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A b s t r a c t 

Research in soccer has shown that players' technical, tactical, physical, and psychological abilities are required to meet the 
requirements of the competition. This study uses machine learning to develop a motivation model based on anthropometric, fitness, 
and soccer skills. Data were collected from 223 young Malaysian athletes consisting of Malaysia's Sport School soccer athletes who 
play in various positions (defender, midfielder and forward) aged 13 to 17 years old who participated in this study. Athletes are 
required to complete the study's instrument, which consists of the anthropometric component test, Task and Ego Orientation in 
Sport Questionnaire (TEGSQ), technical skill component and physical fitness test. Data analysis was carried out using hierarchical 
agglomerative cluster analysis (HACA) and discriminant analysis (DA). Hierarchical agglomerative cluster analysis is used to divide 
groups according to their homogenous psychological attributes of the athletes and discriminant analysis used for determining the 
differences in player performance. Three groups formed and successfully discriminated three groups on 13 independent variables 
with 79.82% (forward stepwise) total variance resulting with Machine Learning method (Artificial Neural Network) 67 athletes 
predicted with potential. A group tends to have the taller player because of the highest significance in height variables than others. 
From the result, all groups show their characteristics with unique attributes and need to intervene to characterize their training 
program based on the group's performance. 
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1 Introduction 
Soccer Is a highly complex sport influenced by physical, psychological, tactical and technical factors [ 1 ] . Research in soccer has 
demonstrated that players' technical, tactical, physical and psychological players to meet their needs during competition [ 2 ] . Therefore, 
careful observation of the athletic necessities to match play and components encouraging efficacious performance can guarantee that 
accuracy and rational assessments are taken for establishing the physiological, physical, tactical, technical and psychological 
components of preparing systematic talent recognition, identification and development training programs towards the development of 
the players. Normally, coaches and instructors feel difficult to choose an appropriate element of a soccer performance model that will fit 
a given set of multilateral factors [ 3 ] . 

The athletes should be motivated by two main sources, according to research. First, they may be motivated intrinsically (do sports 
activities for pleasure, fun or other self-determined reasons). Second, they may have been motivated by extrinsic factors (obtaining 
benefits, tangible and material such as money or trophies, or social rewards (prestige, public knowledge), or to avoid punishment). (Goal 
orientation is a determinant factor of an athlete's success in sport [ 4 ] . Psychological factors such as goal orientation, concentration and 
anxiety must be well controlled to produce the best performance in achieving this goal. When athletes' motor skills gaps are getting 
smaller today, greater mental resilience is required as competition becomes more intense. In sports, especially golf, success and failure 
are often associated with motivation, attention and arousal [^]. Thus, an athlete's mental preparation is essential before and after a 
competition [ 6 ] . 

Relevant parties do not seriously address these mental and psychological aspects because of inadequate service from sports psychology 
in many sports associations In Malaysia. There is not enough psychological training for all athletes to improve their mental strength. 
There is no scientific research analysis or a detailed report on that particular part, except only a general report in a local newspaper 
when they are defeated in a competition. This shows that research or documentation in sport psychology is still lacking in Malaysia [ Z ] . 
This study investigates the dispositional of goal orientation on players' performance in different soccer positions. 

2 Methodology 

2 1 Players 
223 soccer players were selected at the age of (17.40 ± 19.9 years old). The player came from different positions, such as defender, 
midfielder and forward. The player came from different states around Malaysia under Malaysia Sports School, where the generation of 
the new sport develops skills and discovers new talent. All the players and coaches who participated in the study obtained written 
consent. 

2 2 Experimental Approach to the Problem 
To answer the entire objective of this study, the researcher needs to do a fitness assessment of the performance variables following the 
standard protocols for the fitness evaluation. 

2 3 Anthropometric Component 
The Player had been tested for age, weight, sitting height, bleep, triceps subscapular, spiliac upper body circumference (MUAC), calf 
circumference (CC) and maturity. 

2 4. Motivation Component 
Using the Task and Ego Orientation Sport Questionnaire (TEOSQ), ego and task were collected. The questionnaire has been translated 
to Bahasa Malaysia using back translation to make sure the entire player is easy to understand. The questionnaire has been read and 
explained to the player; there is no fee to participate in the study. 

2 5 Technical Ski l l Component 
Player needs to perform various technical skill tests such as running with the ball, juggling (foot), juggling body, speed dribbling, long 
pass, short pass, shooting Top Right, shooting Top Left, shooting from the pass, and heading mid and side. All the players were given 3 
trials, and the highest score was used for collecting data. 

2.6 Fitness Component 
Fitness components include sit reach, sergeant jump, V sit up, speed 5-m, speed 10-m, speed 20 m and V02max. The player giving one 
minute to perform the test, and the highest score is used for data. 



2.7. Data Analysis 
By using the XLSTAT add-ons system, researchers used three methods of analysis. First is principal component analysis (PCA), then 
analysis continued with Discriminant Analysis (DA) and finally finished with artificial neural network (ANN). 

A study stated that the principal component analysis is a commonly used analysis to reduce data from many variables to a smaller set 
of underlying factors that summarize the essential information contained in the variables [ S ] . The purpose is to obtain important 
information from the data schedule and state this information as a new set of orthogonal variables called principal components [ 9 ] . In 
this study, PCA was conducted on the 31 variables and summarised into 21 variables only. 

Afterwards, hierarchical agglomerative cluster analysis (HACA) was assigned to separate any homogeneity that was the same as others 
by using task and ego orientation as variables. HACA is a robust method to identify and categorize components or subjects 
(observations/population) into clusters with more excellent homogeneity within the class and more significant heterogeneity among 
classes with regard to a predetermined selection criterion [ I f l ] . Moreover, Ward's technique utilizing Euclidean distances as a 
resemblance in HACA has shown to be very effective [ H ]. The findings were also shown by dendrogram divide by cluster and their 
homogeneity. 

The discriminant analysis (DA) controls the variables that separate among two or more joined groups/clusters [ H ] . A descriptive 
discriminant analysis was conducted to identify which variables best discriminate the previously obtained clusters. Discriminant 
analysis is robust for these derived rate variables [ 12 ] . Three groups for relative performance patterns (three sampling groups 
represent low performance, medium performance, and high performance) were obtained and selected from HACA. Validation of 
discriminant models was conducted using the leave-one-out method of cross-validation [13 ] . The DA was put into the raw data using 
misclassified mode, predefined mode, corrected group (ANNs), backward stepwise and forward stepwise. Analysis using raw data of 
the performance of players with goal orientation results by HACA and next using predefined that computerized by excel XLSTAT to 
analyse predefined data. Using only significant parameters from PCA for performance and cluster from predefined group to run 
analysis data for the corrected group show significant higher for machine learning, analysis data for backward stepwise and forward 
stepwise. 

Artificial Neural Networks (ANN) are usually considered as tools which can help to analyse cause-effect relationships in complex 
systems within a big-data framework. Neural network is a powerful computational data model that is able to catch and represent 
complex input/output relationships. The motivation for the development of neural network technology comes from the desire to 
develop an artificial system that could perform "Intelligent" tasks similar to those performed by the human brain. With applying 100 
hidden neurons In hidden layers. Rectified Linear Unit (ReLU) activation, and combined with Adam Optimization Algorithm Solver, this 
model was chosen to achieve this objective research. 

3 Results 
Table 1 exhibits the summary statistic of athletes. It shows the total number of 223 athletes in soccer. The athletes' minimum, 
maximum, mean and standard deviation scores are projected. 

Table 1 

Summary statistics of athletes 

Variable Observations Minimum Maximum Mean Std. deviation 
Weight 223 26.90 90.50 56.51 9.47 
Height 223 128.60 190.60 166.06 8.05 
Sitting height 223 38.60 98.40 86.92 5.57 
Biceps 223 2.80 12.30 4.10 1.14 

Triceps 223 4.50 24.80 7.77 2.26 

Sbs. capul 223 4.50 28.80 8.30 2.33 
Sp. iliac 223 4.50 45.40 8.11 3.63 

MUAC 223 2.30 34.60 24.73 2.89 
CC 223 3.70 44.00 34.95 3.57 

Maturity 223 1.00 5.00 3.85 0.79 
S&R 223 0.00 27.00 13.25 5.18 

SJ 223 2.69 198.00 64.30 14.85 

V. Sit Up 223 2.00 7.00 5.90 0.96 

505A 223 1.64 2.98 2.37 02S 

Speed 5 m 223 0.36 1.55 0.79 0.16 
Speed 10 m 223 1.00 2.21 1.53 0.19 



Variable Observations Minimum Maximum Mean Std. deviation 
Speed 20 m 223 1.50 4.08 2.85 0.29 
Fl 223 -1.55 6.43 0.48 0.84 
V02mx 223 29.93 63.73 47.38 7.68 
Run w/ball 223 1.93 7.58 4.55 1.12 
Juggling (foot) 223 5.00 52.00 38.83 11.23 
Juciallna body 223 3.00 9.00 7.39 1.97 
Speed dribbling 223 16.91 29.30 20.95 2.33 
LoRQ Dassinn 223 0.00 12.00 3.85 2.78 
Short passing 223 1.00 15.00 10.00 3.53 
Shooting top right (Dead Ball) 223 0.00 18.00 3.70 2.95 
Shooting top left (Dead Ball) 223 0.00 13.00 3.57 2.91 

iplfooting from a pass (Foot) 223 0.00 26.00 8.18 5.57 
Heading (mid_post) 223 0.00 18.00 9.02 4.52 
Heading (side_post) 223 0.00 18.00 7.25 4.24 

From the PCA result, out of the thirty principal components (PCs) generated, only eight PCs with eigenvalues > 1 were selected for the 
feed-forward ANN input selection parameter representing 71.68% of the total variance. Nevertheless, Table 2 highlighted the factor 
loading after the varimax rotation method in the PCA. Furthermore, the standardized VFs with absolute values equal to or greater than 
0.70, as the selection edge is considered solid and stable, specify moderate to strong loadings on the extracted factors in the current 
study. However, it can be seen from Table 2 out of thirty parameters, only 21 parameters were identified as the most significant across 
all variables. Due to the transformations of a new data set, the output from this analysis was used as Input for further analysis in HACA 
and DA. 
Table 2 

Factor loading of PCA analysis result 

D1 D2 D3 D4 D5 06 D7 D8 
Weight 0.75 
Height 0.80 
Sitting height 0.68 
Biceps 0.89 
Triceps 0.91 
Sbs. capul 0.87 

Sp. iliac 0.91 
MUAC 
CC 
Maturity 0.68 
S&R 
SJ 0.72 
V. Sit Up 0.89 

505A -0.80 
Speed 5 m 0.88 
Speed 10 m 0.87 

Speed 20 m 0.84 

Fl 
V02mx 0.71 

Run wAuill 
Juggling (foot) 0.68 

Juggling Body 0.67 
Speed Dribbling -0.66 
Long Passing 
Short Passing 0.67 
Shooting TR (Dead Ball) 0.73 



01 02 03 04 05 06 07 08 
Shooting TL (Dead Ball) 0.75 

Shooting From a Pass (Foot) 0.63 
Heading (md_post) 
Heading (sdjiost) 0.72 
Eigenvalue 6.12 4.57 2.42 1.95 1.38 1.30 1.14 1.02 
Variability (%) 13.75 14.04 6.97 9.64 8.97 4.61 4.38 3.96 
Cumulative % 13.75 27.79 34.76 44.40 53.38 57.99 62.36 66.32 

Based on the technical skill-related components extracted by PCA, selection of the categorical dependent component was used in 
HACA, which led to the identification of HTHE (High Task, High Ego), LTME (Low Task, Moderate Ego) and MTLE (Moderate Task, Low 
Ego) groups. Figures 1 and 2 shows the result of the HACA. 

Fig. 1 

Result of HACA analysis 

160 I— — — — — ^ 1 

140 

120 

100 

E 80 

60 f 

40 

20 

0 J T ^ 
Groups 

Fig. 2 

Observations chart by HACA analysis results 
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Table 1 shows the discriminant analysis conducted for further analysis. DA Is applied using cluster analysis defined by HACA in order 
tool for goal orientation of the player. HACA was performed using task and ego orientation to define different clusters for goal 
orientation. Misclassified mode, predefined mode, Corrected mode, and backward stepwise and forward stepwise mode methods were 
selected to perform the DA. The precision results showed that misclassified mode, with a total of 40.36%. While the predefined mode 
with a total of 82.96%, the Corrected group reported a total of 93.72% for backward stepwise (11 independent variables) and forward 
stepwise (11 independent variables), both with a total of 92.83% x Q i (Table 4 ) . 

Table 3 

Confusion matrix for the cross-validation results of DA 

Sampling groups % Correct 
Group assigned by Dfi 

HTHE ITME MTLE 
Misclassified mode 
HTHE 38.46 30 33 15 
LTME 49.45 33 45 13 
MTLE 27.78 17 22 15 
Total 40.36 80 100 43 
Predefined mode 
HTHE 87.50 70 5 5 
LTME 82.00 11 82 7 
MTLE 76.74 8 2 33 
Total 82.96 89 89 45 
Corrected group 
HTHE 95.51 85 1 3 
LTME 93.26 4 83 2 
MTLE 91.11 3 1 41 
Total 93.72 92 85 46 
Backward stepwise (11 independent variables) 
HTHE 94.38 84 1 4 
LTME 92.13 5 82 2 
MTLE 91.11 3 1 41 
Total 92.83 92 84 47 
Forward stepwise (11 independent variables) 
HTHE 94.38 84 1 4 
LTME 92.13 5 82 2 
MTLE 91.11 3 1 41 
Total 92.83 92 84 47 

Table 4 

Evaluation result of Machine Learning 

Method AUC CA Fl Precision Recall 
Neural network 0.974 0.876 0.876 0.876 0.876 
Naive Bayes 0.8 0.639 0.642 0.656 0.639 
Logistic regression 0.933 0.812 0.811 0.811 0.812 

Using Orange software to analyze data for machine learning shows that Artificial Neutral Network have higher results from analysis data 
compared to other machine learning. 



Artificial neural network show the significant parameters shown in Table 5 . Showing that a p-value of < 0.05 significant are from height, 
sitting height, maturity, V-sit up, 505, juggling body, speed dribbling, shooting TR and TL, shooting from passing, heading, task and ego 
orientation. 
Table 5 

Artificial neutral network with P-value under 0.05 

Variables P-value 
— . . . Height 0.001 

Sitting height 0.000 
Maturity 0.002 

V sit up 0.000 
505 o.ooo 

Juggling body 0.000 
Speed dribbling 0.000 
Shooting TR 0.000 
Shooting TL 0.000 
Shooting from passing (foot) 0.000 

Heading 0.000 
Task 0.004 
Ego 0.000 

4 Discussion 
This present study identifies the factor contributing to player performance in different clusters using Artificial Neutral Network (ANN) 
technique. Based on the technical skill-related components extracted by PCA, selection of the categorical dependent component were 
used in HACA, which led to the Identification of HTHE (High Task, Low Ego), LTME (Low Task, Moderate Ego) and MTLE (Moderate Task, 
Low Ego) groups. 

Psychological factors such as goal orientation, concentration and anxiety must be well controlled to produce the best performance. 
When the competition becomes more intense, greater mental resilience is required because motor skills gaps among athletes today are 
getting smaller. 5uccess and failure in sports, mainly golf is often associated with motivation, attention and arousal [ 14 ] . Thus, mental 
preparation for athletes before and during the competition is essential [S]. Williams et al. (1995) [15] indicated that the performance-
related feedback of an individual's sports ability could have implications for an athlete's motivational orientation regarding the task and 
ego involvement. 

Findings showed significant effects for goal orientation that involved task and ego among different goal profiles in the two 
fundamentals area In goal orientation: task and ego. The task is to achieve mastery over the task through applying relevant skills and 
ego, which is the motivation to pursue and realize that the ego-oriented goal is fuelled by competition. This study considered that 
cluster 1 (low task and medium ego-LT/ME) had more excellent goal orientation in both task and ego and athletes in cluster 2 (high task 
and high ego-HT/HE) and compared to cluster 3 (moderate task and low ego-MT/LE). Results also suggest that It is possible that 
athletes in cluster 2 would probably benefit during adversities in competition due to reasonable control over themselves, leading to 
more excellent goal performance. Furthermore, athletes in cluster 2 (high task and high ego) tend to invest more in task and ego 
orientations; the players focus more on task orientation whereby portrayed as an intrinsically motivated state that leads to persistence 
when failing, perseverance when faced with difficulties and a fulfilling sense of achievement if the task was mastered, improvement was 
experienced, and ability was successfully expressed thus the player gaining more on motivation which is aimed at being the best rather 
than doing one's best (ego). The driving force is to demonstrate a superior and higher ability compared to others rather than one's 
ability, irrespective of how it compares to others [ 1£, IZ ]. Positive competition can be generated because of the benefits of having 
better control over the negative energy, which is unproductive. These findings support the suggestions by [ IS, 1£ 2Q, 21,22 ] that 
moderate to high task and ego orientation patterns can complement a competitive situation. 

5 Conclusion 
This study research investigates whether goal orientation impacts player performance and has been clarified using machine learning of 
artificial neural network as a result of confirmation. 32 parameters have been tested for 223 athletes using PCA and have been 
minimised to only 21 parameters from performance parameters. Using HACA, 3 clusters, HTHE, LTME, and MTLE, have been identified 
that different the athletes by task and ego parameters. Next, using DA to combine cluster and performance parameters that contribute 
to athlete's results achievements by using DA research get to narrow down the performance that contributes the biggest to the study 
and combine the goal orientation from athletes. Lastly, using machine learning to identify the parameter that contributes the most to 



» 

athletes shows that from 32 to only 13 parameters, including task and ego orientation. Show that only 13 parameters contribute to 
athletes' performance with goal orientation of athletes. 
Summarize it, showing that results from HTHE and 13 parameters need to sharpen so that athletes can perform much better and even 
more incredible, resulting in an athlete with better achievement not just in psychology but also in their performance. It can help the 
player to have a better future In order to become a professional player in future. 
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