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ABSTRACT  

There is abundance of data in the new digital age which can be harnessed to 

gather insights through application of data analytics. This study develops model to 

assess the performance and thereby forecast ranking of players through data 

available in public domain at The Fédération Internationale de Football 

Association. The study applies Principal Component Analysis followed by 

classification. A combination of these two approaches seeks to determine ranking of 

players and to classify them in different categories. Results indicate that player ranks 

can be predicted and classified on their playing attributes and accordingly an 

appropriate selection decision can be made.  
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1. INTRODUCTION 

A variety of data-capture technologies exist in the new digital age. These technologies allow 

sport management firms to capture and collect data on games, players, playing styles, scores, 

and many other game / player attributes. This data can be harnessed to gather insights through 

the application of data analytics. There have also been several discussions around this issue in 

literary and business circles. The Fédération Internationale de Football Association (FIFA) 

has approved the use of Electronic Performance and Tracking Systems (EPTS) which has 

made the data related to physical player performance available (FIFA 2019). Now, the data 

collected during training sessions and live matches through EPTS can be used to predict 

player and match performance. A data-driven approach to analysing player performance and 

ranking could be an interesting area to investigate. In this context, data analytics could be of 

immense value. The relative performance of players may vary when playing against different 

members of an opposing team. At the same time, player performance could also vary when 

playing with different members of the same team. This phenomenon could be a function of 

numerous variables that are difficult to grapple with through intuitive thinking or basic 

calculations. Currently, players are ranked on the basis of different player attributes, such as 

physical fitness, agility, strength, and so on. This data is diverse, and multiple variables must 
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be considered simultaneously in order to reach the ‘right’ decision. This is where data 

analytics can be applied.  

We also feel that this paper may stimulate further research to the role of data analytics in 

examining escalation of commitment theory in the discipline of sport. This study may also 

accentuate opportunities for data analytics and empirical studies in examining escalation 

behaviour while highlighting considerations for a more effective player assessment approach. 

Escalation of commitment theory must be discussed in more detail in order to do this. 

In this study, first we analyse the characteristics that influence player ranking in football. 

We also examine the relationship between player characteristics and performance. The 

research methodology applied is Principal Component Analysis (PCA) followed by classifier 

approach. The former (PCA) is used to understand player attributes that play a major role in 

determining the ranking of players. Latter approach (classifier) attempts to classify the players 

on the basis of their playing attributes. A combination of these two approaches provides a 

useful methodology to determine the ranking of players before hand and to classify them in 

different categories. In the second stage, we examine the role of escalation of commitment in 

player assesment. In the next stage, we discuss contribution to theory and managerial 

implications that could be relevant to sport managers, researchers, administrators, and 

coaches. 

Escalation of commitment theory must be discussed to examine opportunities for data 

analytics and empirical studies in examining escalation behaviour in player assessment. The 

theory of escalation of commitment depicts circumstances in which actor(s) may tend to 

maintain or even increase commitment to a specific course of action despite the presence of 

impartial evidence of negative or ambiguous outcome (Hutchinson, 2018; Sleesman, Conlon, 

McNamara & Miles 2012; Staw, 1976). The escalation behaviour begins when the actor(s) 

allocates significant resources to a course of action to accomplish a planned goal though there 

is little or no evidence of benefits of that goal. It has been found that this behavior generates 

comparable characteristics though the context may be different (Brockner, 1992). There has 

been extensive research on escalation behaviour but less research has dealt with or examined 

applications of escalation of commitment to other disciplines, including those related to sport 

(Mähring, Keil, Mathiassen, & Pries-Heje, 2008). We discuss relevant studies that relate to 

escalation of commitment and also few relevant studies that have conducted an enquiry 

involving data analytics though not necessarily in escalation of commitment. 

Berg & Hutchinson (2012) conducted an empirical enquiry into the role of politics in the 

escalation of commitment and also offers opportunities for research in the sport context in 

which escalation of commitment applies. The bidding and selection of a player by a sport 

organisation is an interest-driven behaviour, and decision of the sport manager based on 

player performance assessment would result in the selection of a player in a league/team 

(Friedman, Parent, & Mason, 2004)... If the decision is objective and based on a data driven 

analytical method, it will be beneficial to the league. By this logic, there is a need to develop 

and investigate such methods and validate these such that managers are equipped with 

objective ways to assess the players. 

Crowder, Dixon, Ledford, and Robinson (2002) studied betting through modelling 92 

football teams in the English Football Association League over the years 1992-1997. 

Specifically, the researchers examined betting models in different leagues. Their objective 

was to create a dynamic model for predicting match outcomes, and they proposed a 

refinement of the Poisson model suggested by Dixon and Coles (1997). The model they 

developed could predict the probability of a match win, draw or loss for the betting market.  

Quenzel and Shea researched ways to predict the winner of ‘tied’ football matches based on 

different attributes of the match strategy employed (2014). They concluded that, in such 
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cases, the point spread is significantly predictive. They also found weak evidence that the 

chances of winning are reduced if more sacks are allowed. This study provides useful insights 

into match strategy, which enables football managers to design their strategies accordingly. 

The selection of teams based on an optimal assessment of players is a critical component 

of success, or winning, in sport (Bharathan, Sundarraj, Abhijeet, & Ramakrishnan, 2015). 

This study examined the performance utility of cricket players through hypothesis testing. 

The performance of batsmen was evaluated using a two-sample t-test to determine if there is a 

significant difference in strike rate, run scores, and boundary hits among batsmen. Likewise, 

bowler performance was evaluated using a two-sample t-test to check if there is a significant 

difference in strike rate among bowlers. 

The relevance of big data in sport has also been studied (Rein & Memmert, 2016). 

Specifically, a tactical analysis of elite football was studied. This paper presented how big 

data and data analytics (in particular, modern machine-learning technologies) may help 

address tactical decisions in elite football and aid in developing a theoretical model for 

tactical decision-making in team sport.  

A data analytics-based approach was also applied to bidding for sporting events, 

specifically bidding to host the Beijing 2022 Olympics (Liu, Hautbois, & Desbordes, 2017). 

The analysis measured the social impact of the bidding for the Winter Olympic Games and 

the attitudes of non-host residents towards the bidding process. In particular, the study sought 

to contribute by taking the perspectives of non-host communities into account. Additionally, 

this study also offered insights into the perceptions and attitudes of citizens from emerging 

markets towards event bidding and hosting. 

Ruiz and Cruz (2015) developed a generative model for predicting outcomes in college 

basketball. The researchers showed that a classical model for football can also provide 

competitive results in predicting basketball outcomes. A modified model was presented in 

two ways. First, they attempted to capture the specific behaviour of each National Collegiate 

Athletic Association (NCAA) conference. The second model aimed to capture the different 

strategies used by each team and conference. 

A comparative study of machine-learning methods was applied to predict cricket match 

outcomes using the opinions of crowds on social networks (Mustafa, Nawaz, Lali, Zia, & 

Mehmood, 2017). The researchers investigated the feasibility of applying collective 

information obtained from micro posts on Twitter to predict the winner of a cricket match 

using classification algorithms. The results were found to be sufficiently promising to be used 

to forecast winning cricket teams. Furthermore, the effectiveness of a supervised learning 

algorithm was evaluated, and support vector machine was found to have an advantage over 

other classifiers. 

It is observable from the aforementioned studies that data analytics has been applied 

increasingly in sport management. With sports becoming more competitive, researchers are 

turning to sport analytics for newer models to understand the relevance of data analytics in 

sports across different areas including, bidding, player performance, team performance, 

decision-making, entertainment, and attracting fans more effectively. It is also observed that 

there have been data analytics based enquires in studying escalation of commitment in the 

discipline of sport. 

A summary of these studies suggests that there is a combination of data-capturing 

technology and the adaption of newer data analytics models within the sport industry. The 

area of player assessment requires more such data driven analytical models to have a 

comprehensive and quantitative assessment. Such assessments have been found to have 

implications to the theory of escalation of commitment.  
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2. RESEARCH QUESTION 

Technology can track how fast a player is running, how deft s/he is, how quick, and how 

much strength is exhibited during multiple games that the players have played. In the past, 

this couldn’t be measured, but now with variety of data capture systems, technology can 

gather how efficient players are from diverse areas of the sport. It has been noted in 

managerial and research circles that, in the current competitive scenario, it is essential for 

teams to be able to leverage technology and to measure players’ performance by using data 

that is being captured by technology. This brings us to the research question. How can data 

analytic methods be used to predict the performance and thereby ranking of a player, 

especially one involving modelling and making use of the available data on player attributes?  

It is worthwhile to develop and adopt data driven methods with an analytical approach 

that can allow managers to make an objective decision (through publicly available data) based 

on players’ strength, accuracy, deftness, speed, agility etc. There is also need towards 

extending the models already developed so far in research that would enable researchers and 

managers to understand a data driven approach to rank the players based on their past 

performance. 

3. RESEARCH METHODOLOGY 

This study uses three years of player rating data–2016, 2017, and 2018–to assess the 

performance of football players. To begin this study, we conducted a theoretical review of 

related papers published in this area. In doing so, we have documented and identified relevant 

articles in the area of sport analytics. 

Sport analytics has received significant research attention in the past few years, as 

demonstrated in the literature review, and studies have suggested that sport analytics could be 

used to a greater degree in sport management. The present study employs sport analytics to 

assess player performance in the sport of football.  

3.1. Data and Materials 

The objective is build a model to assess performance and ranking of the football players. The 

existing open source rating data at The Fédération Internationale de Football Association 

(FIFA) data for last three years was collected and analysed (FIFA, 2019). The rating data has 

various variables (which are playing attributes like pace, dribbling etc.) which have been rated 

on a scale of 0 – 100 while the players have been ranked from 1 to 50. For example, the 

attributes are pace, dribble, pass capability, physical strength, speed, shooting capacity and 

others. A snapshot of data with variables is provided in Table 1.  

Table 1 Snapshot of data 

PNAME RANK TEAM PAC DRI SHO DEF PAS PHY ATTACK FW 

 1  90 90 93 33 82 80 50 100 

 2  89 95 90 26 86 61 75 100 

 3  92 94 84 30 79 60 75 100 

 4  82 86 90 42 79 81 0 100 

 5        75 50 

 6  81 86 88 38 75 82 75 100 

 7  76 72 63 88 71 83 50 100 

 8  90 92 82 32 84 66 75 125 

 9  50 81 81 73 88 70 75 75 

 10  79 83 87 25 70 74 75 50 

Note. Player & Team names are suppressed. From Federation Internationale de Football Association, 

2019.  
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The player attributes (variables) presented in Table 1 are described as below. 

PNAME: Name of player 

RANK: Rank of the player 

TEAM: Name of the club/organization to which the player belongs 

PAC: Pace 

DRI: Dribbling 

SHO: Shooting 

DEF: Defense 

PAS: Pass 

PHY: Physical strength 

FW: Footwork skill 

There was missing data for some records and the missing values were estimated by taking 

average of the nearest neighbourhood assuming that ratings on each attribute (PAC, DRI etc.) 

of similar players would have similar values. We had to code some variables (footwork, 

position, reflexes, attack, handling) quantifying values which were presented in textual 

format. Table 1 provides a snapshot of data. 

3.2. Method 

Multiple regression analysis is a widely used technique for assessing the dependence of a 

dependent variable (here, rank) on several explanatory (or predictor) variables (Hair, Black, 

Babin, Anderson, & Tatham, 2006). Rawlings, Pantula, and Dickey (2001) Several studies 

have used multivariate regression for assessments (Lehmann, Overton, & Leathwick, 2002; 

Montgomery, Peck, & Vining 2012; Salkever, 1976). However, multiple regression approach 

cannot be used when multi-collinearity is present among independent variables (Dickey, 

2001; Montgomery, Peck, and Vining, 2012). In the FIFA data under study, few variables 

were found to exhibit high correlation and multi-collinearity (Table 2 & 3).  

Table 2 Correlation matrix 

Variables RAN

K 

PAC DRI SHO DEF PAS PHY ATTAC

K 

SKILL 

MOVE 

FOOT 

WOR

K 

RANK 1 -0.281 -0.309 -0.218 0.275 -0.100 0.094 0.008 -0.336 -0.152 

PAC -0.281 1 0.523 0.515 -0.529 0.112 -0.168 0.313 0.486 0.077 

DRI -0.309 0.523 1 0.782 -0.714 0.785 -0.561 0.401 0.851 0.258 

SHO -0.218 0.515 0.782 1 -0.799 0.570 -0.238 0.351 0.691 0.352 

DEF 0.275 -0.529 -0.714 -0.799 1 -0.397 0.473 -0.175 -0.682 -0.152 

PAS -0.100 0.112 0.785 0.570 -0.397 1 -0.541 0.298 0.652 0.196 

PHY 0.094 -0.168 -0.561 -0.238 0.473 -0.541 1 -0.140 -0.460 -0.012 

ATTACK 0.008 0.313 0.401 0.351 -0.175 0.298 -0.140 1 0.359 0.131 

SKILL 

MOVES 

-0.336 0.486 0.851 0.691 -0.682 0.652 -0.460 0.359 1 0.237 

FOOT 

WORK 

-0.152 0.077 0.258 0.352 -0.152 0.196 -0.012 0.131 0.237 1 
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Table 3 Multi-collinearity statistics 

Statistic RAN

K 

PAC DRI SHO DEF PAS PHY ATTACK SKILL 

MOVES 

FOOT 

WORK 

R² 0.222 0.580 0.912 0.866 0.849 0.821 0.634 0.320 0.762 0.472 

Toleranc

e 

0.778 0.420 0.088 0.134 0.151 0.179 0.366 0.680 0.238 0.528 

VIF 1.286 2.379 11.369 7.470 6.603 5.589 2.734 1.470 4.198 1.894 

 

In order to handle this issue, we employed Principal Component Analysis (PCA) to 

examine inter-correlation among components. PCA is able to avoid the issue of multi-

collinearity since running a PCA on the raw data produces components that are linear 

combinations of the uncorrelated independent variables (Jolliffe, 2002). Also, it is able to 

reduce large number of explanatory variables to a lesser number of components (Hair et al., 

2006). This provides a regression equation for an underlying process by employing 

explanatory variables.  

In the literature, Principal component analysis (PCA) is considered a suitable technique 

for identifying and listing major factors affecting a dependent variable (Burns, Bush, & Sinha, 

2014; Hair, Black, Babin, Anderson, & Tatham, 2006). Hence, in the first stage, PCA was 

applied to discover components contributing to overall player performance. In the next stage, 

Principal Components Regression (PCR) is applied to components derived from a PCA. The 

basic idea behind PCR is to compute the components and then apply some, or all, of these 

components as independent predictors in a linear regression model using the least squares 

procedure (Jolliffe, 2002). The main conceptual basis of PCR is very closely related to the one 

that is underlying PCA, and the technique is similar as well. In this study, a smaller number of 

components (four) are found to be sufficient to explain 92.71% of variability in the data. To 

ensure statistical rigor, we also undertake tests of multi-collinearity, correlations and sample 

adequacy as presented in the next section.  

4. RESULTS AND DISCUSSION 

4.1. Principal Component Analysis 

The first objective of this study is to discover the major components in assessing player 

performance. To perform the PCA, a minimum of five cases or records must be present per 

variable (Hair et al., 2006). Data was insufficient for certain variables – diving, handling, 

reflexes, kicking and position. We examined the goodness-of-fit for the variables as the model 

could be impacted by sparse data. Few variables like diving, handling, reflexes, kicking and 

position had small coefficients, and therefore, they were dropped (Joiliffe, 2002). The process 

was repeated until the fit improved and we were able to get clear components and variable 

loadings.  

Two statistical tests are conducted in order to determine the suitability of PCA which are 

presented in Table 4 and 5. First, Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy 

score (Table 3) was found to be above the recommended level of 0.50 for all the variables 

(Joiliffe, 2002). Second, Bartlett’s test of sphericity (Table 5) was found to be significant (Chi 

Square with p < 0.05), indicating that significant inter-correlations exist between the variables 

and thereby suggesting that employment of PCA is appropriate. 
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Table 4 Kaiser-Meyer-Olkin measure of sampling adequacy 

  

 

 

 

 

 

 

Table 5 Bartlett's sphericity test 

   Chi-square (Observed value) 863.726 

 Chi-square (Critical value) 11.591 

 DF 21 

 p-value (Two-tailed) 0.0001 

 alpha 0.95 

    Note. Test interpretation: 

 Ho: There is no correlation significantly different from 0 between the variables.  

Ha: At least one of the correlations between the variables is significantly different from 0. 

As the computed p-value is lower than the significance level alpha=0.95, we reject the null 

hypothesis Ho, and accept the alternative hypothesis Ha. 

Third, we performed oblique rotation (oblimin, promax), and examined the component 

correlation matrix. We found no inter correlations among components and, in the fourth stage, 

we repeated the analysis with varimax rotation thus maximizing the component loadings (Hair 

et al., 2006).  

The variables which finally get included in PCA are pace, dribbling capacity, shooting, 

defence, passing capacity, physical strength & attacking capacity. The rotated components 

with varimax rotation were found to provide more clear and distinct components. Seven 

variables (diving, handling, reflexes, kicking, speed, footwork, and position) were not 

considered in PCA due to low contributions to components. The statistical test results (KMO 

0.689, Bartlett’s Test of Sphericity 863.72, with Significance <= 0.05) are presented in Table 

3. The Eigen values of different components and component loadings are shown in Table 6.  

Table 6 Eigenvalues 

 F1 F2 F3 F4 F5 F6 F7 

Eigenvalue 4.311 0.988 0.668 0.522 0.370 0.079 0.062 

Variability 

(%) 

61.593 14.115 9.544 7.460 5.279 1.124 0.886 

Cumulative 

% 

61.593 75.708 85.251 92.712 97.991 99.114 100.000 

 

The components with Eigen values above 1 were selected from the rotated component 

matrix (Hair et al., 2006). Three components (F1, F2 & F3) were selected which had Eigen 

values greater than 1. The resultant component structure with these three components 

cumulatively explained 85.25% of item variance (as indicated in Table 6). 

 

PAC 0.700 

DRI 0.780 

SHO 0.676 

DEF 0.669 

PAS 0.625 

PHY 0.582 

ATTACK 0.817 

KMO 0.689 
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Data was reduced to three components which are now relatively easier to be analysed and 

compared. An examination of correlation between variables and component (Table 7) 

indicates F1 appears as leading component.  

Table 7 Component loadings (Correlation between variables and components) 

 F1 F2 F3 F4 F5 F6 F7 

PAC 0.643 0.603 -0.264 -0.204 0.329 -0.061 -0.029 

DRI 0.942 -0.101 -0.062 0.136 0.167 0.217 0.065 

SHO 0.896 0.209 0.093 0.293 -0.151 -0.119 0.147 

DEF -0.861 -0.160 0.258 -0.079 0.374 -0.035 0.136 

PAS 0.775 -0.481 0.174 0.241 0.244 -0.094 -0.111 

PHY -0.650 0.538 0.293 0.436 0.074 0.053 -0.065 

ATTACK 0.665 0.158 0.635 -0.349 -0.078 0.029 -0.022 

 

For F1, DRI exhibits foremost loading (0.942), followed by SHO (0.896), DEF (-0.861), 

PAS (0.775), ATTACK (0.665) and PHY (-0.650). PAC showed the lowest component 

loading (0.645) on F1. An examination of component loadings and variables, it appears that 

F1 represents ‘Agility’ factor. DRI, SHO, PAS, PAC, ATTACK have high positive loadings 

and negative loadings on DEF and PHY. It indicates that such a player exhibits high agility 

and speed. S/he can be assessed as somebody who can be nimble on the field with good 

dribbling, shooting, passing & pacing skills. Such players would be appropriate in the roles in 

front field to lead the attack and convert attack to goal.  

The second component, F2 exhibits foremost loading on PAC (0.603), followed by PHY 

(0.538), PAS (-0.481), SHO (0.209), DEF (-0.160), ATTACK (0.158) and DRI (-0.101). It 

appears that F2 indicates ‘endurance’ factor. The component indicates that such a player 

exhibits higher stamina and endurance thus supporting front field attackers. Such players’ 

performance would be optimal in mid-field and, as such, to support the conversion to goal. 

This component has lower loading on ATTACK thus indicating that it represents a 

characteristic which excludes tackling opposing team’s player. The primary performance of 

players in this category is appropriate for facilitating the conversion to goals.  

The third component, F3 exhibits foremost loading on ATTACK (0.635) followed by 

PHY (0.293) and DEF (0.258). Very low on SHO (0.093) and negative on PAC (-0.264) and 

DRI (-0.062). It appears that F3 indicates ‘Tackle & Defence’ factor. The component 

indicates that the players exhibiting this factor would tackle the opponent’s player and defend 

the goals. Such players’ performance would be optimal in back-field and, as such, to deflect 

player who is pacing to make the goal. Their primary performance is appropriate to saving the 

goals. 

It is logical to observe correlation of these components with ranks of players and 

investigate if the components explain the causal impact on ranks. We find that the 

components do exhibit correlation with ranks (Table 8). We had also observed through 

multicollinearity statistics (Table 3) that several variables in this case are also high correlated 

among themselves and so it is not possible to directly regress variables on the ranks.  
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Table 8 Correlation Matrix 

  F1 F2 F3 F4 F5 RANKING 

F1 1 0.000 0.000 0.000 0.000 -0.183 

F2 0.000 1 0.000 0.000 0.000 -0.107 

F3 0.000 0.000 1 0.000 0.000 0.235 

F4 0.000 0.000 0.000 1 0.000 -0.094 

F5 0.000 0.000 0.000 0.000 1 -0.088 

RANKING -0.183 -0.107 0.235 -0.094 -0.088 1 

 

It has been suggested in literature that highly correlated covariates cause many issues with 

analysis of data in multiple regression model (Joiliffe, 1985). Therefore, we attempt to assess 

the impact of components on player ranks through Principal Component Regression (PCR) 

which is a parameter estimation approach applied on data where multicollinearity exists. We 

realize that parameter estimation problems caused by multicollinearity cannot always be fixed 

by PCA but this process is often effective (Joiliffe, 1985). PCR used in statistics but also in 

several real world applications. In this study, it provides a useful way to assess player 

performance. In the next step, we test the following hypothesis. 

H0: The components have no significant impact on player rank. 

H1: The components have a significant impact on player rank. 

Tables 9-11, summarize the results of PCR. Goodness of fit statistics of regression model 

are presented in Table 9. The value of R2 equals 0.617 (as observed in the goodness of fit 

statistics in Table 9), indicating that 61.7% of the variation in the dependent variable 

(ranking) is explained by the independent variables components. It is also observed that the 

value of R2 is significant, as indicated by a low p-value (which is below the 5% assumed 

level of significance). It is also observable from the ANOVA table (Table 10) that the model 

is statistically significant as the p-value for F statistic is lesser than 0.05. The p-values for 

component coefficients indicate that the first three components (F1, F2, F3) are statistically 

significant as observed in the table for Model Parameters (Table 11). 

Table 9 Regression - Goodness of Fit Statistics 

Observations 150.00 

Sum of 

weights 

150.00 

DF 144.00 

R² 0.617 

Adjusted R² 0.45 

MSE 191.60 

RMSE 13.84 

Table 10 Analysis of Variance 

Source DF Sum of 

squares 

Mean 

squares 

F Pr > F 

Model 5 3646.858 729.372 3.807 0.003 

Error 144 27590.642 191.602   

Corrected 

Total 

149 31237.500    

 Note. Computed against model Y=Mean(Y) 
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Table 11 Model parameters 

Source Value Standard 

error 

t Pr > |t| Lower 

bound 

(95%) 

Upper 

bound 

(95%) 

Intercept 25.500 1.130 22.562 < 0.000 23.266 27.734 

F1 -2.272 0.544 -2.337 0.021 -2.348 -0.196 

F2 -1.555 1.137 -1.367 0.044 -3.802 0.693 

F3 4.148 1.383 3.000 0.003 1.415 6.881 

F4 -1.876 1.564 -1.200 0.232 -4.968 1.215 

F5 -2.091 1.859 -1.125 0.263 -5.766 1.584 

Note. Components which are highly significant are shown in bold font 

In summary, we draw these conclusions a) Given the value of R2, 61.2% of the variability 

of the dependent variable RANKING is explained by the 5 explanatory components. b) Given 

the p-value of the F statistic computed in the ANOVA table, and given the significance level 

of 5%, the information brought by the explanatory components is significantly better than 

what a basic mean would bring. 

The estimated regression equation for the model is: 

                                          

The p-values for these components (F1, F2, F3) are significant (<= 0.05)lower than the 

standardized level of significance (0.05). Hence, null hypothesis is rejected for these 

components. The estimated regression equation indicates that three components – F1 (-2.337), 

F2 (-1.367), F3 (3.000) are able to explain 61.2% of variation in the rank of players. The 

intercept is high at 22.562 and that is the reason coefficients of F1 & F2 hold negative values. 

We analyse the variable loadings on components (PCA) in Table 7 and the impact of 

components on ranking (Table 8) to connect the effect of variables on ranking.  

It is observed that F1 has significant impact on the rank, followed by F1 and F2. F1 has 

high component loadings on PAC, DRI, ATTACK, SHO and PAS. It has negative loading on 

DEF (-0.861) and PHY (-0.650). It indicates that players who are high on the factor scores for 

F1 would have better rank as coefficient for F1 (-2.337) in the regression equation is negative. 

Likewise, players with high factor scores for F2 would have better ranks as its coefficient  

(-1.367) is also negative. However, coefficient for F3 is positive (3.000) thus indicating that 

the players with high factor scores for F3 would have lower ranks. F2 has high component 

loadings on PAC (0.603) and PHY (0.538). It has moderately negative loading on PAS  

(-0.481) while it loads low on other variables like DRI, SHO and DEF. We can interpret that 

the players who perform better in skills for pace and physical strength may be better placed in 

the rank. However, they would get a marginal benefit as their ranks would be somewhere in 

the middle (between 8 & 25). F3 has high component loading on ATTACK (0.635) and has 

moderately negative loading on PAC (-0.264). It loads moderately low but positively on PHY 

(0.293) and DEF (0.253). This leads us to interpret that the players who perform better in 

skills for attack (i.e. tackling) and defence would also get a benefit but their benefit would be 

more marginal as such players are in the range of ranks falling between 26 & 45. 

The best players were found to have high scores in defence, passing, pace, and physical 

strength, and a relatively low score in shooting. To determine the impact of these variables on 

player ranks, we examined the causal relationship between component scores and player rank. 

We applied principal component regression analysis that considers component scores as 

independent variables and player rank as the dependent variable. In all, we had seven 

variables (with each attribute of the player becoming a variable) and 150 cases, or records, 

spread over three years. The output of the regression analysis clearly indicated that dribbling, 

shooting and pace were foremost players’ attributes that positively impacted the rank (or 
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performance). The model suggests (with a reasonable degree of statistical significance, as 

indicated by components) that, players can perform relatively better (in terms of their ranks) if 

they channel their efforts more towards improving dribbling, shooting, pace and attack. 

4.2. Validation 

For validation, we have taken the same data for the years 2016, 2017, 2018 and compared the 

model assessed with the actual ratings as reflected for each player. To capture the accuracy, 

we compute the rank based on the model and compare it with actual rank. The comparison 

between assessed and actual rankings for players, selected at random, is presented in Table 

12. 

Table 12 Comparison between actual and predicted ranks 

Predicted rank Actual rank Difference 

7 7 0 

21 21 0 

10 9 +1 

9 10 -1 

30 28 -2 

3 3 0 

1 1 0 

 

MAPE is found to be good indicator to assess the predictive accuracy as it evaluates the 

percentage error of absolute values. Lower the MAPE, better the predictive capability of the 

model. MAPE was found to be 5% thus showing the player assessment was accurate 95% of 

times. 

4.3. Application of Classifiers  

In this section, we attempt to classify the players using machine learning methods. The 

classification is done with respect to certain characteristics, including dribbling, pace, 

shooting, defence, passing, and other characteristics. Essentially, the machine learning 

methods determine which characteristics are the most important for classifying players. 

Classification of players is important as rankings are considered a proxy for the assessment of 

player classification. 

This data is from FIFA about football player performance (Input) and their respective 

ranks (Target). Independent variables are attributes of players (like Pace, Defence, footwork 

etc.) and the Dependent variable is 'Ranking' of footballers for different years. The data is for 

three years. Top 50 ranks of players and their attributes are gathered for each year and 

appended. Thus, dataset has 150 observations. Python was used to apply classification 

methods on the data (Python, 2019). However, there are missing values or records and there 

are certain data quality issues like data types may or may not be Integer. We prepared the data 

as appropriate before applying a classifier- replacing missing values, repopulating with 

nearest neighbour and formatting correct data type. We start with importing necessary 

packages of Pythonto write a program for data analysis: 

# Importing the libraries 

import numpy as np 

import pandas as pd 

from missingpy import KNNImputer 

# numpy: Used for complex data calculation and calculating Eigen Values 
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# pandas: Used for data management, define and display data, and also for Data Analysis 

# missingpy: Used to handle missing values in the data. 
 

In the later steps, we use sklearn package to apply ensemble (in this case, random forest) also 

which is used as machine learning algorithm. 

Once we have imported the packages, we read the data files in python: 

purchase = pd.read_csv("player features.csv") 

indicator = pd.read_csv("Ranking.csv") 

We than performed the missing value treatment and repopulated with the nearest neighbour 

where n = 3 in this case and changed the datatype back to int from float. 

#Treatment of Missing Values 

nan = np.nan 

imputer = KNNImputer(n_neighbors=3) 

purchase=imputer.fit_transform(purchase) 

purchase=purchase.astype("int") 

Output: 

The missing features in these rows are imputed with column means. 

.format(self.row_max_missing * 100)) 

We get this message (Figure 1) through Python output indicating that the missing values 

have been replaced by the column mean value. Data was reviewed and missing value 

treatment was done with nearest neighbourhood approach. Figure 1 presents the Python 

output before the missing value treatment. 

 

Figure 1 Data summary in Python before the missing value treatment 

It shows that the PAC, DRI, SHO, DEF, PAS, PHY columns are float variables and have 

missing values also. So, we changed the data type and filled the missing values by KNN 

imputer function from missingpy package and we set the nearest neighbour to 1 so that the 

missing values can take the values of its nearest neighbour. Figure 2 presents the Python 

output after the missing value treatment. 
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Figure 2 Data summary in Python after the missing value treatment 

Figure 2 indicates that all the values are filled now, as we have 150 non-null data. Here 

the data type is float and integer. Data has dimension of 150 rows and 11 columns as clear 

from above result. 

After performing the missing value treatment, we split the data into training data and test 

data using below commands and then scaled the features to get an unbiased results: 

#Note that this is to be used for splitting the data into train and test 

from sklearn.model_selection import train_test_split  

X_train, X_test, y_train, y_test = train_test_split(purchase, indicator, test_size=0.2, 

random_state=1) 

# Feature Scaling 

from sklearn.preprocessing import StandardScaler 

sc = StandardScaler() 

X_train = sc.fit_transform(X_train) 

X_test = sc.transform(X_test) 

X_train = X_train.astype("int") 

X_test = X_test.astype("int") 

The independent variables taken for our analysis into consideration were: 

PACE - The score given based on the speed with which the player can run in the field. 

DRIBBLE - The score given based on the quality of dribble which a player can do while 

playing.  

SHOOT - The score given based on the length of the shoot of a ball which a player can shoot 

in the field. 

DEFENCE - The score given based on the ability to defence while playing. 

PASS - The score given based on the ability to pass a ball while playing. 

PHYSICAL - The score given based on the physical fitness of the player. 

PLAYER WORK-ATTACKING - The score given based on the attacking skills of the player. 

PLAYER WORK-DEFENSIVE - The score given based on the defensive skills of the player. 

SKILL MOVES - The score given based on the other skills moves of the player. 

FOOT WORK - The score given based on the foot work skills the player uses during the 

game. 
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We have taken all the variables in our model since each parameter is important to 

determine the rank of the player. Once we have done this our data is ready to be fed into a 

model. In the first phase, we used Decision Tree Classifier modelling technique to build our 

model, below is the code: 

# Using Decision Tree 

from sklearn.tree import DecisionTreeClassifier 

dt=DecisionTreeClassifier() 

# Feature Selection  

dtModel=dt.fit(X_train,y_train)  

Once the model is applied, we proceed towards the model evaluation phase. This is a 

process in which we apply the model based on the training data we have taken into 

consideration. 

We test the model using the test data and predict the value for the corresponding X_test and 

store it in y_predicted. 

# Predicting the Test set results 

y_predicted=dtModel.predict(X_test) 

Once we have predicted the values, we draw a confusion matrix to get the accuracy ratio 

and to verify the accuracy. The accuracy ratio assesses how correctly the model has 

determined the predicted values. The Accuracy is the ratio TP+TN / (TP+TN+FP+FN) where 

TP is the number of True Positives and FN the number of False Negatives, TN is True 

Negative and FP is False Positive. The accuracy ratio observed is 56.3%. We gave 80% data 

to machine for its learning, using Decision Tree classifier and we verified the accuracy score 

by comparing the predicted values with actual values of 20% of the total data. The accuracy 

score was found out to be 56.3% which is neither very high nor very low. In the next stage, 

we applied multinomial logistic regression model to the same dataset to explore if a logit 

model is able to provide a better accuracy ratio. 

The equation of the model has following functional form: 

Ranking= β_0+ β_1*PAC 〖+ β〗_2*DRI +β_3*SHO+β_4*DEF+β_5*PAS 〖+ β〗
_6*PHY+β_7*Player work-attacking +β_8*Player work-defensive+ β_9*skill 

moves+β_10*footwork 

In the next step, we ran multinomial logistic regression model on the data to test the 

results and identified the coefficients for all the variables (attributes). These are presented in 

sequential order - PACE (0.81624944), DRIBBLE (0.72873164), SHOOT (0.44247301), 

DEFENCE (-0.31096059), PASS (0.5008897), PHYSICAL (0.19546369), PLAYER WORK-

ATTACKING (0.28267564), PLAYER WORK-DEFENSIVE (-0.97867243), SKILL 

MOVES (0.48009561), FOOTWORK (0.3614515)]. PACE has the most significant and 

positive impact, followed by DRIBBLE, PASS, SKILL MOVES, SHOOT, FOOTWORK, 

PLAYER WORK-ATTACKING and PHYSICAL. Notably, the attributes related to agility, 

skill and deftness have positive impact on ranking of players while those strength do have a 

positive but relatively minor impact. PACE has the most significant and positive impact, 

followed by DRIBBLE, PASS, SKILL MOVES, SHOOT, FOOTWORK and PHYSICAL. 

Also, it was observed that some attributes, particularly related to defensive play, have 

negative impact on ranking. PLAYER WORK-DEFENSIVE has the most significant negative 

impact followed by DEFENCE. We verified the accuracy score which was found to be 

62.66%. The score is reasonable but we wanted to explore further and so we applied 

ensembles to evaluate if we get a better accuracy score. We scaled the independent variable 

values by employing standard scaler from library sklearn. As we applied Random forest 
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(ensemble) to train the model and predict values, we regressed all the player feature 

(independent variables) on ranking because the ranking of player depends on the pace, 

dribbling skills, shots, defence skills, passing skills and player’s performance on field (if he is 

attacking or defensive position player) and also on the footwork. So, we selected all 10 

independent variable for the model. In the next step, we predicted the values of the test data 

and applied the test for confusion matrix and found following result 

 

[[1 0 0 ... 0 0 0] 

 [0 1 0 ... 0 0 0] 

 [0 0 0 ... 0 0 0] 

 ... 

 [0 0 0 ... 0 0 0] 

 [0 0 0 ... 0 0 0] 

 [0 0 0 ... 0 0 0]] 

 

The accuracy ratio computed from the confusion matrix was found to be 81.33% which is 

reasonably high. Evidently, ensembles like Random Forest are able to do comparatively better 

classification. 

5. MANAGERIAL IMPLICATIONS 

The implications could be relevant to sport managers, researchers, administrators, and 

coaches. First, this study could help managers to compose better teams. Sport managers are 

often faced with the task of selection or changing their composition. A team is a collection of 

players, and the collection must be well thought out, such that, in case of injury to a player, a 

competent replacement is ready. Second, the proposed model would be useful for examining 

salaries, player bidding and contract negotiations between leagues/pledges and players. The 

present study applies data analytics to the field of sport management. A regression based on 

factor components was applied to model rank predictions for football players based on FIFA 

ranking data. An exploratory factor analysis was applied to determine the major factors that 

contribute to the prediction of overall player performance. The results indicate that defence, 

passing, pace, and physicality contribute most to player rank prediction. The regression 

analysis also clearly indicated that physical strength, dribbling, and pace were major variables 

that positively impact player rank prediction. The present study offers an objective analysis of 

the factors affecting player ranking. The analysis conducted in the study highlights the skills 

and attributes that improve player quality and rankings. The paper indicates that a player 

possessing strong physical strength; a better pace; and a greater degree of skill in defence, 

passing, and dribbling, would be a better player and is more likely to be ranked higher and 

display better performance.  

Further, with the help of this study, it is not only possible to compare individual players, 

but also teams. The results of this study enable the assessment of a team’s present strength (as 

compared to other teams) and future performance. For example, if most players on a team 

score high in the parameters identified in this study, that team could be safely considered a 

strong team, and it would be expected to demonstrate a superior performance. However, other 

factors that could affect performance must be also be considered, such as game venue and the 

number of matches played by each player and team. Thus, the results of this study could be 

used to assess future trends and analyse past data. This study could also help managers to 

compose better teams. Teams are often faced with the task of changing their composition. 

Indeed, a team is a collection of players, and the collection must be well thought out, such 
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that, in case of injury to a player, a competent replacement is ready. The findings of this study 

could be used, along with player experience, to make more informed selection decisions. 

6. CONTRIBUTION TO THEORY 

The proposed model would be useful for examining salaries and contract negotiations 

between leagues/pledges and players. More specifically, the escalation of commitment in 

contract negotiations can be examined through this decision modelling (Hutchinson, Havard, 

Berg, & Ryan, 20016a; Hutchinson, Rascher, & Jennings, 2016b). An informed examination 

of escalation of commitment would be useful for league or firm-specific decisions regarding 

bidding or contracts (Staw & Hoang, 1995). The proposed predictive model can be used to 

gauge the ranking of players based on their playing attributes such as defence and pace. 

Because decisions regarding whether to retain existing players or to close contracts are critical 

to an organization, a better understanding of player rank and performance can be essential to 

success. Likewise, decisions related to bidding and price quotes for the induction of new 

players into the league are crucial. Indeed, there could be an escalation of commitment if the 

data suggest that a player’s assessed ranking does not justify the retention of that player. 

Managers and scholars must consider the consequences of decisions to escalate in this 

context. The impact of these decisions could affect the outcome of competitions, and they 

could have an institutional effect. The consequence of pursuing certain courses of action 

(retention or closing a player’s contract) can be evaluated through predictive models, such as 

the one developed in this study.  

In the current digital age, a plethora of data is available on players. We selected data for 

certain players whose information is available in the public domain. Likewise, similar data 

(pace, defence, etc.) is available on players who are part of leagues/pledges. This model only 

used data in the public domain for players that are currently top ranked. As such, the player 

list is not exhaustive; rather, it is limited to few players only. However, teams would have this 

data available for their players; thus, this model can be replicated to gauge next year’s ranking 

and performance for each player. This would, consequently, help examine the impact of 

pursuing a specific course of action. While we do not delve into the quantitative impact of 

pursuing a course of action, we do develop a quantitative model that relies on transaction data 

to understand the consequences of organizational decisions. This model can clearly help 

identify if there is an escalation of commitment. For instance, if there is a clear and apparent 

drop in a player’s assessed ranking for next year (as indicated by the quantitative model), and 

the organization continues to retain the player, an escalation of commitment can be 

acknowledged. A better understanding of escalation of commitment, and a means to identify 

it, should prove relevant to sport management and provide theoretical extensions for future 

work. In the future, the theme of this research will continue to grow as it is increasingly cited 

in recent literature. It is critical for scholars to be able to evaluate decisions within the 

escalation of commitment framework. We contend that this quantitative modelling provides a 

vital approach to studying escalation of commitment.  

A sport manager can choose a player for her/his organization (club or association) based 

on the Rank and the playing attributes of the players. Ranking of a player can be either taken 

directly or the assessment of a player can be done through a data analytics approach using the 

data on attributes and Ranking (Kattuman & Kurchain, 2019). The decision of sport manager 

(a stakeholder) can be based on a combination of the two approaches. We have found in the 

analysis (as reported in ‘Discussion’ Section) that the Rank of a player is correlated with the 

playing attributes (pace, dribbling capacity etc.) of players and can be assessed through the 

analysis of attributes. However, there may be other exogenous variables which have an effect 

on the Rank. The analysis adopted in this paper found that middle ranked players (Rank 8-25) 
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can be assessed well by the analysis of attributes. However, Ranks 1-7 and 30-50 assessments 

could not be very precise. This can be due to the interplay of other exogenous variables, but 

this needs to be researched further. As a future research direction, it will be useful to 

investigate such variables or factors, the reasons and the impact such variables may have on 

the Rank of a player. Therefore, from the stakeholder perspective, sport manager may use a 

data driven analytical approach to decide on the selection of a player given their budget, 

resources and objectives. As a future research direction, it is useful to research further the 

comparison and analysis of decisions taken by sport manager (as stakeholders). For example, 

one scenario could be the one where a sport manager decides to select a player for her/his 

organization based on the player’s Rank & (budget/resources) as computed methodology 

presented in this paper. Other scenario could be the one where the sport manager makes a 

decision based purely on Rank and the budget/resources available. As such, sport managers 

need robust methods with which to analyze the decision in order to bring benefits to their 

respective organization (Friedman, Parent & Mason, 2004). In doing so, it also draws upon 

directions for future research in sport management through stakeholder theoretical lens. It is 

also found that strategy research specific to sport management is limited. However, strategy 

formulation is central to the role of management and, therefore, must also be central to 

scholarship in sport management (Shilbury, 2012). 

7. LIMITATIONS AND FUTURE RESEARCH DIRECTIONS 

Like all studies, this study has limitations. The study considers secondary data provided 

through a website. Future research may use primary data collected from athletes, sport 

managers, and coaches to identify factors, influencers, and assessors of player rankings. Other 

methods, such as direct observation, may also be used. Also, due to the nature of the analysis, 

items related to goalkeepers were eliminated. Future studies could use analyses that consider 

goalkeepers and other players that are tasked with performing a specific or unique activity on 

the team.  

Several studies use analytics to assess game outcomes, betting markets, and so on. 

However, studies which explore the relationship between player performance and analytics 

are limited. The performance of one player is not only affected by covariance with his or her 

opponent but also by players on the same team and many other factors. In addition, data for 

handling, reflexes, kicking, speed, and position was not available for most players. As a 

result, these attributes were ignored in the development of the model. This lack of data 

regarding certain attributes is a limitation of this analysis. In future studies, the selection of 

factors that need to be considered will be a major concern. For example, the weather on game 

days, match timing information, and differences in actual player routines could all be probable 

determining factors. 

8. CONCLUSIONS 

This research develops a model by employing 1) PCA and extending it to a multivariate 

regression of factor scores to assess the player rank, and 2) applying a classifier approach to 

classify the players based on their performance on different attributes. It essentially 

encompasses three levels of development. First, it captures the underlying constructs, or 

factors, that encapsulate the attributes of players. We found that coordination and fitness are 

the two factors that capture most of the variable loadings. Second, we employ factor scores to 

perform multivariate regression on the ranks of players. This, in turn, provides a predictor 

equation which enables the prediction of player ranks. This equation can be used to help 

determine the rank of a player given her/his performance in the last two years, as evidenced 

by FIFA data. Third, players are classified in different categories bases on their performance 
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on attributes like Defence, Dribble and others. This model is not limited in application to 

sport. In this era of data analytics, in which enterprises, governments, and other entities 

increasingly seek practical demonstrations of the value of data, this modelling approach, 

coupled with its system of attribute selection, is a natural fit for many applications.  
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