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1. Importance of data analysis in football 

 ‘Data is everywhere in the sport field. […] Gamblers regularly relied on data to know which 

horse or team to bet on. Coaches routinely utilized data to evaluate talent and potential for 

players. […] The use of data to help executives more appropriately manage their organizations 

can be seen in numerous examples across numerous division within any sport organization. The 

question often raised by those looking at data is: are we in fact examining the right issues with 

the correct data and making the correct correlation between the correct data points?’ (Fried and 

Mumcu, 2017.) 

According to Fried and Mumcu, data analysis became a very important factor in modern sport 

in the last few years. Football, as one of the most popular sports, faces extra challenges in this 

field. Football managers are extremely under pressure by fans and club owners who are eager 

to see instant and continuous results. On the other hand, players, as the most valuable assets of 

the game and the football business machine, are more and more focused on their health status 

and factors that can improve their performance. 

It is clear that all sides are unbelievably motivated to boost their chances to succeed and 

looking for all kinds of ways to reach their goal, which has been supported by investors in 

infrastructural ways such as building new stadiums, training accessories or regeneration centers. 

Fortunately, in the last decade players and managers found a new source of support from 

scientists and data analysts.  

In 2019, Leeds United FC manager Marcelo Bielsa revealed his method of preparation for 

football matches during the scandalous event called ‘Leeds Spygate’ (The Guardian, 2019). 

In the presentation he showed how deeply data analysis is being involved in the process, 

including watching more than 200 hours gameplay videos and possible team formations 

regarding the previous 50 matches of the opponent. His visionary method and presentation 

simultaneously impressed and confused the English audition, which implies that there are still 

plenty of ways to develop analytical methods in the best football leagues. 

But why is sports analytics so important for a small country like Hungary? In recent years, 

Hungarian football started to develop step-by-step, due to governmental financial supports in 

football academies and infrastructure. Although the circumstances nowadays are far better than 

used to be to reach the expected results in international competitions, it is clear that there are 
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still several fields to improve such as data analysis. As a first step, trainers recently started to 

measure and record specific player performance data for further analysis.  

In this research I focused on implementing a data analysis and data mining process called 

Creatine-Kinase (CK) level analysis. CK is an enzyme which can be evinced from the blood 

serum and is strongly connected to muscular damage. 

In the following pages I am presenting the background, the modeling process and the results 

of my research. At last I present the deployment of my work, a ready-to-work predictive CK 

calculator. The subjects of my analysis were under-aged Hungarian football players, whose 

names had been anonymized for this study. 

2. CK related sport analytics 

2.1. About Creatine Kinase (CK) 

Measuring Creatine Kinase serum level is a well-known and popular measurement factor in 

sport analytics, due to its connection to the body’s regeneration status. 

According to Epstein (1995), ‘one of the most valid and reliable methods for assessing 

muscular damage is to check for increases in blood serum levels of creatine kinase (CK), the 

primary enzyme regulating anaerobic metabolism, because a high percentage of the body’s CK 

is present in skeletal muscle tissue.’ 

Mougios (2007) suggested, that ‘the serum CK concentration serves as an index of both 

overexertion and adaptation of the muscular system to repeated bouts of exercise. As such, CK 

is one of the top choices of athletes and coaches when requesting a biochemical profile.’ 

In my research, young football players’ CK level were measured several times, along with 

their physical performance, which led us to the opportunity of creating a model which can take 

into consideration the muscular damage as well. 

2.2. Catapult system 

Catapult is complex movement tracker and recorder system, specifically developed to analyze, 

compare and evaluate sporting movements for professional athletes. As a result of the automatic 
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data gathering provided by the Catapult system, key performance indicators became objectively 

measurable and calculable. 

The Catapult system records and immediately calculates more than a 1,000 different attributes 

simultaneously with built-in sensors like accelerometer, gyroscope or magnetometer, and pre-

categorizes them on-the-run. Table 1 helps to understand more deeply the huge scale of data 

measured by Catapult (attributes with italic style are not automatically provided). 

Internal load External load 

cardiovascular metabolic locomotorical mechanical 

pulse blood serum GPS IMA 

pulse data lactate covered distance 
acceleration, 

deceleration 

time spent in 

target zone 
CK speed 

fast changes of 

direction 

rest HRV IGG 
time spent is 

speed zones 
jumps 

Table 1 - KPIs measured by Catapult system (Source: http://www.cardioc.eu/catapult-arendszerfelepitese/) 

3. Data mining in general 

3.1. CRISP-DM method 

Data mining is a creative process where different facilities and knowledge is needed to succeed. 

For a long time there was no unified framework for data mining projects, success mostly based 

on the researcher’s way of work, which implied that results were hardly repeatable. 

The goal of CRISP-DM (Cross Industry Standard Process for Data Mining) project was to 

eliminate these factors through a model which is independent from industry and technology, 

and can be the framework for all data mining projects, as Wirth and Hipp (2000) summarizes 

it. CRISP-DM describes a data mining life cycle, which contains the main steps for the project 

(Figure 1). 
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Figure 1 – CRISP-DM life cycle (Source: Wirth and Hipp, 2000, pg. 33) 

3.2. Using CRISP-DM in the study 

My research was based on CRISP-DM method, with the following steps: 

1. Understanding the environment this project focuses on and all data came from  

2. Examining and preparing the raw data 

3. Presenting the modelling process on the cleaned dataset 

4. Presentation of results, along with the evaluation 

5. Presentation of implementation and deployment 

6. Discussion of further possibilities of improving the model and the analytics. 

4. Relationship between player performance and physio result 

Fortunately, CK reference numbers for active male football players were calculated by Mougios 

(2007). Based on that research, it is possible to compare our dataset’s intervals for further 

understanding (Figure 2 and 3). 

 

Figure 2 – Reference distribution for CK numbers in male athletes (Source: Mougios, 2000) 
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Figure 3 – CK distribution in the examined dataset (Source: own source) 

As we can see, the distributions are extremely similar. Based on that fact, we can similarly use 

Mougios’s other conclusion, which says “the values used in this analysis should be considered 

as the cumulative effect of recent training sessions in conjunction with the repeated-bout 

effect”. 

As well as he states that although gender plays a huge role in CK levels, “age did not seem to 

affect the reference interval for CK in athletes considerably”. That means, we can use other 

CK-based researches’ results as well, while they have no differences to our under-aged datasets. 

Ehlers in 2002 revealed, that CK peak level elevations usually occur from 8 to 48 hours after 

the training session, with a peek of approximately 18 hours. To normalize this value, the body 

needs 2-3 days. It is almost the same what Coelho et al. say (2010). They concluded that peak 

points are between 12 and 20 hours after the game, returning to normal within 60-65h. 

To all things consider, we can say that it is important 

1) to aggregate all the physical training result (Mougios) 

2) to take in consideration the last CK level as well (Mougios) 

3) to analyze the past 12-20 hours to effectively measure all the effects behind the peak 

point result (Ehlers and Coelho et al.). 
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5. Examining relationship between CK and match performance 

5.1. What is the main question of the study? 

In this study I focused on the prediction of future CK levels based on measured physical activity 

provided by the Catapult system. It was important to not only create a predictive model but to 

deploy it in a usable format as it was needed by real-life under-aged coached to work with. 

Likewise it was another important part to examine and calculate regeneration patterns in the 

players result, and to build as personalized models as possible. 

Given the above the main questions of study is the following:  

1. How can we predict young players’ future CK level based on their physical 

performance, and is personalization possible? 

2. How can this prediction help the players to reach their optimal performance? 

5.2. What was the approach? 

With the provided physical data and the CK levels from the Catapult system and the blood tests, 

I firstly put together a cleansed, aggregated dataset with all the available result. Than to reach 

personalization, with an analytical and data mining software called RapidMiner, I created 

regeneration clusters, than built predictive models for each cluster. 

After the model was created, I manually examined what kind of relation have the CK levels 

with the players training load. Based on that I declared their optimal CK interval for each player 

for the best performance. 

Lastly, I wrote in JavaScript, HTML and CSS a modeling webpage to deploy the results. 

6. CK and performance data preparation 

6.1. The raw datasets 

Firstly, it is important to define what kind of and how many data we have. In Figure 4 we can 

see the CK data availability per player in the examined time window. In Figure 5, I show an 

exemplary piece of the performance table to help to understand the player performance deeper. 
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Figure 4 – CK data availability per player in the examined time window (Source: own source) 

As it can be seen, there are missing values in the dataset. I marked with ‘OK’ label when more 

than 90% of the CK values were available for the player. ‘N/A’ means there were minimal 

amount of values or none at all for the examined period. If all data were available for a player, 

they got an ‘OK’ label in the ‘Both interval’ column as well. 

 

Figure 5 – Example of performance data (Source: own source) 

Figure 6 only shows a few rows and columns of the performance dataset, however the original 

data table has 6587 rows and 756 columns (similarly referred as attributes).  
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6.2. Data cleansing and transformation 

Before I could join the two dataset together, I had to sort out missing values, and those events 

which had no matching CK value. According to Mougios (as I mentioned in section 3) it is 

important to aggregate all the physical load that the player did during their performance, so it 

was another task to summarize all the different attributes where it was possible to do so. 

The most important data preparation step was to pair the relevant CK value with the 

performance. As I discussed in section 3, CK elevation needs time. In Figure 6 we can see the 

exact time delay in the 2016 dataset. 

 

Figure 6 – Time delay in CK elevation (Source: own source) 

As we can see, CK level elevated on the next day, which is a key fact for the analysis. Due to 

this information now we know that all performance data must be paired with the post-match 

day’s CK level as an output, and the match day’s CK level as an input (in dataset it is called 

CK-1 attribute). The input CK is extremely important not only as we discussed in section 3, but 

because the player load results in a relative CK value difference, and we need a baseline to 

correctly predict a new value. 

6.3. Barriers of personalization 

Although one of the main goals was to create a personalized predictive model, it became clear 

that due to the lack of unique, player-based data points, it is impossible to create a reliable yet 

precise model for each player. 
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To get around the problem of this problem, I decided to use clustering as a method of 

personalization. With clustering we can not only get more accurate models for each players 

than an aggregated model but also can sustain the reliability of the calculations due to the wider 

datasets.  

6.4. Clustering 

Another important task was the clustering process. To simplify the large attribute set (756 

different columns) I selected the most representative attribute, the Total Player Load. I 

calculated an average value for all the players (AvgLoad), and compared them to the CK values.  

CK values needed another transformation to make them useful for the analysis. Because I was 

looking for regeneration clusters, I had to differentiate the players based on their CK 

normalization behavior. To make it a numerical value I calculated the difference between post- 

and pre-match CK values (dCK), than averaged these values to all the players. 

Finally, I joined the two data table to create the base for the clustering (Table 2). 

 

Table 2 – Dataset for clustering (Source: own source) 
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In RapidMiner software I executed an optimized x-Means algorithm to determine the ideal 

number of clusters, the result are shown in Figure 7. X-Means algorithm, as Pelleg and Moore 

presented in 2000, is a modified k-Means clustering algorithm, which according to Abbas 

(2008) has the best performance quality compared to other clustering algorithms.  

 

Figure 7– Clustering the players by dCK and average load (Source: own source) 

As Figure 7 shows, there were 4 different cluster based on the selected two attributes. (It is 

important to note that in Figure 7 the two attributes had been regularized by the software.) 

The main differences (Figure 8) are the following: 

- cluster 0 contains 13 players with a little bit higher AvgLoad with an average dCK value 

- cluster 1 contains 5 players with the lowest AvgLoad with a little bit lower than average 

dCK value 

- cluster 2 contains 12 players with a little lower than average AvgLoad and the lowest 

dCK value 

- cluster 3 contains 3 players with the highest AvgLoad and dCK value 
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Figure 8 – Heat map of the four clusters (Source: own source) 

6.5. The final dataset for data mining 

To sum up, for the final dataset I made the following preparation: 

- cleaned the two datasets by removing N/A and missing values 

- summarized the performance data attributes where it made sense (e.g. average values 

were left out) 

- joined the two datasets by the CK values 

- paired the CK values with their pre-event CK values (CK-1) 

- clustered the players by their body’s average CK elevation (dCK) reaction to the 

averaged Total Player Load (AvgLoad) 

- merged the previously joined datasets with the cluster table 

The final dataset (Figure 9) contained 866 rows and 435 columns. 
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Figure 9 – Final dataset with clusters and CK values (Source: own source) 

7. Building the predictive model  

7.1. Modelling process 

For the modelling process I decided to use GLM (Generalized Linear Model) as from all 

predictive models in RapidMiner it had the most consistent result for all the clusters’ and had 

the highest correlation value with the second lowest absolute error value. 

Another important fact was that GLM models can be implemented easier in webpages than 

other predictive methods like Decision Trees or Support Vector Machines. 

The whole predictive model building process is shows in Figure 10, with the following steps: 

- data reading and sampling 

- data splitting for validation 

- train data multiplying 

- modeling 

- automatic feature engineering 

- 3-fold cross validation 

- calculation simulator building  

- performance calculations 
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Figure 10 – GLM model building process in RapidMiner (Source: own source) 

7.2. Presentation of the final model 

With the GLM I was able to finally create the four models for all the clusters. With the built-in 

feature engineering function the software selected the most important ca. 40 attributes out of 

the 435 different columns. But for the implementation I needed to narrow down this to a 

reasonable amount of variables, which an ordinary user with relatively short time can use as 

well. 

Through trials and errors I determined the minimal number of attributes with the best correlation 

and lowest absolute error for all the clusters (Figure 11). 

 

Figure 11 – Minimalized models for the four clusters (Source: own source) 
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In Figure 11, column ‘coeff’ (stands for coefficient) shows, how each attributes play different 

roles in the final predicted value. The meaning of a coefficient is, that if none of the other values 

were changed, one unit of increment in the attribute value would increase the predicted result 

with the value of the coefficient. 

8. Results of analysis 

8.1. Evaluating results through measurement numbers 

In Table 3 I summarized the key measurement numbers of the clusters to all minimized 

predictive models. 

Model name Correlation Absolute error 

GLM for cluster 0 0.784 89 +/- 17.30 

GLM for cluster 1 0.758 118 +/- 11.95 

GLM for cluster 2 0.772 121 +/- 37.67 

GLM for cluster 3 0.848 95 +/- 9.14 

Table 3 – Measurement numbers for GLM models 

As the table above illustrates, all the models have a correlation higher than 0.75, which means 

a strong connection between the target value and the attributes (Hunyadi-Vita, 1991, 1992). At 

the same time it means our model is far from ideal connection (e.g. correlation above 0.9). 

To understand absolute error more deeply, we have to examine the analyzed dataset. The result 

of our model is a predicted CK value, so during the comparison we need to focus on the 

distribution and the scale of the original CK data. As Figure 3 shows, CK values are distributed 

between 50 and 1600, which means an approximately 1500 interval for all values. So absolute 

error values in the model should be compared to this interval, which leads us to errors around 

6-8 percent, which is, considering the size of our dataset is acceptable for a prediction. 

8.2. Understanding the predictive model 

In the light of the evaluation process it can be concluded that the presented four models are 

acceptable for a prediction model.  

We know that the main purpose of the predictive model is a real-life train planning, therefore it 

only used for approximate estimation. 
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All things considered we can use our presented models to implement the required webpage 

application, as long as the user aware of the model’s error. 

8.3. Answering the first question of the study 

In section 4.1 I declared the main questions of the study. The first question was:  

‘How can we predict young players’ future CK level based on their physical performance, 

and is personalization possible? 

Examining the results, it is clear that one way to create a personalized predictive model for 

young players’ future CK level can be implemented by regenerations cluster-based GLM 

models with selected key attributes, shown in Figure 11. 

9. Deployment – the CK Calculator 

9.1. Goals and UX requirements of the webpage  

While my research is heavily relied on data mining processes, I had another important task, 

stated as the second main question of the study:  

How can this prediction help the players to reach their optimal performance? 

Although there are limitless possibilities to answer this question, as a business informatics 

student I was looking for a solution that can be deployed to real-life users. All things considered 

I chose to create a webpage, with the following requirements: 

- the webpage should be easy-to-use for users with no IT knowledge 

- the webpage should help the coach’s work with visual UX functions such as colors and 

optimal intervals 

- the webpage should predict the future CK level based on selected factors real-time 

- the webpage must be able to handle different player types (clusters) 

- the webpage should be a lightweight solution with minimal server-client 

communication 

- the webpage should use the newest front-end technologies (JavaScript 1.7, JQuery3, 

HTML5, CSS3) 

- the webpage should be secure due to data protection restrictions 
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Before I could create the solution, I had to solve a crucial part of the tasks first, the problem of 

optimal intervals. 

9.2. Personalized optimal CK range 

As can be seen, CK level indicates the body’s reaction to physical work, however it works in 

the other way around as well, as current CK level can impact on next day’s possible physical 

activity. For instance there are several players whose performance are superb under higher CK 

level. Furthermore the optimal starting CK value for best KPI numbers naturally varies amongst 

all players. 

To make the solution more effective and helpful, it was crucial to determine each players’ 

optimal CK range. 

Even so it seemed like an ordinary task to perform, it turned out to be a hard and rather 

challenging problem. 

As Figure 12 shows, CK values against Load are widely distributed all the way around. In 

Figure 13, I highlighted two different groups of data points. 

The red group contains events, where the outstanding performances happened. However, the 

green groups contain runner-up events, several times with totally different CK ranges. 

Moreover, there are non-highlighted areas in the same CK range, with average or poor 

performance. 

To make the analysis even more complex, there were players with far less data points than the 

presented four, and players with multiple peak performances in different ranges. After several 

attempts, I gave up on creating a mathematical solution, and performed the range determination 

manually. To be consistent, I selected the best 5-10 performances close to each other, and chose 

the CK range to not to be wider than 200 unit. 
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Figure 12 – Example for CK against Load value-pairs (Source: own source) 

 

Figure 13  – Highlighted data points in CK-Load value-pairs (Source: own source) 
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9.3. Front-end development 

For the webpage I used the most recent and most used front-end technologies, as one of the 

requirements stated to do so, HTML5, JS1.7 and CSS3 (Figure 14). 

 

Figure 14  – The front-end triangle (Source: https://www.toughlex.com/technologies/front-end) 

The front-end triangle is a vastly evolving group of programming languages that provides a 

multi-platform opportunity for web development. 

Firstly, the HTML gives the webpage a structure, basically its main function to create a space 

for all the content. Secondly, CSS is responsible for styling, its purpose to make the user-

experience smoother, more enjoyable and understandable. Thirdly, JavaScript is responsible for 

all the behavioral part of the webpage. It contains the business logic, in our case it calculates 

the final prediction for the given user input, based on the GLM models. Selected chunks of my 

code are provided in Figure 15. 

 

Figure 15 – Examples of developer code for the webpage (Source: own source) 
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There were two other important technological parts for the development, both of them were 

third-party libraries. One of them was JQuery 3.3.1, a JavaScript library for event handling, 

animation, DOM manipulation and document traversal, which I used through an Ajax API. The 

other one was Bootstrap 4.0, a front-end component library, which I mostly used for building 

the HTML and CSS sections, through BootstrapCDN.  

During my work on the webpage, I wanted to create a simple and clear website for the user, 

where all information are available simultaneously, and easy to handle. 

Therefore I chose to develop a modular page, where all modules, responsible for different tasks, 

can be visually distinguished.  

I could define four distinct user interactions or goals, which determined the purpose of each 

modules: 

- the selection of a certain player (module 1) 

- the input of the needed performance values (module 2) 

- the results of the calculations (module 3) 

- further navigational or optional user interactions e.g. resetting values (module 4) 

To illustrate, how the modules communicate and react to each other real-time, I summarized 

the process in Figure 16.  

 

Figure 16 – Relationship between modules (Source: own source) 
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9.4. Final webpage 

In Figure 17 I present the final structure of the webpage. 

Correspondingly to section 8.3, all the different parts of the UI (user interface) are equivalent 

to one of the modules in Figure 16, with the following pairing: 

- UI part labelled as ‘Játékos választás’ represents Module 1 (player selection) 

- UI part with three labels (‘Attribútum’, ‘Érték beállítása’, ‘Info’) represents Module 2 

(model value input) 

- UI part labelled as ‘Becsült CK érték’ and ‘Játékos optimális CK értéke mérkőzés elején’ 

represents module 3 (results of calculations) 

- UI part with buttons and label ‘Model leírása’ represents module 4 (resetting and other 

user interactions) 

 

Figure 17 – The final landing page (Source: own source) 

In Figure 18 we can see how the webpage works during a normal process. An anonymized 

player had been selected for calculation in module 1, therefore the cluster related values 

appeared in module 2. The user can set up easily the required values with the slider or numerical 

input fields. In module 3, the predicted value reacts to all user changes, showing not only the 

result but the optimal CK interval as well. Nonetheless it helps the user with color schemes 

(green – optimal, yellow – acceptable, red – inadequate). 
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Figure 18 – Webpage in work (Source: own source) 

Focusing on the usability, the website has a built-in ‘Help’ section, describing the use cases and 

containing user instructions for all the modules (Figure 19). 

 

Figure 19 – Built-in help section in the webpage (Source: own source) 

9.5. Evaluating the deployment 

In spite of the fact, that feedbacks from users and coworkers found the website useful and 

practical, it is always an indispensable step to review and evaluate the final result at the end of 

the process. Therefore I compared the final website to the original requirements (declared in 

section 8.1) in Table 4. 
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Requirement Solution 

the webpage should be easy-to-use for users 

with no IT knowledge 

Help section with thorough 

descriptions, modular structure, 

easy-to-understand labels 

the webpage should help the coach’s work 

with visual UX functions such as colors and 

optimal intervals 

Color schemes and calculated 

intervals 

the webpage should predict the future CK 

level based on selected factors real-time 

Real-time prediction with cluster-

based attributes 

the webpage must be able to handle different 

player types (clusters) 

JS code and website structure 

handles clusters, easy player 

selection 

the webpage should be a lightweight solution 

with minimal server-client communication 

almost zero server-client 

communication, resetting solved 

without need of page reload 

the webpage should use the newest front-end 

technologies (JavaScript 1.7, JQuery3, 

HTML5, CSS3) 

Used the most recent technologies, 

supplemented with JQuery and 

Bootstrap 

the webpage should be secure due to data 

protection restrictions 

all sensitive data is hidden between 

a strongly protected university 

server with secure sign-in process 

Table 4  – Evaluating website through the original requirements (Source: own source) 

As described, the webpage meets the most important given criteria, therefore we can accept the 

solution for deployment. 

10. Further possibilities in the research 

10.1. Ways to improve the model 

In section 7.1 I concluded that the built-up models in light of the selected measurement numbers 

and the size of the given datasets are acceptable. Having said that, there are a number of factors 

and possibilities for improvement. 

Firstly, a crucial problem with CK values, that human body reaction to physical activity varies 

among all people (e.g. in magnitude, minimum and maximum levels, range, etc.), even in 

athletes from the same age and sport. To resolve the problem of personalization, way more data 

points are needed from every players. With these, it would be possible to find a better way for 

finer predictions that clusters. 

Secondly, the problem with the meaning of CK elevation itself. In section 2.1 I presented how 

CK serum level elevation is a response from the body to muscular damage. According to Baird 
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et al. (2012), there are other factors that can undermine the validity of the meaning of CK value, 

most importantly sport injuries. To resolve this problem, a profound description of all players’ 

medical history targeting injuries specifically, and registered physical contacts during trainings 

and matches could also improve significantly the results. 

10.2. Ways to improve the webpage 

In the same way, there are plenty of options to develop the website further. Although it meets 

the most important criteria for every-day functioning as well as it is already in use, yet it is clear 

that improvement can be done both in technological and UX (user experience) ways. 

Speaking of technology, it is important to note that the current website only uses front-end 

technologies, there is no back-end behind it. It means all the business logic and the data are 

‘hard-coded’ in, it cannot actually react to any kind of new input, whether it is data, model, 

cluster or any other development. All players and all their calculated optimal CK range, along 

with the clusters are pre-determined, meaning it is impossible to dynamically change these 

settings on-the-run.  

However, if back-end solutions were provided, all these matters could be solved with options 

like administrator settings, dynamic databases and real-time data-fetching e.g. through an API. 

Moreover, it would allow the user to not only work in real-time, but also save, import or export 

calculations and results about certain players. It is similarly the field of UX improvements, 

which implicates that most of the improvements are both technology and UX related. 

All things considered, the website already works and completes the current user demands, 

however there are several ways to make the solution more complex and useful in the future. 

11. Summary 

In this research I focused on implementing a data analysis and data mining process called CK 

level analysis. I followed the CRISP-DM method throughout the whole study, with the 

following steps: 

Business understanding 

I observed the background of the data, to understand the circumstances and the environment for 

the analysis. I presented the meaning of Creatine-Kinase, the most-preferred measurement 
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method for muscular damage, and the Catapult system which provided the match and training 

related performance data. 

Data understanding 

I examined the given data’s structure and stability to define a possible data format for the 

analysis and to understand the real meaning behind the numbers. One of the most important 

steps was the realization of time shifts between recorded performance and the corresponding 

CK level elevation.  

Data preparation 

I needed to perform all the data preparations to sort out meaningless attributes, missing values 

and wrongly exported data formats. To create the desired final dataset, after the cleansing I had 

to join the different data sources. Thanks to the recognized time shift this process provided valid 

data rows that described real-life events. 

I had to deal with the demand of personalization, which was a quite difficult task to perform, 

due to the small size of data points per player. I managed to create a work-around by using a 

clustering algorithm called x-Means, which created four, one by one homogeneous groups, 

based on players’ CK elevation reaction to training load. 

Modeling and Evaluating 

I built the predictive models for each clusters via RapidMiner, using Generalized Linear Model 

method, which was one of the most accurate and easily implemented models, provided by the 

analytical software. After the creation of the models, I evaluated the result through absolute 

error and correlation, two popular and well-known measurement number. Here  

Deployment 

Due to user demand, I implemented the models in a form of a website, called ‘CK calculator’, 

which enables the user to select a certain player and, based on the player’s regeneration cluster, 

input the values for the most important attributes to accurately predict the player’s future CK 

level. The website also provides the optimal CK range for best performance for each player to 

make the service useful for training planning. The site contains a help guide and operates with 

color schemes for better user experience. 
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Further possibilities 

I observed the possibilities of further improvements. I found that both in the modelling process 

and the implementing phase can be improved with further work, however the website already 

meets the most important criteria for real-life usability. 

Answering the questions of the research 

The two main questions of this research were: 

1. How can we predict young players’ future CK level based on their physical 

performance, and is personalization possible? 

2. How can this prediction help the players to reach their optimal performance? 

Given the above study, I concluded the following answers: 

1. One way to predict future CK level is to create a predictive model. To simultaneously 

achieve personalization, creating regeneration clusters for the players, and building a 

GLM-based model is a possible solution for the task. 

2. Prediction alone provides an insight of possible training plans for coaches. With a CK 

calculator that not only predicts future CK level, but also implicates the optimal CK 

range for each player, training planning becomes an easier and more insightful process 

for coaches. 
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