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Abstract 

Introduction: Recent technological advancements have revolutionized athlete monitoring, with 
football clubs worldwide leveraging embedded sensors to track player performance. However, 
interpreting the vast and complex data from these sensors remains a challenge for coaches and 
analysts.  
Objective: This study aims to identify the most significant match loads influencing player per-
formance. 
Methodology: Data were collected from Terengganu Football Club (TFC) during the 2022 Ma-
laysia Super League season. The Louvain clustering algorithm was employed to classify player 
performance levels, while logistic regression (logit model) identified key load zones linked to 
different performance tiers. The Kruskal-Wallis test was used to validate distinctions among 
these clusters. 
Results: Data were collected from Terengganu Football Club (TFC) during the 2022 Malaysia 
Super League season. The Louvain clustering algorithm was employed to classify player perfor-
mance levels, while logistic regression (logit model) identified key load zones linked to different 
performance tiers. The Kruskal-Wallis test was used to validate distinctions among these clus-
ters. 
Discussion: The findings provide insights into key load-related metrics, helping coaches under-
stand their impact on player performance. These insights can guide workload management and 
training adjustments to enhance player efficiency and reduce injury risks. 
Conclusions: This study offers valuable guidance for refining training programs and developing 
more effective strategies to optimize team performance in modern football. 

Keywords 

Football; global positioning system (GPS); performance analysis; team sport; team sport; wear-
able tracking system. 

Resumen 

Introducción: Los avances tecnológicos recientes han revolucionado el monitoreo de los atletas, 
permitiendo que los clubes de fútbol de todo el mundo utilicen sensores integrados para ras-
trear el rendimiento de los jugadores. Sin embargo, la interpretación de los vastos y complejos 
datos generados por estos sensores sigue siendo un desafío para entrenadores y analistas.  
Objetivo: Este estudio tiene como objetivo identificar las cargas de partido más significativas 
que influyen en el rendimiento de los jugadores. 
Metodología: Se recopilaron datos del Terengganu Football Club (TFC) durante la temporada 
2022 de la Superliga de Malasia. Se empleó el algoritmo de agrupamiento Louvain para clasifi-
car los niveles de rendimiento de los jugadores, mientras que la regresión logística (modelo 
logit) identificó las zonas de carga clave asociadas con diferentes niveles de rendimiento. La 
prueba de Kruskal-Wallis se utilizó para validar las diferencias entre estos grupos. 
Resultados: Los datos recopilados permitieron identificar tres grupos de rendimiento: mode-
rado (10 partidos), alto (7 partidos) y bajo (5 partidos). De las 20 zonas de carga analizadas, 15 
fueron significativas, logrando una precisión inicial de clasificación del 72,7%. Tras aplicar la 
prueba de Kruskal-Wallis, se aislaron siete métricas de carga clave, mejorando la precisión de 
clasificación al 86,4%. 
Discusión: Los hallazgos proporcionan información sobre métricas clave relacionadas con la 
carga, ayudando a los entrenadores a comprender su impacto en el rendimiento de los jugado-
res. Estos conocimientos pueden orientar la gestión de la carga de trabajo y los ajustes en el 
entrenamiento para mejorar la eficiencia de los jugadores y reducir el riesgo de lesiones. 
Conclusiones: Este estudio ofrece una guía valiosa para la optimización de los programas de 
entrenamiento y el desarrollo de estrategias más efectivas para mejorar el rendimiento de los 
equipos en el fútbol moderno. 

Palabras clave 

Fútbol; sistema de posicionamiento global (GPS); análisis del rendimiento; deporte de equipo; 
sistema de seguimiento portáti.

 

Longitudinal study of match load zones and performance in elite 
football: a multivariate analysis and machine learning technique 

Estudio longitudinal de las zonas de carga y el rendimiento en el fútbol de élite: 
análisis multivariante y aprendizaje automático 
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Introduction

Football, recognised as one of the most popular and lucrative sports worldwide, boasts a staggering par-
ticipation rate of approximately 265 million players globally (Kang et al., 2022). As a dynamic team 
sport, football is characterized by frequent transitions in action patterns that range from low to moder-
ate-intensity movements such as jogging, walking, and positioning, to high-intensity actions, including 
sprinting, shooting, and rapid directional changes (Póvoas et al., 2023; Abdullah et al., 2016). The in-
creasing demands of contemporary football necessitate that players not only exhibit high levels of phys-
ical capability but also possess advanced technical and tactical skills (Mamytko & Hadyko, 2024; Martín-
García et al., 2022). The outcomes of matches hinge upon the continuous interplay between teammates 
and opponents (Plakias et al., 2024), as player strategically adjust their positions based on the evolving 
dynamics of the game, whether to initiate an attack, score or maintain defensive integrity (Brandão et 
al., 2024; Forcher et al., 2022). 

The advent of technology has revolutionized the analysis of sports performance, particularly in football, 
where the physical and metabolic demands have escalated significantly (Beygmohammadloo et al., 
2024; Nikić et al., 2024). The introduction of global positioning system (GPS)-based has facilitated real-
time tracking of players’ loads, activity profiles, and positional data (Kelly, 2021; Maher, 2022; Oladele, 
2022). These compact systems, often integrated with user-friendly applications, enable coaches and 
managers to derive valuable metrics that inform decision-making regarding training regimes, tactical 
strategies as well as overall player’s performance metrics such as loads and other physiological indica-
tors (Gu et al., 2024; Padrón-Cabo et al., 2024). 

Athletes' loads can be classified into internal and external measures. Internal loads reflect the physio-
logical and psychological stresses placed on athletes during training and competition, including metrics 
such as heart rate (HR), blood lactate (BLa), and ratings of perceived exertion (RPE). In contrast, exter-
nal load represents objective performance metrics, such as distance covered, speed, and power output 
(Lechner et al., 2023a; Pinheiro et al., 2023). Recent studies underscore the importance of integrating 
both internal and external load metrics, providing coaches and athletes with comprehensive insights 
that guide performance enhancement (Helwig et al., 2023; Lechner et al., 2023b). Nevertheless, the ef-
fective utilization of these metrics can be complex, suggesting that focusing on a selected few key varia-
bles may facilitate better performance monitoring (Stieler et al., 2023). 

Research indicates that systematic monitoring of athletes can elucidate their responses to training reg-
imens and tactical approaches. For instance, athletes displaying insufficient internal load relative to 
standardized external load may be deemed unfit, prompting coaches to adjust their training plans ac-
cordingly (Akubat et al., 2018; Lechner et al., 2023c). Conversely, excessive internal load can lead to 
fatigue, necessitating careful management of training intensity (Ammann et al., 2023; Costa et al., 2022; 
Silva et al., 2023). Given these considerations, this study seeks to leverage GPS-based technology to iden-
tify and prioritize the most significant load metrics influencing player performance within the context 
of the Terengganu Football Club (TFC) during the 2022 Malaysia Super League season. 

 

Method 

Participants 

Data was collected from all matches (22 in total) played by the Malaysian professional team, TFC, in the 
2022 Malaysia Super League. The study focused on outfield players, who were all registered members 
of the squad aged between 21 and 35 years. The data collection spanned the duration of the league sea-
son, from January to December 2022. 

Ethical approval for this research was granted by TFC Sdn Bhd, with reference number TFC/14/2020. 
Participants were informed about the study’s purpose, its potential risks and benefits, and the measures 
taken to ensure confidentiality and anonymity of their data. Consent was obtained through a formal 
letter, which was explained to participants in person for clarity and transparency. A copy of the consent 
letter was also provided to each member of the club's management for record-keeping purposes. No 
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adverse events were recorded during the data collection period. All ethical procedures, including par-
ticipant consent, were adhered to according to the approved protocol. 

Procedure 

Instrument 

The Sport Performance Tracking (SPT) system developed by SPT Group Pty Ltd (United States of Amer-
ica), was employed for tracking the athletes’ loads during matches. The SPT system is widely recognized 
for being a robust, user-friendly, and cost-effective GPS solution for performance tracking. The device, 
worn by the players, integrates various advanced sensors, including a 10 Hz GPS module, battery, Blue-
tooth connectivity, magnetometer, accelerometer, gyroscope, and Global Navigation Satellite System 
(GNSS) for location tracking. The compact device is housed in a water-resistant, form-fitted half-vest, 
ensuring comfort during use. The vest is equipped with docking features and supports multi-unit charg-
ing, allowing for efficient management of multiple devices during data collection. The SPT system has 
gained popularity across more than 100 countries, with users ranging from professional football clubs 
to rugby associations and health professionals (Prather et al., 2020). Figure 1 visualized the SPT device 
with a half vest. 
 

Figure 1. SPT system (Sports Performance Tracking | GPS Tracking for Contact Sports | SPT – SportsPerformanceTracking, n.d.) 

 

Data Treatment 

Data from the SPT devices were transmitted via the Bluetooth module to the GameTraka software (SPT 
Group Pty Ltd, USA), a performance analysis system designed for soccer. The process of data capture 
and transmission through SPT device is illustrated in Figure 2. The collected parameters included a wide 
array of athlete performance metrics such as performance duration, total distance covered, distances 
for different intensity levels (walking, jogging, running, and sprinting), sprint efforts, sprinting rate, hard 
running, work rate, and top speed. Additionally, session-specific metrics were gathered, including 2D 
and 3D loads, intensity, impact count, mean and maximum heart rate, and efficiency index. 

Figure 2. Signal capturing and transmitting via SPT device (Hernandez-Martin et al., 2020) 

 

Data Treatment 

Upon extracting the raw data from the GameTraka software, the information was pre-processed and 
compiled into a master dataset. A total of 396 data points were systematically gathered from the 22 
matches of the 2022 Malaysia Super League season. Data transformation techniques were applied to 
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standardize all feature values between 0 and 1, ensuring consistent distribution and representation 
across the different metrics. This normalization was necessary because the raw data spanned various 
ranges, potentially affecting the comparability of the features. Standardizing the features before feeding 
them into the model improved classification performance by ensuring that each metric had equal influ-
ence on the analysis (H. Li et al., 2024; Yang et al., 2022). 

Data Analysis 

Louvain Clustering 

The Louvain clustering algorithm, a widely used technique for classifying large datasets, was applied to 
group the different performance zones based on the collected metrics. This algorithm was chosen due 
to its ability to produce significant classifications from complex data. The clustering analysis was carried 
out in two distinct phases. Initially, the algorithm identified smaller clusters through the maximization 
of modularity. Subsequently, the algorithm grouped related nodes into larger populations until a final 
modularity condition was achieved. This process resulted in a hierarchical fragmentation of the data, 
producing clusters based on the density of their boundaries (Musa et al., 2022).  

Logistic Regression 

Logistic regression, specifically with L1 regularization (Lasso), was used to perform feature selection by 
eliminating less significant parameters (Wilke et al., 2022). L1 regularization reduces the coefficients of 
irrelevant features to zero, effectively removing them from the dataset. This process reduced the dimen-
sionality of the data, ensuring that only the most critical performance metrics were retained for further 
analysis (Browne et al., 2022). All statistical analyses, including data preprocessing, clustering, and fea-
ture selection, were conducted using XLSTAT 2021.2.2 (Addinsoft, Paris, France) and Orange 3.34.0 
(University of Ljubljana, Slovenia). 

Kruskal-Wallis Test 

The Kruskal-Wallis H test, a non-parametric rank-based test also referred to as a one-way ANOVA on 
ranks, was employed to determine statistically significant differences between the performance clusters 
identified in the clustering analysis (Bhavani & Ponnusamy, 2024). This test was chosen due to its ro-
bustness in dealing with non-normally distributed data. 
 

Results 

Descriptive Statistics 

The descriptive statistics of the parameter metrics are provided in Table 1, which details the variables, 
number of observations, minimum and maximum values, means, and standard deviations. This table 
offers a comprehensive overview of the dataset used in the analysis. 

 

Table 1. Descriptive statistics of the parameter metrics 
Variable Observations Minimum Maximum Mean Std. dev 

Performance Duration [min] 22 -2.480 2.527 0.000 1.024 
Total Distance [m] 22 -2.273 2.101 0.000 1.024 
Walk Distance [m] 22 -1.987 2.405 0.000 1.024 
Jog Distance [m] 22 -2.375 2.700 0.000 1.024 
Run Distance [m] 22 -1.542 3.059 0.000 1.024 

Sprint Distance [m] 22 -0.527 3.976 0.000 1.024 
Sprint Efforts 22 -1.362 1.989 0.000 1.024 

Sprinting Rate [m/min] 22 -0.518 3.968 0.000 1.024 
Hard Running [m] 22 -1.590 3.313 0.000 1.024 

Hard Running Rate [m/min] 22 -0.584 4.433 0.000 1.024 
Hard Running Efforts 22 -3.404 1.332 0.000 1.024 
Work Rate [m/min] 22 -1.570 2.161 0.000 1.024 

Top Speed [m/s] 22 -2.601 1.523 0.000 1.024 
Intensity 22 -2.624 1.865 0.000 1.024 

Total Impacts 22 -2.948 1.571 0.000 1.024 
Load 2D 22 -3.613 1.784 0.000 1.024 
Load 3D 22 -3.587 1.777 0.000 1.024 

HR Mean [bpm] 22 -2.537 1.672 0.000 1.024 
HR Max [bpm] 22 -2.044 2.206 0.000 1.024 

HR Efficiency [m/beat] 22 -1.368 2.108 0.000 1.024 
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Clustering Analysis 

Figure 3 illustrates the clusters of the team’s performance based on the measured parameters. Three 
distinct clusters were identified using Louvain clustering: HP (High Performance, 7 matches), MP (Mod-
erate Performance, 10 matches), and LP (Low Performance, 5 matches). The clustering was derived 
from the external and internal load variables, and these clusters represent the team's varying perfor-
mance levels across different matches. 

Figure 3. Clusters obtained via Louvain Clustering 

 

 
 

Figure 4 visualized the performance analysis of TFC across clusters revealing distinct patterns in various 
parameters which also determined by the 2022 MSL final standings (Table 2). 

 

 
Table 2. 2022 MSL Standings 

No Club Match Played Win Draw Lose Points 
1 Johor Darul Takzim 22 17 5 0 56 
2 Terengganu 22 14 2 6 44 
3 Sabah 22 13 3 6 42 
4 Negeri Sembilan 22 12 5 5 41 
5 Selangor 22 8 6 8 30 
6 Kuala Lumpur 22 8 5 9 29 
7 Pahang 22 8 4 10 28 
8 Kedah 22 8 3 11 27 
9 PJ City 22 6 8 8 26 

10 Melaka United 22 4 6 12 18 
11 Sarawak United 22 5 2 15 17 
12 Penang 22 2 5 15 11 

Figure 4. Cluster analysis referring to the match load zones 

 

Figure 4 visualised the performance analysis of Terengganu Football Club (TFC) across clusters reveal-
ing distinct patterns in various parameters. The High Performance (HP) cluster had mixed results, with 
shorter distances covered in wins against moderate teams and longer distances in losses to both weak 
and strong opponents. Sprint efforts in HP were moderate, while the sprinting rate peaked during losses 
to strong teams. In contrast, the Low Performance (LP) cluster, despite winning all matches, showed the 
highest sprint efforts and sprinting rates, especially against weaker teams, along with the highest hard 
running rate and efforts. The work rate was consistent in LP, whereas HP exhibited higher work rates 
in losses. Top speed and intensity levels were also highest in LP, correlating with their victories. Load 
metrics (both 2D and 3D) followed a trend where HP recorded the highest values, although one LP match 
showed an unusually high 2D load. Lastly, heart rate metrics revealed that LP had higher HR Mean and 
HR Max in winning matches, whereas HP exhibited superior cardiovascular efficiency with the highest 
HR Efficiency across clusters. Overall, LP displayed more intense physical efforts, while HP showed more 
efficiency in both cardiovascular and workload management. 
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Figure 5. Cluster analysis referring to the match load zones  

 
Features Extraction – Logistic Regression 

In this study, LR was applied to the extracted data for feature selection. LR is a robust statistical tech-
nique commonly employed to identify the most significant features in datasets by analyzing the model's 
coefficients (Fávero et al., 2023; Lasek & Gagolewski, 2021). Specifically, L1 regularization was utilized 
in this analysis, introducing sparsity to the dataset, which allows for efficient feature selection by elim-
inating non-influential variables (L. Li & Liu, 2022; Schroeder, 2021). Table 3 outlines the logistic re-
gression coefficients for various match load zones, categorized by HP, MP, and LP clusters. 

 

 
Table 3. Logistic Regression Coefficients 

Name HP LP MP 
Intercept -0.39701 0.004287 0.392725 

Performance Duration [min] 0.257591 -0.55536 0.297772 
Total Distance [m] 0.350613 -0.08279 -0.26782 
Walk Distance [m] 0.159262 -0.02297 -0.13629 
Jog Distance [m] 0.412677 -0.04224 -0.37043 
Run Distance [m] 0.141311 0.066952 -0.20826 

Sprint Distance [m] 0.16064 -0.12858 -0.03206 
Sprint Efforts 0.026393 -0.07068 0.044283 

Sprinting Rate [m/min] 0.142231 -0.0473 -0.09494 
Hard Running [m] 0.19248 0.013272 -0.20575 

Hard Running Rate [m/min] -0.16036 0.356571 -0.19621 
Hard Running Efforts 0.310497 -0.07282 -0.23768 
Work Rate [m/min] 0.392617 0.461319 -0.85394 

Top Speed [m/s] 0.388259 -0.13716 -0.2511 
Intensity 0.434272 -0.1934 -0.24087 

Total Impacts 0.364447 -0.32729 -0.03716 
Load 2D -0.0574 -0.2706 0.327993 
Load 3D -0.08247 -0.22885 0.311316 

HR Mean [bpm] 0.465302 -0.5901 0.124797 
HR Max [bpm] -0.07697 0.082024 -0.00505 

HR Efficiency [m/beat] 0.356435 0.377231 -0.73367 

 
The bolded variables in Table 3 represent the features with the highest coefficient values, suggesting 
they are the most influential for each cluster. 

Performance Duration stands out as a key factor across all three clusters, with HP = 0.257591 min, LP = 
|-0.55536| min, and MP = 0.297772 min, highlighting its importance in distinguishing player perfor-
mances. 
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Total Distance, Jog Distance, and Run Distance also exhibit higher coefficient values compared to Walk 
Distance and Sprint Distance, underscoring their greater relevance in performance analysis. For in-
stance, Jog Distance has the highest coefficient for HP = 0.412677 m, while Walk Distance shows smaller 
influence. 

Sprint Efforts and Sprinting Rate are less significant with lower coefficients, indicating they play a 
smaller role in distinguishing performances between clusters. 

Interestingly, Hard Running metrics (including Hard Running Distance, Hard Running Rate, and Hard 
Running Efforts) display relatively high coefficients, suggesting these are valuable indicators of perfor-
mance, especially in HP and MP clusters. Work Rate, Top Speed, Intensity, and Total Impacts further 
highlight key differences between the clusters, with high coefficients in HP and LP. 

For Load 2D and Load 3D, the MP cluster presents notably higher coefficients compared to HP and LP, 
implying a unique pattern of external load in moderate-performing players. 

The Heart Rate (HR) zones reveal that HR Max contributes the least to the model across all clusters, 
whereas HR Mean and HR Efficiency show stronger correlations with performance, particularly in HP 
and LP clusters. Negative values were disregarded due to their emergence from standardized data trans-
formation. 

Model Evaluation – Logistic Regression 

Table 4 presents the performance metrics of the logistic regression model, evaluating its classification 
accuracy, precision, recall, and F1 score. 

 

Table 4. Logistic Regression Model Evaluation 
Model AUC CA F1 Precision Recall 

Logistic Regression 0.819 0.727 0.650 0.588 0.727 

 

The model’s Area Under the Curve (AUC) is 0.819, which is considered a strong indicator of the model’s 
performance across different threshold values. Since 0.5 is the base threshold, this score demonstrates 
the models’ ability to classify between the performance clusters effectively. Similarly, the Classification 
Accuracy (CA) of 72.7% indicates a high overall accuracy of the model in classifying players into the 
respective performance clusters. The F1 Score of 0.650, along with the Precision (0.588) and Recall 
(0.727), demonstrate a balanced model, though the slightly lower precision suggests there may be some 
room for improvement in minimizing false positives. 

Kruskal-Wallis 

To further validate the differentiation between clusters, a Kruskal-Wallis test was performed on the ex-
tracted match load zones using the H statistic. This non-parametric test further confirmed significant 
differences between the HP, MP, and LP clusters for various external load metrics. 

Figure 6. Kruskal-Wallis Test displaying the significant metrics: Performance Duration, Total Distance, Jog Distance, Work Rate, Intensity, HR 
Mean, and HR Efficiency 
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Figure 5 highlight the metrics that exhibited p-values below the alpha threshold of 0.05, demonstrating 
statistically significant differences between the clusters which emphasized how these metrics distin-
guish player performance across the HP, MP, and LP groups. 

Performance Duration and Total Distance show significant differences across clusters showing that HP 
players sustain longer periods of play and cover more ground than MP and LP, reinforcing endurance as 
a key differentiator. Although jogging is less intense than running or sprinting, the HP cluster still shows 
a considerable amount of jogging, reflecting balanced movement in different phases of the game. Work 
Rate, on the other hand, displayed significant differences across clusters suggesting that higher work 
rates directly correlate with superior match outcomes. For load zones such as intensity, is statistically 
significant, exhibiting differences that HP players exert higher intensity, driving successful match out-
comes. Finally, the Heart Rate (HR) metrics, demonstrate significant differences in HR Mean and HR 
Efficiency indicating that more efficient cardiovascular performance (i.e., covering more distance per 
heartbeat) is a hallmark of high-performing players. 

 

Table 5. Summary p-values of Kruskal-Wallis 
Variable Kruskal-Wallis 

Performance Duration [min] 0.005 
Total Distance [m] 0.003 

Jog Distance [m] 0.002 
Run Distance [m] 0.736 
Hard Running [m] 0.097 

Hard Running Rate [m/min] 0.067 
Hard Running Efforts 0.285 
Work Rate [m/min] 0.001 

Top Speed [m/s] 0.085 
Intensity 0.002 

Total Impacts 0.475 
Load 2D 0.241 
Load 3D 0.210 

HR Mean [bpm] 0.048 
HR Efficiency [m/beat] 0.004 

 
Table 5 summarizes the p-values from the Kruskal-Wallis test, which identified significant differences 
among the three clusters for 7 out of 15 match load variables: Performance Duration, Total Distance, Jog 
Distance, Work Rate, Intensity, HR Mean, and HR Efficiency. These variables exhibited p-values below 
the alpha threshold (0.05), suggesting statistically significant differences across the clusters. A visual 
representation of these p-values is provided in Figure 11. Additionally, the Kruskal-Wallis model's eval-
uation can be observed in Table 6. The Area Under the Curve (AUC) for the 7 selected match loads is 
0.948, notably higher than the AUC for all 15 loads (0.819). The Classification Accuracy (CA) of the re-
duced model is also 13.7% higher than the 15-match load model, with corresponding improvements in 
F-Score, Precision, and Recall, which stand at 0.859, 0.865, and 0.864, respectively. 
 

Figure 7. Kruskal-Wallis p-values 
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Table 6. Kruskal-Wallis Evaluation Model 
Model AUC CA F1 Precision Recall 

Logistic Regression 0.948 0.864 0.859 0.865 0.864 

 
Table 6 evaluates the logistic regression model using key metrics such as AUC, CA, F1 score, Precision, 
and Recall, showing strong performance across all measures. The model's AUC of 0.948 indicates near-
perfect classification ability, while the CA of 86.4% reflects significant improvement in categorizing per-
formance clusters (HP, MP, LP) following feature reduction using the Kruskal-Wallis H test. The bal-
anced F1 score (0.859), along with high Precision (0.865) and Recall (0.864), demonstrates the model's 
effectiveness in predicting both high- and low-performing clusters without overfitting. These enhance-
ments highlight the value of combining logistic regression with non-parametric testing for identifying 
key performance indicators, offering practical applications in match analysis and strategic planning for 
coaching staff. 
 

Discussion 

This study has elucidated critical match load zones in a Malaysian football club’s performance during 
the 2022 Malaysia Super League (MSL) season, employing a range of statistical analyses to derive mean-
ingful insights. By categorizing the team's performance into three distinct clusters—High Performance 
(HP), Medium Performance (MP), and Low Performance (LP)—we observed how various match loads 
influenced the team's outcomes against different levels of opposition. The findings illustrate a nuanced 
interplay between performance metrics and opponent strength, with TFC achieving notable victories 
against moderately ranked opponents during HP performances while struggling against both weaker 
and stronger teams. This trend suggests that the team's capacity to secure wins is not solely contingent 
on individual metrics but is significantly influenced by psychological and tactical dynamics. Such in-
sights align with existing literature positing that motivation, confidence level, and team strategies can 
profoundly impact match outcomes (Catalá & Vich, 2022; Schei et al., 2022),(Castillo-Rodríguez et al., 
2023; Kaminski, 2022; Wang et al., 2022). 

Moreover, the analysis of Total Distance, Sprint Efforts, and Heart Rate metrics highlights the complexity 
of performance dynamics within the clusters. Variability in distance covered during HP performances 
underscores a potential correlation between match outcomes and the physical demands placed on play-
ers, while the LP cluster’s consistent sprinting metrics suggest a tactical approach focused on energy 
conservation against weaker teams. Additionally, the highest heart rates recorded in the LP cluster dur-
ing victories may indicate greater exertion against lower-ranked opponents, potentially compromising 
energy management for more competitive matches. These findings invite further investigation into the 
interplay of physical load, psychological factors, and match outcomes, emphasizing the need for TFC to 
refine its training and match preparation strategies. By fostering adaptability to varying opponent 
strengths, the club can enhance its competitive edge in the Malaysia Super League. 

Further, the logistic regression analysis (Table 3) identified 15 out of 20 match loads as significant, with 
higher coefficients observed in the HP cluster despite negative values. These loads were extracted as the 
most influential features, underscoring their relevance to team performance. In contrast, variables such 
as Walk Distance, Sprint Distance, and HR Max were not deemed significant. The findings align with 
prior studies, such as (Modric et al., 2021) which suggests that walking distance contributes minimally 
to match performance, and Sprint Distance, though essential in other contexts, played a lesser role in 
TFC's performance during the 2022 season. 

Model performance, as outlined in Table 4, shows an AUC of 0.819, indicating solid classification accu-
racy. The CA of the logistic regression model is 72.7%, while the F-Score and Precision reveal that the 
model accurately predicts about 60% of positive cases. Moreover, the Kruskal-Wallis H test identified 7 
key match loads that further improved model accuracy, yielding an AUC of 0.948 and CA of 86.4%. These 
findings suggest that refining the match load features enhances predictive accuracy. 
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Conclusions 

This study successfully extracted the most influential match load features affecting team performance 
in the Terengganu Football Club (TFC) during the 2022 MSL season. Logistic regression, coupled with 
the Kruskal-Wallis H test, proved to be an effective method for identifying these features, which could 
assist coaches in improving training regimens and refining tactical strategies. The final model, based on 
7 key features, demonstrated a significant improvement in classification accuracy, indicating its poten-
tial as a robust tool for performance analysis and strategic planning in football. 
 

Acknowledgements 

The authors would like to acknowledge the Terengganu Football Club for cooperating and supporting 
this study with letter reference number – TFC/14/2020. 
 

References 

Abdullah, M. R., Musa, R. M., Kosni, N. A., Maliki, A. B. H. M., & Haque, M. (2016). Profiling and distinction 
of specific skills related performance and fitness level between senior and junior Malaysian 
youth soccer players. International Journal of Pharmaceutical Research, 8(3), 64–71. 
http://www.scopus.com/inward/record.url?eid=2-s2.0-85026733512&part-
nerID=MN8TOARS 

Akubat, I., Barrett, S., Sagarra, M. L., & Abt, G. (2018). The Validity of External:Internal Training Load 
Ratios in Rested and Fatigued Soccer Players. Sports, 6(2), 44. 
https://doi.org/10.3390/sports6020044 

Ammann, L., Ruf, L., Beavan, A., Chmura, P., & Altmann, S. (2023). Advancing and critical appraisal of an 
integrative load monitoring approach in microcycles in professional soccer. PLOS ONE, 18(9), 
e0286372. https://doi.org/10.1371/journal.pone.0286372 

Beygmohammadloo, V., Gharakhani, D., & Naderinasab, M. (2024). Development of Football Tactics and 
Strategies Driven by Artificial Intelligence. AI and Tech in Behavioral and Social Sciences, 2(2), 
1–6. https://doi.org/10.61838/kman.aitech.2.2.1 

Bhavani, A., & Ponnusamy, V. (2024). Genetic Algorithm and the Kruskal–Wallis H-Test-Based Trainer 
Selection Federated Learning for IoT Security. IEEE Access, 12, 120474–120481. 
https://doi.org/10.1109/ACCESS.2024.3450836 

Brandão, L., Moura, F., Bedo, B. L. S., Aquino, R., de Andrade, A. G., & Moreira Praça, G. (2024). Quantify-
ing within-matches tactical behaviors using position data and notational analysis in soccer. Ki-
nesiology, 56(1), 53–60. https://doi.org/10.26582/k.56.1.6 

Browne, P. R., Sweeting, A. J., & Robertson, S. (2022). Modelling the Influence of Task Constraints on 
Goal Kicking Performance in Australian Rules Football. Sports Medicine - Open, 8(1). 
https://doi.org/10.1186/s40798-021-00393-9 

Castillo-Rodríguez, A., González-Téllez, J. L., Figueiredo, A., Chinchilla-Minguet, J. L., & Onetti-Onetti, W. 
(2023). Starters and non-starters soccer players in competition: is physical performance in-
creased by the substitutions? BMC Sports Science, Medicine and Rehabilitation, 15(1). 
https://doi.org/10.1186/s13102-023-00641-3 

Costa, J. A., Rago, V., Brito, P., Figueiredo, P., Sousa, A., Abade, E., & Brito, J. (2022). Training in women 
soccer players: A systematic review on training load monitoring. Frontiers in Psychology, 13. 
https://doi.org/10.3389/fpsyg.2022.943857 

Fávero, L. P., Belfiore, P., & de Freitas Souza, R. (2023). Chapter 15 - Binary and multinomial logistic 
regression models. In L. P. Fávero, P. Belfiore, & R. de Freitas Souza (Eds.), Data Science, Analytics 
and Machine Learning with R (pp. 259–283). Academic Press. 
https://doi.org/https://doi.org/10.1016/B978-0-12-824271-1.00008-1 

Forcher, L., Forcher, L., Altmann, S., Jekauc, D., & Kempe, M. (2022). The keys of pressing to gain the ball 
– Characteristics of defensive pressure in elite soccer using tracking data. Science and Medicine 
in Football, 0(0), 1–9. https://doi.org/10.1080/24733938.2022.2158213 

Gu, C., Na, J., Pei, Y., & De Silva, V. (2024). Player Pressure Map -- A Novel Representation of Pressure in 
Soccer for Evaluating Player Performance in Different Game Contexts. 



2025 (abril), Retos, 65, 773-784  ISSN: 1579-1726, eISSN: 1988-2041 https://recyt.fecyt.es/index.php/retos/index 

 783  
 

Helwig, J., Diels, J., Röll, M., Mahler, H., Gollhofer, A., Roecker, K., & Willwacher, S. (2023). Relationships 
between External, Wearable Sensor-Based, and Internal Parameters: A Systematic Review. Sen-
sors, 23(2), 827. https://doi.org/10.3390/s23020827 

Hernandez-Martin, A., Sanchez-Sanchez, J., Felipe, J. L., Manzano-Carrasco, S., Majano, C., Gallardo, L., & 
Garcia-Unanue, J. (2020). Physical demands of u10 players in a 7-a-side soccer tournament de-
pending on the playing position and level of opponents in consecutive matches using global po-
sitioning systems (Gps). Sensors (Switzerland), 20(23), 1–11. 
https://doi.org/10.3390/s20236968 

Kaminski, M. M. (2022). How Strong Are Soccer Teams? The “Host Paradox” and Other Counterintuitive 
Properties of FIFA’s Former Ranking System. MDPI, 13(2). 
https://doi.org/10.3390/g13020022 

Kang, T., Hahm, J., & Matsuoka, H. (2022). Effect of 2002 FIFA World Cup: Point of Attachment That 
Promotes Mass Football Participation. Frontiers in Psychology, 13. 
https://doi.org/10.3389/fpsyg.2022.857323 

Kelly, D. M. (2021). Quantification of Seasonal Training-Load In Elite English Premier League Soccer Play-
ers. Liverpool John Moores University (United Kingdom). 

Lasek, J., & Gagolewski, M. (2021). Interpretable sports team rating models based on the gradient de-
scent algorithm. International Journal of Forecasting, 37(3), 1061–1071. 
https://doi.org/10.1016/j.ijforecast.2020.11.008 

Lechner, S., Ammar, A., Boukhris, O., Trabelsi, K., M Glenn, J., Schwarz, J., Hammouda, O., Zmijewski, P., 
Chtourou, H., Driss, T., & Hoekelmann, A. (2023a). Monitoring training load in youth soccer play-
ers: effects of a six-week preparatory training program and the associations between external 
and internal loads. Biology of Sport, 40(1), 63–75. https://doi.org/10.5114/bi-
olsport.2023.112094 

Lechner, S., Ammar, A., Boukhris, O., Trabelsi, K., M Glenn, J., Schwarz, J., Hammouda, O., Zmijewski, P., 
Chtourou, H., Driss, T., & Hoekelmann, A. (2023b). Monitoring training load in youth soccer play-
ers: effects of a six-week preparatory training program and the associations between external 
and internal loads. Biology of Sport, 40(1), 63–75. https://doi.org/10.5114/bi-
olsport.2023.112094 

Lechner, S., Ammar, A., Boukhris, O., Trabelsi, K., M Glenn, J., Schwarz, J., Hammouda, O., Zmijewski, P., 
Chtourou, H., Driss, T., & Hoekelmann, A. (2023c). Monitoring training load in youth soccer play-
ers: effects of a six-week preparatory training program and the associations between external 
and internal loads. Biology of Sport, 40(1), 63–75. https://doi.org/10.5114/bi-
olsport.2023.112094 

Li, H., Wang, C., & Huang, Q. (2024). Employing Iterative Feature Selection in Fuzzy Rule-Based Binary 
Classification. IEEE Transactions on Fuzzy Systems, 32(9), 5109–5121. 
https://doi.org/10.1109/TFUZZ.2024.3414836 

Li, L., & Liu, Z.-P. (2022). A connected network-regularized logistic regression model for feature selec-
tion. Applied Intelligence, 11672–11702. https://doi.org/10.1007/s10489-021-02877-3 

Maher, O. (2022). Physical Match Demands in Youth Football: Informing Recruitment Strategies and Path-
ways to Elite Professional Football for Home-Grown Academy Youth Football Players [Liverpool 
John Moores University (United Kingdom)]. https://doi.org/10.24277/LJMU.t.00017190 

Mamytko, A. V., & Hadyko, O. O. (2024). Technical and tactical training as the main factor in the for-
mation of sportsmanship of football players of different ages. Scientific Journal of National Ped-
agogical Dragomanov University Series 15 Scientific and Pedagogical Problems of Physical Culture 
(Physical Culture and Sports), 7(180), 103–106. https://doi.org/10.31392/UDU-nc.se-
ries15.2024.7(180).21 

Martín-García, A., Castellano, J., Méndez Villanueva, A., Gómez-Díaz, A., Cos, F., & Casamichana, D. (2022). 
Physical Demands of Ball Possession Games in Relation to the Most Demanding Passages of a 
Competitive Match. Journal of Sports Science & Medicine, 19(1), 1–9. http://www.jssm.org 

Modric, T., Jelicic, M., & Sekulic, D. (2021). Relative training load and match outcome: Are professional 
soccer players actually undertrained during the in-season? Sports, 9(10). 
https://doi.org/10.3390/sports9100139 



2025 (abril), Retos, 65, 773-784  ISSN: 1579-1726, eISSN: 1988-2041 https://recyt.fecyt.es/index.php/retos/index 

 784  
 

Musa, R. M., Abdul Majeed, A. P. P., Abdullah, M. R., Kuan, G., & Mohd Razman, M. A. (2022). Data Mining 
and Machine Learning in High-Performance Sport: Performance Analysis of On-field and Video As-
sistant Referees in European Soccer Leagues. SpringerBriefs in Applied Science and Technology. 
https://doi.org/10.1007/978-981-19-7049-8 

Nikić, A., Topalović, A., & Bach, M. P. (2024). From Data to Decision: Machine Learning in Football Team 
Management. 2024 47th MIPRO ICT and Electronics Convention (MIPRO), 1059–1064. 
https://doi.org/10.1109/MIPRO60963.2024.10569835 

Oladele, O. S. (2022). The Effect of A Congested Season On The Match Activity Of Professional Football 
Players. 

Padrón-Cabo, A., Solleiro-Duran, D., Lorenzo-Martínez, M., Nakamura, F. Y., Campos-Vázquez, M., & Rey, 
E. (2024). Application of arbitrary and individualized load quantification strategies over the 
weekly microcycle in professional soccer players. Biology of Sport, 41(1), 153–161. 
https://doi.org/10.5114/biolsport.2024.129481 

Pinheiro, G. de S., Chiari Quintão, R., Nascimento, V. B., Claudino, J. G., Alves, A. L., Teoldo da Costa, I., & 
Teoldo da Costa, V. (2023). Small-sided games do not replicate all external and internal loads of 
a football match-play during pre-season: A case study. International Journal of Sports Science & 
Coaching, 18(1), 152–159. https://doi.org/10.1177/17479541211069935 

Plakias, S., Tsatalas, T., Armatas, V., Tsaopoulos, D., & Giakas, G. (2024). Tactical Situations and Playing 
Styles as Key Performance Indicators in Soccer. Journal of Functional Morphology and Kinesiol-
ogy, 9(2), 88. https://doi.org/10.3390/jfmk9020088 

Póvoas, S., Krustrup, P., & Castagna, C. (2023). Validity and sensitivity of field tests’ heart-rate recovery 
assessment in recreational football players. PloS One, 18(3), e0282058. 
https://doi.org/10.1371/journal.pone.0282058 

Prather, J., Zaragoza, J., Tinnin, M., Secrest, A., Goonan, J., Taylor, L., & Belton, H.-B. ; (2020). Positional 
Differences in Running Distance and Speed Among Collegiate Rugby 7s Players. International 
Journal of Exercise Science, 2(12). www.tacsm.org 

Schroeder, C. W. (2021). MLB© Roster Construction Optimization Based on Positional Significance to 
Overall Team Performance [The College of St. Scholastica]. https://www.proquest.com/disser-
tations-theses/mlb-©-roster-construction-optimization-based-on/docview/2559668521/se-
2?accountid=45905 

Silva, H., Nakamura, F. Y., Castellano, J., & Marcelino, R. (2023). Training Load Within a Soccer Microcycle 
Week—A Systematic Review. Strength & Conditioning Journal, 45(5), 568–577. 
https://doi.org/10.1519/SSC.0000000000000765 

Sports Performance Tracking | GPS Tracking for Contact Sports | SPT – SportsPerformanceTracking. 
(n.d.). Retrieved April 1, 2023, from https://sportsperformancetracking.com/ 

Stieler, E., de Mello, M. T., Lôbo, I. L. B., Gonçalves, D. A., Resende, R., Andrade, A. G., Lourenço, T. F., Silva, 
A. A. C., Andrade, H. A., Guerreiro, R., & Silva, A. (2023). Current Technologies and Practices to 
Assess External Training Load in Paralympic Sport: A Systematic Review. Journal of Sport Reha-
bilitation, 32(6), 635–644. https://doi.org/10.1123/jsr.2022-0110 

Wang, S. H., Qin, Y., Jia, Y., & Igor, K. E. (2022). A systematic review about the performance indicators 
related to ball possession. In PLoS ONE (Vol. 17, Issue March). Public Library of Science. 
https://doi.org/10.1371/journal.pone.0265540 

Wilke, J., Tenberg, S., & Groneberg, D. (2022). Prognostic factors of muscle injury in elite football play-
ers: A media-based, retrospective 5-year analysis. Physical Therapy in Sport, 55, 305–308. 
https://doi.org/10.1016/j.ptsp.2022.05.009 

Yang, J., Xiu, P., Sun, L., Ying, L., & Muthu, B. (2022). Social media data analytics for business decision 
making system to competitive analysis. Information Processing and Management, 59(1). 
https://doi.org/10.1016/j.ipm.2021.102751. 

 

Authors' and translators' details: 

Aina Munirah Ab Rasid ainaabrasid@gmail.com Author 
  

Rabiu Muazu Musa rabiumuazu86@gmail.com Author 
  

Anwar P.P Abdul Majeed anwarmajeed1983@gmail.com Author   

Vijayamurugan Eswaramoorthi vijayamurugan@unikl.edu.my Author   
Naresh Bhaskar Raj bnareshs@unisza.edu.my Author   
Zulkifli Mohamed zulkifli1271@uitm.edu.my Author   

Pathmanatan K. Suppiah pathmaha@ums.edu.my Translator   



2025 (abril), Retos, 65, 773-784  ISSN: 1579-1726, eISSN: 1988-2041 https://recyt.fecyt.es/index.php/retos/index 

 785  
 

 


