
Annex A; Clustering Technique 

Reasoning of applying a subgroup analysis 

Statistical analysis in biomechanical research is generally performed using a single 

group design [1], which assumed that injury related factors (movement deficiencies) 

are equal across a population. However, movement strategies may differ significantly 

across individuals and applying a single group analysis could mask movement 

deficiencies present [1 2] within a movement [3 4]. Another design is the single 

subject design, which assumes that every individual has a unique movement 

strategy and consequently unique movement deficiencies [1]. However, findings are 

dependent on the studied athlete itself and its current mental and physical condition 

during the data capture [5].  Consequently, findings are limited because the number 

of observations might affect findings (due to practice or fatigue effects), the 

generalization of findings is problematic and the comparison of interventions is 

difficult - as the ordering of interventions might affect results [5 6]. One alternative 

design, combining the strengths of the single subject and group design, is the 

analysis of subgroups. A subgroup analysis accounts for different movement 

strategies across individuals by classifying individuals into subgroups (clusters) 

based on their movement strategies. Consequently, a subgroup analysis does not 

mask movement deficiencies (or at least reduce the risk of masked movement 

deficiencies), allows the generalization of findings, the comparison of interventions 

and its benefit has been demonstrated in previous research [7-10] [11-13]  

Methodology – Subject Score Generation 

Before classifying the captured kinematic and kinetic measures, subject scores were 

calculated using the idea of Analysis of Characterizing Phases [14]. Analysis of 



Characterizing Phases detects phases of variation (pattern characterizing phases) 

within the kinematic and kinetic measures, allowing the calculation of a subject’s 

score that captures the behaviour of a subject within a phase of variation. Phases of 

variation were identified using VARIMAX rotated principal components that together 

described 99% of the variances in the data [13]. Subsequently, subject scores (SS) 

were calculated as the summed difference between a subjects waveform (Wave) 

and the average wavefrom (    ̅̅ ̅̅ ̅̅ ̅̅ ) for every time point (i) within the identified phase 

(k). This was completed for every kinematic and kinetic measure creating a matrix of 

subjects scores (rows = number of phases; columns = number of subjects; see 

Equation A.1).  
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To maximize the ability to identify movement strategies in further analysis, this matrix 

was normalized by transforming the similarity score matrix into its correlation matrix 

(Equation A.2). This step quantifies numerically the relationship between the 

similarity scores, which cannot be described by distances of the generated similarity 

scores). The correlation matrix ( ̂   ̂            ) was calculated using the 

Pearson's r-value (corr) utilizing the subject scores (SS) of the subject n (n = 1, 2, … 

number of subject) and i (i = 1, 2, … number of subject).   
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where   is the average and   the standard deviation for subject i and n of their 

corresponding SS, which were calculated using the identified phases of variance (k = 

1,2, … N, where N is the number of identified key phases)  

 



Methodology - Decision Number of Clusters  

Gap statistic was used to decide number of clusters (k) within the sample [15]. Gap 

statistics compares the within-cluster dispersion of a data set [    (  )] for a number 

of requested cluster solution (e.g. k = 2 to 25) to the average within-cluster 

dispersion ( ̅ ) cluster solution k computed from B reference data sets (uniform copy 

of the real data) that hold a null distribution (e.g. no underpinning pattern; Equation 

A.3 and A.4). 
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The within-cluster dispersion is calculated as defined in equation A.5 
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where D represents the sum of the pairwise distances between all points/subjects in 

the cluster r. [15] suggest that the optimal number of clusters is when the gap at k is 

greater or equal to the k-1 cluster minus its standard deviation (sdk) for the first time 

of the within-cluster dispersion of the computed B reference data sets (Equation A.6, 

A.7 and A.8).  
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The interested reader is referred to the text of[15] or [16] for further information.  



Methodology – Optimal number of Clusters  

When generating the gap curve for 2 to 25 clusters, the A.8 defined criteria was met 

first at 3 clusters (Figure 6). 

 

Figure 1:  Illustrates findings of the gap statistics for the groin pain sample 

Methodology – Data Clustering 

After the number of clusters was identified, the correlation matrix was used as input 

for a hierarchical clustering approach to separate the sample into three subgroups. 

Hierarchical clustering follows the idea that the distance of the observed measures to 

each other represents the similarity of individuals, which is illustrated in Figure 2 or 

further explained in [17] .  



 

Figure 2:  A hierarchal cluster algorithm starts with considering each individual as one group 

(Step1). Subsequently, it calculates the distance between every individual and 

searches for the two individuals with the smallest distance to each other (e.g. the 

two most similar individuals), which are then merged into one group. In the next 

iteration the two merged individuals are considered as one group that is located at 

the mid-point between both individuals (Step2). The hierarchical clustering 

algorithm repeats this process until the requested number (in example 5) of 

clusters is reached (Step3-5).  

The hierarchical algorithm calculated pairwise distances using Euclidean distance, 

and created a hierarchical cluster tree using the nearest distance [16]  The quality of 

the hierarchical clustering was measured by calculating the cophenetic correlation 

coefficient between the hierarchical cluster tree and the pairwise distances [16 

18]Hierarchical clustering properties were changed if the cophenetic correlation 

coefficient was less than 0.7 (a low or medium correlation between the hierarchical 

cluster tree and the pairwise distances). The generated hierarchical cluster tree and 

the pairwise distances generated a cophenetic correlation coefficient above 0.7. 
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