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With an increasing number of key performance indicators (KPIs) in soccer analytics, 

it is key to identify the most valuable KPIs. One approach to define a KPI’s value is to 

assess its ability to predict match outcomes and future performance. Therefore, this 

study aims to compare the effectiveness of expected goals (xG) and expected 

possession value (EPV) in predicting match outcomes in both pre-match and 

post-match scenarios. Event and tracking data of three Bundesliga seasons 

(2022/23, 2023/24, & 2024/25) were used to develop four distinct match 

outcome prediction approaches: xG & EPV pre-match (using features including 

the last three match performances of teams & contextual factors) and xG & EPV 

post-match (using xG and EPV performances of the played match). The xG post- 

match prediction showed the best performance in predicting match outcomes 

(xG post-match: RPS = 0.148, Accuracy = 0.656; EPV post-match: RPS = 0.191, 

Accuracy = 0.596). In pre-match scenarios EPV showed higher prediction 

performance (RPS = 0.194, Accuracy = 0.583) compared to xG (RPS = 0.199, 

Accuracy = 0.556). Accordingly, xG holds more valuable performance 

information on the offensive performance of a team in post-match scenarios. In 

contrast, the EPV pre-match prediction showed powerful results in predicting 

future match outcomes and thereby showcased the predictiveness of EPV.
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football, team sports, match prediction, performance analysis, tracking data, machine 

learning

1 Introduction

It is still chance that dominates the results in the game of soccer (1). This includes 

seemingly weaker teams regularly taking their unlikely chance by overcoming stronger 

opponents in knockout cup competitions. Recently, this was true for Arminia 

Bielefeld, playing in German third division, advancing to the final of the 2025 German 

DFB-Pokal defeating four first division teams including 2023/24 double winners Bayer 

Leverkusen. Those unlikely journeys are one of the reasons why soccer is one of the 

most popular sports in the world (2).

Although uncertainty is omnipresent, the coaching staff and match analysts work 

relentlessly to tip the probabilities in their team’s favor. In this context and the latest 

advancements in data collection, processing, and evaluation in elite soccer, data 

science has become a promising field for analyzing soccer performances to find that 

pivotal pinpoint that 3ips the odds (3).
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With it, a 3ood of key performance indicators (KPIs) have 

been developed and introduced to potentially bring up hidden 

information to gain a competitive edge. One of the most widely 

recognized and commonly used KPIs in soccer analytics is 

expected goals (xG) (4–6). While a well calibrated xG model can 

effectively assist in analyzing the game in more detail, it focuses 

exclusively on shooting actions and thereby covers only a small 

subpart of the complex game of soccer. This is one of the 

reasons why further approaches in soccer analytics shifted the 

focus on the analysis of every action on the pitch, for instance 

by modeling the scoring probabilities of possessions, namely by 

expected possession value (EPV). While both EPV and xG 

approaches (EPV & xG) primarily focus on offense, there have 

also been efforts to quantify defensive success (7). For instance, 

by analyzing the probabilities to regain the ball in defense, 

namely expected ball gain (xBG) (8, 9).

Next to those examples of KPIs to analyze the match 

performance in soccer, countless metrics are introduced and 

analyzed. However, the volume of these statistics can become 

overwhelming when trying to analyze the game through 

numbers and KPIs. Therefore, in the current stages of data and 

match analysis it is crucial to identify which KPIs contain the 

most valuable information (10). One effective approach to 

identify the most valuable KPIs is by assessing their ability to 

predict outcomes and future performance, making their 

predictive power a central aspect of their effectiveness in sports 

analysis (10).

While it is possible to predict several different performance 

aspects in soccer [e.g., running distance (11)], the prediction of 

match outcomes remains a central focus when forecasting future 

performances (12, 13). Thereby, the prediction of match 

outcomes can be approached from two distinct perspectives.

On one hand, from a betting market view-point it is the main 

aim to predict the outcomes as accurately as possible in order to 

maximize profit (14). Most scientific studies in this research area 

focus on finding insufficiencies of the betting market (15, 16). On 

the other hand, and in contrast to the viewpoint of the betting 

market, match analysis focuses on predicting outcomes to judge a 

player’s or team’s performance (e.g., by comparing pre-game 

predictions with actual player or team performances). With it, 

coaching staff is able to more objectively evaluate performance by 

filtering elements of chance. In this context, O’Donoghue et al. 

(17) showed that data analysis is more accurate in the prediction 

of tournament outcome than experts opinion which underlines 

the importance of objectively judging performance.

While betting market predictions and match analysis 

predictions differ in their perspectives and aims, there are also 

two distinct approaches to forecast outcomes. In detail, the 

prediction approaches of match outcomes can generally be 

differentiated into pre-match predictions (which include solely 

information available prior the match is played), and live or 

post-match predictions (which also include information of the 

performance during the played match).

In detail, pre-match prediction approaches have used highly 

heterogenous sets of input data dependent on the competition 

and available data (e.g., different data providers) (13). Thereby, 

the features used to predict outcomes range from rather basic 

information, such as league ranking of opponents or match 

venue, to complex input information, such as tracking data and 

complex tactical KPIs (18). Furthermore, there are differences in 

the outcome of the predictions. For instance, direct predictions 

of probabilities result in cumulative probabilities of the match 

outcome (probabilities of home win, draw, away win) (18). 

Indirect predictions first estimate the number of goals scored by 

each team, then derive match outcomes by estimating the most 

likely result (15, 19). This approach results in more detailed 

insights by modeling underlying score distributions (e.g., exact 

predicted goal difference).

In contrast to pre-game predictions, post-match prediction 

approaches use information of the match performance of teams 

during the actual match with the main aim to judge the 

performance of individual players and teams during or after a 

match (16). In this context, many studies in this research area 

have been conducted from a sports-science perspective. Thereby, 

a substantial set of features related to performance was used to 

predict match outcomes to identify which KPIs are related to 

match outcome performance (e.g., number of shots or 

possession ratio) (20, 21).

Overall, to the best of the authors’ knowledge, there has not 

been a study that specifically analyzed and compared the 

prediction performance of KPIs, namely xG and EPV, to 

eventually evaluate their usefulness to analyze the game of soccer.

Therefore, the aim of this study is to evaluate and compare the 

effectiveness of the KPIs xG and EPV in predicting match 

outcomes, in order to assess their value for soccer match 

analysis. Therefore, two distinct approaches to predict match 

outcomes are developed based on (i) pre-match information and 

(ii) post-match information.

2 Methods

This study was conducted according to the guidelines of the 

Declaration of Helsinki and approved by the local ethics committee 

(Human and Business Sciences Institute, Saarland University, 

Germany, identification number: 22-02, 10 January 2022).

2.1 Data

For this study official event and tracking data of a total of 918 

matches of three consecutive Bundesliga seasons (German first 

division 2022/23, 2023/24, & 2024/25) were analyzed.

Sportec Solutions (Sportec Solutions AG, Ismaning, Germany) 

collected the notational event data live during the matches. 

Afterward it was subjected to post-match quality checks and 

includes about 30 different events with over 100 attributes, as 

defined by the official match data catalog of the German Soccer 

League (DFL) (22).

This data is supplemented by the tracking data (measuring 

frequency of 25 Hz) for both the ball and the on-field players. It 

was measured using a semi-automatic multi-camera tracking 
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system (TRACAB, ChyronHego, Melville, NY, USA) which has 

been validated for soccer-specific performance assessment (23).

To effectively combine both data types they were 

synchronized (24).

All steps of data analysis, modeling, and visualization were 

completed using python 3.11.8 using the Pandas, NumPy, Math, 

SciPy, Matplotlib, SHAP, and scikit-learn libraries. To ensure 

the study’s traceability, the main processing steps are outlined 

below. This includes the specification of models used in this 

study (xG, EPV, xBG), the detailed description of pre-match 

and post-match prediction approaches, and the description of 

the evaluation metrics employed to quantify the 

prediction performance.

To compare the prediction performance of xG and EPV, two 

independent and distinct approaches were developed for each 

model, applied to both pre-match and post-match scenarios 

resulting in 4 main prediction approaches (i.e., xG pre-match, 

EPV pre-match, xG post-match, EPV post-match).

2.2 xG/EPV/xBG

To predict match outcomes of soccer matches, the 

information of three different machine learning models were 

used. This includes expected goals (xG), expected possession 

value (EPV), and expected ball gain (xBG).

2.2.1 xG

The outcome of xG quantifies the probability of a shot ending 

in a goal. There have been various approaches to model this 

prominent problem in soccer analytics, differing in the features 

used and their prediction performance. Overviews of different 

published xG models can be found in Cavus and Biecek (25) or 

Hewitt and Karakus (4). The xG model used in this study (24) 

demonstrated strong prediction performance which is shown 

in Table 1.

2.2.2 EPV

In contrast to xG, EPV quantifies the probability of scoring a 

goal in the following seconds of every match situation on the pitch 

(8, 26). Accordingly, it holds information about consecutive 

actions and allows to analyze whole possessions of an attacking 

team. Since every match situation in soccer is unique, the match 

analytical concept of playing phases helps to group similar 

match situations with comparable match situational context 

(e.g., offensive play vs. transition vs. set piece) (27, 28). The 

used EPV model of this study was trained individually for 

several distinct playing phases (i.e., offensive play, offensive 

transition, and 4 different set piece phases including direct 

freekicks, indirect freekicks, corners, and throw ins) (8). The 

features used to predict EPV (defined as the probability of 

scoring a goal within the following ten seconds of a given match 

situation) comprised 38 features capturing the match situation 

(e.g., distance to goal, relative pitch position), offensive 

performance (e.g., availability of passing options, deep runs), 

and defensive performance (e.g., defensive pressure, team 

organization). All detailed model descriptions can be accessed in 

(8). The prediction performance of the combined EPV model 

can be accessed in Table 1.

2.2.3 xBG

To complement the offensive information about the scoring 

probability of every match situation for the attacking team, a 

defensive model was applied to quantify the probability of the 

defending team to regain the ball in every match situation 

(9, 29). xBG information can complement EPV information to 

quantify the risk and reward for both opposing teams of every 

single match situation. In detail, the attacking team’s reward of 

scoring can be determined by the magnitude of EPV, while the 

attacking team’s risk to lose ball possession can be evaluated by 

the size of the opposing xBG (8). Table 1 indicates the 

prediction performance of the xBG model which was developed 

using a similar playing phase based approach to EPV.

2.3 Pre-match predictions

To predict the match outcome based on pre-match 

information a two-stage approach was developed. In the first 

stage, machine learning models were developed to predict the 

number of goals scored for both teams. Those models were 

trained solely on information of the match performances of 

both opposing teams in the last three matches. In the second 

stage, this predicted number of goals for both teams were used 

to simulate the match outcome to quantify the probabilities.

2.3.1 Features

To effectively predict the target variable of number of goals 

scored by an individual team (i.e., considered team) in an 

upcoming match (against an upcoming opponent), we 

engineered features based on the core idea introduced by Dixon 

and Coles for forecasting future performances (15).

Thereby, a well-designed model for predicting match 

outcomes should incorporate the following aspects: (i) the 

TABLE 1 Prediction performance of machine learning models expected goals (xG), expected possession value (EPV), and expected ball gain (xBG) on an 
unseen dataset of 306 matches of Bundesliga season 2024/25.

Description Test set (306 matches of Bundesliga season 2023/24)

Accuracy Recall Precision F1-Score AUC logloss

xG 0.90 0.24 0.71 0.36 0.81 0.28

EPV 0.96 0.36 0.09 0.14 0.79 0.17

xBG 0.81 0.13 0.23 0.17 0.61 0.50
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abilities of both teams, (ii) the contextual factor of match venue 

(home vs. away), (iii) a team’s ability should be re3ected by its 

recent performances, (iv) this ability should consider both 

offensive and defensive strengths, and (v) those recent 

performances should be weighted by the strength of the 

opponents faced in those matches.

Therefore, the following features were computed, consisting of 

information about the match context (e.g., venue), the relative 

quality of the opponent (e.g., difference in table position 

between considered and opposing team), the attacking 

performance of the considered team in the last three matches 

(e.g., EPV measures, xG measures), defensive performance of 

the upcoming opponent in the last three matches (e.g., xBG 

measures, xG conceded measures), and features describing the 

difficulty of the last three matches for both the considered team 

and the upcoming opponent (e.g., table position of the last three 

opponents).

All detailed feature specifications and their description can be 

found in Table 2.

2.3.2 Modelling of number of goals 
(xGoalNumber)

The prediction approach to predict the number of goals of a 

considered team in an upcoming match against an upcoming 

opponent (xGoalNumber) used information of the match 

performance of the last three matches of each team. However, to 

assess the difficulty of each team’s third-to-last opponent, the 

table positions prior to that match were calculated based on the 

last three matches.

To ensure sufficient performance data of the competing teams 

the first six matchdays of both seasons were excluded. Therefore, a 

total of 504 matches with 1,008 case samples of individual teams 

were included in the prediction approach.

Random Forest and XGBoost regression models were trained for 

both the xG pre-match and EPV pre-match approaches. For the 

EPV-pre match approach, all xG-related variables were excluded 

(see blue features in Table 2), ensuring the approach only 

incorporates information about context, strength of opponent, 

offensive and defensive performance of shots, goals, EPV, and 

xBG. Conversely, for the xG approach, all EPV- and xBG-related 

variables were excluded (see orange features in Table 2).

An 80/20 hold-out split was applied on a match-by-match 

basis to prevent data leakage by ensuring that no samples from 

the same match appeared in both the training and test datasets. 

With the 80% training dataset a five-fold cross validation with 

hyperparameter tuning on a randomized grid search and 

performance optimization on RMSE was applied.

For the selected best performing models, SHAP values and 

feature importances were examined. SHAP values, which are 

based on cooperative game theory, quantify the contribution of 

each feature to a model’s output (30). In doing so, they provide 

insights both into the overall importance of each feature for 

predictions and into how specific feature values in3uence 

individual predictions. This allows for a more comprehensive 

and detailed interpretation of the presented machine 

learning models.

2.3.3 Prediction of match outcomes

After the prediction, a double Poisson distribution (with a 

maximum of eight goals scored in the current dataset) was 

applied to the absolute predicted number of goals for each team 

estimated by the machine learning model. Accordingly, the 

home and away team scores are modeled as independent 

Poisson distributions, following Maher (31). The approach to 

model match outcomes based on Poisson distributions was used 

in line with (15, 32, 33) which indicated substantial predictive 

performance. This distribution was then used to simulate the 

match outcome 10,000 times.

Similar to the post-match approach those results were used 

afterwards to quantify the probabilities of the final 

match outcome.

2.3.4 Baseline approach

To establish a benchmark for evaluating the presented pre- 

match prediction models, we implemented an Elo-based match 

prediction as a baseline (34). Specifically, the approach models 

the outcome probabilities of home win, draw, and away win 

using the Bradley–Terry–Davidson framework to account for 

draws (35, 36), incorporating an average draw rate of 0.25 derived 

from the Bundesliga 2022/23 and 2023/24 seasons. Further, a 

fixed home advantage of 60 Elo points and a k-factor of 20 were 

applied to adjust ratings after each match, starting from a 

uniform base Elo of 1,500 for all teams. This baseline provides a 

simple yet interpretable framework for comparison, ensuring that 

the presented pre-match prediction models can be assessed 

against a standardized and widely recognized predictive method.

2.4 Post-match predictions

To predict the match outcome based on post-match information, 

two approaches—xG and EPV—were applied for both teams after 

the considered match. For each match, 10,000 match simulations 

were completed. Each match simulation predicted whether a goal 

would result on each individual shot (xG—post match) or each 

individual possession (EPV—post match) based on the computed 

probabilities of the considered models.

This process generated 10,000 potential match outcomes with 

regard of the performance of both teams during the match. The 

distribution of the match outcomes was then used to quantify 

the probabilities of the final match outcome.

2.5 Evaluation

To evaluate and compare the EPV and xG post-game and pre- 

game approaches the ranked probability score (RPS), the accuracy 

of the probabilistic forecasts of the match results, and the Brier 

Score (including its decomposition into uncertainty, reliability, 

& resolution) were employed. Those performance metrics were 

chosen as they are standard proper scoring rules for evaluating 

probabilistic forecasts of multi-class outcomes such as win/draw/ 

loss (13, 18).
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TABLE 2 Features used to predict the number of goals scored by the considered team in an upcoming match against an upcoming opponent.

Category Subcategory Feature Exact 
feature 

expression

Description

Match context match_venue Categorical: 

Home (≙0), 
Away (≙1)

Match venue of the considered match.

Opponent strength Table position difference_table_position Ordinal: 

(−17–17)

Difference in table position (1–18) 

between the considered team and the 

upcoming opponent throughout the 
season until the considered match.

difference_table_position_last3_0 Ordinal: 

(−17–17)

Difference in table position (1–18) 

between the considered team and the 
upcoming opponent throughout the 

last 3 matches.

Points gained difference_points_mean Numerical: 
(−3–3)

Difference in points gained between 
the considered team and the upcoming 

opponent throughout the season until 
the considered match, normalized on 

the matches played.

difference_points_last3_0 Numerical: 
(−9–9)

Difference in points gained between 
the considered team and the upcoming 

opponent throughout the last 3 

matches.

Match difficulty of 

last 3 matches

Considered team difference_table_position_last3 Ordinal: 

(−17–17)

Difference in table position between 

the considered team and each of its last 

3 opponents (considering the table of 
the last 3 matchdays at the time the 

match was played).

difference_points_last3 Numerical: 
(−3–3)

Difference in points gained between 
the considered team and each of its last 

3 opponents (considering the last 3 
matches at the time the match was 

played).

Opposing team opp_difference_table_position_last3 Ordinal: 
(−17–17)

Difference in table position between 
the upcoming opponent and each of its 

last 3 opponents (considering the table 

of the last 3 matchdays at the time the 
match was played).

opp_difference_points_last3 Numerical: 

(−3–3)

Difference in points gained between 

the upcoming opponent and each of its 
last 3 opponents (considering the last 3 

matches at the time the match was 
played).

Offensive 

performance of 
considered team 

(shots & goals)

Goals goals_last_3 Ordinal Number of goals scored by the 

considered team in the last 3 matches.

goal_difference_last_3 Ordinal Goal difference of the considered team 
in the last 3 matches.

Shots shots_last_3 Ordinal Number of shots by the considered 

team in the last 3 matches.

Offensive 
performance of 

considered team 
(EPV & opposing 

xBG)

EPV epv_last_3 Numerical Sum of EPV gained (computed as the 
maximum of each possession of the 

considered team) by the considered 
team in the last 3 matches.

epv_over50_last_3 Numerical Sum of possessions by the considered 

team where EPV exceeded 0.5 in the 
last 3 matches.

EPV & xBG epv_comp_last_3 Numerical Sum of EPV-xBG gained (computed as 

the maximum of each possession of the 
considered team) by the considered 

team in the last 3 matches.

epv_comp_over50_last_3 Numerical Sum of possessions by the considered 

team where EPV-xBG exceeded 0.5 in 
the last 3 matches

EPV post-match 

pred

pred_goals_epv_last_3 Numerical Number of predicted goals by the 

considered team in the last 3 matches 
based on EPV post-match prediction.

(Continued) 
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TABLE 2 Continued

Category Subcategory Feature Exact 
feature 

expression

Description

pred_goal_difference_epv_last_3 Numerical Predicted goal difference by the 

considered team in the last 3 matches 
based on EPV post-match prediction.

pred_points_epv_last_3 Numerical Predicted number of points gained by 

the considered team in the last 3 

matches based on EPV post-match 
prediction.

Performance vs. EPV 

post-match pred

performance_pred_goals_epv_last_3 Numerical Difference in actual and predicted 

number of goals scored by the 
considered team in the last 3 matches 

based on EPV post-match prediction.

performance_pred_points_epv_last_3 Numerical Difference in actual and predicted 
number of points gained by the 

considered team in the last 3 matches 
based on EPV post-match prediction.

performance_pred_goal_difference_epv_last_3 Numerical Difference in actual and predicted goal 

difference by the considered team in 
the last 3 matches based on EPV post- 

match prediction.

Offensive 
performance of 

considered team (xG)

xG xg_last_3 Numerical Sum of xG gained by the considered 
team in the last 3 matches.

xG post-match pred pred_goals_xg_last_3 Numerical Number of predicted goals by the 

considered team in the last 3 matches 
based on xG post-match prediction.

pred_points_xg_last_3 Numerical Predicted goal difference by the 

considered team in the last 3 matches 

based on xG post-match prediction.

pred_goal_difference_xg_last_3 Numerical Predicted number of points gained by 

the considered team in the last 3 

matches based on xG post-match 
prediction.

Performance vs. xG 

post-match pred

performance_pred_goals_xg_last_3 Numerical Difference in actual and predicted 

number of goals scored by the 
considered team in the last 3 matches 

based on xG post-match prediction.

performance_pred_points_xg_last_3 Numerical Difference in actual and predicted 
number of points gained by the 

considered team in the last 3 matches 
based on xG post-match prediction.

performance_pred_goal_difference_xg_last_3 Numerical Difference in actual and predicted goal 

difference by the considered team in 
the last 3 matches based on xG post- 

match prediction.

Defensive 

performance of 
upcoming opponent 

(conceded shots & 
goals)

Conceded goals opp_conceded_goals_last_3 Numerical Number of goals conceded by the 

upcoming opponent in the last 3 
matches.

opp_conceded_goal_difference_last_3 Numerical Goal difference by the upcoming 

opponent in the last 3 matches.

Conceded shots opp_conceded_shots_last_3 Numerical Number of shots conceded by the 

upcoming opponent in the last 3 

matches.

Defensive 
performance of 

upcoming opponent 
(xBG & conceded 

EPV)

xBG opp_xbg_last_3 Numerical Sum of xBG gained (computed as the 
maximum of each possession by the 

upcoming opponent) by the upcoming 
opponent in the last 3 matches.

opp_xbg_over50_last_3 Numerical Sum of possessions by the upcoming 

opponent where xBG exceeded 0.5 in 
the last 3 matches.

EPV conceded opp_conceded_epv_last_3 Numerical Sum of EPV conceded (computed as 

the maximum of each possession of the 
opponents of the upcoming opponent) 

by the upcoming opponent team in the 
last 3 matches.

(Continued) 
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RPS evaluates the accuracy of predicted probabilities by 

comparing the forecasted probabilities for all possible match 

outcomes (home win, draw, away win) against the actual outcome 

(18, 37). In detail, if a model predicts probabilities of 0.6 for a 

home win, 0.3 for a draw, and 0.1 for an away win, and the 

actual outcome is a draw, the RPS is calculated by summing the 

TABLE 2 Continued

Category Subcategory Feature Exact 
feature 

expression

Description

opp_conceded_epv_over50_last_3 Numerical Sum of possessions by the opponents 

of the upcoming opponent where EPV 
exceeded 0.5 in the last 3 matches.

EPV post-match 

pred

opp_pred_conceded_goals_epv_last_3 Numerical Number of predicted goals conceded 

by the upcoming opponent in the last 3 

matches based on EPV post-match 
prediction.

opp_pred_conceded_goal_difference_epv_last_3 Numerical Predicted goal difference by the 

upcoming opponent in the last 3 
matches based on EPV post-match 

prediction.

opp_pred_points_epv_last_3 Numerical Predicted number of points gained by 
the upcoming opponent in the last 3 

matches based on EPV post-match 
prediction.

Performance vs. EPV 

post-match pred

performance_opp_pred_conceded_goals_epv_last_3 Numerical Difference in actual and predicted 

number of goals conceded by the 
upcoming opponent in the last 3 

matches based on EPV post-match 

prediction.

performance_opp_pred_points_epv_last_3 Numerical Difference in actual and predicted 

number of points gained by the 

upcoming opponent in the last 3 
matches based on EPV post-match 

prediction.

performance_opp_pred_conceded_goal_difference_epv_last_3 Numerical Difference in actual and predicted goal 
difference by the upcoming opponent 

in the last 3 matches based on EPV 
post-match prediction.

Defensive 

performance of 
upcoming opponent 

(conceded xG)

xG conceded opp_conceded_xg_last_3 Numerical Sum of xG conceded by the upcoming 

opponent in the last 3 matches.

xG post-match pred opp_pred_conceded_goals_xg_last_3 Numerical Number of predicted goals conceded 
by the upcoming opponent in the last 3 

matches based on xG post-match 
prediction.

opp_pred_points_xg_last_3 Numerical Predicted goal difference by the 

upcoming opponent in the last 3 
matches based on xG post-match 

prediction.

opp_pred_conceded_goal_difference_xg_last_3 Numerical Predicted number of points gained by 

the upcoming opponent in the last 3 
matches based on xG post-match 

prediction.

Performance vs. xG 
post-match pred

performance_opp_pred_conceded_goals_xg_last_3 Numerical Difference in actual and predicted 
number of goals conceded by the 

upcoming opponent in the last 3 
matches based on xG post-match 

prediction.

performance_opp_pred_points_xg_last_3 Numerical Difference in actual and predicted 
number of points gained by the 

upcoming opponent in the last 3 
matches based on xG post-match 

prediction.

performance_opp_pred_conceded_goal_difference_xg_last_3 Numerical Difference in actual and predicted goal 

difference by the upcoming opponent 
in the last 3 matches based on xG post- 

match prediction.

Features are categorized into match context, strength of opponent, match difficulty of last three matches, offensive performance of considered team, and defensive performance of upcoming 

opponent. The features related to number of shots and goals are colored in green, the features related to EPV and xBG are colored in orange, and the features based on xG are colored in blue.
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squared differences between the cumulative predicted probabilities 

[=(0.6, 0.9, 1.0)] and the cumulative observed probabilities [=(0, 

1, 1)] across the three outcomes and dividing by the number of 

categories minus one (i.e., RPS = ½[(0.6–0)2 + (0.9–1)2 + (1.0– 

1)2] = ½(0.36 + 0.01 + 0) = 0.185).

The accuracy was defined by the proportion of samples where 

the predicted outcome (home win, draw, away win) with the 

highest probability matches the actual outcome of the match. In 

detail, given predicted probabilities of 0.6 for a home win, 0.3 

for a draw, and 0.1 for an away win, a home win would be 

counted as correct, while a draw or away win would be counted 

as incorrect.

The Brier Score measures the mean squared difference 

between predicted probabilities and actual outcomes. In detail, 

given the presented example above (probabilities: 0.6 home win, 

0.3 draw, 0.1 away win) and an actual result of a draw, the Brier 

score is calculated as follows: Brier Score = ⅓[(0.6–0)2 + (0.3– 

1)2 + (0.1–0)2] = 0.287. Furthermore, the Brier Score can be 

decomposed into uncertainty, reliability, and resolution. 

Uncertainty re3ects the inherent variability of outcomes, 

reliability measures the calibration of predicted probabilities, 

and resolution evaluates the ability of the forecasts to 

discriminate between different outcome frequencies.

For the modeling of number of goals of an upcoming match 

the following evaluation metrics were computed: Mean absolute 

error (MAE), Mean Squared Error (MSE), root mean squared 

error (RMSE), and R2.

3 Results

Of the 756 matches analyzed for the match outcome 

prediction [28 matchdays (matchday 7–34) in all three analyzed 

seasons], home teams won in 335 encounters (44.3%), while 195 

matches ended in a draw (25.8%), and away teams secured 226 

wins (29.9%). On average, home teams scored 1.79 ± 1.45 goals 

per match, totaling 1,351 goals, whereas away teams recorded 

1.36 ± 1.19 goals per match, amounting to 1,026 goals.

The most frequently observed match result was a 1:1 draw 

(12.3%), followed by home wins of 2:1 (7.5%) and 2:0 (7.1%), 

and a 1:2 (6.5%) win on the road. The match with the most 

scored goals ended 8:1 and the match with the highest goal 

differences was an 8:0 home win.

For the pre-match prediction approaches, the xGoalNumber 

models showed satisfactory prediction performance for both 

EPV and xG information scenarios (see Table 3). For EPV 

information the XGBoost Regressor showed increased prediction 

performance of the number of goals (MSE) and in the pre- 

match predictions of the match outcome (RPS & Accuracy) 

compared to Random Forest Regressors. Overall, the XGBoost 

Regressor on the EPV pre-match approach showed the best pre- 

match outcome prediction performance (RPS: 0.194, Accuracy: 

0.583). The SHAP values of the xGoalNumber models for EPV 

and xG (XGBoost Regressors) are displayed in Figure 1. 

Furthermore, the calibration and probability distribution of the 

selected EPV pre-match and xG post-match models are 

illustrated in Figure 2.

For post-match prediction, the xG approach showed the best 

performance (RPS: 0.148, Accuracy: 0.656) and thus 

demonstrated better performance compared to all pre-match 

approaches. The EPV post-match approach showed worse 

prediction performance compared to xG information of the 

played match (RPS: 0.191, Accuracy: 0.596).

4 Discussion

This study aimed to evaluate and compare the effectiveness of 

the KPIs expected goals (xG) and expected possession value (EPV) 

in predicting match outcomes, in order to assess their value for 

soccer match analysis. With it, two main approaches were 

developed to predict match outcomes, a pre-match approach 

processing information about the latest match performances of 

the two opponents, and a post-match approach containing 

information about the performance of both teams in the 

played match.

Overall, the results indicated that the pre-match approaches 

using EPV information showed increased prediction 

performance (RPS = 0.194, Accuracy = 0.583) compared to xG 

information (RPS = 0.199, Accuracy = 0.556). Thereby, the 

presented pre-match approaches outperformed the baseline Elo 

rating model (RPS = 0.202, Accuracy = 0.553), which still 

demonstrated robust predictive performance. This indicates that 

the contextual information of match venue and team strength in 

combination with the information of the performance of the last 

three matches hold sufficient information to effectively predict 

future match outcomes in the Bundesliga. In contrast, the post- 

match approaches including xG information outperformed 

EPV information.

In detail, the xG post-match approach showed the best 

prediction performance of the match outcome of all approaches 

made in this study (RPS = 0.148, Accuracy = 0.656) and thereby 

showed increased performance compared to the EPV post- 

match approach (RPS = 0.191, Accuracy = 0.596). This may be 

traced back to the fact that in soccer shots are practically the 

only way to score (except from own goals). This result is in line 

with previous studies on goal scoring in international 

tournaments (38, 39), which indicate that both the number of 

shots and their quality (e.g., shots on target) are decisive success 

factors. Therefore, the reduced information of the chances 

created in a match that led to shots at goal holds highly 

objective information on the match performance of a team 

which is underlined by the presented results. Therefore, the 

information on the amount and magnitude of goal scoring 

chances is a highly powerful information to predict match 

outcomes after the match is played. With it, the xG performance 

of a team is a highly objective measure of a team’s offensive 

performance, helping to filter out chance in match outcomes 

and provide a more accurate evaluation of team performance.

While post-match approaches benefit from the reduced 

information of offensive performance in the reduction of shots, 
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they overlook a significant amount of attacking play that does not 

led to shots at goal (e.g., chances without shots). In this case, EPV 

appears to hold more detailed information on the scoring 

probability encountering from every action and thus every 

attacking sequence of a team. EPV may therefore provide a 

more comprehensive representation of a team’s scoring potential 

of an entire attack even in the absence of a shot and a resulting 

xG value. This may be one of the reasons why the EPV pre- 

match prediction (RPS = 0.194, Accuracy = 0.583) slightly 

outperformed the xG pre-match approach (RPS = 0.199, 

Accuracy = 0.556) in predicting the outcome of an upcoming 

match. Thereby, the reductionist information on the scoring 

probability of shots may hold fewer information on the overall 

performance of a team.

In addition to comparing the prediction performance of the 

different approaches, gaining insights into the most important 

features for the pre-match prediction is of interest. The most 

important features in predicting the number of goals in an 

upcoming match were features of the opponent’s strength 

(difference points mean 1st in EPV, 2nd in xG; difference table 

position 6th in EPV, 3rd in xG). In detail, the SHAP values 

indicate that more goals are predicted if the considered team 

has more points and is ranked higher in the table of the current 

season compared to the upcoming opponent. Furthermore, the 

model assigns greater importance to the number of points than 

to table position, likely because points provide a more granular 

and informative signal of team performance relevant to 

goal prediction.

Besides the opponent strength, the match venue contained 

highly important information for the prediction approaches (1st 

in xG, 2nd in EPV) indicating that home teams are predicted to 

score a higher number of goals compared to teams on the road. 

This home advantage is supported by several findings in the 

literature (40).

FIGURE 1 

The feature importance (on the left) and SHAP values (on the right) of the features included in the XGBoost models of the models predicting the 

number of goals scored in an upcoming match against an upcoming opponent based on EPV information (at the top) and xG information (at the 

bottom). The features are colored according to their category (match context: grey, opponent strength: black, match difficulty: yellow, offensive 

performance considered team: red, defensive performance of upcoming opponent: blue).
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The offensive performance of the considered team was 

represented most importantly by the goal difference achieved 

(3rd in EPV, 5th in xG) and the number of shots taken (7th in 

EPV, 6th in xG) in the last three matches. In contrast, the raw 

number of goals of last three matches showed few predictive 

power (13th in EPV, and not under the best 15th in xG). This 

suggests that goals may involve a significant element of chance 

(24), making them less reliable for predicting future 

performance and match outcomes.

In addition to offensive metrics (i.e., number of shots and goals), 

the detailed KPIs of EPV and xG also indicated a high importance in 

predictions. In detail, EPV (triggered over 0.5) in the last three 

matches (4th) showed the highest importance of all EPV features 

in the EPV pre-match approach. This KPI re3ects the number of 

possessions in which the EPV model predicts a goal, highlighting 

its high value for match analysis. In contrast, the sum of xG of the 

last three matches (9th) was the most important xG feature in the 

xG pre-match approach. Once again, this finding underscores that 

xG provides limited value in predicting the number of goals or 

match outcomes in the future compared to EPV.

While offensive features demonstrated strong predictive 

power, features capturing the defensive performance of the 

upcoming opponent still provided meaningful contributions to 

the prediction models (e.g., conceded xG & goals in the last 

three matches). This highlights the importance of incorporating 

defensive metrics into tactical match analysis which has been 

underrepresented in the recent literature (9, 28).

In the end, the match difficulty of the last three matches of the 

upcoming opponent was also of certain important for the 

predictions (10th in EPV, 11th in xG). The SHAP values 

indicated that when the upcoming opponent faced weaker teams 

in their previous three matches, a higher number of goals was 

predicted for the considered team. This effect may be explained 

by the potential momentum gained from favorable outcomes 

against weaker opponents, which could positively in3uence a 

teams upcoming performance.

While analyzing individual features is important for enhancing 

interpretability and identifying key information, the true relevance 

of the predictions lies in evaluating their overall predictive 

performance. Therefore, the prediction performance of the 

presented models is discussed in the light of comparable studies. 

While the EPV pre-match approach showed the best pre-match 

prediction performance (RPS = 0.194, Accuracy = 0.583) the xG 

post-match approach showed the best post-match prediction 

performance (RPS = 0.148, Accuracy = 0.656). Thereby, the 

presented approaches slightly outperformed the approaches 

developed by Berrar et al. (18) (RPS: 0.202, Accuracy: 0.519) 

which incorporated expert-knowledge to predict match outcomes 

in the 2017 soccer prediction challenge (dataset of 52 leagues). 

Still the approaches presented by Berrar et al. (18) clearly 

outperformed all approaches developed and tested in the 

summary work by Hubáček et al. (13) (best RPS: 0.210, best 

Accuracy: 0.486) and all approaches developed and evaluated in 

the soccer prediction challenge 2023 (best model RPS: 0.211) 

(12). Additionally, the prediction performance of the betting 

market odds were presented with an RPS of 0.206 (12). While the 

approaches presented by Berrar et al. (18) incorporated similar 

feature groups compared to the presented study (i.e., attacking 

performance, defensive performance, recent performance, strength 

of opposition, home advantage), they solely relied on event data. 

This considerably effects the granularity of the performance 

features (24) and, consequently, the predictive capability of the 

developed models.

Given such methodological differences, such comparisons 

between different match outcome prediction studies in the 

literature must be approached with caution. The datasets used in 

FIGURE 2 

Calibration curves and probability distributions of match outcome predictions for the EPV pre-match approach (left) and the xG post-match 

approach (right). Home wins are shown in green, away wins in blue, and draws in grey.
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these studies vary not only in terms of data types (e.g., event data 

vs. tracking data), which mainly differ in the level of detail 

provided, but also in the kinds of information included. 

Thereby, features included range from past team performances 

(e.g., performances from the last three matches up to entire 

seasons) to contextual factors such as match venue, coach 

replacements, or player injuries. Additionally, many studies use 

data from different leagues and seasons, which directly 

in3uences the results and limits comparability. However, one of 

the most critical aspects when comparing prediction models is 

the scope of their application. While some approaches are 

designed to forecast outcomes over entire seasons or across 

multiple matchdays, the present model is tailored to predict only 

the upcoming matchday of a single competition, allowing for 

continuous updates based on the most recent data. Despite the 

inherent limitations in comparability, such evaluations provide 

valuable insights into the relative strengths and practical 

applicability of different prediction approaches.

Building on these distinctions, the presented approach offers 

significant advantages by encompassing a wide spectrum of 

prediction factors (systematic and unsystematic effects) (14) and 

integrating domain knowledge which has been identified as key 

quality in the modelling process (18). Thereby, it integrates 

systematic effects, such as team-specific metrics like recent 

offensive performance, alongside global factors like home 

advantage. Additionally, it accounts for unsystematic elements, 

including random variability in match outcomes using double 

Poisson distributions. This comprehensive framework improves 

the model’s adaptability and predictive accuracy.

While the present study focused on the domestic competition 

of Bundesliga and employed several probabilistic multi-class 

forecasting approaches for match outcomes, recent research on 

major tournaments such as the FIFA World Cup or the UEFA 

European Championship (38, 39, 41, 42) has primarily 

examined goal-scoring behavior, tactical determinants, and 

contextual match characteristics, often within binary 

classification frameworks (e.g., win vs. non-win). For instance, 

these analyses demonstrated that scoring the first goal 

substantially increases the likelihood of winning (38). While 

such studies provide valuable insights into the determinants of 

success, their findings are not directly comparable to the 

probabilistic modeling framework applied in the present work.

4.1 Practical application

Beyond the predictive performance of the presented approaches 

and the insights presented on the predictiveness of EPV and xG, the 

proposed approaches hold relevant practical value when used in real- 

case analysis scenarios. Thereby, the different pre-match and post- 

match approaches can be used in pre-match (e.g., opponent 

analysis), and post-match analyses (e.g., own team analysis) as well 

as supporting seasonal analyses. In detail, pre-match approaches 

can effectively be applied in pre-match preparations of a club to 

estimate a team’s chances of winning. Furthermore, they can be 

used to predict the final or winter break table ranking results of a 

season which can be used to inform decision-making based on the 

current performance trend of a team. Additionally, the post-match 

approaches can be used in post-match analyses to offer an 

objective evaluation of in-game performances. However, the key 

insights arise when both approaches can be compared 

simultaneously thereby, measuring the objective expectations 

against the actual performance and the final result. Thereby, 

analyzing the shift between pre- and post-match predictions 

provides valuable insights for coaching staff, highlighting changes 

in winning probabilities and supporting data-driven performance 

assessments. This use case is exemplarily depicted in Figure 3.

Moreover, the applied SHAP analysis (see Figure 1) can also 

be used to decompose individual predictions into their 

contributing factors (43). By implementing such instance-level 

SHAP analyses, analysts and coaching staff can identify which 

variables most strongly in3uenced specific match outcome 

predictions (in both pre-match and post-match scenarios). This 

further enhances the practical applicability of the presented 

models by increasing their interpretability.

4.2 Limitations and future research

While the results indicate substantial prediction performance 

of the presented approaches, the presented study still comes 

with limitations that have to be noticed when interpreting 

the results.

First, the prediction models presented did not incorporate 

information on individual players, such as the specific offensive 

and defensive performance of players on the pitch such as 

individual contributions to EPV or xG created or conceded. 

Including such individual player information (e.g., by analyzing 

the starting line-up of both teams) could potentially enhance the 

model’s predictive power, as changes in player availability due to 

injuries, suspensions, or tactical decisions can significantly 

impact match outcomes (44).

Second, the pre-match prediction approaches solely included 

an approach using a double Poisson distribution based on the 

predicted number of goals scored in an upcoming match (32). 

While this distribution was chosen as it has been shown to 

deliver robust results (13) it comes with the risk of 

underestimating draws, even though a draw of 1:1 was the most 

frequent result in the current sample (13.7% in the presented 

sample, see results). Future studies should therefore analyze the 

effects of different distributions on the accuracy of the 

predictions. For instance, more advanced modeling frameworks 

could be explored, such as Bayesian hierarchical models that 

account for uncertainty and team-specific effects, or temporal 

neural networks (e.g., recurrent or attention-based architectures) 

that capture the dynamic evolution of team performance over 

time (e.g., season). Such approaches may better integrate 

contextual and temporal dependencies, thereby potentially 

improving predictive accuracy, for instance by capturing latent 

team strength variations and match-to-match dependencies.

Additionally, the models only used match venue as contextual 

information. Other context features such as specific information of 
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injuries, coaches, and other situational factors (e.g., period of the 

season) could be tested in future approaches.

Third, the presented analysis was based on a limited sample of 

three consecutive Bundesliga seasons (2022/23, 2023/24, & 2024/ 

25). This limits insights into the temporal generalizability of the 

findings (e.g., across future seasons) and their transferability to 

other competitions (e.g., other leagues or cup competitions). 

Future research should therefore examine whether the proposed 

models or relationships remain stable across extended time 

spans and different competitive contexts.

Fourth, the pre-match predictions presented in this study 

were developed to predict the match outcomes of the 

following matchday. Besides, future studies could analyze 

the predictive power of the presented approach over 

multiple upcoming matchdays or the remainder of 

the season.

FIGURE 3 

Both the pre-match prediction based on the EPV approach (on the left) and the post-match prediction based on the xG approach (on the right) are 

depicted for an exemplary match analysis. At the top, the outcome probabilities of home win (blue), draw (grey) and away win (red) are illustrated. 

With it, the differences between the pre-match and post-match predictions as well as the final result and the xG values for both teams are depicted at 

the right top. Specifically, the home team increased their win probability by 9% (and reduced their loss probability by 16 %) by outperforming the 

opponent in expected goals (xG: 1.27 vs. 1.01). Still, the match ultimately ended in a 2:2 draw. In the middle, the five likeliest end results and their 

respective probabilities are specified. At the bottom, the predicted goal difference is visualized from the perspective of the home team. Thereby, 

a negative goal difference (indicating a predicted home loss) is represented in red, a positive goal difference (indicating a predicted home win) is 

represented in blue, and a goal difference of zero (indicating a predicted draw) is represented in grey.

Forcher et al.                                                                                                                                                           10.3389/fspor.2025.1713852 

Frontiers in Sports and Active Living 13 frontiersin.org



Finally, a general limitation of machine learning-based 

prediction models lies in the interpretation of results. In 

contrast to classical statistical approaches, no universally 

established thresholds (e.g., p-values or effect sizes) are available. 

Consequently, interpretability may be constrained in situations 

where feature importance values are of similar magnitude.

5 Conclusion

Overall, this study presented pre-match and post-match 

approaches to predict the match outcome of upcoming matches 

in the Bundesliga. Thereby, this study compared the 

predictiveness of the KPIs EPV and xG holding highly objective 

information on the match performance of teams. The results 

indicated that EPV is beneficial compared to xG in pre-match 

scenarios indicated by an increased prediction performance in 

predicting the outcome of an upcoming match. In contrast, xG 

outperformed EPV in post-match scenarios indicating its 

predictive power as highly objective measure of match 

performance. In conclusion, this study showcased the use of 

both approaches in match analysis settings thereby indicating 

that the combined analysis of pre- and post-match predictions 

holds highly important and useful information when objectively 

assessing team performances in elite soccer.
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