team used – used tactical systems, and in which 

competition and most used players in each tactical system. 

 Used players, by minute – all minutes played by each player, and the position 

they played in, by game. This gives insights about the possible first team selection 

and the players that may come in during the game. 

 Most used players – definition of the players that are most used in the first 

team selection.    

 Goals scored analysis – areas of the field where the last pass is done, and the 

goal is scored. The moment when the goal is scored. The goal and assister. This maps 

and graphs the team’s intentions and ways to get the goal can be easily predicted. 

 Goals scored percentage, by game moment – the game moments considered 

are set-pieces, organized attack, and counterattack. This analysis can give important 

information on how the opponent build their goals. 

 Assistance goals zones – this analysis can give the teams the information 

where the last pass, before the goal, is done, if the players prefer a more central zone 

of the field or work the ball from outside.  
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 Goal zones – where the goals are scored. This can help understanding if the 

goals come from working the ball into the box or from shots inside the box, for 

example. Additionally, is given the place where the penalties are scored and the best 

scorers of the team. 

 Patterns encountered in the goals scored. 

 The exact same analysis is conducted for suffered goals. 

 Symmetric map of passes – this map shows the number of passes, and the 

most frequent combinations made during the game, between players. In this 

analysis, the number of failed passes is also taking into analysis.  

 

Qualitative Analysis 

This analysis is conducted by watching the opponents team opponent’s observation. The examples of 

analysis used by (Costa, 2021) to work on this analysis are Diego Simeone’s Atletico de Madrid team, 

Paulo Fonseca’s Roma team, Jorge Jesus’s Benfica team, Jurgen Klopp’s Liverpool, and Porto’s Sérgio 

Conceição. 

The information gathered by this analysis is: 

 First team and structural organization – this analysis is conducted with the 

objective of predicting the opponent’s possible first team selection, and possible 

system variation during the whole game, considering the game context, and difficulty 

level. 

 General collective principles – description of the principal game plan, with no 

variations considered.    

 Sector principals and inter-sectors relation – the objective is to define if the 

whole team defends or some players have more liberty, if the called “space between 

lines”, that its very important tactically, is given or not. 

 Positioning – the positions occupied by the players in the first part of build-up 

of the opponent if it is more conservative or high pressure based. 

 Opponent’s strengths – this is a very important part for the analysis since it is 

important to understand the opponent’s strengths to be easier to define the way of 

stopping them.  

 Goalkeeper ball distribution – consists of the option the goalkeeper takes to 

start team’s build up (long ball for the forwards, try to play with central defenders, 

for example). 

 Defensive transition – this analysis is taken to define, when defending, which 

spaces should be occupied and more effectively taken, when starting the defensive 
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process, and the way the team should react when loses the ball (automatically press 

the player, give space to the opponents to start build up, for example). 

 Offensive transition – the options taken by team the opponents when starting 

to attack (a more explosive option, through the pace of the attackers and long ball, a 

lower tempo and patient build-up or a higher tempo exploring spaces, for example). 

 Set-pieces – this analysis will be important on the way the team defends and 

attacks in set-pieces (corners, free-kicks and even throw-ins).  

 

After the elaboration of these two analyses, the synthetized report is sent to rest of the staff, passing 

only the information that is important for the coach to work with. Then the evaluation starts by being 

focused on the team we are working with, instead of the opponent. The first step is to analyse the 

training footage. The importance of this moment consists of: 

 Visualize and register the posture of the staff. 

 Visualize and register the posture of the players, specially in drills that needs 

more concentration. 

 Visualize and register training exercises, and possible failures and successes. 

 

The last steps to a successful week of work for the analyst is to give the outputs of the analysis, 

translated into decisions to the players and use that as strengths to use in-game. After the game 

itself, it is important to review all process and assess what needs to be changed in future weeks and 

games. 

On other study with the objective (Borges et al., 2019) of analysing success and failure of offensive 

sequences, used in under 15 and under 17 soccer players. This is an observational study, focusing on 

static behavioural indicators. The sample included 218 offensive actions, selected from 28 matches. 

The used software consisted of Match Vision Studio Premium®, enabling research to create a 

categorical matrix according to the variables to be analysed. 
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Figure 10 – Screen capture from Match Vision Studio Premium® (Costa, 2021). 

The categories of offensive actions which ended in finalization were selected, reaching the variables 

used to create the categorical matrix, that are presented on Table 5. 

Table 5 – Categories of offensive actions and results of the actions (Borges et al., 2019). 

 

In table 6, we can see the characterization of the offensive game methods and playing styles, during 

the offensive actions.   
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Table 6 - Characteristics of Offensive Game Methods (Borges et al., 2019). 

 

The (Borges et al., 2019)’s study results were that all offensive sequences ended in in shots according 

to the following variables: number of players involved, ball touches, passing, duration, and corridor 

change. With this context, the research suggests that all offensive methods adopted can be used to 

achieve success during a game of Under 15 and Under 17 football players. 

According to (Pappalardo et al., 2018), the problem of evaluating the performance of soccer players 

is attracting the interest of many companies and the scientific community. All of this is because there 

is many ways and a massive amount of data available. Although there is a huge amount of websites 

and television broadcasters, such as Opta, WhoScored and Sky that use these data sets to compare 

teams and players’ performance. 

The study of (Pappalardo et al., 2018) presents the limitations of the existing approaches and 

developing PlayeRank, that is a new generation data-driven framework for the for the performance 

evaluation and the ranking of players in soccer.  

For that, is important to understand, firstly, how the PlayeRank framework works. Figure 9 shows the 

schema of the framework, starting with a database of soccer-logs. The framework has three main 

phase: the learning phase, the rating and the ranking phases. 
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Figure 11 – Schema of PlayRank Framework (Pappalardo et al., 2018). 

Rating Phase: The rating phase, that corresponds to step B on figure 11, corresponds to the 
computation of the performance rating, using each player u and every match m, that is available on 
the database. The phase consists of tow main steps (on Figure 11, shown as step B1 and step B2): 

 Individual Performance Extraction: the model is given by the performance of 

a certain player u in a match m. The framework is designed to work with any set of 

features, thus giving to the user a high flexibility about the description and 

deployment of soccer performance. 

 Player Rating: is given by the scalar product between the values of the 

features referring to a given match m and the feature weight w, that was computed 

during the learning phase.  

With this, the performance is evaluated, given the following formula: 

 

Figure 12 - Performance Evaluation Formula (Pappalardo et al., 2018). 

The study, in an experimental phase, was done using a massive database provided by Wyscout, 

consisting 31 496 332 events, capturing 16 619 matches, 296 clubs and 21 361 players, that do not 

include goalkeepers, in different seasons, from 18 different competitions around the world, including 

the Portuguese Primeira Liga (see table 7).  
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Table 7 - List of competitions from WyScout database (Pappalardo et al., 2018). 

 

The events record the following variables that can be confirmed on the example on figure 14, 

showing the simple pass done by Rafinha, from Internazionale, on the match against Lazio: 

 A unique event identifier 

 The type of event 

 A timestamp 

 The player related to the event 

 The team where the player plays 

 The match in which the event was observed 

 The position on soccer field  

 The event subtype 

 List of tags 

 

Figure 13 – Example of event in dataset (Pappalardo et al., 2018). 

The events can also be shown as a pictorial representation, as shown in Figure 14. This example 

corresponds to the events produced by Lionel Messi during a match in the Spanish La Liga, in the 

2015/2016 season.  
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Figure 14 – Events observed for Lionel Messi during a Spanish La Liga match (Pappalardo et al., 2018). 

The events and sub-events that were detailed by the dataset, can be seen detailed, on table 8, as 

well as the tags that give additional information to the event. 

Table 8 – Event Types, Subtypes, and possible Tags (Pappalardo et al., 2018). 

 

Performance Extraction: This phase corresponds to data transformation, where the 76 features were 

extracted to a range of [0, 1], to guarantee that all variables are expressed on the same scale. Then, a 

performance vector was built for a player in match with the count of the events of a given type, 

subtype and correspondent tags associated. 

Role Detection: A role detection algorithm was run and discovered eight different clusters, 

corresponding to eight different roles the players have on pitch. Considering this analysis only 

considers 10 players per team, means that a role can have multiple players included on the team. 

The clusters (roles) can be found on figure 15 and its explanation on table 9. 
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Figure 15 – Grouping of the centres of performance in the clusters (roles) (Pappalardo et al., 2018). 

Table 9 – Interpretation of the eight clusters (roles) (Pappalardo et al., 2018). 

 

According (Pappalardo et al., 2018), existing player ranking approaches report judgements that 

consist mainly of informal interpretations based on some simplistic metrics is important, instead of 

evaluate the goodness of ranking and performance evaluation algorithms in quantitative manner, 

through the help of human experts.  

To validate the PlayeRank, a survey was created and submitted to three professional soccer talent 

scouts. The questionnaire consisted of a randomly selected 35% of players of the dataset, the 

generation of pairs involving 202 distinct players, with the objective of selecting the best player per 

pair.  

The applications of PlayeRank are: 

 Retrieval of players: searching players on the database throw the use of 

queries, that considers the events occurred during a match and their position on the 

field.  
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 Versatility: the role detector algorithm on the role detection phase of study, 

can give important information on the player’s propensity to change role from match 

to match. 

 

The conclusions given by (Pappalardo et al., 2018) is that the studied framework outperform existing 

approaches, being more concordant with professional soccer scouts. It can be used as a support tool 

in evaluating, searching, ranking, and recommending football players.  

The tool can also be developed to be adapted to various and more sophisticated algorithms, to 

detect different player roles during the same match. Another improvement is to allow the use of 

different data sources, using out of possession and positioning on the pitch without the ball events. 

To conclude, table 10 shows the list of features used on this study. 

Table 10 – List of 76 features extracted from database (Pappalardo et al., 2018). 

 

In the (Li et al., 2020) research, a dataset of all 1200 matches from 2014 to 2018 Chinese Super 

League matches provided by the company Champion Tecnology Co. Ltd.  The process started with 

the feature selection, creating a total of 164 match events from the cleaned raw data.  

With the using of the team-rank framework, consisting of three main phases, shown on Figure 16: (a) 

the performance extraction phase chooses 22 features from the dataset and extracts the 
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performance vector and the match outcome. (b) The learning phase that solves a classification 

problem and learns the weight of each feature. (c) The rating and ranking phase rates the matches 

based on the feature weights and ranks team by their season average rating (Li et al., 2020).  

 

Figure 16 – Schema of the Team-Rank Framework (Li et al., 2020). 

To validate the prediction accuracy of LSVC model, the simulation was made using two different 

outputs: (1) Team-rank, which is based on the calculated team performance within a single match or 

a season, and (2) Predicted Ranking, which the end-of-season ranking is given the actual 

performance of teams at each match.  

(Li et al., 2020) presented the results using different methods. 

Descriptive Analysis of Selected Features 

On Table 11, we can see the average values and the result pf one-way ANOVA of each feature, that is 

represented on the same table. 
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Table 11 – Differences between winning, drawing and losing teams in game statistics (Li et al., 2020). 

 

LSVC Model 

This model shows the Receiver Operating Characteristic Curve (ROC) of each fold and the mean ROC 

(Li et al., 2020). After training and validating of the model, the prediction accuracy is shown on Figure 

17.  

 

Figure 17 – Mean ROC and ROC of each validated fold note (Li et al., 2020). 
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The results and conclusions taken by the research of (Li et al., 2020) was that better performance 

does not mean a winning and high ranking does not always mean a better performance, but better 

teams could maintain a performance that have bigger chance to win. 

On (Zambom-Ferraresi et al., 2018), the sample of data is composed of three seasons from the one 

starting in 2012 and the one finishing on 2015, considering the ‘big five’ leagues (English Premier 

League, Spanish La Liga, Italian Serie A, Deutch Bundesliga, and French Ligue 1), implying a coverage 

of 5532 games. The datasource is from the company OPTAPro, that is, according to (Liu et al., 32), 

one of the largest databases of European football.  

The outcome variable of (Zambom-Ferraresi et al., 2018) study was the number of points of each 

team in each league and season. The raw data suffered, on the data transformation phase of 

analysis, a max-min method normalization, scaling the total points between 0 and 1. These arose 

from the problem that the number of teams playing in the leagues were not equal, changing the 

number of games and possible points.  

The 24 variables taken into consideration by (Zambom-Ferraresi et al., 2018) research, was retrieved 

from the references that served as literature review for the study, and are represented on Table 13.  

Table 12 – Definitions and descriptives statistics of the explanatory variables (Zambom-Ferraresi et 
al., 2018). 

 

To analyse the determinants of sport performance (Zambom-Ferraresi et al., 2018) considered a 

linear regression model, which formula is represented on Figure 19. The equation denotes a 

dimensional vector, consisting of observation for normalized sport performance index for each team. 

This considers a matrix of the variables that were taken into consideration on Table 12. 
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Figure 18 – Linear Regression Model Equation 

After applying the Bayesian Model Averaging and a robustness check, the results obtained by the 

(Zambom-Ferraresi et al., 2018) research are that the results may consist on useful inputs for 

decision-making in football. Based on results observation, it is possible to conclude that assists and 

through balls are more important than dribbles, runs, and crosses. These can indicate that this 

should be the main focus on team’s training. Additionally, the second conclusion, is related to team 

management, concluding that managers should hire players with skills and abilities that are more 

approximate with the determinants studied. The complete analysis for the determinants given by 

Table 13. 

Table 13 – Robustness Check: Relative importance decomposition by league (Zambom-Ferraresi et 
al., 2018). 

 

On their research, (Wu et al., 2020) constrcuted a social network, having in mind playing positions 

and passing processes. The objetive was to quantify the importance of each of the positions on the 

pitch, using a high diversity of methods, such as degree of centrality, closeness centrality, 

betweeness centrality, eigenvector centrality, load centrality, reciprocity, and clustering.  

The methodology used on the (Wu et al., 2020) study consisted of an undirected graph, using a set of 

points and an edge set. The adjancy matrix, for this, is only denoted if there are connected edges 

between nodes. Three definitions for this study were given as (1) the degree (ki) of a node (vi) in an 

undirected netwoek refers to the number of edges directly connected to the note. The in-degree 

(IDC) of a directed network refers to the number of edges pointing in to a node. The out-degree 

(ODG) refers to the number of edges pointing out of a node, formulated on Figure 19. (2) node 

distance is defined as the number of edges on the shortest path connecting these two nodes, 

represented by dij. (3) the average path lenght L on a network is defined as the average distance 

between two nodes, as formulated on Figure 20. 
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Figure 19 – Formula given by definition 1 (Wu et al., 2020). 

 

Figure 20 – Formula given by definition 2 (Wu et al., 2020). 

The following definitions are regarding the methods used presented early, to better understand the 

results phase of (Wu et al., 2020) research. 

Degree of Centrality (DC): this method measures the overall level of connection a player has with his 

teammates. Out Degree Centrality (ODC) means the connection of a player passing the ball to his 

mates. In Degree Centrality means the connection of a player getting the ball from his mates (Wu et 

al., 2020).   

Closeness Centrality (CC): reflects the degree to which a node is centered in network. It can be 

characterized by the average of shortest distance (Wu et al., 2020). 

Betweeness Centrality (BC): refers to the shortest path (Wu et al., 2020). 

Eigenvector Centrality (EC): evaluates the importance of nodes in the network (Wu et al., 2020). 

Reciprocity Centrality (LC): measures the propotion of directed edges that are bidirectional (Wu et 

al., 2020). 

Clustering (CL): measurement of the degree to which nodes in a network tend to cluster together 

((Wu et al., 2020). 

After applying the methods explained above to each position on the field (Wu et al., 2020) concluded 

that the advanced midfielder position was the first ranked under the most measures. Left Forward 

(LFW) and Right Forward (RFW) also got a highest rank in the BC, and LC measures, for LFW and in 

the CL measure for the RFW position, as shown on Table 14. 

To conclude (Wu et al., 2020) stated that by analyzing the characteristics of passing network in 

different moments of the game, specially temporal and specific situations, the team’s performance 

can be tracked.  

On the (Beal et al., 2020) research, two formal models can be defined for the game of football: the 

prematch tactical decision making process, and the in-match decisions.  

Since there are many unknown factors about the opposition, a Bayeasian game is used to model 

strategic decisions and make optimised decisions, by defining two teams, with a respective action 

set, that includes all tactical choices before the match. In this model, used by (Beal et al., 2020), it is 

assumed that both teams do not know each other teams’ tactics, and both of them have acces to the 
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same assumptions. The three approaches made for this model are (1) best response – maximises the 

chances of a win, (2) spiteful – minimises the chances of losing the game, and (3) minimax – 

maximises the chances of team winning the game and the other team minimising the chances of 

winning.  

Table 14 – Rank of Importance (Wu et al., 2020). 

 

On the (Beal et al., 2020) research, two formal models can be defined for the game of football: the 

prematch tactical decision making process, and the in-match decisions.  

Since there are many unknown factors about the opposition, a Bayeasian game is used to model 

strategic decisions and make optimised decisions, by defining two teams, with a respective action 

set, that includes all tactical choices before the match. In this model, used by (Beal et al., 2020), it is 

assumed that both teams do not know each other teams’ tactics, and both of them have acces to the 

same assumptions. The three approaches made for this model are (1) best response – maximises the 

chances of a win, (2) spiteful – minimises the chances of losing the game, and (3) minimax – 

maximises the chances of team winning the game and the other team minimising the chances of 

winning.  

On the other hand, the progress of the game has a lot of changes, in different factors, so (Beal et al., 

2020), model the in-game tactical decisions as a stochastic game. In this case, two teams are defined, 

there is a set of states that represents the possible scoreline, and a set of strategies.  

To solve the pre-match bayesian game, when predicting the opposition strategy, a cluster for the 

teams is created into different play styles categories, allowing (Beal et al., 2020) to evaluate the style 
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of a team. To learn the payoffs, the team’s tactical style, potential formation and team strenght to 

give a probability of winning the game. Lastly, to optimse the pre-match tactics, the best decisions 

are tried to be found, finding the most probable oppositions tactics to happen.  

To solve the in-match stochastic game, will allow teams to make in-match decisions, that can 

improve chances of winning their games. To optimise game tactics (Beal et al., 2020), the payoffs are 

pre-computed, and the optimised action is selected, using either aggressive approach or a more 

reserved approach.  

The key observations of (Beal et al., 2020), is that away teams are more likely to minimise the 

chances of the home team of winning rather than maximise their own chances. On Figure 21, we can 

confirm that that using the spiteful approach, the chances of drawing is less than losing the game, in 

comparison to the other approaches. The in-game decisions and model is more challenging due to 

great uncertainty regarding probabilities. 

 

Figure 21 – Percentage of real-world results with close tactic selection (Beal et al., 2020). 

4.2.2. Pre-Game Prediction 

A different study, with the objective of predicting football match results using decision support 

systems, which used the CRISP-DM methodology, combined with Simon phases of decision-making 

and Design Science Research (DSR) methodology, as explained on Table 11 (Gomes et al., 2015). 

The study and application of the methodology, for this study was applied in 4 phases: 

Phase 1: identification of the problem. The conclusion was that betting systems are more profitable, 

since their users have a low margin of profit over them. Despite that, it corresponds to a semi-

structured decision because it is necessary to complement the collected data with the information 

possessed by users. 

Phase 2: definition of project goals and dataset collection. The dataset consisted on data from the 

last 13 seasons of the English Premier League, corresponding to statistical information for 4940 

games. The data was treated by an extract, transform and loading (ETL) process, as showed on figure 

16. 
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Table 15 – Combined Methodology (Gomes et al., 2015). 

 

 

Figure 22 – ETL Process 

This process consists of creating a temporary database and one to store the processed data. In this 

phase, new variables were created to add to the ones that already existed, and the existing nulls 

fields were removed. 

The Data Mining models were induced using three different techniques, after loading the final 

dataset. This techniques were Naïve Bayes, Decision Trees and Support Vector Machine and two 
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sampling methods, 10-Folds Cross Validation and Percentage Split (66% percent to training and the 

rest for testing. The final variables used were: 

 Home Team 

 Away Team 

 Average Goals Home / Away Team – stores the goal average of the home or 

away team, in matches disputed at home / away. 

 Average Shots Home / Away Team – stores the shots average of the home or 

away team, in matches disputed at home / away. 

 Average Shots on Target Home / Away Team – stores the shots on target 

average of the home or away team, in matches disputed at home / away. 

 Home / Away Win Last Five – number of victories in the last five game of the 

home / away team. 

 Home / Away Win Last Five Confrontation – number of victories in direct 

confrontation in the last five games in home / away games. 

 

The target variable was FTR (Final Time Result). 

Phase 3:  as result, it is possible two obtain three distinct predictions (Home Win – “1”, Draw – “2”, 

Away Win – “3”). In this phase, the models were analysed, and the obtained results are shown on 

Table 12. By the table observation, we can see that although the models’ accuracy is very identical, 

the model 3 is the best. 

Table 16 – Models Evaluation (Gomes et al., 2015). 

 

Phase 4: in this phase, the data treatment and transformation was performed, and the decision 

support system was developed. After the system creation, tests were performed four seven Premier 

League matches, assuming a bet of 100€ in each of the ten games by each round of matches. On 

Table 13, there is the system tests performed. 
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Table 17 – System Performed Tests (Gomes et al., 2015). 

 

In total, in this simulation, the bet total 7000€ and obtained a return of 1409€, about 20%. In the 

Table 14, we can see a detailed example about the fifth round of the Premier League season. 

Table 18 – Return in fifth Premier League round (Gomes et al., 2015). 

 

The conclusion taken from this study is that the Decision Support Systems have future to continue 

their research and development. In this case, adapting the results to performance, with this type of 

software and tools, staff teams can be more aware on what are their team chances on winning the 

game. 

The statistical analysis performed on (Rajesh et al., 2020), follows qualitative and quantitative 

measures of attributes consider into account: 
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 Overall Distribution Value of each player according to overall rating, 

performance, and age factors. 

 Number of players distribution from each nationality and their social impacts 

for investors to select a player as brand ambassadors. 

 Comparing overall performance and potentially of players by nationality. 

The comparison is based on a qualitative property, which is the player nationality, and multiple 

quantity properties (performance, potentiality, age, value, wage, position, crossing, finishing, 

heading accuracy, and short passing).  

The dataset of (Rajesh et al., 2020) consists of around 18 thousand records. This database is divided 

into a training and test set, in a ratio split of 80:20 to implement classification algorithms. Using this 

algorithm in different models, we obtained the results showed on table 16. 

Table 19 – Classifier Models and Evaluation Results ((Rajesh et al., 2020). 

 

According to (Rajesh et al., 2020), a representation using a correlation matrix approach is beneficial, 

using the coeficcients between the players’ skills and their performance, which will help predicting 

how the performance of a player with a skill set influeces the position. This representation is shown 

on Figure 19. 
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Figure 23 – Correlation between overall and performance at each skill (Rajesh et al., 2020). 

 

From the analysis of the correlation matrix, (Rajesh et al., 2020) concluded that every variable (key 

influencer) is perfectly correlated with itself. Additionally, {Sprint Speed, Accelaration}, {Sliding 

Tackle, Marking}, {Standing Tackle, Marking}, and {Standing Tackle, Slide Tackle} have a high 

correlation.  

After the application of the correlation matrix, along with machine learning classification algorithms, 

K-means clustering is implemented by (Rajesh et al., 2020). The objective of this algorithm 

application is to cluster player’s position based on his overall performance. The method is concluded 

by using K as 3, performing clustering using centroids, iterative relocation technique to achieve intra 

cluster similarity and inter cluster dissimilarity. The results are shown on figure 20. 
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Figure 24 – Clustering of player’s position based on overall performance and age (Rajesh et al., 2020). 

The results of the study of (Rajesh et al., 2020) shown a reduction of 50% of players risk factors, 

having in mind the players performance, their rating, and a qualitative feature, that is the nationality.  

On the (Arndt & Brefeld, 2016) study, multitask regression was used, with methods like multitask 

ridge regression, multitask support vector regression, and feature hashing. For every match day, the 

performance of player in previous game is encoded, and the rating for that player is denoted for that 

match day.  

The approach of (Arndt & Brefeld, 2016) was to use the data from five different seasons (2009/10 to 

2013/14) of the German Bundesliga, using the same database has the study previously explained, 

given by OPTA company. The features that describe the player activities from previous games were 

extracted, considering all previous games as a whole. The general statistics taken from this is that 

there are about 1000 players that have participated in, at least, one match, leaving 1350 single-task 

and 135 000 multitask features. 

The base lines used for the performance approaches by (Arndt & Brefeld, 2016) were (1) predicting 

the average grade that is computed in the training data, and (2) use the multitask regression method.  

To identify the most informative features for the prediction task (Arndt & Brefeld, 2016), in every 

round a single feature is removed for the single-task variant and 20 for the multi-task. Table 19 

represents the most informative features, resulting on three conclusions: 

1. The clubs analysed are important, meaning that playing against Bayern 

München and Borussia Dortmund increases the chance of getting a worst 

rating. On the other hand, playing for Vfl Bochum increases the probability of 

getting bad ratings. 
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2. Key players of their respective teams have higher chances of good rating, for 

example Jefferson Farfan and Franck Ribery. 

3. Players’ number of goals or dribbles, for example, correlates positively with 

higher ratings.  

Table 20 – Most informative features (Arndt & Brefeld, 2016). 

 

The results obtained for the research taken by (Arndt & Brefeld, 2016) were that majority of players 

participated in only a few games, as shown on Figure 22, with the frequency statistics of players and 

games. Analysing player rates, is possible to conclude that very good and very bad ratings are not 

very common and that medium grades are a clear tendency, as shown on Figure 23. Figure 24 shows 

the frequent distribution of subsequent grades, that helps to explain the last conclusion taken, that 

medium grades are more common.  

 

Figure 25 – Frequency distribution of games per player (Arndt & Brefeld, 2016). 
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Figure 26 – Frequency distribution of actual (a, c) and predicted (b, d) grades (Arndt & Brefeld, 2016). 

 

Figure 27 – Frequency distribution of subsequent grades (Arndt & Brefeld, 2016). 

 

 

The dataset used on the (Baboota & Kaur, 2019)’s study, was obtained from a United Kingdom 

database, from 11 different seasons, from 2005 to 2016. The rating statistics used are from a FIFA 

database, with in the same range of seasons. On Table 21, we can see all the feature description 

taken from the feature-engineering phase of analysis. 
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Table 21 – Feature description (Baboota & Kaur, 2019). 

 

On Table 21, we can see the existance of two different class categories – class A and class B, 

containing the individual features for both home and away team and the differential features, 

respectively. On (Baboota & Kaur, 2019) study, the feature set was tested with the Gaussian naïve 

Bayes, support vector machine, random forest and gradient boosting models.  

On the (Baboota & Kaur, 2019) paper, is stated that the first nine seasons were set as training data 

and the remaining two seasons as test data, resulting on the accuracies shown on Figure 28 and, on 

Figure 29, we can see the feature importance.  

The research from (Baboota & Kaur, 2019) stated that on the most influencing limitations was the 

fact injury information, presence of key players and psychological factors are not considered for this 

study. On the other hand, it was possible, through the study of the features the odds that each team 

add to win the game. 
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Figure 28 – Mean test accuracy scores of the different machine learning models (Baboota & Kaur, 
2019). 

 

Figure 29 – Feature importance, recorded by the mean decrease in the Gini index (Baboota & Kaur, 
2019). 
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5. CONCLUSIONS 

5.1.  SYNTHESIS OF DEVELOPED WORK 

This paper presented a systematic literature review on the topic of the influence of the data analysis 

on football teams’ performance, trying to find replies to the research questions, and finding the most 

used terminology. By the PRISMA approach to the systematic review, 653 papers were defined by 

the search query and, after the analysis ended with 12 papers. After this analysis, two topics arose 

from this literature review: (1) post-match analysis, and (2) pre-match prediction. 

From all the analyzed studies, we could conclude that there are many conclusions that can be taken 

from these researches, in different topics, from training, passing from team selection to in-match 

decisions, with the use of different models and algorithms across the different studies. 

To conclude, the study objectives were achieved, in the measure that, by the analysis of the studies 

and researches in the sections above, it is possible to state that staff are very dependent on the raw 

data collected previously, and during the game, conceding their conclusions to the managers and 

coaches to help on decision-making. Additionally, it was possible to understand which technologies 

and software are used to perform the data analysis, and to perform decision-making.  

5.2.  LIMITATIONS 

The limitations found for this paper was the restriction of the studies’ years (2012 to 2021) and the 

search keywords or search query itself. Additionally, a fixed number of researches databases were 

set.  

To conclude, the principal limitation is lack of information sharing by the football clubs, keeping to 

themselves the tools used to perform data analysis, and specially the way those tools and analysis 

outputs are used to influence decision-making.  

5.3.  FUTURE WORK 

For future work, the recommendation is to try to use different techniques of study and identify 

different critical factors to reveal defects on the analyzed studies.  

Additionally, a close study near to professional football clubs to understand what tools, techniques 

and algorithms are used in real world, and how these models can improve their chances of winning 

and in-game performance of their players.  
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