Graduate Journal of Interdisciplinary Research, Reports & Reviews

(Grad.J.InteR?)
ark:/85846/JPR3.2026 AR.04010001

ISSN(E): 2584-2919
Vol.04, No.01 (2026)
pp.01-11

Goal and Non-goal Impact Oriented Machine Learning Based Player
Performance Estimation in Soccer Sports

Karun Madan' ““/, Kavita Taneja! Harmunish Taneja?

I Department of Computer Science and Applications, Panjab University, Sector 14, Chandigarh, India
2Department of Computer Science and Applications, DAV College, Sector 10, Chandigarh, India

*Corresponding author: karanmadan9 @ gmail.com

(Received:14-06-2026; Accepted: 12-07-2026; Published Online:25-07-2026)

ABSTRACT: Background: Many machine learning and data mining methods are available to estimate the teams’
and players’ performance at various levels by using the historical data.

Purpose: Estimating the future performance of the soccer players with adequate accuracy can aid in taking critical
decisions while selecting an initial team line-up for the upcoming matches.

Method: In the proposed work, feature selection has been done conceptually and purely knowledge-driven by the
experts to categorize the features into two groups: Non-goal impact and Goal impact. Subsequently, the conjunction
of the output of four eminent machine learning based feature selection techniques, i.e., Lasso, Mutual Information,
Random Forest, and RFECV, has been performed to obtain common features. These features have been presented to
three machine learning models, i.e., Random Forest, Gradient Boost, and Linear regression, for three positional player
categories, i.e., defenders, midfielders, and attacking forwards.

Results: The best-performing model, i.e., Random Forest, with an average accuracy of 93.45% (average accuracy
of Non-goal impact and goal impact for all three playing positions), has been used to estimate two types of player
performance ratings, i.e. non-goal impact based ratings (NGI ratings) and goal impact based ratings (GI ratings), to
select the team line-up for the upcoming game.

Conclusion: Using mere machine learning for estimating soccer player performance is not novel, as it may result
in goal-biased or position-biased ratings. Most of the previous work focused on goal impact based features, where
defenders or midfielders appeared far weaker contributors in comparison to attacking players. The proposed work also
gave due importance to the features having non-goal impact on the game along with traditional goal impact based
features.

Keywords: Machine learning, Soccer team selection, Feature selection, Goal impact based ratings, Non-goal impact

based ratings, Estimation of player performance.

1. Introduction

The huge amount of available soccer data in this digital
world can be utilized to improve the performance of
the team and players [1]. There are many machine
learning and data mining methods available to forecast
teams and players associated at various levels by using
the historical data [2]. Driven by the ever-growing

availability of computational resources and data, the

field of sports analytics has been expanding rapidly.

Hence, statisticians and researchers are attracted to

these techniques and methods to use this gigantic

amount of soccer data to assist coaches, players, and
managers in estimating the results of future events [3].

Being one of the most data-driven and strategi-
cally convoluted sports, soccer offers a unique domain,
where the estimation of player performance can bring
high-dimensional insights. The conventional methods
of evaluating the abilities of the players rely deeply on
basic human judgment and statistics from the past per-
formance of the players. But these traditional methods
can result in biasness and imperfections. In contrast,
machine learning based Intelligent computing tech-

niques offer a fully scalable and efficient method for

© 2026 Author(s). This article is published under the CC-BY license at http://jpr.vyomhansjournals.com.


https://jpr.vyomhansjournals.com/index.php/gjir/article/view/62
https://orcid.org/0000-0001-6278-454x
https://orcid.org/0000-0002-9348-3587
https://orcid.org/0000-0003-1745-0748
mailto:karanmadan9@gmail.com

Karun Madan, et al.

Grad.J.InteR?, 2026, Vol.04, No. 01 2

analyzing a broad range of data and recognizing pat-
terns, which otherwise may not be directly noticeable
to the managers, coaches, or other enthusiasts.

In the proposed approach, a machine learning
based soccer sports management component capable
of estimating the soccer player’s performance has been
designed and developed that can estimate the individual
soccer player’s performance in the form of ratings

ranging from 0 to 100.

2. Related Work

Researchers have been trying to forecast player and
team performance in soccer sports for a long time.
Therefore, there has been a decent amount of related
literature available in this field. In this segment, the
summary of the related previous literature is presented
with respect to soccer sports. Amdt & Brefeld [4]
presented a regression-based approach to estimate the
future romance of the football players by identifying the
relevant features using a recursive feature elimination
strategy on the dataset taken from the German Bun-
desliga 2016. This dataset is very sparse for identifying
the player models. Malikov and Kim [5] discussed
actual goals along with expected goals per game by
employing ridge regression machine learning models.
The reason behind choosing ridge regression over tra-
ditional regression is the ability of ridge regression
to handle correlated variables and overlapping. The
review of player performance has been done in five
European football leagues and the top Russian Premier
League. The work categorized top players into two
classes, i.e., consistent performers and efficient scorers.
Kulakou et al. [6] addressed the issue of estimating
the soccer player’s performance using a commercially
accepted digital monitoring system named PmSys by
collecting the self-reported wellness parameters. The
dataset belongs to two seasons of Norwegian women’s
soccer team. The work compared two approaches, i.e.,
univariate and multivariate approaches, to test time
series models. The effect of training the entire team
has been compared with training the individual player

in terms of match outcome.

Wiik et al. [7] handled the issue of deriving peaks
in football players’ potential by training a long short-
term recurrent neural network model over the dataset
of two Norwegian football teams. The machine learn-
ing method, long short-term memory i.e. LSTM has
been used for time series analysis. Bergkamp et al.
[8] conducted a study to investigate the process of
soccer player talent identification done by 125 scouts.
According to the study, during the scouting process,
the early indicators of performance are not adequate.
The main point of the study is that it assessed the talent
recognition of the player by self-report. According
to Dijkhuis et al. [9], the tracking data of the soccer
players from 302 soccer matches of the Dutch Eredi-
visie season 2018-19 have been employed for this work.
Random forest and decision tree algorithms were used
to build the predictive model. The model has been
devised to support the coaches and other stakehold-
ers in making informed decisions about the players.
Similarly, Carpita et al. [10] presented work that aims
at investigating the role of seasonality in dropping or
enhancing player performance through the clustering
of the variables around the latent variables approach.

Dick et al. [11] presented two approaches, i.e., the
trajectory estimation model to estimate the movement
of the players based on the tracking match data and
the outcome estimation model of the ball-possession
phase, along with interactions between the soccer
players using a graph recurrent neural network (GRNN).
Stafylidis et al. [12] worked on redefining the meaning
of success by analyzing the relationship between the
match results and diverse performance indicators using
a regression model on data from the first round of
the 2020-21 season of the Greek soccer league. The
study identified the crucial factors influencing the
chances of victory. Pantzalis and Tjortis [13] worked on
predicting team and player performance and carried out
a comparison between the performance of the previous
season and the current one. The study identified and
recorded the personal skills while differentiating the
excellent from the average defender. The study also
revealed that some attacking skills and attacking match
actions surprisingly have an impact on the ratings of
the defenders.
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3. Methodology

The main objective of the proposed study is to de-
sign and develop a machine learning based soccer
sports management component capable of estimating
the soccer player’s performance. The purposive sam-
pling strategy with positional stratification has been
employed to design experimental dataset by ensuring
adequate representation across all four soccer playing
positions, i.e., defensive, midfield, attacking and goal-
keeper. The data of 423 soccer players has been taken
from the publicly available FIFA22 Kaggle dataset [14]
including 131 Defenders, 96 Forwards, 153 Midfield-
ers, and 43 goalkeepers to provide adequate positional
diversity.

Unlike the previous work that estimate the outcome
in the form of win, lose, or draw, this study focuses
mainly on estimating the individual performance of
the soccer players in terms of ratings ranging from 0
to 100 using player statistics. Moreover, conventional
approaches relied mainly on goal based impact, where
defenders or midfielders appeared to be far weaker
contributors in comparison to aggressive attacking
forward players.

The proposed approach does not appreciate the
blind use of customary machine learning techniques.
Instead, the proposed work must guide the machine
learning model. The contribution of a defender without
any assists cannot be compared with that of the attack-
ing frontline player who contributed a few successful
assists in the game. Using mere machine learning is
not novel; if we put all the features available in the
dataset in the machine learning algorithm, then many
irrelevant features would result in noisy estimations,
goal-biased or position-biased ratings. Due to these
weak, noisy predictions of the ratings of soccer player
performance, the finally selected team would not jus-
tify its purpose in the upcoming games. So, opinion
from soccer experts have been included for the initial
categorization of the features into two categories, i.e.,
non-goal impact and goal impact categories. Initially,
the features are chosen conceptually and categorized
into two groups, i.e., goal impact based and non-goal

impact based. Both the feature sets for non-goal impact

and goal impact have been presented in Tables 1 and 2,
respectively.

Most of the previous work focused majorly on
the features that have goal impact on the game. The
proposed work considered not only features having goal
impact, but also gave due importance to the features
having non-goal impact on the game.

Initially, expert-based pre-filtering has been done
on the full set of features and categorized the features
into two groups: Non-goal impact and Goal impact.
The non-goal impact feature set comprises 30 features,
but the Goal impact feature set has only 10 features.
The proposed work employed a hybrid feature selection
approach that used feature selection techniques only
for Non-goal impact features and not for Goal impact
features. Since the number of features is already on the
lower side in the case of Goal impact, the scalability
and reliability of the feature selection technique would
be compromised for low-dimensional data [15].

As aresult of the hybrid feature selection approach,
only Non-goal impact features have been presented to
the four feature selection techniques, and Goal impact
features have been fed directly into the models based on
their positional player categories, i.e., defenders, mid-
fielders, and attacking forwards. For non-goal impact,
the four feature selection techniques used in the work
are Lasso, Mutual information, Random forest, and
RFECYV. The common features from the four feature
selection techniques have been retrieved using con-
junction for all three positional player categories. This
selected set of features is presented to three models,
i.e., Random Forest, Gradient Boost, and Linear regres-
sion, for the same three positional player categories,
i.e., defenders, midfielders, and attacking forwards, to
estimate the non-goal impact based player performance
ratings (NGI ratings).

On the contrary, the goal impact based features for
all three positional player categories, i.e., defenders,
midfielders, and attacking forwards, are fed directly
to three similar models, i.e., Random Forest, Gradient
Boost, and Linear Regression, to estimate the goal im-
pact based player performance ratings (Gl ratings). The
dataset was divided into training and testing subsets

using a 90:10 ratio. To minimize the risk of overfitting,
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Table 1: List of features that offer non-goal impact on ratings of three categories of soccer players.

S.no. Feature Defensive Players Midfield Players Attacking Players
1 Pace Less Important Less Important Important

2 Passing Less Important Important Less Important
3 Dribbling Less Important Important Important

4 Defending Important Less Important Less Important
5 Defending Marking Awareness Important Less Important Less Important
6 Mentality Aggression Important Less Important Less Important
7 Physic Important Less Important Less Important
8 Defending Standing Tackle Important Less Important Less Important
9 Defending Sliding Tackle Important Less Important Less Important
10 Potential Important Less Important Less Important
11 Skill Long Passing Important Less Important Less Important
12 Mentality Composure Important Less Important Less Important
13 Weak Foot Important Less Important Less Important
14 Power Jumping Important Less Important Less Important
15 Power Strength Important Less Important Less Important
16 Skill Dribbling Less Important Important Important

17 Mentality Vision Less Important Important Important

18 Skill Curve Less Important Important Important

19 Preferred Foot Less Important Important Important

20 Skill Fk Accuracy Less Important Important Less Important
21 Movement Agility Less Important Important Important

22 Movement Reactions Important Important Important

23 Attacking Short Passing Less Important Important Important

24 Attacking Long Passing Less Important Important Less Important
25 Attacking Crossing Less Important Important Important

26 Skill Moves Less Important Important Less Important
27 Mentality Interceptions Important Important Less Important
28 Movement Balance Less Important Important Important

29 Power Stamina Important Important Less Important
30 Skill Ball Control Less Important Important Important

the proposed system incorporates multiple feature se-
lection techniques to manage the number of selected
features and ensures elimination of irrelevant attributes,
thereby reducing the complexity of the model.

The features can have different importance in dif-
ferent playing positions; for instance, shots by strikers
are not of equal significance as tackles for defend-
ers. The proposed work employed separate models
for different positions, i.e., three different models for
defenders, midfielders, and attacking players, respec-
tively. Employing separate models for different roles
would improve the team selection process considerably.
Almost all predictive systems appear the same at the
basic level; the proposed system should capture in-
telligent computing-based strategic planning methods

that other systems ignored. Finally, the proposed work

provides two types of ratings, i.e., goal impact based
ratings (GI ratings) and Non-goal based impact ratings
(NGI ratings). Final ratings have been obtained by the
fusion (averaging scores) of both the estimated NGI
and GI player performance ratings. These estimated
player performance ratings have been used to select

the team line-up for the upcoming game.

4. Results and Discussion

Almost all the predictive systems use machine learning,
but the novelty lies in the identification and catego-
rization of the features before feeding those features to
machine learning techniques for automated feature se-
lection. Solitary measurement of performance should
not be the final goals score-line or the assists for the

goal score-line. Hence, the proposed estimated player
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Table 2: List of features that offer goal impact on ratings of three categories of soccer players.

S.no. Feature Defensive Players Midfield Players Attacking Players
1 Shooting Less Important Less Important Important
2 Power_Shot_Power Less Important Less Important Important
3 Mentality_Positioning Less Important Important Important
4 Attacking_Finishing Important Important Important
5 Attacking_Volleys Important Important Important
6 Mentality_Penalties Important Important Important
7 Movement_Acceleration Important Important Important
8 Movement_Sprint_Speed Less Important Important Important
9 Power_Long_Shots Important Important Important
10 Attacking_Heading_Accuracy Important Less Important Important

overall rating has been a combination of the goal impact
based rating and non-goal impact based rating.

Goals and assists should never be the only per-
formance indicators, but off-ball movement, Pressing
range, and important pressure passes should also be
considered as non-goal impact factors are equally im-
portant in the match context as the goal impact based
factors. Individual sports depend primarily on the
points scored by the player, but in team sports, the
setup is different, as holistic team performance means
much more than only a single high-performing player.
Goals and assists should not be the direct measure of
performance impact indicators, as they may be player-
position-biased, and the frequency of goals and assists
is very low compared to all the other events of a soc-
cer match. Hence, a low-frequency event such as a
goal or assist can be a partial impact indicator of the
player’s performance and should be in alliance with
the non-goal impact events to indicate the player’s
performance.

In the proposed work, the feature selection has
been done in two phases. Firstly, expert-based pre-
filtering has been done on the full set of features and
categorized the features into two groups: Non-goal
impact and Goal impact. After initial pre-filtering, the
non-goal impact feature set comprises 30 features, but
the Goal impact feature set has only 10 features. As
the number of features is already on the lower side in
the case of Goal impact, in the second phase, a hybrid
feature selection approach was used, where feature
selection techniques were applied only for Non-goal

impact features and not for Goal impact features.

As aresult of the hybrid feature selection approach,
only Non-goal impact features have been presented to
the four feature selection techniques, and Goal impact
features have been fed directly into the models based
on their positional player categories, i.e., defenders,
midfielders, and attacking forwards. For non-goal
impact, the four feature selection techniques used in
the work are Lasso, Mutual information, Random forest,
and RFECV (Table 3).

The common non-goal impact features from
the four feature selection techniques have been
retrieved using a conjunction for all three posi-
tional player categories. Seven features finally
selected in the defender category are Defending
Marking Awareness, Movement Reactions, Defending
Standing Tackle, Defending Sliding Tackle, Power
Jumping, Defending, and Power Strength. In the
same way, eight features have been finally selected
for the midfielder category. These eight features
are Passing, Skill_Dribbling, Skill_Fk_Accuracy,
Movement_Agility, Attacking_Long_Passing,
Mentality_Interceptions, Skill_Long_ Passing, and
Power_Stamina. Similarly, for attacking forward
position, the seven selected features are Pace,
Attacking_Crossing, Skill_Dribbling, Skill_Curve,
Attacking_Short_Passing, Movement_Balance, and
Skill_Ball_Control.

is presented to three models, i.e., Random Forest,

This selected set of features

Gradient Boost, and Linear Regression, for the same
three positional player categories, i.e., defenders,

midfielders, and attacking forwards, to estimate the
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Table 3: List of non-goal impact based features selected by four feature selection techniques for three positional player
categories, i.e., defenders, midfielders, and attacking forwards.

Player Lasso Mutual information Random forest RFECY
Position
Defenders
* Movement Reac- ¢ Movement Reac- ¢ Defending  Skill Long Passing
tions tions * Defending Stand- ¢ Defending
* Power Jumping * Power Strength ing Tackle « Defending Sliding
» Power Strength * Defending * Power Jumping, Tackle
* Defending Sliding < Defending Standing ¢ Defending Slid- ¢ Power Jumping
Tackle Tackle ing Tackle, « Power Strength
* Defending . Atta?king Short e« Power Strength « Movement Reac-
* Defending Stand Passing * Attacking Short tions
Tackle * Skill Long Passing Passing « Defending Standing
* Defending Marking ¢ Power Jumping e Mentalilty Com-  Tackle
Awareness * Physic posure * Defending Marking
« Defending Sliding ° Movement Reac- Awareness
Tackle tions
* Defending Marking * Pefending Mark-
Awareness ing Awareness
Midfielder
» Skill Long Passing e« Passing » Skill Fk Accuracy e Skill Curve
* Passing,Skill Drib- < Dribbling * Passing * Passing
bling « Skill Dribbling « Dribbling « Skill Dribbling ,
* Skill Fk Accuracy . qyil| Fk Accuracy Skill Dribbling  » Skill Fk Accuracy
* Movement Agility . \ovement Agility  * Skill Curve * Movement Agility
* Attagkmg Short Attacking  Long ¢ Movement * Movement Reac-
Passing Passing Agility tions
* zlA;tta(.:klng Long . gkinl Long Passing ¢ Movement Reac- ¢ Attacking Long
assin : :
g' * Mentality Intercep- tions Passing
* Mentality Intercep- tions » Attacking Short e Skill Long Passing

tions

¢ Power Stamina

Power Stamina

Skill Ball Control

Passing

Attacking Long
Passing

Skill Long Pass-
ing

Mentality Inter-

ceptions
Power Stamina

Skill Ball Control

Mentality Intercep-
tions

Power Stamina

Skill Ball Control
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Contd...
Player Lasso Mutual information Random forest RFECY
Position
Attacking
Forward ° Pace * Pace * Pace * Pace
Skill Dribbling * Skill Dribbling * Skill Dribbling * Skill Dribbling
Skill Curve e Skill Curve * Skill Curve e Skill Curve
* Preferred Foot * Movement * Movement Agility
* Movement Agility Agility * Attacking  Short
Movement Reac- ¢ Movement Reac- ° Movement Reac- Passing
tions tions tions * Attacking Crossing
Attacking  Short e Attacking  Short ° ?tta;klng Short ;N ovement Balance
: : assin
Passing Passing £ « Skill Ball Control
Attacking Crossing * Attacking Crossing Attacklng Cross-

Movement Balance
Skill Ball Control

Movement Balance
Skill Ball Control

ing

e Movement Bal-
ance
¢ Skill Ball Control

non-goal impact based player performance ratings
(NGI ratings).

On the contrary, the goal impact based features
for all three positional player categories, i.e., defend-
ers, midfielders, and attacking forwards, are fed di-
rectly to three similar models, i.e., Random forest,
Gradient boost, and Linear regression, to estimate the
goal impact based player performance ratings (GI rat-
ings). For defenders, the feature set comprises six
features, i.e., Attacking_Finishing, Attacking_Volleys,
Attacking_Heading_Accuracy, Mentality_Penalties,
Movement_Acceleration, and Power_Long_Shots.

Similarly, for midfielders, the feature set has
seven features, i.e., Mentality_Positioning, Attack-
ing_Finishing, Movement_Sprint_Speed, Attacking_
Volleys, Mentality_Penalties, Movement_Acceleration,
and Power_Long_Shots. The feature set for
attacking forwards comprises ten features, i.e.,
Shooting, Power_Shot_Power, Mentality_Positioning,
Attacking_Volleys, Men-

Move-

Attacking_  Finishing,
tality_Penalties, Movement_Acceleration,
ment_Sprint_Speed, Power_Long_Shots, and Attack-
ing_Heading_Accuracy.

This selected set of features is presented to three

models, i.e., Random Forest, Gradient Boost, and

Linear Regression, for the same three positional player
categories, i.e., defenders, midfielders, and attacking
forwards, to estimate the non-goal impact based player
performance ratings (NGI ratings) and goal impact
based player performance ratings (GI ratings). In
all three positional player categories, i.e., defenders,
midfielders, and attacking forwards, Random Forest
outperformed the other two machine learning models,
i.e., Gradient Boost and Linear regression, as shown in
Table 4. Hence, the final model selected to estimate the
ratings is Random Forest. Comparison of goal impact
and non-goal impact has been shown in graphical form
(Figs.

respectively.

1 to 3) for each positional player category,

Position: Defenders

a0
70 -
60
40
30 -
20
10
0 .

Random Forest

® Non-Goal
based Impact

®Goal based
Impact

Accuracy
g

Gradient Boost Linear Regression

Figure 1: Accuracy achieved in the defensive player cate-
gory.
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Table 4: Performance comparison of machine learning models for both non-goal impact and goal impact in all three

positional player categories.

Player Machine Learning Accuracy Achieved  Accuracy Achieved
Position Technique for Non-Goal Impact for Goal Impact
Random Forest 96.88% 89.15%
Defenders Gradient Boost 88.50% 79.15%
Linear Regression 81.67% 72.43%
Random Forest 92.49% 89.55%
Midfielders Gradient Boost 83.76% 82.94%
Linear Regression 77.13% 74.81%
Random Forest 94.85% 97.78%
Attacking Forwards Gradient Boost 88.73% 91.44%
Linear Regression 86.12% 90.82%

There is an interesting observation from the out-
come of the machine learning models. In the defenders’
positional player category, the accuracy achieved by the
best model, i.e., Random Forest, for Non-goal impact
based features (96.88%) is significantly higher than
the accuracy achieved for goal impact based features
(89.15%). It reveals the significantly higher contribu-
tion of non-goal impact based features over goal impact
based features for estimating the player ratings in this

category of players, as shown in Fig.1.

Position: Midfielders

80
70
60
= Non-Goal
based Impact
a0 |
B Goal based
30 - Impact
0 -
0
0 .

Gradient Boost

Accuracy
B

Random Forest Linear Regression

Figure 2: Accuracy achieved in the midfield player category.

Similarly, the midfielder category has also shown
the same pattern. In the midfielder positional player
category, the accuracy achieved by the best model, i.e.,
Random Forest, for Non-goal impact based features
(92.49%) is comparatively higher than the accuracy
achieved for goal impact based features (89.55%). It
reflects the better effect of non-goal impact based
features over goal impact based in this category of

players, as shown in Fig. 2.

However, for the attacking forward category, there
is an opposite trend, as the accuracy achieved by Ran-
dom forest, for goal impact based features (97.78%) is
higher than the accuracy achieved for non-goal impact
based features (94.85%), as shown in Fig. 3.

Position: AttackingForwards

90
80
700}
60 |
I ¥ Non-Goal
based Impact
a0 |
= Goal based
30 Impact
20
0 |
' . . .

Random Forest

Accuracy
2

Gradient Boost Linear Regression

Figure 3: Accuracy achieved in the attacking forward player
category.

Final ratings have been obtained by the fusion
(averaging scores) of both the estimated NGI and
GI player performance ratings. These fusion-based
ratings provide more reliability and clarity about the
performance of individual players. These estimated
player performance ratings have been used to select

the team line-up for the upcoming game.

5. Conclusion and Future Work

Modern soccer is not only about skill-set, but also
demands high-level performance analysis in terms of
players and teams. The conventional machine learning
based feature selection approaches used in the previous

work automatically favors goal impact based features;
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as a result, the whole model is inclined towards goal
impact based contributing players. Therefore, all the
midfielder, who controls the tempo of the game, and
the defenders both proved undervalued in contrast to
overvalued attacking forward players. The proposed
approach is framed in such a way as to look at the game
impact not only in terms of goals or assists but also
through equally important non-goal impact. Relying
merely on machine learning would result in goal-biased
or position-biased ratings based on only goal impact
based measurement, where defenders or midfielders
appeared to be far weaker contributors in comparison
to aggressive attacking forward players. The proposed
work uses a hybrid feature selection approach where
feature selection has been done in two phases. In the
first phase, this has been done purely knowledge-driven
by the experts, and the features have been categorized
into two groups: Non-goal impact and Goal impact.
In the second phase, feature selection techniques
used are Lasso, Mutual information, random forest,
and RFECV. The six selected sets of features have
been presented to three models, i.e., Random Forest,
Gradient Boost, and Linear regression, for the same
three positional player categories, i.e., defenders, mid-
fielders, and attacking forwards. Furthermore, the
best-performing model, i.e., Random Forest, providing
an average accuracy of 93.45% (average accuracy of
Non-goal impact and goal impact for all three play-
ing positions) , has been employed to estimate two
types of ratings, i.e. non-goal impact based player
performance ratings (NGI ratings) and goal impact
based player performance ratings (GI ratings). Final
player performance ratings have been obtained by the
fusion of both the estimated NGI ratings and GI ratings.
These estimated player performance ratings have been
used to select the team line-up for the upcoming game.
The work can be extended by including player injury
and workload management for long-term vision. The
proposed approach introduces a dual-rating player eval-
uation that supports more objective selection of team
line-up to assist coaches in soccer sports. Selecting the
appropriate unbiased team line-up based on estimating
player performance is an indispensable component for

managing a soccer team.
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