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Abstract 
 
 

Hamstring injuries are among the most common in rugby, frequently affecting athletic 

performance due to their influence on lower limb biomechanics. This cross-sectional 

observational study aimed to evaluate the temporal structure of ground reaction force 

(GRF) variability between injured and uninjured lower limbs in rugby players with a 

history of unilateral hamstring injury. Using Detrended Fluctuation Analysis (DFA), the 

study assessed the temporal structure of motor variability during treadmill running in a 

sample of 20 athletes (95% male). The DFA alpha values for injured limbs (M = 0.735) 

and uninjured limbs (M = 0.706) indicated persistent correlations within a functional 

range (0.5 < α < 1.0), with no statistically significant differences between limbs (p = 

0.317). However, a slight trend toward increased motor rigidity in the injured limb was 

noted, potentially reflecting compensatory adaptations. DFA emerged as a sensitive tool 

capable of detecting subtle changes in motor control that may not be captured by 

conventional biomechanical analyses. Limitations included the small sample size, gender 

imbalance, and treadmill-only testing, which constrain generalizability. Nonetheless, the 

results highlight the potential of DFA as a valuable adjunct in return-to-play assessments 

and injury prevention protocols. Future research should adopt longitudinal designs and 

recruit more diverse samples valid settings to fully explore DFA diagnostic and 

rehabilitative applications in sports performance. 

Keywords: Detrended Fluctuation Analysis (DFA); Ground Reaction Forces (GRF); 

Hamstring Injury; Human Variability; Rugby. 
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Resumo 
 
 

As lesões nos isquiotibiais constituem uma das lesões mais frequentes no rugby, 

comprometendo frequentemente o desempenho desportivo devido ao seu impacto na 

biomecânica dos membros inferiores. O presente estudo observacional transversal 

investigou a variabilidade da força de reação do solo (GRF) entre os membros inferiores 

lesionados e não lesionados em jogadores de rugby com historial de lesão unilateral nos 

isquiotibiais. Recorreu-se à Análise de Flutuação Detrendida (DFA) para analisar a 

estrutura temporal da variabilidade motora durante a corrida numa passadeira 

instrumentada, numa amostra composta por 20 atletas (95% do sexo masculino). Os 

valores alfa de DFA para os membros lesionados (M = 0,735) e não lesionados (M = 

0,706) revelaram correlações persistentes dentro de um intervalo funcional (0,5 < α < 

1,0), não se verificando diferenças estatisticamente significativas entre os membros (p = 

0,317). Contudo, observou-se uma ligeira tendência para um aumento da rigidez motora 

no membro lesionado, o que poderá refletir adaptações compensatórias. 

O DFA demonstrou ser uma ferramenta sensível na deteção de alterações subtis no 

controlo motor, frequentemente não detetadas através de análises biomecânicas 

convencionais. Entre as limitações do estudo destacam-se o reduzido tamanho amostral, 

o desequilíbrio de género e a utilização exclusiva da passadeira, fatores que condicionam 

a generalização dos resultados. Não obstante, os dados obtidos evidenciam o potencial do 

DFA como instrumento complementar em avaliações de prontidão para o regresso à 

competição e em protocolos de prevenção de lesões. Futuras investigações deverão 

privilegiar desenhos longitudinais e recorrer a amostras mais heterogéneas, de modo a 

aprofundar as aplicações diagnósticas e de reabilitação do DFA no âmbito do desempenho 

desportivo. 

 
Palavras-chave: Análise de Flutuação Detrendida (DFA); Força de Reação do Solo 

(GRF); Lesão nos Isquiotibiais; Variabilidade Humana; Rugby. 
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Introduction 
 

Rugby is a contact sport played worldwide, characterized by frequent high-impact 

collisions and high-speed locomotion. Consequently, rugby players are exposed to a high 

risk of injury, with epidemiological studies reporting incidence rates of up to 89.1 injuries 

per 1,000 player match-hours 1. One of the most common are hamstring injuries, with an 

incidence ranging from 6% to 15% in male athletes 2 . In Portugal, the incidence is similar, 

reaching 14% 1. According to data from the 2019 Rugby World Cup, hamstring injuries 

were the second most common injury, accounting for 9.8% of all injuries in the 

tournament and resulting in an average of 467 days of time-loss 3. These injuries usually 

vary in severity and can be classified as strains or tears 4. The main game events in which 

these injuries occur are often during the eccentric phases of running or kicking and when 

specific game-related movements are performed, such as tackling and contests for the ball 

on the ground (rucks), which are associated with external loads 5. 

Given the high incidence of hamstring sports injuries in rugby, it is often difficult 

to collect data from this population that includes both sexes 6. According to O'Sullivan 

and Tanaka (2021), female athletes also have a lower risk of hamstring injury due to 

greater activation of the gluteus maximus during running, with less hamstring activation. 

Female athletes also show greater flexibility and extensibility of the hamstrings compared 

to males 7. 

These physiological changes may play a role in running, one of the activities in 

which hamstring injuries occur due to involvement in the stretch-shortening cycle 7. A 

complete running cycle includes two main phases: the stance phase (foot in contact with 

the ground) and the swing phase (foot not in contact with the ground) 5. The swing and 

initial stance phases (first subphase of the stance phase, where the foot contacts the 

ground) are the most associated with this type of injury, as they involve the maximum 

peak of muscle force and increased muscle stretch velocity, especially in faster athletes 5. 

According to Sun et al. (2015), the hamstrings produce about 40% more force compared 

to an isokinetic assessment, with an increase in muscular load observed when the athlete 

performs this phase of running, caused by increased ground reaction forces (GRF) 8. 

GRFs are the forces that runners exert on the ground with each step, evaluated through a 

three-dimensional analysis, considering the vertical, anteroposterior, and mediolateral 

directions 9. Previous study suggest that initial contact is correlated with increased GRF 

and, consequently, a greater risk of injury 10. In particular, hamstring injuries are 

generally associated with higher vertical GRF, greater hip flexion, and knee extension, 
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resulting in greater hamstring stretching and high eccentric load, and thus muscle 

activation levels greater than 100% of maximum voluntary contraction 11. The risk of 

injury increases if the hamstrings are unable to counteract the joint torques generated by 

GRF 5. 

Previous study on the biomechanical analysis of running show higher GRF in 

the injured limb compared to the non-injured limb; however, differences between the 

lower limbs of an individual after a hamstring injury have not yet been investigated 10. To 

respond to increased GRF during running after a hamstring injury, our motor system tries 

to organize itself according to environmental, biomechanical, and morphological 

constraints to find the most stable solution to produce a given movement, considering 

variability as a definition 12. The assessment of movement variability is crucial for 

understanding the intrinsic behaviour of dynamic systems (i.e., a way to evaluate running 

patterns and techniques) 13. Studies show that individuals with injuries exhibit altered 

variability during running compared to healthy individuals14. An increase or decrease in 

movement variability may suggest inadequate motor control caused by the injury 15. 

Thus, compared to healthy individuals, athletes with symptoms or a history of 

injury tend to deviate from "normal" variability, meaning they exhibit either increased or 

decreased variability 14. The variability of the human running pattern contains temporal 

structures called long-range correlations (LRCs) 16. One of the main methods used to 

quantify these correlations is Detrended Fluctuation Analysis (DFA) 17. DFA is a 

nonlinear analysis method used to detect long-range correlations in physiological time 

series, where it quantifies the temporal structure of movement variability, assesses the 

"health" of the motor system, and identifies the balance between complexity and 

predictability in the movement pattern a key concept of the Optimal Movement 

Variability Hypothesis (OMVH) 16. This concept proposes that variability in human 

movements is not merely error or noise, but a functional and essential feature for 

adaptability and flexibility of the motor system 16. The DFA can be applied to any 

physiological or biomechanical time series that represents sequential fluctuations over 

time. In human movement research, it is most commonly calculated from stride or step 

intervals, stride length, or centre-of-pressure displacements, as these variables capture 

the temporal organization and adaptability of locomotor and postural control 17. 

This hypothesis presents several principles: variability as a functional feature, 

meaning it is a natural and important characteristic of human movement, where the motor 

system has the ability to adapt to different conditions and tasks 16. Other principles include 

optimal variability, where the motor system is flexible enough to adapt to environmental 
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changes but stable enough to perform tasks accurately; excessive or insufficient 

variability, which can lead to overly rigid and predictable movements, while too much 

variability may result in erratic and unstable movements 18. These latter situations indicate 

less adaptable systems and may be associated with pathological conditions. Finally, there 

is also the chaotic structure of variability, characterized by a chaotic structure where 

complex deterministic patterns can be observed even in movements that seem random 16. 

Previously injured athletes tended to have lower α than healthy runners, and DFA 

can serve as an early indicator of motor dysfunction before the appearance of clinical 

symptoms. The literature also states that treadmill running tends to have lower α at the 

preferred running pace and higher values at slower or faster speeds. The running context 

matters, as there are differences between treadmill and outdoor running 16. This approach 

can thus facilitate the evaluation and understanding of the running performance 

mechanism, improve running technique, develop prevention strategies to minimize injury 

risk, and enhance performance 20. Furthermore, GRF variability associated with 

hamstring injuries remains unexplored in comparisons between injuries and non-injured 

limbs15. Thus, this study aims to evaluate the temporal structure of GRF variability 

between the injured and uninjured lower limbs during running in male and female rugby 

players with a history of unilateral hamstring injury, using DFA to calculate the scaling 

exponent α. It is hypothesized that the DFA α-exponent, which represents the temporal 

correlation structure of GRF variability, will be significantly higher in the injured limb 

compared to the uninjured limb. This increase in α values may reflect greater persistence 

and reduced adaptive variability, suggesting more rigid motor control patterns following 

hamstring injury. 

 

Methodology 
 

 
Study Design 
 

This cross-sectional observational study was conducted under controlled 

laboratory conditions. Each participant completed a single assessment session, and 

biomechanical data were collected during treadmill running (Figure A). The goal was to 

assess the temporal structure of stride-to-stride variability (DFA), particularly in the 

context of previous hamstring injury. 
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Figure A - Representative image of study design. 

 
Participants 
 

Twenty rugby players affiliated in clubs from the Lisbon region and the Portuguese 

Rugby Federation (FPR) (19 males and 1 female; age: mean = 23.5±4.65 years; Six 

participated in Portuguese National Team) participated in this study. A priori power 

analysis was performed using G*Power (version 3.1) to determine the required sample 

size for detecting differences between the injured and non-injured leg within the same 

participants using a two-tailed paired-sample t-test. Based on an estimated moderate 

effect size (Cohen’s d = 0.58), with an alpha level of 0.05 and statistical power of 0.80, 

the analysis indicated that a minimum of 20 participants would be required. This 

configuration implies a 5% probability (α) of committing a Type I error - incorrectly 

concluding that a significant difference exists when it does not (false positive). 

Additionally, the 20% probability (β) of a Type II error reflects the chance of failing to 

detect a true difference between legs when one does exist (false negative). The selected 

parameters represent a common balance in experimental design between sensitivity and 

specificity, ensuring a high likelihood (80%) of identifying meaningful within-subject 

differences in the studied variable. 

The study was approved by Egas Moniz School of Health and Science Ethics 

Committee (process no. 1407). Participants were recruited via direct contact with rugby 

clubs. Each participant completed the informed consent form (Appendix 1) and the 

sample characterization questionnaire (Appendix 2) before participating in the study. The 

inclusion criteria were as follows: (a) male and female rugby players; and (b) players aged 

18 or older with a documented history of hamstring injuries occurring within the past 

eight years (between 2016 and 2024) 2,21,22. Exclusion criteria included: (a) players who 

had sustained hamstring injuries in both lower limbs during the specified period; (b) 

players who had undergone surgery to the knee, hip, or foot within approximately the past 

nine months; and (c) players presenting 
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with any other musculoskeletal injuries, including low back pain or lower limb injuries, 

within the past month 23,24. 

 
Experimental Protocol 
 

Assessments were conducted at the Integrative Movement in Networking Systems 

Laboratory in Egas Moniz School of Health and Science. Participants were instructed to 

abstain from caffeine, alcohol, and intense activity for 24 hours prior 26. Each session 

lasted approximately 40 minutes and began with a 25-minute orientation, followed by a 

5-minute warm-up on a fully instrumented Bertec® treadmill (FIT5), equipped with a 

1000 Hz force sampling platform (Bertec Corporation, Columbus, OH, USA) where 

participants ran at their typical maximum running speed during the warm-up 27. After a 

2-minute rest, 80% of this previously defined speed was then used for the 8-minute run 

test (Figure B), while ground reaction forces (GRF) and kinetic data were continuously 

recorded 30. The choice of a submaximal and constant speed aimed to minimize fatigue, 

remaining within the range where step-by-step dynamics typically exhibit long-range 

functional correlations. It is important to note that α was not imposed or targeted by the 

speed selection; it was subsequently estimated from each athlete's time series 28,29. 

  
 
Figure B - Representative images of a male and a female rugby player during the running test. 
 
 
Data Analysis 

 

The data analysis and evaluation of the force platform provided information about 

the ground reaction forces (GRFs), which were later correlated with hamstring injuries 9. 

The vertical ground reaction force data were collected using an instrumented treadmill 

and recorded with Bertec Acquire (4.31 build 721, EUA). Subsequently, the raw data 

were processed using the Spyder IDE environment in Python 11.  Initially, the signals from 

the right and left force plates were analysed to identify which leg performed the first 
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contact (injury or non-injury). Next, the vertical ground reaction forces were summed, 

and a fourth-order low-pass Butterworth filter with a cut-off frequency of 6 Hz was 

applied to remove high-frequency noise 11. Thereafter, peak forces corresponding to 

individual foot strikes during running were identified 11.  To ensure only valid steps, a 

threshold of 900 N was defined 11. The detected peaks enabled the calculation of time 

intervals between successive foot contacts. The injury and non-injury stride-to-stride time 

series matrices were built considering the first contact with the ground. All data 

processing procedures were implemented in Python using the libraries NumPy, 

Matplotlib, glob, and the find_peaks function from scipy.signal module 11.   

Following the creation of the stride-interval time series, DFA was applied to 

evaluate the temporal structure of motor variability 17.  In this study, DFA was not applied 

directly to the raw force data but to the derived temporal sequence representing stride 

intervals (in seconds)17. Each value corresponded to the time elapsed between two 

consecutive foot contacts of the same limb, and the total number of data points (N) 

reflected the number of strides recorded for each participant. This stride-to-stride time 

series captured the temporal rhythm of running and was used as the input for DFA 17.  To 

optimize window size selection and ensure statistical robustness, the approach proposed 

by Damouras et al. (2010) was followed, using window sizes ranging from 16 to N/9, 

where N represents the total number of strides. The scaling exponent (α) was obtained 

from a log–log linear regression, and the coefficient of determination (r²) was computed 

for each limb and participant to assess the quality of the fit 17. All preprocessing and 

analysis procedures, including filtering, event detection, stride-interval extraction, and 

DFA were applied identically to both limbs to maintain methodological consistency. 

Variability was quantified using DFA, which characterizes the temporal structure 

of biological signals and detects long-range correlations 26,31. Higher α values 

(approximately 1) indicate more regular and predictable patterns, whereas lower α values 

(approximately 0.5) suggest greater randomness and reduced predictability. Variations in 

the magnitudes of the two main force peaks were also examined, as these may indicate 

structural alterations in the signal and a reduced capacity for internal adjustment, reflected 

in the absence of long-range correlations 26,31. 



12  

Figure C - DFA Output for Two Rugby Athletes - Detrended Fluctuation Analysis (DFA) of stride interval 
time series in two rugby players. Note: DFA = Detrended Fluctuation Analysis; α = scaling exponent; r² = 
coefficient of determination. Window sizes ranged from 16 to N/9 17. Athletes with r² ≥ 0.95 exhibit 
excellent temporal consistency in stride-to-stride variability. 
 
 
Statistical Analysis 
 

All statistical analyses were conducted using Jamovi software. Descriptive 

statistics was calculated for all variables, including the mean, standard deviation, 

maximum and minimum coefficient of variation, skewness and standard error skewness 

for both the injured and non-injured limbs (Table 1) 31,32. The Shapiro-Wilk test was used 

to assess the normality of the data distribution. If the data are normally distributed, the 

athletes in this study were evaluated using a paired-sample t-test, in which segments from 

the same individual. If normality is not confirmed, the Wilcoxon signed-rank test was 

applied as a non-parametric alternative 32. The level of statistical significance was p < 

0.05. Additionally, Cohen’s d was calculated to estimate the effect size of any differences 

identified, and results will be reported with corresponding p-values and confidence 

intervals 32. 

 
Results 
 

Accordingly, the DFA was initiated with window sizes of 16 steps and 

progressively increased up to N/9. The resulting scaling exponent Alpha (α), derived from 

this specified range, served as an indicator of temporal persistence and dynamic stability 

in the running pattern. This approach minimizes noise associated with small windows and 

instability from excessively large windows, thereby ensuring that α is computed in a 

stable and reliable manner 17. 

Regression analysis between the number of strides and the standard deviation of 

the α estimates yielded high coefficients of determination (r² > 0.95), indicating strong 

consistency and reliability of the computed values. Only three data points fell below the 

90% threshold. According to the criteria established by Damouras et al.2010, coefficients 
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of determination exceeding 95% reflect very high data consistency, while values above 

90% indicate good consistency 17. (Appendix 4). 

Table 1 presents the descriptive statistics for the DFA-α exponent in the injured 

(Alpha Injured and uninjured (Alpha No Injured) limbs. The mean α value for the injured 

limbs was (α =0.735; SD = 0.169), while that for the uninjured limbs was (α =0.706; SD 

= 0.109) (Appendix 3). On average, the DFA-α values for both limbs fall within the range 

of 0.5 < α < 1.0, which indicates the presence of long-range correlations and a persistent 

pattern of temporal variability. These findings are consistent with an adaptive and 

functionally organized movement structure. 

 

Table 1 - Descriptive statistics of the DFA alpha (α) exponent in injured and non-injured lower limbs 
 

 N M (± SD) Min Max Skewness SESkew 

α Injured 20 0.735 (±0.169) 0.315 1.20 0.406 0.512 

α No Injured 20 0.706 (±0.109) 0.546 1.03 1.135 0.512 

 

Note. α: Detrended Fluctuation Analysis exponent; SD: standard deviation; SEskew: standard error 

of skewness. Values within 0.5 < α < 1.0 indicate the presence of long-range correlations (LRCs), 

reflecting persistent variability patterns. 

 

Prior to conducting inferential statistical analyses, the data were assessed for 

normality using both the Shapiro-Wilk test. Results indicated that the data were normally 

distributed for both injured and uninjured limb groups (p > 0.05) (Table 2).  

 

Table 2- Shapiro-Wilk test for normality of DFA α values 
 

   W statistic p 

α Injured α No Injured 
 

Shapiro- Wilk 0.978 0.907 

Note. p > 0.05 indicates that the assumption of normality was not violated. Parametric testing 

was considered appropriate based on these results.
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Subsequently, a paired-sample t-test was conducted to compare the DFA-α values 

between the injured and uninjured limbs of the athletes. The analysis yielded a non-

significant result (p = 0.317), indicating that there was no statistically significant 

difference in DFA-α values between the two conditions (p > 0.05), despite a slight 

tendency toward higher values in the injured limbs (Table 3). 

 

Table 3 - Paired-sample t-test and Cohen’s d effect size for DFA α values 
 

 t df p Cohen´s d 

α Injured α No Injured t- Student 1.03 19.0 0.317 0.230 

 

Note. Hₐ: μ¡ - μ¢ ≠ 0. Statistical significance level set at p < 0.05. Cohen’s d = 0.230 indicates a 
small effect size. df 3 degrees of freedom. 

 

In statistical terms, this result does not provide sufficient evidence to reject the 

null hypothesis (H), meaning that with the current sample, no reliable difference in 

temporal variability (as measured by DFA-α) can be asserted between the injured and 

uninjured limbs with 95% confidence. To further explore the practical relevance of the 

observed difference, Cohen’s d was calculated. The effect size was small (d = 0.23), 

suggesting that although the difference in variability may reflect a subtle trend toward 

altered movement dynamics in the injured limbs, it was insufficient to reach statistical 

significance within the current sample size (Table 3). 

 
Discussion 

 
The present study aimed to analyse the DFA (α) values of GRFs during running 

in male and female rugby players with a history of hamstring injury, comparing injured 

and non-injured lower limbs. DFA was employed to assess the temporal structure of GRF 

variability by calculating the scaling exponent α 17. As shown in Appendix 4, data analysis 

confirmed that the r² values obtained from the regression between log- transformed 

fluctuations and log window sizes met the recommended methodological standards, using 

window sizes between 16 and N/9 (where N = number of steps) 17. This approach ensures 

a statistically robust estimation of the scaling exponent by minimizing noise in smaller 

windows and avoiding instability in excessively large ones. Only three participants had 

values below the 90% confidence threshold, supporting the overall reliability of the 

analysis 17. 

The DFA analysis is quantified through an alpha exponent (α): α ≈ 0.5 → random 
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pattern (no correlation); 0.5 < α < 1.0 → presence of LRCs (persistent correlations); α ≈ 

1.0 → "pink noise", considered ideal/optimal; α > 1.0 → excessive correlation, a sign of 

rigidity or pathology 12,34. If we apply DFA to athlete performance evaluation, we realize 

that α values close to 1.0 indicate a healthy and adaptable running pattern, and lower 

values (<0.7) suggest fatigue, injury, or overload 16. Previous running studies show that 

an α value close to 1.0 indicates that running is being performed efficiently, adaptably, 

and healthy 16. If it drops to 0.63-0.7, it may indicate accumulated fatigue, overload, 

biomechanical imbalances (in this study, GRF), and injury history 18. A systematically 

decreasing α value indicates that the motor system is losing the ability to maintain the 

"optimal" temporal structure, meaning this athlete may be at risk of injury 18. The results 

revealed that, on average, α values for both injured (M = 0.735, SD = 0.169) and uninjured 

(M = 0.706, SD = 0.109) limbs fell within the range of 0.5 < α < 1.0. This range is 

indicative of long-range correlations in variability, suggesting a persistent and 

functionally adaptive temporal organization 16. 

These findings align with previous studies showing that athletes with prior injuries 

can maintain relatively stable motor patterns, especially during asymptomatic or post- 

rehabilitation phases4particularly in cases of muscle injuries such as hamstring strains 
12,16 . Although no statistically significant differences were found between limbs (p = 

0.317), the slightly higher α values in the injured limbs may reflect a tendency toward 

adaptive rigidity in motor control, potentially indicating compensatory strategies. The 

effect size was small (Cohen’s d = 0.23), reinforcing the subtle nature of the observed 

differences 25. 

It is also important to note that α values below 0.7 have been linked to states of 

fatigue, functional overload, or biomechanical imbalances. These alterations may be 

attributed to the timing of the assessments, which were conducted during the competitive 

season a period often associated with accumulated fatigue due to game demands. In 

this sport, fatigue can significantly impair performance, manifesting through cognitive, 

neuromuscular, perceptual, physical, emotional, and tactical changes 35,36. Although not 

prevalent in the current sample, such values were occasionally observed, suggesting that 

DFA may be a sensitive tool for early detection of motor alterations, even in athletes 

considered functionally recovered 19. Conversely, α values greater than 1.0, as seen in one 

participant, may indicate overly structured variability4interpreted as increased rigidity or 

predictability in movement patterns, a phenomenon often observed following injury- 

related motor reorganizations 16,19. The lack of significant differences may be due to the 

athletes’ access to appropriate rehabilitation, neuromuscular training, and ongoing 
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monitoring, which likely mitigated long-term asymmetries. Thus, while variability is 

closely linked to injury risk and recovery, its interpretation must be contextualized and 

based on standardized methodology 37. 

Although the statistical results were not significant, the findings are clinically 

meaningful. DFA, as a nonlinear analysis method, enables the detection of subtle changes 

in motor control dynamics before clinical symptoms emerge. α values that diverge from 

the <optimal= range may serve as early indicators for preventive intervention, such as 

running technique correction. This study reinforces the value of variability as a marker of 

motor system integrity 35,38,39. Incorporating DFA into return-to-play protocols could 

enhance rehabilitation strategies by providing a functional and qualitative perspective on 

performance. Recent evidence suggests that DFA is sensitive to fatigue and that α values 

tend to normalize with rest, highlighting its potential as an early marker of cumulative 

overload 39. In practical terms, α typically decreases during prolonged exertion4even in 

the absence of changes in traditional metrics like cadence or stride length signaling a loss 

in the temporal structure of movement, which may reduce motor efficiency and increase 

injury risk 38. As such, DFA shows promise for continuous monitoring via inertial sensors 

or instrumented platforms, supporting injury prevention and performance optimization in 

sports contexts. 

This study presents several important limitations. The small sample size (N = 20), 

while statistically justified, may have hindered the detection of differences between lower 

limbs. The low participation rate4considering the approximately 4,960 registered rugby 

players in Portugal and the restrictive eligibility criteria reflect challenges in participant 

recruitment and limit the generalizability of the findings. Furthermore, the sample was 

heavily skewed by gender, with 95% of participants being male, which limited 

meaningful gender-based comparisons. Although female participation in national rugby 

is relatively low, only one female athlete met the inclusion criteria. In addition to the 

lower overall participation of women in the sport, previous literature indicates a higher 

incidence of injuries among male athletes, likely due to factors such as the game's speed, 

physical contact, and the number of matches per season 40. 

Another limitation may stem from the fact that the athlete completed only a single 

run at 80% intensity. Damouras et al. (2010) recommend using long time series with 

multiple windows to ensure the robustness of DFA analysis 17. This suggests that multiple 

repetitions or sessions can enhance the reliability of the α value by minimizing the 

influence of random fluctuations within a single run 41. Other researchers have examined 

the reliability of DFA in runners during a continuous 30-minute run and found that, 
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although inter-day reliability was high, segmenting the run into three equal time intervals 

revealed substantial variability in DFA-α values, with reliability coefficients ranging from 

0.20 to 0.37 41. These findings indicate that DFA can vary considerably even within a 

single session, highlighting significant intra-individual variability. Therefore, relying on 

a single repetition, as done in this protocol, may not adequately reflect the true structure 

of the athlete's motor variability 41. Including three repetitions at 80% of the individual's 

maximum running speed would help mitigate this issue, enhance data robustness, improve 

the consistency of the obtained α values, and reduce the risk of making clinical decisions 

based on atypical or transient results 17,42. 

Another major limitation is the exclusive use of treadmill-based analysis. 

Treadmill running differs notably from overground running, typically resulting in longer 

contact times, higher GRFs, and greater variability especially in kinetic measures. GRF 

and DFA (α) patterns observed on a treadmill may not accurately represent those seen in 

natural running conditions, due to constant speed control, absence of visual cues, and 

altered proprioceptive feedback. Consequently, the findings may not be fully applicable 

to real-world athletic performance 41 . 

Future studies should aim to increase sample size and achieve a more balanced 

gender distribution to enable analysis of sex-specific differences. It is also recommended 

to conduct assessments across various rehabilitation phases (acute, subacute, chronic) 

using longitudinal designs that track athletes from injury through to return-to-play. It is 

hypothesized that athletes recovering from hamstring injuries may exhibit more random 

α values. Incorporating additional variables such as kinematic, electromyographic, and 

fatigue-related parameters could offer a more comprehensive understanding of motor 

control reorganization following hamstring injury. Moreover, longitudinal monitoring 

could strengthen evidence for the utility of DFA as a functional assessment tool during 

rehabilitation and return-to-sport processes 42. 

 
Conclusion 
 

This study aimed to evaluate GRF variability between the lower limbs during 

running in rugby players with a history of hamstring injuries, using DFA as a nonlinear 

method for analysing the temporal structure of movement. The results showed that both 

the injured and uninjured limbs exhibited α values within the functional range (0.5 < α < 

1.0), with no statistically significant differences between them. These findings suggest 

that, even following injury, athletes can maintain temporal variability patterns indicative 

of a functionally adapted though not necessarily optimal motor control system. 
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Despite the absence of significant differences, the slight tendency toward 

increased rigidity in the injured limb may reflect compensatory motor reorganization. 

DFA proved to be a sensitive tool capable of detecting these subtle changes, with potential 

applications in rehabilitation monitoring (e.g., fatigue markers, recurrence prediction) and 

return-to-sport decision-making. 
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Appendix 2 - Sample Characterization Questionnaire (in Portuguese) 
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Appendix 3 - Box plots on the value of DFA in injured and non-injured athletes 

 

 

 

 

Note:  Box plots illustrating the distribution of DFA-α values for non-injured (α N les) and injured (α Les) lower limbs. 
The plots depict central tendency and dispersion, highlighting potential outliers. These values reflect the temporal 
structure of stride-to-stride variability, with higher α values indicating increased persistence and potential motor rigidity 
following injury. 
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Appendix 4 - Descriptive and Comparative Values of DFA-α Between Injured and 
Non-Injured Limbs for Each Participant 

 
 

 
Athlete Injured 

Limb 
α R r^2 α L r^2 α 

Injured 
α No 
Injured 

1 R 1,20417 0,960444 1,03017 0,97108 1,20417 1,03017 

2 R 0,643057 0,966577 0,590229 0,949103 0,643057 0,590229 

3 L 0,59188 0,934127 0,633725 0,933722 0,59188 0,633725 

4 R 0,723578 0,91986 0,748527 0,95254 0,748527 0,723578 

5 R 0,723578 0,91986 0,748527 0,95254 0,748527 0,723578 

6 L 0,795465 0,945999 0,751616 0,881876 0,795465 0,751616 

7 R 0,65844 0,901709 0,719298 0,89337 0,65844 0,719298 

8 R 0,790562 0,972417 0,714919 0,894663 0,790562 0,714919 

9 L 0,763087 0,951148 0,63481 0,961664 0,63481 0,763087 

10 R 0,806313 0,955163 0,667718 0,966461 0,667718 0,806313 

11 L 0,577462 0,900319 0,76192 0,925622 0,76192 0,577462 

12 R 0,604052 0,923807 0,928115 0,967526 0,928115 0,604052 

13 L 0,584585 0,957678 0,679136 0,949116 0,679136 0,584585 

14 L 0,85485 0,949937 0,790235 0,92943 0,85485 0,790235 

15 R 0,764818 0,962198 0,769788 0,949687 0,764818 0,769788 

16 L 0,851537 0,968677 0,748201 0,957393 0,851537 0,748201 

17 L 0,667957 0,944069 0,6476 0,948809 0,667957 0,6476 

18 R 0,545686 0,84523 0,315146 0,870441 0,315146 0,545686 

19 L 0,675663 0,960731 0,763477 0,963918 0,763477 0,675663 

20 R 0,722153 0,976088 0,628634 0,881812 0,628634 0,722153 

 
Note: R-Right; L-Left; α L - Alpha of left lower limb; α R 3 Alpha of right lower limb; r^2 - Coefficient 
of determination - how well a regression model fits the observed data (r² = 1.00 → perfect fit; r² ≥ 0.95 
→ excellent consistency (highly reliable; r² ≥ 0.90 → good consistency (acceptable); r² < 0.90 → weak 
consistency (may indicate noise, limited variability, or error)) 
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