
This study aimed to explore the factors influencing outcomes in men’s UEFA Champions 
League matches. The sample comprised 201 UEFA Champions League face offs, and the pri-
mary objective was to identify key components significantly associated with success in the 
UEFA Champions League through logistic regression analysis. The game outcome was treated 
as the dependent variable in a Binary Logistic Regression (Forward: LR Method). Logistic re-
gression analysis identified six significant variables in establishing the model for match-win-
ning: Ball Possession (p = .042), Passes Attempted (p = .001), Passes Completed (p = .001), Ball 
Recovered (p < .001), Clearance Completed (p = .002), and Goals (p = 001). The study highlights 
a significant correlation between crucial variables and success in UEFA Champions League 
matches. Players and coaches can gain valuable insights into essential elements contributing to 
victory in this prestigious tournament. 
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INTRODUCTION

Sports require the use of statistics on a regular basis (Willoughby, 2002). It has been suggested recently 
to focus on developing the performance indicators. In team sports, match analysis can deliver an 
impartial, legitimate, and objective record of team actions, which makes it helpful for evaluating and 
monitoring team performances (Higham et al., 2014). Coaches and performance analysts search for 
the vital elements of performance in order to diagnose and explain previous accomplishments (i.e., 
what was incorrect and why) as well as to forecast and indicate potential behaviours (i.e., what will 
occur and what should we do). In-game coaches can utilise data to guide their assessments on which 
performance statistics to focus on in order to achieve an optimal result (Wheatcroft, 2021). Goal 
scoring is crucial in professional football, as it determines success or failure, unlike other sports where 
scores are minimal or non-existent. Football performance analysis research focuses on describing 
match behaviours and activities, with less exploration on using data to forecast future performances, 
but could provide valuable insights for performance enhancement (Carling et  al., 2013). Coaches 
and performance analysts search for the vital elements of performance in order to diagnose and 
explain previous accomplishments (i.e., what was incorrect and why) as well as to forecast and 
indicate potential behaviours (i.e., what will occur and what should we do). In-game, coaches can 
utilise data to guide or assess the players, in which performance statistics will play a major role to 
achieve an optimal result (Moura et al., 2014). Data normalisation and regression analysis were used 
in earlier studies that focused on predictive modelling to investigate the likelihood of goal scoring 
(Tim McGarry et al., 2002). Performance indicators describes the an action elements that discuss 
components of a successful performance. (Hughes & Bartlett, 2002). Logistic Regression Analysis is a 
useful tool in team sports for reporting and assessing performance indicators related to competition 
outcome from a strategic and tactical standpoint. (Castellano et al., 2012).

Regression is a statistical method used in football shot analysis, first used by Pollard and Reep 
in 1997. It helps researchers examine variables influencing a shot‘s or goal’s success probability. 
Quantifying the chance of scoring, measuring the effectiveness can provide the space to improve 
scoring probability by practicing (Reilly et al., 2005). Data scientists created a system that uses 
classification in data mining to predict team’s success probability based on their performances 
(Igiri, Chinwe Peace & ; Nwachukwu, Enoch Okechukwu, 2014). When making decisions in team 
sports in the past, decision-makers frequently relied on their intuition and prior experiences, 
especially when attempting to link team strategies and play styles to sport outcomes in terms of 
the outcomes of matches (Ievoli et al., 2021). In general, football team results can be described in 
terms of results, goals scored, goal differentials, or likelihood of winning (Clemente et al., 2020)
we analyzed (a.  Therefore, football results can be predicted using statistical techniques to identify 
determinants. Some strategies view ball possession as the key outcome variable (Ievoli et al., 2021). 
Another strategy involves using machine learning tools to forecast match results while attempting 
to account for various features that may affect match outcomes  (Opsahl & Panzarasa, 2009). It 
might be worthwhile to use data based knowledge (often based on objective judgements) acquired 
from subject-matter specialists in the field to forecast match outcomes. Data Scientists use this 
framework (Karanfil, 2017), Such techniques offer accurate outcomes that are encouraging. 
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Currently, with the development of the statistical concept, information technology is used 
extensively in sports training. Numerous academics have built numerous assessment models and 
conducted extensive research on sports performance assessment models (Zheng & Man, 2022). 
Today, analysts, fans, and team managers engage in the anticipation of match outcomes by making 
predictions about potential winners. The landscape of football match predictions has evolved, 
with various statistical measures playing a pivotal role in forecasting results. These predictions 
draw upon a wealth of data encompassing team statistics, player performances, historical trends, 
and other relevant factors. Team managers and club directors rely on this multifaceted data to 
make informed decisions, deciphering not only who will emerge victorious but also the strategic 
requirements for success in a given game. Therefore, this study aims to delve into the intricate 
web of factors influencing football match outcomes, particularly in the context of the Men‘s UEFA 
Champions League. By employing a logistical regression approach, we seek to identify and analyze 
the key determinants that contribute significantly to winning or losing in this elite competition. 
Through a comprehensive examination of the data, we aim to provide valuable insights for analysts, 
team managers, and football enthusiasts, contributing to a deeper understanding of the dynamics 
that shape success on the pitch in one of the most prestigious football tournaments worldwide.

METHOD

Leading clubs compete in the esteemed UEFA Champions League each year, this is managed by 
UEFA, the Union of European Football Associations. This study looked at the matches from the 
UEFA Champions League (Men) competitions in 2020–21 and 2021–22 in order to uncover the 
characteristics that affect a football team‘s ability to win. The study variables selected to analyse 
were the Goal, Ball Possession, Passing Accuracy, Passes Attempted, Passes Completed, Total 
Attempts, Attempts on Target, Corner Taken, Offside, Ball Recovered, Tackles, Blocks, Clearance 
Completed (Table 1). Only the matches with final outcomes has been selected for this study and 
matches with no outcomes has been excluded from the study.

Table 1. Description of selected variables for the analysis

Factors Description

Goal When the ball goes through the goal posts and completely crosses the goal line, the goal is scored.

Ball Possession (%) Physical control of the ball or other plaything by one team is known as possession, and 
it usually results in a scoring opportunity for that team.

Passing accuracy (%) The ability of a team to complete the passes successfully, without any interruption.

Passes attempted total number of chance to make the passes
Passes completed total number of chance to make the passes
Total attempts Total number of trials to score a goal.
Attempts on target Total number of trials to score a goal, on the target.

Corners taken When a goal is not scored and the ball crosses the goal line, touches a player of the 
defending team, or is in the air, a corner kick is given.

Offside When the ball is played forward to an opponent who is behind the final defender, it is 
considered an offside.
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Ball recovered Recovered ball from opponents after losing the possession

Tackles the act of a defender coming to meet an opponent who is in possession of the ball, 
engaging him, and then legally using a foot to take the ball away

Blocks Block is when a player obstructs a shot initialize by an opponent player.
Clearances completed Successful clearing the ball from goal area, during an attack.

Participants
The study sample was of a total 201 matches of the 2020-21 (a total of 105 matches have been 
selected, distributed across various stages of the competition as follows: 69 matches from the group 
stages, 16 matches from the Round of 16 first leg, 9 matches from the Round of 16 second leg, 4 
matches from the quarter-final first leg, 3 matches from the quarter-final second leg, 1 match from 
the semi-final first leg, 2 matches from the semi-final second leg, and the final match) & 2021–22 
(a total of 96 matches, comprising 75 group stage matches, 4 first-leg matches from the round 
of 16, 7 second-leg matches from the round of 16, 4 first-leg matches from the quarter-finals, 1 
second-leg match from the quarter-finals, 2 first-leg matches from the semi-finals, 2 second-leg 
matches from the semi-finals, and the final match) UEFA Champions League Tournament. To 
predict the winning and losing factors, matches with a final outcome (win/lose) has been taken 
and the matches which had drawn has been excluded as the final outcome was not in winning or 
loosing. In both the session 2020–21 and 2021–22, there were 8 groups and each group consists of 
4 teams. With this there were total 32 teams in each sessions. The information used in this study 
was taken from the official UEFA Champions League website. (UEFA.com, n.d.).

Procedure
IBM SPSS (version 26.0.0) was used for all statistical analyses. The outcome of the game was used as 
the dependent variable and the predictor factors used as covariates in an analysis of the data using 
Binary Logistic Regression (Forward: LR Method). 

Statistical Analysis 
β, standard error β, Wald’s χ2 were calculated in the logistic regression model. Model evaluation was 
conducted using the likelihood ratio test, Cox & Snell (R2) and Nagelkerke (R2) tests. The goodness 
of fit test for the models was conducted using the Hosmer & Lemeshow test. In addition, observed 
and predicted frequencies by the regression model were also calculated with a cut-off of 0.50. The 
statistical level of significance was set at p ≤ 0.05.

RESULTS

A total of 201 observations were analysed. The following variables were identified by the logistic 
regression analysis as being important in establishing the model for match winning: Ball Possession, 
Passes Attempted, Passes Completed, Ball Recovered, Clearance Completed, Goals. Predicted logit 
of Winning = -15.256 + 0.85·(Possession) + (-0.017)·(Passes Attempted) + 0.015·( Passes Completed) 
+ 0.091·( Ball recovered) + 0.1·( Clearance Completed) + 2.703·( Goals). The Likelihood ratio test of 
the model resulted in χ2 value of 221.543 with p < 0.001. In addition, the Cox and Snell resulted in R2 
value of 0.566 and Nagelkerke resulted in R2 value of 0.755. The model’s overall correct predicted 
percentage was discovered to be 87.3%. The logistic regression analysis found that some variables 
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from the study was insignificant to determine the model for winning of matches: Passing Accuracy, 
Total Attempts, Attempts on Target, Corners Taken, Offsides, Tackles and Blocks.

Table 2. Total number of cases

Cases N
Included in Analysis 402

Missing Cases 0
Total 402

Total matches analysed from the tournaments were 201, so the teams faced in each matches were 
2, hence the statistical cases were 402 (Table no 2).

Table 3. The classification table provide a summary of the correctness of this logistic regression model.

Classification Table* 

Observed Predicted Result

win
Percentage Correct

lose

Result
lose 175 26 87.1
win 25 176 87.6

Overall Percentage 87.3

* The cut value is 0.50

In this classification table the correctness of the table is 87.3% (Table no 3). The probability threshold 
used in logistic regression to categorise observations as either positive or negative is known as the 
cut value. For example, an observation will be categorised as positive if the anticipated probability 
is greater than 0.5, and as negative if the predicted probability is less than 0.5.

Table 4. Variables that are taken in the study

Variables in the Equation

Factors β S.E. Wald χ2 df Sig*. Exp(B).
Possession .085 .042 4.118 1 .042 1.089
Passing_accuracy .067 .043 2.458 1 .117 1.069
Passes_attempted -.017 .005 11.093 1 .001 .983
Passes_completed .015 .004 11.318 1 .001 1.015
Total_attempts -.023 .062 .139 1 .709 .977
Attempts_on_target -.072 .116 .388 1 .533 .930
Corners_taken .064 .078 .669 1 .413 1.066
Offsides -.150 .091 2.724 1 .099 .861
Balls recovered .091 .025 13.627 1 .000 1.095
Tackles -.002 .014 .029 1 .865 .998
Blocks -.241 .093 6.713 1 .010 .786
Clearances completed .100 .032 9.631 1 .002 1.105
Goal 2.703 .302 80.251 1 .000 14.919
Constant -15.256 4.138 13.592 1 .000 .000

*Level of significance was set at 0.05 level
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In this logistic regression (Table no. 4), some factors has been considered as independent variable 
like Possession, Passing accuracy, Passes attempted, Passes completed, Total attempts, Attempts 
on target, Corners taken, Offsides, ball recovered, tackles, blocks, clearances completed. β is the 
estimated coefficient for the predictor variable in the logistic regression model. It indicates the 
direction and magnitude of the relationship between the predictor and the dependent variable. A 
positive β suggests that as the predictor increases, the likelihood of the dependent event occurring 
(e.g., winning a match) also increases and vice versa for a negative β. S.E. (Standard Error) measures 
the variability or precision of the β coefficient estimate. Smaller standard errors indicate more 
precise estimates of the β coefficient. Wald χ² (Wald Chi-Square) statistic tests the null hypothesis 
that the β coefficient for a predictor is equal to zero (no effect). A larger Wald Chi-Square value 
indicates a stronger evidence against the null hypothesis. df Degrees of Freedom is 1 for each 
individual predictor in the model, reflecting the number of parameters estimated for that predictor. 
Sig (p-value) is the probability that the observed association (or a more extreme one) could occur 
by random chance if the null hypothesis is true. A p-value less than 0.05 (the significance level) 
indicates that the predictor variable has a statistically significant effect on the dependent variable. 
Exp(B) (Exponentiated β coefficient) known as the odds ratio, Exp(B) indicates how the odds of the 
dependent event occurring change with a one-unit increase in the predictor variable. For example, 
an Exp(B) of 1.089 for «Possession» means that a 1% increase in possession is associated with an 
8.9% increase in the odds of the dependent event (e.g., winning).

Table 5. Describes the model summery of this logistic regression model

Model Summary
-2 Log likelihood Cox & Snell R Square Nagelkerke R Square

221.543* .566 .755

The model›s log likelihood gauges how well it fits the data. Here Log likelihood value is 221.543. 
How much of the variation in the outcome variable is explained by the model is determined by 
the Cox & Snell R Square (0.566), It is between 0 and 1. The Nagelkerke R Square illustrates the 
percentage of the outcome variable›s variation that the model accounts for. Despite being modified 
to take into account the number of predictor variables in the model, it is similar to the Cox & Snell 
R Square (Table no. 5).

Table 6. Shows statistical goodness of fit test

Hosmer and Lemeshow Test

Chi-square df Sig*

5.939 8 .654
*Level of significance was set at 0.05 level

The Hosmer and Lemeshow test table for logistic regression shows the statistical results by 
which one can understand the test for goodness of fit (Table no. 6). If the significance level is below 
0.05, then the data is fit poorly, but here the value of significance is 0.654, which means the data is 
well fitted.
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Figure 1. The probability graph is showing the separation between the two groups of winners and loosers.
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DISCUSSION

This study’s goal was to use a logistic regression method to pinpoint crucial elements of a football 
game that were significantly related to get success in the UEFA Champions League. Six factors 
out of the competition’s thirteen were linked to winning, including possession, passes attempted, 
passes completed, ball recoveries, cleared areas, and goals. These factors are intrinsically connected 
to how well the opposition perceives and attacks (Peña et al., 2013) by the use of Binary Logistic 
Regression (Forward: LR Method). Seven additional factors were against winning as well. The 
tournament featured well-balanced teams, but various task-related functional constraints may 
affect player behaviour during reception.

Elite football teams can benefit from understanding game styles and training goals, as 
performance indicators do not significantly explain match outcomes in both modelling approaches. 
The logistic regression analyses as shown in table no 3 achieved 87.3% classification accuracy, 
which is good in terms of a statistical analysis model. This confirms the necessity of such models in 
the analysis of sport performance. With regard to the UEFA Champions League, it appears that the 
kinds and combinations of performance indicator disparities between successful and failing teams 
can matter more than the absolute values of such differences. The observation of this phenomena 
in this setting highlights similarities with previous research on human motor control and variation 
of movement (Glazier & Davids, 2009; Latash et al., 2002). Future studies could compare margin 
to win/loss (the metric employed in this study), as margin might provide a different viewpoint on 
performance than the binary result of win/loss (Sargent & Bedford, 2013; Stewart et al., 2007). 
It has also been utilised in basketball to discover key time events that impact team success on a 
quarter-by-quarter basis, which can provide coaches with a critical tactical and technical focus 
(Ruano et al., 2013). By utilising an integrative approach and creating multidisciplinary metrics 
that particularly take into account multiple performance indicators, this prediction model’s 
sophistication could be further increased.

These results are consistent with past studies on the Norwegian football league (Tenga, Holme, 
et al., 2010a, 2010b; Tenga, Ronglan, et al., 2010) and Spanish Professional Football League (Lago-
Ballesteros et al., 2012), which implied that counterattacks were superior as there were many 
offensive elaborations in terms of creating goals, where factors such as attempts on target, total 
attempts, passing accuracy, ball possession has been involved. In the matches that were examined, 
approaching the scoring area, searching for adequate shooting space, and dodging shots when the 
opposition is putting defensive pressure on you might have been important factors. It may have 
implied, albeit hypothetically, that teams employed defensive strategies to close the gap between 
defensive players and increase player density (particularly in the score area) (Castellano & Alvarez, 
2013). This tactic would increase defensive pressure and reduce open space for cutting passes, 
which would reduce the effectiveness of team possession (Lago-Ballesteros et al., 2012), While it 
could lead to better counterattack scenarios when balls are recovered (Ruano et al., 2012).

In the UEFA Champions League, factors such as ball possession, pass success, successful passes, 
and crosses had been found to differentiate between teams that would win and lose (Lago-Peñas 
& Lago-Ballesteros, 2011) and Spanish Professional Football League (Lago-Peñas et al., 2010). 
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Studies showed that the most effective attacking strategy is to keep the ball on the ground, try to 
pass it continuously, and patiently look for the best scoring opportunities rather than cross the 
ball carelessly into the area. Short passes increase the likelihood of sending the ball to expected 
destinations, whereas crosses are more likely to cause commotion during ball possession because 
they are more unpredictable (Oberstone, 2009), Successful one-on-one interactions can be 
unpredictable, which can create unexpected scoring opportunities (Luhtanen et al., 2001). Failure 
or improper dribbling greatly increases the chance that the opposition will launch counterattacks 
and score. In close games, Aerial Advantage had no effect, but overall, it significantly increased 
winning probabilities (+26%). In aerial duels, competing for long passes and crosses (Liu et al., 2013). 
There were more aerial duels in the game, which led to more long passes and crosses. This “winning 
formula” in aerial duels does not hold true in close games, most likely because the frequency of long 
passes and crosses declined as the match got closer. Nevertheless, the current finding may imply 
that winning aerial long passes and crosses can raise the likelihood of winning in general.

It’s thought that not much research has been done on defence in football competitions (Almeida 
et al., 2014). It was found that immediately regaining possession of the ball following interceptions 
and tackles was correlated with the outcome of football games (Vogelbein et al., 2014). In a similar 
vein, a study found that a two standard deviation increase in the variable Tackle would lead to 
a 27 percent increase in the probability of winning in all games, including close games. Tackle 
needs to be able to foresee and select the precise place and moment to execute the action (Williams 
et al., 2012) and It most likely has to do with having the best possible environmental perception 
of the ball’s speed, location, and opponents (Williams et al., 2012). Consequently, increasing the 
chances of winning could be achieved by making sensible and successful tackles. Previously, it was 
found that red and yellow cards also differ between winning, drawing and losing teams (Lago-
Peñas et al., 2010; Peñas et al., 2011). Study’s findings  showed that a red card would decrease the 
chances of winning every game and close games by 14%, as the punished player’s team suffers 
from numerical inferiority. Furthermore, one Yellow Card had also a very negative effect on 
the probability of winning for close games, but a negligible (9%) impact for the match. After one 
yellow card, cautioned player use to avoid challenging tackles or physically hardcore defending 
skills to avoid the chances of being sent off by getting another yellow card. As yellow card make 
the player less aggressive, this make the player a little bit less effective especially in close games, 
which showes very negligible impact in winning or loosing a football match (Bar-Eli et al., 2006). 
Though it’s thought of as an effective modelling technique for monitoring relationships between 
key performance factors and match results (Almeida et al., 2014), In some chaotic matches, it is 
less evident of having strong correlations between individual match statistics and the probability 
of winning has been mediated by other influencing factors or may even be “random” effects. Some 
study’s tiny sample size from a single competition might shows some lacking in the indicator values 
come from competing teams, which lay affect to one another. Like current study, including more 
participants should be included in future research (Almeida et al., 2014; Mackenzie & Cushion, 
2013). Situational elements such as importance of the match and venue sometimes play a thing to 
consider when assessing the performance of a football match. Variables pertaining to team and 
opponent strength (e.g., qualified teams from the group stage, successful and unsuccessful teams) 
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can be added to further model building. This research only looked at the within team effect, which 
represented the effect of team values changing from match to match.

CONCLUSION

According to the study, there is a strong link between some important factors and winning a 
professional football championship game. It implies that while creating training schedules and 
team dynamics, coaches and athletes should take these factors into account. The results of matches 
are greatly impacted by team differences in kickoff and goal conversion rates, according to the 
logistic regression model. The results show which game mechanics should be the main focus of 
training to maximise player proficiency and which performance indicators elite analysts should 
prioritise. Athletes’ time for skill development is limited in elite settings as they must prioritise 
fitness, strength, injury prevention, match review and preparation, and recovery. Clubs should 
concentrate on helping coaches manage their time well.
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